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Abstract

Aversive learning is characterised by rapid learning which is highly resistant to
extinction. This has likely developed as an evolutionary mechanism but it often
becomes maladaptive. In this thesis | investigate computational mechanisms governing
the learning of aversive beliefs, neural structures that are involved in the process and
test whether pharmacological intervention can be used to amend learning.

In a series of three experiments in healthy volunteers ranging in trait anxiety |
employ a probabilistic aversive learning paradigm in behavioural (study 2 and 3) and
neuroimaging setting (study 1). | first characterise the difference between acquisition
and extinction, identifying that while acquisition learning is fast and reaches the target
level, during extinction aversive expectations are consistently higher than true
reinforcement rates. This extinction-specific overprediction increases over time but only
in the low anxious group. High trait anxiety was associated with increased dissociability
between acquisition and extinction which was driven by the activity in the dorsal
anterior cingulate cortex. Computational modelling revealed that high anxiety is
associated with the tendency to internally represent the learning environment as
distinct states and switch between them. This finding was later supported by
behavioural and computational evidence in study 2. The neuroimaging analysis
suggests that state learning is processed by the dorsal anterior cingulate cortex,
ventro-medial prefrontal cortex and the inferior parietal lobule. This finding highlights
increased context-dependence of anxious individuals which bears importance to
clinical practice. In study 3, | test the effect of Angiotensin-Il receptor antagonist
losartan on aversive learning showing that losartan specifically decreases learning

rates without influencing perception or updating.
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Chapter 1

Literature Background and Introduction

Introduction

“For months after the attack, | couldn't close my eyes without envisioning the
face of my attacker. | suffered horrific flashbacks and nightmares. For four
years after the attack | was unable to sleep alone in my house. | obsessively
checked windows, doors, and locks. By age 17, I'd suffered my first panic
attack. Soon | became unable to leave my apartment for weeks at a time,
ending my modelling career abruptly. This just became a way of life. Years
passed when | had few or no symptoms at all, and | led what I thought was a

fairly normal life, just thinking | had a "panic problem."

Then another traumatic event re-triggered the PTSD. It was as if the past had
evaporated, and | was back in the place of my attack, only now | had
uncontrollable thoughts of someone entering my house and harming my
daughter. | saw violent images every time | closed my eyes. | lost all ability to
concentrate or even complete simple tasks. Normally social, | stopped trying to
make friends or get involved in my community. | often felt disoriented, forgetting

where, or who, | was. | would panic on the freeway and became unable to

10



drive, again ending a career. | felt as if | had completely lost my mind. For a
time, | managed to keep it together on the outside, but then | became unable to

leave my house again.”

P.K. Philips, victim of mental and sexual abuse *

*https://adaa.org/living-with-anxiety/personal-stories/my-story-survival-battling-ptsd

The above testimony describes the severe consequence of a highly aversive
experience, known as Post-Traumatic Syndrome Disorder (PTSD), a prevalent
affective disorder estimated to affect 3 - 8% of the general population (Burri and
Maercker 2014). PTSD is characterised by rapid learning that is prone to
generalization to other contexts and by the near impossibility to overcome the
associated fear, anxiety and catastrophising about future aversive events. While PTSD
is arguably one of the most severe cases of aversive learning, it shares key features
with common events that happen to every one of us on a daily basis. When we are
stung by a wasp or bitten by a snake in a forest we often associate the fear and pain
with the context where it happened. In some cases, this leads to the development of a
phobia, and we then stay away from all forests. However, even if the fear is not
extreme, we might be cautions for the rest of our lives whenever we are in or near a
forest. In other words, it takes one unpleasantexperience to acquire the fear but many
for it to go away.

Pain, fear, losses or emotional distress can be learned practically in an instance
but it can take long time to forget them. This asymmetry appears to be a fundamental
aspect of aversive learning (Bouton 2002). It has been reported in different forms and
under different names in anxiety disorders (Arch and Craske 2009), fear learning
(Mystkowski et al. 2006), pain (Rachman and Arntz 1991) or financial decision-making

(Thaler et al. 1997). The resistance to the extinction of aversive associations has likely
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been developed as a part of our evolutionary makeup to ensure survival (LeDoux
2000). A shrew that nearly got killed by an eagle on field will avoid that very field in the
future even though it is buzzing with tasty beetles and grasshoppers. Yet, from an
information processing perspective, this tendency constitutes an irrational bias. Under
optimal accounts of learning, the rate of learning should be equal for gains and losses,
fear and happiness, harm and relief (von Neumann and Morgenstern, 1947). That is,
the shrew should revisit the field and update its expectation to encounter an eagle as
quickly as it associated the bird with this field in the first place. Yet, that is not what
happens - and for a good reason, as the consequences of underpredicting aversive
events are more severe than those of overprediction.

The goal of my work is to understand what constitutes the difference between
aversive learning and forgetting at the level of human behaviour, peripheral physiology
and neural information processing. This is not a novel endeavour. Experiments in
human and animal learning have tried to understand aversive learning throughout most
of the 20th century. In contrast to most previous studies | employ computational
modelling. This approach is relatively new to psychology and neuroscience, yet, it has
already achieved remarkable results. Computational models allow us to explicitly
model cognitive, neural and physiological processes which can't otherwise be
observed. This methodology allows us to study the human brain as a machine, in a
systematic and algorithmic way, which among other things carries the promise of

improved and personalized treatment.

The goals of this thesis are to i) develop an algorithmic understanding of how
humans learn to predict aversive events; ii) identify brain areas that are involved in
such learning; iii) characterise the behavioural and physiological difference between
aversive acquisition and extinction; iv) investigate the role of trait anxiety in aversive
learning; v) test how different environment statistics influence acquisition and extinction

and vi) explore whether both processes can be altered pharmacologically.
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In Chapter 1, | will present a review of the existing literature on learning theory,
the influence of environmental and individual factors on aversive learning, discuss the
role of anxiety, the neural basis of aversive learning, optimal aversive learning, and a
set of relevant computational theories and approaches that can help us understand
the learning process in more detail. Chapter 2 summarizes the methods used in this
investigation, including the experimental paradigm, physiological measures, functional
MRI and computational modelling methods.

Chapters 3 to 5 each cover one experimental study, investigating the
behavioural and neural differences between aversive acquisition and extinction
(Chapter 3); the influence of environmental contingencies on learning strategies
(Chapter 4); and the effect of angiotensin-II receptor antagonist losartan on aversive
learning (Chapter 5). All three studies were designed to answer specific questions, but
also address the three main goals of the thesis:

(1) What is the difference between acquisition and extinction?
(2) What role does trait anxiety play in acquisition and extinction?

(3) What computational mechanisms characterise aversive learning?

The thesis will be completed by an Overall Discussion section in which my

experimental findings will be discussed in relation to the existing literature.

Learning theory

This thesis concerns itself with studying the difference of how aversive
associations are acquired and extinguished. The anecdotal evidence presented in the
introduction is supported by a large body of both animal and human studies. Aversive
acquisition is consistently reported to be fast, while extinction is slow, incomplete and
prone to relapse (Mineka and Zinbarg 2006; Bouton 2002; Craske et al. 2014a).

Understanding the difference between the two processes has been a focal topic of
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learning research since Watson and Rayner (1920) reported the famous little Albert
case. An eleven month old boy was conditioned to associate loud sound with rabbits to
subsequently exhibit prolonged avoidance behaviour towards animate and inanimate
furry objects, indicating generalised fear. Aversive learning and extinction (or lack
thereof) in particular has been the focus of extensive research due to its involvement in
the development and maintenance of anxiety and related disorders, as well as their
treatment (Hofmann 2008). Despite the improved understanding, the fundamental
processes involved in aversive learning, particularly in extinction, are still debated. In
addition to basic learning mechanisms, cognitive processes, such as attention or
expectation, anxiety sensitivity or catastrophising have been shown to modulate
extinction learning (Mineka and Zinbarg, 2006; Hofmann, 2008) The following section
summarizes the underlying classical conditioning theory, theoretical propositions and
experimental evidence for the differences between acquisition and extinction, as well

as the role of environmental and individual factors in aversive learning.

Classical Conditioning

The concepts of acquisition and extinction are rooted in the theory of classical (. e.
Pavlovian) conditioning. In 1927, Pavlov reported the original set of conditioning
experiments where dogs were observed to increase their salivation when a cue (tone /
light) was repeatedly presented prior to the delivery of food. He referred to this type of
learning as ‘associative’ because a previously neutral stimulus is being associated with
the delivery of food and over time becomes predictive of future reward, i. e. the reward
is now directly associated with the light.

Pavlovian learning occurs without an action or intention of the animal. It stands
in contrast to instrumental learning where an action is required from the agent to

achieve the reward / prevent a punishment. Although conditioning can occur without
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conscious awareness (Squire 1992), it has been shown to play an important role
(Lovibond and Shanks 2002). Pavlovian learning is a fundamental process of how
brains learn, store, retrieve and manipulate information. Identifying cues which predict
future rewards and warn against potential future harm are critical for an organism’s
survival. It has likely developed as an evolutionary mechanism that allows organisms
to predict future events with a high level of accuracy at a low level of energy
consumption. A number of mechanism have been found to influence learning including
the predictability of future events (Mackintosh 1975), attention (Pearce and Hall 1980),
prediction reliability (Kakade and Dayan 2002), conditioning schedule (Pearce and
Bouton 2001) number of competing predictive cues (Wagner, 1981), conditioning
context (Bouton, 2002), degree of evolutionary preparedness (Seligman 2016),
properties of CS and perception of control (both Mineka and Zinbarg, 2006). Aspects
relevant to this thesis will be discussed later in this chapter.

The terminology used in classical conditioning is based on the concepts of a
stimulus and a response. If an initially neutral stimulus (conditioned stimulus, CS)
becomes associated with a motivationally relevant stimulus (e.g., food or pain;
unconditioned stimulus, US), the CS begins to predict the occurrence of the US and
elicits a response (conditioned response, CR) that resembles the response to the US
(e.g., withdrawal in case of pain). Acquisition refers to the learning process where a
neutral stimulus becomes associated with the US. The acquired conditioned response
occurs when the CS is now presented in the absence of the US. In contrast, extinction
refers to the learning phase in which the previously conditioned stimulus is no longer
followed by the US.

The extent to which acquisition or extinction occurs is assessed by monitoring
the transfer of response from US to CS. The conditioned response measured in human
experimental studies can vary depending on the study design. Perhaps the most
common measure of autonomous response is the skin conductance (SC, also SCR for

Skin Conductance Response). SCR measures the changes in sweat gland activity
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reflecting the level of arousal. Another common methods include electromyogram
(EMG), blink rate or startle response. In addition to autonomic measures, expectancy
ratings have been used as a measure of subjective belief about the likelihood of
aversive events / rewards (Jepma et al. 2018). (Dawson, Schell, and Banis 1986)
demonstrated that explicit ratings can follow conditioned response, although this
finding was not replicated by number of studies (Haaker et al. 2015). Collecting
both physiological data and expectancy ratings can help researchers dissociate
autonomous and cognitive components of learning.

In an experimental setting in humans, aversive learning is investigated using
computerized tasks in which a cue (sound or visual cue, a colored shape or an
abstract image) is repeatedly presented on the screen and either paired with
aversive unconditioned stimulus or not. Unconditioned stimuli used in experimental
studies involve electrical, heat or laser pain stimuli, a puff of air or a burst of white
noise. In most conditioning studies the CR is measured, however, as mentioned
earlier it is also common to obtain subjective shock expectancy ratings from the
participant. Majority of studies uses high reinforcement contingency levels in
acquisition and no reinforcement in extinction. An exception are fMRI studies
where usually only non-reinforced trials are used for analysis, in which a

conditioned stimulus can be reinforced on as little as 25% of trials.

Theories of Acquisition and Extinction

Early theories of learning describe and operationalise extinction as a process that
mirrors acquisition (Pavlov 2010) Rescorla and Wagner, 1972). When a CS (e.qg.,
tone, cue) is no longer followed by the US (e.g., shock), the agent gradually
updates their expectation of the aversive event. Such theories explain the effect of

slower extinction in terms of slower learning from a non-aversive stimuli, attention
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(Mackintosh, 1975, Kakade and Dayan, 2002) or evolutionary optimal
overprediction of aversive events (Rachman and Arntz, 1991). Learning about
aversive contingencies is believed to override the previous associations. This view
has been challenged by evidence from laboratory experiments (Bolles and Bouton,
1979) and clinical practice (Craske et al. 2014) in which a seemingly extinguished
memory returned after a passage of time, return of context or presentation of
unconditioned stimulus on its own.

Laboratory experiments have identified several distinct cases of relapse suggesting
that the aversive association learned in acquisition is not forgotten. Particularly, the
effects of reinstatement (Rescorla and Heth 1975), renewal (Bouton and Bolles
1979), spontaneous recovery (Brooks and Bouton 1993) and re-acquisition
(Napier, Macrae, and Kehoe 1992) cast doubt on the original theory of extinction.
Reinstatement occurs when following successful extinction a previously used US is
presented on its own. Rescorla and Hath (1975) reported full recovery of the
conditioned response upon presentation of the extinguished CS. The renewal
phenomenon perhaps maps most closely onto clinical observation: when
acquisition takes place in context A (‘the world’) and extinction in context B (‘the
therapist’s office’), the conditioned response re-occurs once the agent finds itself
back in context A. In addition to the reinstatement and renewal, arguably context-
driven mechanisms, passage of time has been shown to increase return of
aversive expectations (Pavlov, 1927; Robbins 1990), a phenomenon termed
spontaneous recovery. Lastly, when an extinguished CS is presented together with
the US again, rapid re-learning (i.e. re-acquisition) occurs (Napier et al. 1992). This

evidence casts doubt on the view of extinction a process of mere ‘unlearning’.

Bouton (2002) proposed that while acquisition is in fact one single learning
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process, extinction involves at least two processes: first, the inhibition of previously
acquired associations and second, learning about the new contingencies of the
CS. This theory explains why previously conditioned responses tend to rapidly
return: the original aversive association has never been overwritten. Instead, it was
inhibited to be potentially re-used in the future. Bouton (2002) notes that extinction,
and inhibition in general (Wagner, 1981), is a more context-dependent process
than acquisition.

To challenge this view, Myers, Ressler, and Davis (2006) performed a set of
experiments using reinstatement, renewal and spontaneous recovery paradigms
and reported that extinction immediately after acquisition leads to a more lasting
effect, and therefore to unlearning. The authors proposed that extinction is time-
dependent and can therefore be described by a combination of the two original
views. If it is performed immediately after acquisition, unlearning occurs. However,
if it is performed 24 hours or longer after acquisition the conditioned associations
have had time to consolidate and will behave similarly as described by Bouton
(2002). This time-dependency effect would have a major impact on clinical
applications. The studies using immediate extinction were repeated by number of
research groups not replicating the results (Schiller et al. 2008a; Alvarez, Johnson,
and Grillon 2007), casting doubt over the validity of the results. It is worth noting
that in the original study by Myers et al. the immediate extinction was less effective
than extinction 72 hrs after conditioning, but it appeared to be more permanent. In
the end, both, immediate and delayed extinction, resulted in the same level of
conditioned responding.

The above evidence suggest that acquisition and extinction are two
separate processes. A more recent account of learning has highlighted that while

they are often dissociable processes, they can also be a single learning process if
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contingencies change gradually (Gershman et al. 2013). This account bears
important clinical implications and it will be discussed in a later section. Prior to
that, | will discuss cognitive processes influencing aversive learning and the role of

anxiety.

Cognitive and Environmental Influences on Aversive Learning

While classical conditioning was originally treated as an unconscious
autonomic mechanism, there is a large body of evidence for a significant role of
cognitive processes in Pavlovian learning. In this part, the role of context, time,
prior experience, stress, attention, and individual difference on aversive learning
will be discussed. Anxiety will be purposefully omitted as it will be treated

separately in a subsequent section.

Context

The context-specific effect on learning was first reported by Pavlov (1927) who
observed the return of previously extinguished CR by presentation of US alone, a
phenomenon known as reinstatement, described above. Bouton and Bolles (1979)
reported that reinstatement only occurred when the US was presented in the same
context (i.e. cage) as the original acquisition. In a similar study, contextual fear lead to
reinstatement only when extinction comprised of only non-reinforced trials. When a
partial reinforcement schedule was used, the chance of reinstatement decreased
(Bouton and King 1986). Bouton (2002) suggested that cue that has been associated
with both acquisition and extinction is more ambiguous and therefore more susceptible
to contextual influences.

Renewal is a case of extinction relapse purely drive by context. When a US-CS
association is acquired in context A and extinguished in context B, renewal of
conditioned response is nearly instant and complete if context A is re-introduced in
contrast to a case where context B remains (Bouton and Bolles, 1979). Interestingly,
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the degree to which the conditioned response is renewed might be graded: when
context C is introduced post-extinction renewal occurs as well, although not as strong
as ABA renewal (Bouton and Brooks 1993). Furthermore, if context A is used in both
acquisition and extinction and context is subsequently changed to context B, renewal
occurs once again. This evidence suggests that a conditioned context might become a
default prior to expectation of any new context.

Difference in context-specificity was proposed as one of the fundamental
differences between acquisition and extinction (Bouton 1994). Acquisition was reported
to generalize better than extinction (Bouton and Brooks 1993) which was in turn more
context-specific (Rosas, Todd, and Bouton 2013). The change in context after
conditioning without a decrease in the rate of reinforcement was reported to only lead
to little change in conditioned responding (Bouton and King 1983; Harris et al. 2000).
(Nelson 2002) specifically tested whether context-specificity in extinction is a
generalization of context-specificity of inhibition. Conditioned inhibition was found to
generalize across contexts, however, conditioning involving higher ambiguity, a form of
uncertainty, was found to be more context-sensitive. Alternative explanation of higher
context-specificity of extinction is that by definition acquisition always precedes
extinction and the latter is therefore always an exception to a previously acquired rule,
a form of primacy effect. Number of studies directly or indirectly support this idea
(Swartzentruber and Bouton 1992; Nelson 2002), stressing the role of environmental
ambiguity in context development. Harris et al. (2000) reported that a context-free
acquisition became more context-dependent after extinction, especially in ambiguous
environments. Perhaps learning comes to rely more on context as the uncertainty in
observation increases. This idea will be discussed later from an information-processing
perspective. It should be noted that the larger context-specificity of extinction has been
challenged by a number of studies demonstrating context-specificity of acquisition
(Starosta et al. 2016; Hall and Honey 1989).

An important question when discussing a context is what constitutes a context.
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Bouton (2002) distinguishes between exteroceptive (room, stimuli, background,
researcher) and interoceptive (bodily states, time passage, memory) contexts. In the
area of learning, exteroceptive context could be the stableness / volatility of an
environment (Behrens et al. 2007; Browning et al. 2015), time-dependent factors or a
degree of partial reinforcement. Humans have been shown to create contexts and find
patterns even in random sequence of events. How contexts may arise will be an
important topic in Chapter 4. Interoceptive context can be based on the level of
arousal, heart beat or memory. Importantly, pharmacological agents were shown to

provide a conditioning context (MacArdy and Riccio 1991).

Time

Relatively little attention has been paid to multiple acquisition and extinction
phases, i.e. scenarios where extinguished CR is re-conditioned and re-extinguished
again. Yet, time-dependent changes might more closely resemble patient experience.
In an experimental context, the analysis of multiple periods of acquisition and extinction
often averages across multiple trials (Chang and Maren 2011) or entire sessions (e.g.,
Quirk 2002; Baum 1972). This is most likely due to high noise in single trial
measurement of conditioned responses (most common measure is the GSR). Gottlieb
and Rescorla (2010) specifically mention this challenge. A recent interest in
computational modelling and single-trial analysis has lead to some remarkable
publications (Bach, Tzovara, and Vunder 2018; Zhang et al. 2016; de Berker et al.
2016) but no study has specifically analysed time-dependent effect on extinction
learning.

Past research investigating the impact of time on acquisition and extinction
reported retainment of extinction memory past re-acquisition. This result supports the
role of separate mechanisms (or contexts) of acquisition and extinction (Quirk 2002).
Langton & Richardson (2009) found both extinction and re-extinction to be context-

specific and susceptible to reinstatement. Baum (1972) repeated acquisition and
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extinction on 5 consecutive days. Lack of extinction was apparent on day 1 and more
prominent on day 2, however on days 3-5 extinction was nearly complete. This result
suggests a possible meta-learning mechanism (i.e. learning to learn) over multiple

sessions under which participants gradually learn the structure of the environment or

task, a result similar to the one previously reported by (Harlow 1949).

Partial Reinforcement and Uncertainty

Partial Reinforcement

Most experiments discussed until this point use fully reinforced schedules. That
is, during acquisition the CS is paired with an US on every trial (i.e., the reinforcement
rate is 100%). While this approach may be valuable in the laboratory, natural
environments are rarely fully deterministic. Learning about the likelihood of aversive
events in a noisy environment is a crucial component of evolutionary adaptive
behaviour. Experiments investigating the influence of partial reinforcement on aversive
learning report the so called Partial Reinforcement Extinction Effect (PREE). When a
partial reinforcement schedule is used during acquisition, the subsequent extinction is
significantly slower (Li et al. 2016; Jenkins and Stanley 1950; Wagner, Siegel, and Fein
1967) compared to full reinforcement. It has been argued that full reinforcement
provides a clearer context and the sudden lack of the US is interpreted as a new
environment. Interestingly, a change of context accelerates extinction following partially
reinforced acquisition (Bonardi, Honey, and Hall 1990; Boughner and Papini 2006).

Another phenomenon related to partial reinforcement is the so called
occasional reinforced extinction. Under such a schedule, the CS is occasionally
followed by the US during extinction (Bouton, 2004). This occasional reinforcement
results in a more permanent extinction of the CR. This peculiarity of aversive learning

has received a large amount of attention because it has a direct relevance for
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exposure therapy (Craske et al. 2014). Three ideas explaining this phenomenon were
put forward. The first hypothesis by Bouton et al. (2004) posits that this is due to the
expectancy violation effect in which participants are less likely to expect the next trial to
include a US since it has just occurred. The second explanation focuses on the
attention paid to incoming the information. When an unexpected US occurs, the
learning rate on the next trial increases (Pearce and Hall, 1980). This assumption is
the hallmark of the Pearce-Hall model which will be explained in more detail later in
this chapter. The third hypothesis focuses on the observed slower re-acquisition and
the lower rate of reinstatement and spontaneous recovery following occasional
reinforced extinction (Culver, Vervliet, and Craske 2015; Gershman et al. 2013).
Gershman and colleagues reason that if extinction leads to the creation of a new
learning process due to large errors (as posited by Bouton, 2002), a gradual, rather
than rapid, change in contingency will lead to continuous updating of the original
memory rather than to creation of a new one. This in turn means that extinction
becomes a single learning process and that it will be more resistant to relapse. The
experimental data of Gershman et al. (2013) as well as clinical reports (Craske et al.,

2014) support this last hypothesis.

Uncertainty

Uncertainty has been shown to play a crucial role in learning (Dayan and Jyu
2003; Behrens et al. 2007). Recent advances in theoretical neuroscience have
highlighted the probabilistic nature of information coding in the human brain (Knill and
Pouget 2004), providing a neural and computational basis for representation of
uncertainty (Schultz et al. 2008; Hsu et al. 2005)

Normative Bayesian accounts of learning often directly consider several types
of uncertainty (Mathys et al. 2014a). The most general distinction is between reducible

and irreducible uncertainty. While it is possible to learn, and thus minimise, reducible
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uncertainty, irreducible uncertainty cannot be learned. For example, when parking a
bicycle in the city center of Oxford one can learn which spots are more likely to be
available in general, thus reducing the uncertainty of not finding a spot. On some days
a random event, such as an accident, may alter the availability of bike parking spots.
Since this event was unpredictable we refer to this type of uncertainty as irreducible.
Number of studies have shown that the brain is able to track these two types of
uncertainty separately. de Berker et al. (2016) was able to find such signals in galvanic
skin response and pupil dilation data. Marshall et al. (2016) related different
neurotransmitters to different types of uncertainty: noradrenaline to unexpected
changes in the environment, acetylcholine attributes degree of uncertainty to events
and dopamine links to representation of uncertainty. Payzan-LeNestour and Bossaerts
(2011) linked unexpected uncertainty to neural activity in the brainstem and locus
coeruleus, a primarily noradrenergic region.

Within the context of learning, acquisition and extinction, distinct types of
uncertainty can be identified. | will briefly discuss perceptual, contingency and
environmental uncertainty here, but in general, any computed variable has an inherent
uncertainty component to it.

Perceptual uncertainty refers to the degree that a signal can be detected.
Imagine standing in a heavy rain and having a bucket of water poured over your head.
One might not even notice it. In the context of aversive stimuli this could be a pain in
an already painful state, or simply the intensity of the pain which can change based on
the degree of habituation and sensitisation. Contingency uncertainty refers to the
likelihood of a certain event occurring, such as experiencing pain at a dentist. Lastly,
environmental uncertainty then refers to the changeability of the environment: weather
in the EU might be relatively stable while weather in the UK might change often. These
three levels of uncertainty are often modelled in learning experiments, using Bayesian
models such as the Hierarchical Gaussian Filter (Mathys et al. 2011 and 2014).

In the context of aversive learning uncertainty has often been described as a
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feature that is aversive on its own: a certain pain was shown to be preferred to
unstable chance of pain (Hiroshi and Yasuhiro 1982). In human fMRI experiment,
uncertainty was found to be processed by the same neural structures as fear (Rosen
and Donley 2006). Gorka et al. (2014) investigated the relationship of startle response
and irreducible uncertainty in Panic Disorder. The authors reported that only
participants with high intolerance to uncertainty showed increased startle response to
safety cues. Browning et al. (2015) reported volatility encoding in pupil dilation. These
findings suggest a key role of uncertainty in aversive learning, highlighting its link to

physiological measures such as pupil dilation and startle response.

The Role of Anxiety in Aversive learning

A large body of research supports a key role of anxiety in associative learning
(Lissek et al. 2005, Mineka and Zinbarg, 2006; Duits et al. 2015). Anxiety is often
reported to play a disruptive role in aversive learning (Indovina et al. 2011; Browning et
al., 2015; Edwards et al. 2017), particularly when at clinical level. By disruptive, here, |
mean that it often has an undesirable influence, such as that it leads to excessive fear
of more pronounced lack of extinction. In the contest of extinction, disruptive influence
would be a cause that decreases the rate of extinction or that increases the rate of

relapse.

Anxiety disorders and aversive learning

Clinical anxiety has been linked to increased fear generalization (Lissek et al.
2005), a lowered ability to distinguish between safe and threatening cues (Michael et
al. 2007), lack of extinction (Sehlmeyer et al. 2011) and a higher chance of renewal
and spontaneous recovery (Staples-Bradley, Treanor, and Craske 2018). Although the
evidence for a disruptive role of clinical anxiety in aversive learning is supported by
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many studies, it is actually by no means conclusive. A meta-analysis by Lissek et al.
(2005) investigating the role of clinical anxiety in aversive acquisition and extinction is a
frequently cited publication used to support the disruptive role of anxiety in learning.
The results presented by the study are not nearly as strong as often implied. Across
the 20 clinical studies which were included in the analysis, anxiety was found to
accelerate acquisition and decelerate extinction. However, this effect was only present
in “simple, single-cue paradigms where only danger cues are presented and no
inhibition of fear to safety cues is required” (Lissek et al. 2005). Approximately one
third of the included studies showed a negative effect size of disruptive role of anxiety
meaning that anxiety lead to faster extinction or slower acquisition. This suggests that
the exact role of anxiety might be more complex than commonly assumed. More
specifically, anxiety might have positive, rather than negative, effect on learning under
certain circumstances. A recent study in clinical anxiety patients (diagnosed with at
least one of the following: generalized anxiety disorder, social anxiety disorder, specific
phobia or panic disorder) by Marin et al. (2017) found decreased conditional
responding to threat and safety compared to healthy controls. This large cohort study
(N=61 patients and N=21 controls) bears particular importance as increased
conditioned responding is often considered a biomarker of anxiety disorders (Kindt

and Soeter 2014);

Trait Anxiety

A growing body of research aims at identifying precursors of clinical anxiety.
Trait anxiety, in particular, has been proposed as a key risk factor (Mineka and
Oehlberg 2008). While high trait anxiety is often associated with similar learning
deficits as clinical anxiety, a number of studies reported no effect of trait anxiety on
aversive learning or even a positive effect (Raes et al. 2009). The most frequently

reported and cited finding is that high trait anxious individuals are unable to dissociate
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between safe and harmful stimuli (Gazendam, Kamphuis, and Kindt 2013; Haddad et
al. 2012). This is often operationalised as the difference between conditioned response
(galvanic skin response or startle response) during extinction. High trait anxiety has
been associated with a lack of inhibition of conditioned responding to extinguished
stimuli (Gazendam et al. 2013; Indovina et al. 2011). Other studies did not replicate
this effect (Torrents-Rodas et al. 2013; Pineles, Vogt, and Orr 2009; Otto et al. 2007).
Torrents-Rodas et al. (2013) discussed the potential reason for this discrepancy. Most
studies that found no effect of trait anxiety used high reinforcement rates (~70%+)
while studies that used lower reinforcement rates found impaired inhibition in high trait
anxious individuals. This suggests that the influence of trait anxiety depends on the
degree of uncertainty. Extinction following a 33% reinforced acquisition is associated
with higher uncertainty because the change is less apparent to participants. In
contrast, extinction following an acquisition phase with 80% reinforcement rate would
leave the participant more certain that the environmental contingencies have changed.
This hypothesis is corroborated by other findings relating physiological measures to
uncertainty and volatility (M. Zhang et al. 2016; Browning et al. 2015; Birrell et al.
2011). Lietal. (2011) showed that galvanic skin response measures correlate with the
degree of contingency uncertainty, that is the highest SCR response was observed in
periods just after a change in contingency. De Berker et al. (2016) demonstrated that
irreducible uncertainty, i.e. volatility, uniquely predicts the level of experienced and
reported stress. In line with this finding, Browning et al. (2015) reported that high trait
anxious participants failed to estimate the environmental volatility which was reflected
by a lack of volatility signal in pupil dilation measure in high trait anxious participants.
An unpublished study by Wise et al. (in submission) found threat-related attention to be
driven by aversive value rather than uncertainty, although no link to trait anxiety was
found. Together, these studies show that apart from the effect of conditioning the SCR
response is also related to uncertainty.

Trait anxiety has also been shown to influence several other aspects of
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aversive learning, including an increased attention to threat (MacLeod and Mathews
1988), the inability to ignore distraction (Ansari, Derakshan, and Richards 2008; Bishop
2009; Moser, Becker, and Moran 2012), slower task switching (Ansari, Derakshan, and
Richards 2008), contingency unawareness (Baas and Heitland 2015) and suboptimal
learning adjustment to environmental volatility (Browning et al. 2015). While most
studies support the disruptive role of trait anxiety in aversive learning, high trait anxiety
has been reported to improve performance in extinction, but only under high cognitive
load (Raes, et al. 2009). Likewise, it has been shown to improve perceptual sensitivity
and lead to faster reaction times, but only under the threat of shock (Sussman et al.
2016). Lastly, it has been linked to better inhibitory effectiveness, but only under the
condition of low mental effort (Edwards, Edwards, and Lyvers 2017). An unpublished
study by Wise et al. (in submission) found faster learning from shock omission in high
state anxious individuals, linking anxiety to improved safety learning.

Together, these reports suggest a complex role of trait anxiety in aversive
learning. While some studies clearly show a negative effect on learning, others report
no influence or even a positive effect. One feature that stands out is that the positive
effects mostly occur under a specific condition such as high cognitive load or threat, so
the improved performance might be due to increased vigilance or ability to cope with
stress.

Mogg and colleagues proposed that the seemingly improved inhibition in fact
reflects avoidance and a lack of cognitive processing of fear which in turn increases
the chance of developing an anxiety disorder (Mogg, Mathews, and Weinman 1987).
The authors argue that increased inhibition leads to the suppression of healthy
processing of fearful memories which causes behavioural avoidance and
persistence of fear. (Weinberg and Hajcak 2011) provide experimental ERP
evidence that GAD patients fail to engage in such elaborate processing. In addition

to providing an explanation for increased relapse after therapy, this theory would
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suggest a divide between physiological response and reported measures of
aversive learning.

Studies using explicit expectancy ratings often show a remarkable difference
between physiological and explicit measures. A large study (n=377) by (Haaker et al.
2015) found a weak (r=0.13 - 0.19, depending on condition/phase) but robust
association between fear ratings and trait anxiety but no relationship between anxiety
and conditioned responses in either acquisition or extinction. Similarly, Kindt and
Soeter (2014) found a rather modest effect of trait anxiety on explicit ratings but none
on the startle response, which raises doubts regarding the role of trait anxiety as a
biomarker for the development of clinical anxiety. A recent unpublished study by Atlas
et al. (in submission) on instructed learning found that high trait anxious participants
report a lower shock probability during extinction compared to the low trait anxious
group. However, the same high anxious cohort showed uninhibited anticipatory GSR

response during the same trials.

Taken together, although a large body of research suggests a disruptive role of
anxiety in aversive learning, there is a remarkable body of opposing evidence. A
detailed review of the clinical and trait anxiety literature suggests that a) anxiety does
play a role in aversive learning; and b) this role can be both disruptive or beneficial,
depending on context, the paradigm used, levels of uncertainty involved and the
degree of motivation/incentive. A better characterisation of the precise role of anxiety
in learning is crucial for our understanding the development of pain, anxiety and other
affective disorders. It is one of the goals of this thesis to develop a computational

account of the influence of anxiety on aversive learning.
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Neural processing of aversive learning

Research into the neural basis of aversive and particularly fear learning has
received a fair amount attention in animal (LeDoux 2012; LeDoux 2000) and human
studies (Sevenster, Visser, and D’Hooge 2018; Sehlmeyer et al. 2009). The key
structures identified in aversive acquisition are the amygdala (Dunsmoor et al. 2015;
LaBar et al. 1998; J. E. LeDoux 2000; Phelps et al. 2004a), hippocampus (Knight et al.
2004), anterior cingulate cortex (ACC; Sehlmeyer et al. 2011) and the insula
(Sehlmeyer et al. 2009), while in the extinction it is the amygdala (Phelps et al. 2004),
hippocampus, the ACC (Sevenster et al. 2018) and the vmPFC (Schiller, et al. 2008b).
Apart from these ‘traditional’ regions, a meta-analysis of fMRI studies highlighted the
role of dIPFC in both acquisition (Fullana et al. 2016) and extinction (Fullana et al.
2018). Same regions were implicated in general aversive processing with the addition
of the striatum (Jensen et al. 2003; Delgado et al. 2008; Seymour et al. 2005) and the
periagueductal gray (Roy et al. 2014)

In this section | will first discuss the neural model of aversive learning, followed
by the proposed function of the key regions involved in aversive acquisition and

extinction.

The Neural Fear Circuit

The prevalent neural model of fear conditioning has been presented by McNally
et al. (2011). According to this model the aversive information (shock) is received by
the dorsal horn which already holds an estimate of prediction, so it is here where first
prediction error is generated. The information is then conveyed to the PAG which has
been shown to be involved in fight-or-flight response. The PAG further passes the

information to the thalamus which relays it further to the striatum, the amygdala and to
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the PFC. The PFC provides higher order processing and communicates it back to the
amygdala. At each level of this process an expectation is generated and conveyed
back to preceding regions. In support of this model a study by (Mobbs et al. 2007)
showed propagation of threat anticipation of signal from the vmPFC into the PAG in

situation of threat proximity (McNally, Johansen, and Blair 2011)

Acquisition and Extinction

A review of fMRI studies on aversive acquisition and extinction found similar but
dissociable networks involved in the two processes (Sehlemeyer et al. 2009). While
acquisition was consistently found to be associated with the activity in anterior
cingulate cortex, the amygdala and the insula, extinction additionally involved
engagement of prefrontal cortex (although not in all reviewed studies). Further
evidence suggests that rather than individual regions, the connectivity between
multiple regions is crucial for successful extinction. For example, connectivity between
the amygdala and vmPFC predicted the rate of extinction (Feng, Zheng, and Feng
2016). Milad and Quirk (2002) reported context-dependent modulation of fear learning
via collaboration of vmPFC, hippocampus and the amygdala. | follow by initially
discussing the proposed separate roles of the amygdala, the hippocampus and the

ACC/VmPFC.

Amygdala and Dorsal ACC

In number fMRI studies, the amygdala has been linked to both acquisition and
extinction (Knight et al. 2004; Hartley and Phelps 2010). Knight and colleagues as well
as subsequent studies (Schiller et al. 2008) reported that amygdala seems to be

particularly involved in learning just after a reversal, i.e. when attentional resources are
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required. This is corroborated by studies suggesting that while the striatum processes
Rescorla-Wagner-like learning, the amygdala is involved in tracking the current
associability (Li et al. 2011; Roesch et al. 2012). The time-dependence of extinction
was recently highlighted by (Morriss, Hoare, and van Reekum 2018). Within the
amygdala, the basolateral nucleus (BL) has been identified as a source of fear-related
plasticity, i.e. storing of the US-CS associations, while the central nucleus (CE) is
thought to be involved in the expression of fear (Dunsmoor et al. 2015).

While physiological studies in animals and most early fMRI studies in humans
(Knight et al. 2004; Phelps et al. 2004; LaBar et al. 1998) support the role of the
amygdala in both processes, two recent meta-analyses (Fullana et al. 2016 and 2018)
failed to support a decisive role of the region in aversive conditioning while other
regions, such as the insula and the dorsal ACC (dACC) were found to consistently
activate during both acquisition and extinction. The role of dACC is of particular interest
as it is highly connected with the amygdala, vmPFC as well as the hippocampus.
Additionally, a study investigating the use of MPVA in single-trial analysis only found a
trial-to-trial learning signature in the superior frontal gyrus, including the dIPFC.

The role dACC had been consistently shown to play a role in both phases of
aversive learning (Sevenster et al. 2018). Increase in dACC activity has been linked to
extinction recall (Marin et al. 2017), however, in trait anxiety, Sehimeyer et al (2011)
observed a decrease in dACC activity during extinction. Number of studies have
suggested that rather that the activity within the amygdala, it is the connectivity
between the two regions that drives aversive learning (Sevenster et al. 2018). Fang et
al. (2016) reported increased functional connectivity between the regions prior and
post-conditioning. Additionally, the dACC-amygdala network was altered in PTSD
patients (Brown et al. 2014).

Both, the amygdala and the dACC seem to play a central role in aversive
learning. While the exact role of each of the regions is not entirely clear, animal studies

in conjunction with fMRI studies suggests that they both track the aversive value
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(Phelps et al. 2004; Delgado et al. 2008) and extinction success seems related to their

connectivity.

Hippocampus

The hippocampus has previously been linked to both acquisition and extinction
(Knight et al 2004; Hermann, Keck, and Stark 2014). FMRI studies examining the
context-dependent recall of extinction in humans point to an important function for the
hippocampus (Kalisch et al, 2006; Milad et al, 2007). In such studies, context is
manipulated through changes in the background color or the visual scene in which the
CS is presented. Extinction learning takes place only in one of the contexts, allowing
activation correlated with context-dependent retrieval to be examined. Increased
hippocampal activation was observed during extinction retrieval (Milad et al. 2007;
Kalisch et al. 2006). Inactivation of the hippocampus before extinction learning impairs
extinction recall on the subsequent day (Corcoran et al. 2005), suggesting that the
hippocampus regulates fear expression both outside and within the extinction context.

Furthermore, activation in the hippocampus was positively correlated with
vmPFC activation, providing further support for the notion that the hippocampus may
mediate context-dependent extinction recall through connections with the vmPFC.
Finally, confirming the function of the hippocampus in contextual reinstatement, a
human lesion study found that contextual reinstatement of the CR was impaired in
individuals with hippocampal lesions (LaBar and Phelps 2005), similar to the findings
observed in rodents (Wilson et al, 1995).

Recent study in structural connectivity reported association between increased
cingulate-hippocampal connectivity and GSR-indexed rate of reinstatement (Hermann
et al. 2017). This suggest that people with more context-dependent extinction will
suffer from higher rates of extinction relapse.

Lastly, trait anxiety has been associated with decreased connectivity between
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hippocampus and vPFC (Indovina et al. 2011) suggesting a potential mechanism for

influence of trait anxiety on lack of extinction.

vmPFC

The vmPFC has been specifically implicated as the primary region driving
extinction by inhibition of the amygdala. Schiller et al. (2008) performed a reversal
learning study in which they directly compared CS- with an CS+ after reversal to safety
(i.e. CS-+). The authors found that the vmPFC was activated during the reversal period
specifically in response to a previously harmful stimulus. This finding corroborates
previous results of animals studies in which the infralimbic region (IL), animal
counterpart to vmPFC/ACC, was found as the site of extinction consolidation (Quirk et
al. 2000). Despite a wealth of evidence supporting the role of vmPFC in extinction, the
exact nature of the signal is still debated. A frequent view is that the vmPFC might
provide an inhibitory signal while new CS-US pairings are being learned by the
amygdala. In the theory of extinction provided by Bouton (2002) the amygdala learns
new US-CS pairings while the vmPFC inhibits and/or selects previous associations.
Alternatively, this extinction-specific signal could also be a safety signal (or reward)
and not be directly involved in inhibition. A recent fMRI study reported that the vmPFC
signal in extinction was associated with enhancement of dynamic learning when shock
omission was replaced by a neutral stimulus (Dunsmoor et al. 2019).

It might me important to consider the functional role of the vmPFC outside of
the extinction literature. Attempts have been made to generalize the role of the vmPFC
and the adjacent orbital-frontal cortex. A particularly interesting avenue is the proposed
role of the vmPFC in representing the expected value of the current state (Chib et al.
2009; Levy and Glimcher 2012). Under this view, the vmPFC represents the brain’s
internal currency associated with the current expectation, integrating over range of
contexts, actions and other influences to inform decision-making. The medial orbital

gyrus has recently been shown to uniquely represent the the current state itself
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(Schuck et al. 2016).

Linking aversive learning and involvement of the region in extinction can be
crucial to a more general understanding of its role in the process. If the computational
function of the OFC/vmPFC is to represent the current state then it should signal
different states in acquisition and extinction. This processing should also only occur in
people that in fact consider multiple states in the environment, participants tracking the
value of one state should exhibit no difference between acquisition and extinction in
the region. Furthermore, under this general functional view of the region, it is possible
that the CS-US inhibition or safety signal found in previous studies is in fact a state

signal.

Anxiety

The effect of trait anxiety on neural processing of aversive conditioning has
been reported by a number of studies (Indovina et al. 2011; Bishop et al. 2007,
Sehlmeyer et al. 2011; Marin et al., 2017). In particular, high trait anxiety has been
linked to increased reactivity to fear cues in the amygdala and decreased inhibitory
signal in the medial PFC (Indovina et al. 2011). Similarly, Barrett and Armony (2009)
found that the amygdala response to CS+>CS- contrast scaled with trait anxiety.
Sehlmeyer et al. (2011) reported sustained amygdala activation during conditioning
and reduced dorsal ACC activity during extinction. These reports indicate neural
regions associated with trait anxiety in aversive learning. Fear extinction was

associated with increased BOLD activity in the vmPFC and MCC (Belleau et al. 2018).

In summary, multiple regions have been shown to be involved in the acquisition
and extinction learning. In particular, the amygdala seems to play a role in both
processes, although its contribution might be most dominant only post-reversal. The

vmPFC is traditionally associated with either inhibitory control during extinction or
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safety signalling. As alternative, the vmPFC, together with OFC, might equally likely be
responsible for the representation of the current state and expected value. Activity in
both regions is modulated by trait anxiety. The hippocampus has been consistently
associated with providing contextual information. However, it seems to be involved in
more than just that, it has also been shown to be active during initial learning. Recent
work has highlighted the role of dorsal ACC in aversive learning. The region can
similarly to amygdala, dissociate between CS+ and CS- but the signal appears to be
more permanent. Additionally, the PAG is involved in early threat processing and may

play an important role in probabilistic aversive learning.

Information Processing Approach to Learning

Computational modelling

Traditionally, models in psychology and neuroscience are specified using a
verbal and graphical depiction of how a system or a given psychological phenomenon
operates. A classical psychological model would for example be the Levels of
Processing theory of memory recall by Craik and Lockhart (1972). The model proposes
that the depth of encoding predicts the subsequent success of recall. For example, the
model predicts that words which were presented to participants without a particular
instruction will be remembered less than words participants were asked to read or
memorise. This model makes predictions about recall based on qualitative descriptions
of categories and criteria. Those can be interpreted differently by different researchers
( E.g., what constitutes depth of processing), giving rise to ambiguity. As a
consequence, such theories may be difficult to to prove correct or refute. An
alternative to this approach is to define psychological models as a set of mathematical
relationships. This method is familiar to those coming from sciences such as physics or

engineering. By using explicit mathematical formulation, a model can be made to
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predict unobserved data and can thus either be refuted or validated, without the
ambiguity inherent to verbal or symbolic description. That being said, computational
models suffer from their own ‘ambiguity’ that is related to the way they are used: the
fitting method, the internal model dynamics or number of degrees of freedom can
prioritize models that in fact aren’t accurate. This will be discussed in a later chapter.
Over the past 20 years, research in cognitive neuroscience has gradually
started to adopt mathematical modelling. While previously, a typical experiment would
average data by condition, process models allow researchers to understand the more
fine-grained spatio-temporal dynamics of the neural and electrophysiological signals
recorded. Additionally, multiple hypotheses formalised as models can be compared in
terms of how well they explain the experimental data. This, in turn, allows us to make
inferences about the cognitive, physiological or pharmacological processes that
generated the data measured. Critically, the individual is seen as one biological system
that is probed by presenting a stimulus and produces a given response. While
previously, we would look at how the output changes as a function of the input,
considering everything in between a black box (at least to some degree),
computational models allow us to test hypotheses related to the course the
information took between input and output. In an ideal setting, we would model the
photon leaving a computer screen, the retina translating the message into the neural
code, visual cortex reconstructs the image, associative cortex relating the input to our
memories, amygdala calculating the aversive value of the stimulus, causing an
increased demand for blood supply which we can indirectly measure by realigning
hydrogen molecules and measuring their relaxation time, forming a k-space image,
denoising the data via ten pre-processing steps, and using a general linear model to
find out which of the brain signals is linked to the original stimulus. Additionally, we
could also collect electrophysiological data with their own biophysical models, and
incorporate them into our model of the process. To say that we have mastered any of

these steps would be an outright arrogance. However, we are able to approximate this
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process to a degree where we can dissociate between what information is most likely
encoded by the amygdala. The methodology employed in this thesis will be discussed
in detail in the Methods chapter. In short, the models used and compared here only
formalize small part of the process described above, namely by which process the
human brain learn about aversive associations. For the rest, (e.g., the estimation of
how hydrogen atom relaxation relates to blood oxygenation), | will rely on methods

commonly used in cognitive neuroscience.

Here, | present a short summary and motivation for models used throughout

this thesis.

Rescorla-Wagner model

Rescorla and Wagner (1972, later RW) were the first to provide a
computational account of associative learning that has received considerable attention
and has been used widely since. The model has been applied to the study of reward
learning (O’Doherty et al. 2004), social processing (Lockwood et al. 2018), pain (Roy et
al. 2014) and others, including aversive learning (Schiller, Levy, et al. 2008; Delgado et
al. 2008). The model assumes that an agent (i.e. the participant) keeps track of the
US-CS association, that is, the likelihood that CS will be followed by the US, and
updates it on an event-by-event basis based on the feedback received. When this
model is fitted to the data, each participant is assumed to incorporate the new
information at a different pace which is reflected in the individual learning rate (o).

Mathematically, the model tracks the value, Q, updating it as new outcomes, O
become available, weighting the error by the learning rate parameter «, across all trials
t.

(Eq.I) Qi1 = Q¢ + (O — Q)
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Pearce-Hall model

While the RW model provides a useful theoretical tool it fails to provide an
account of many experimental phenomena such as spontaneous recovery or context
renewal. Perhaps the most successful extension of the RW model is the Pearce-Hall
model (Pearce and Hall, 1980; later PH) which incorporates attentional mechanisms
into the learning process. In the RW model, the learning rate parameter is assumed to
be constant across the experiment. However, this seems unlikely as learning can, for
instance, become slower over time. The PH model assumes that on each given trial
the rate of learning depends on the current level of surprise. For instance, if the US is
consistently omitted following the presentation of the CS, the prediction grows nearer
to the received outcome (i.e., low US expectancy) to minimise the level of surprise and
decelerate learning. The Pearce-Hall model predicts highest learning rates just after a
change in US-CS contingencies which makes it a suitable candidate to model adaptive
behaviour.

Building on Eq. |, the learning rate « now changes on each trial as a function of
the prediction error. The parameter 7/ controls the level of adaptability and the term &«
corresponds to current level of associability. Participants with high value of 77 will be

more sensitive to changes in environmental contingencies, low values of 77, such as

when 71 = 0 the PH model will be equivalent to RW.

(Eq.IT) i1 = (1 —n)ay +n|Op — Q4

Theoretical models can be amended or combined based on a particular
research question. For example, Li et al. (2011) used a version of the Pearce-Hall
model that accounts for the degree of adaptability by weighing RW-like and PH-like
learning. Similarly, Piray et al. (2018) combined PH and RW models with additional

condition-specific weights (fear / happiness) to identify a condition-specific effect of
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social anxiety on adaptive behaviour. In my context, an interesting model would be a

RW model with different learning rate in acquisition and extinction.

Bayesian models of learning under uncertainty

While the above models provide a good description of the observed behaviour
they do not consider the degree of uncertainty in the system. An alternative approach
to modelling of the learning process stems from the Bayesian Decision Theory (Berger
1985). Behrens et al. (2007) developed a model of learning under uncertainty that tries
to optimise reward predictions based on the level of current uncertainty and
environmental volatility. The authors show that a region in the anterior cingulate cortex
correlates with the expected reward predicted by the model, providing a biological
basis for their model. Inspired by the Behrens model, (Mathys et al. 2011) have re-
formulated learning under uncertainty as a series of Gaussian filters. Their model
keeps track of perceptual uncertainty, contingency uncertainty and environmental
uncertainty (volatility). It has been successfully applied to understanding of stress (de
Berker et al. 2016) or autism (Lawson, Mathys, and Rees 2017). Importantly, despite
coming from different theoretical backgrounds, the Bayesian models produce similar

learning rate estimates as the Pearce-Hall model (Gershman et al. 2015).

State learning

While both Bayesian models and Pearce-Hall discussed above assume trial-
by-trial updating of beliefs, neither fully explains the phenomena of reinstatement and
context renewal discussed above. Both increase the update rate once the environment
(i.e. shock probability) changes. However, in a number of animal and human
experiments these changes often occur faster than predicted by the model, sometimes
as quickly as after 1-2 trials (Bouton, 2004), suggesting that the learning process is no

longer gradual but rather very abrupt. An intuitive explanation for the context-renewal
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phenomenon may be a good lead in understanding what may have happened in the
agent’s mind. After a period of conditioning (“acquisition 1”) the CS is no longer paired
with US (“extinction 1”). As discussed above, Bouton (2002) suggested that extinction
involves novel learning as well as inhibition of the previous memories. This account is
supported by recent neuroimaging studies (for example Schiller et al. 2008b). In other
words, the agent remembers that there is a state in which the same cue is predictive of
aversive outcome. Context is the most apparent representation of such state: when
context changes back to A in ABA renewal, the agent is cued to believe that a cue
becomes predictive of aversion. In this example the state is explicit, i.e. directly
observable. Importantly, a state can also be implicit and hidden (or partially hidden) to
external observers. Such state could be defined by the likelihood of shock,
environmental uncertainty or feeling of hunger for the matter. Coming back to our
example, even when context is not explicitly changed and suddenly several USs occur
in the absence of CS this might be interpreted by the agent as return of the original
state. The idea of partially hidden states is an intuitive and potentially powerful theory
to explain phenomena such as context renewal and reinstatement.

Redish et al. (2007) formulated a computational model in which the agent
initially holds one state of the world and learns about cues in it using a reinforcement
learning algorithm. Additionally, on each trial the agent decides whether there is
enough evidence that it now finds itself in a new state and if so, a new internal state is
created. The Redish et al. model uses a sophisticated state discovery mechanism
without a biological interpretation but has been reformulated and simplified under
Bayesian Decision Theory by Gershman, Blei, and Niv (2010) to provide a normative
account of state switching behaviour.

Importantly, an agent that uses a state switching algorithm does not undergo
extinction of fear memories. Similarly as proposed by Bouton (2002), extinction itself
constitutes a different context. This has crucial implications for clinical practice. If a

patient leaves the therapist’s office believing that extinction is only specific to a
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particular state they will be more likely to relapse (Craske, 2014). A multi-state
representation of the learning environment can therefore be indicative of increased
likelihood of fear renewal. This is supported by a number of experiments in which
shock contingency was decreased gradually with occasional reinforcement that lead to
improved extinction (Bouton and King 1986; Gershman et al. 2013); Craske et al.
2014). Under the state representation theory, this would mean that an agent has never
created a second state and has rather overridden the associative value of the original
state. This is an example of where algorithmic understanding of the learning process is

crucial in designing optimal treatment strategies.

Use of computational models in aversive learning

While the majority of research involving computational models focuses on the
domain of reward, the domain of aversive learning has also seen increased interest in
the use of the method. Schiller et al. (2008) used a version of the Pearce-Hall model
with decaying learning rates to understand how learning differs between conditions of
safety, fear and post-fear safety. The authors reported faster learning in acquisition
than after reversal (extinction), as indexed by fitted learning rates. A remaining
guestion is whether the lack of extinction is merely a consequence of slower learning
or whether slower learning is a consequence of another, a more fundamental, process.
A recent study by Jepma et al. (2018) employed both reinforcement learning and
Bayesian modelling to propose a self-reinforcing mechanism behind resistance to
change in beliefs. The authors show that a bias in learning is reinforcing a bias in
perception and vice versa which leads to a self-reinforcing effect. This work is a good
example of how models can be used to discriminate between perceptual and learning
components of information processing during learning. Unpublished work by Wise et
al. (2019) used a so-called leaky beta model to investigate the effect of visual attention

on aversive learning. The employed model is not based on reinforcement learning nor
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does it have a proposed neural mechanisms. Nevertheless, it seems to explain the
observed behaviour exceptionally well with very little free parameters. The authors
build on the parametrization of the beta distribution which is defined by two parameters
a and 5. When either of the parameters is much higher than the other this will result in
a skewed distribution. In the pain learning context this translates to having a high
prediction of shock when many more shocks (i.e. high «) than no-shocks (5) were
observed.

Links between information content and physiological processes have been
drawn. Li et al. (2011) reported a correlation between a conditioned response
(measured by GSR) and associability-dependent learning rate. The degree of
associability is highest whenever highest errors are generated on the previous trial.
This corresponds to the degree of uncertainty. (Tzovara, Korn, and Bach 2018)
reported the encoding of both uncertainty in the outcome expectation in the
anticipatory GSR. In the same paper, pupil dilation has been linked to outcome
expectation while a number of other studies reported association between pupil dilation
and uncertainty (Nassar et al. 2012; Koenig, Uengoer, and Lachnit 2018). Browning et
al. (2015) reported association between pupil dilation and higher order uncertainty in a
subsample of low anxious participants.

Computational modelling has been successfully applied to the study of aversive
information processing in the brain. For example, Seymour et al. (2007) used a
temporal-difference learning model in conjunction with fMRI to identify distinct regions
in the ventral striatum involved in processing of gains and losses. Delgado et al. (2008)
compared prediction error processing elicited by a primary (i.e. electrical shock) versus
a secondary (monetary loss) punishers identifying the ventral striatum as a region
processing both.

The methodology has successfully been applied to the study of

pharmacological action (Pulcu et al. 2019; Bach et al. 2018). Pulcu and colleagues
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investigated the role of losartan, a hypotensive agent, in appetitive and aversive
instrumental learning. The authors compared appetitive and aversive learning rates on

and off the drug concluding that it reduces aversive but not appetitive learning.

The above are merely a few examples of the use of computational modelling in
the study of aversive learning. The relevant models will be discussed more thoroughly

in Chapter 2: Methods.

Normative Aversive Learning

Evolutionary versus Normative Optimality

In the introduction | briefly touched on the topic of what constitutes optimal
aversive learning. Here | will expand on the topic discussing the two main lines of
reasoning.

It could be argued that an agent learns optimally if its predictions tightly reflect
previous observations. In a changing environment where some seasons are marked by
high predatory presence while others are relatively safe, learning the current probability
of threat is crucial for survival. When the chance of a predator present is low, the
animal can use the opportunity to gather resources that will ensure its survival over the
winter. On the other hand, it is crucial to avoid being killed and so even environments
which sometimes include a high chance of predator should be avoided. Instead of
keeping track of seasonal changes in predatory frequency the energy should instead
be preserved and perhaps other environments should be explored. Those two
approaches provide competing predictions to what constitutes an optimal aversive
behaviour. The former, termed here prediction optimality, dictates to accurately track

the environment and be smart as to when to collect food whereas the latter, termed
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here survival optimality, mandates to simply mark the current environment as
threatening and avoid investing further energy on deriving accurate predictions.

An animal following the prediction optimality will likely get more food but one
single inaccurate prediction would be fatal. Its neighbour following survival optimality
might not get eaten by a predator and find a predator-free environment instead,
however, they might also starve to death. Which strategy is chosen depends on the
tradeoff between maximising reward and minimising punishment as well as effort. A
choice of strategy might be determined by a particular environmental dynamics or
individual differences. For example, some sets of environments might simply be too
hard to navigate, so a species might develop in a way that they hibernate for months or
even years at a time. Under such scenario the energy expenditure and threat are low
but so is the reward. Cicadas of the the Magicicada genus have developed a strategy
that takes such scenario into an extreme. Its nymphs will lay dormant for 13 or 17
years before all hatching in one season. In another environment predatory presence is
highly predictable, for example due to a migratory pattern, and so it is optimal to
monitor changes and detect the point when the predators have left. This would require
higher energy expenditure and higher chance of being wrong (i.e. coming out too early
or staying out too long) but it might yield a higher reward.

Moving to humans, in a classical scenario of individuals suffering with chronic
pain, patients will often initially track the current likelihood of pain but over time they
generalize pain to all situations and contexts which in turns leads to social isolation,
decreased mobility and mental health issues. Under this scenario, a gradual shift in
strategy has occurred where the initial exploratory behaviour shifted to a habitual one.
In this case, it can be argued that such adaptation leads to overall negative
consequences. The benefit of being active and meeting friends bears less weight than
the fear of return of pain. An important component here is the temporal change in
prediction: while patients start as prediction optimisers they gradually become

overpredictors, i.e. survival optimisers. Arntz (1991) argued that this is a consequence
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of maladaptation. The author suggests that overpredicting pain is evolutionarily optimal
because while threat overprediction leads to mild aversive outcomes, threat
underprediction can be fatal. However, in the context of chronic pain this transfer is
maladaptive because aversion overprediction will lead to social isolation and can
impact mental health which has been linked to worsening of chronic pain symptoms.

Similar evidence was presented by LeDoux (2012). The fear learning module is
dominated by subcortical and limbic structures, making it ‘quick and dirty’, and more
prone to false negatives rather than false positives. This asymmetry between learning
from aversive and omission of aversive event is crucial for understanding mechanisms
of acquisition and extinction. The evolutionary view would suggest that lack of
extinction is in fact an optimal strategy because maost threats will be predicted. This
view can be reformulated using the concept of surprise from Shannon Information
Theory (Shannon 1948) as minimisation of negative surprise. If minimising future
negative surprise is the goal of an optimal agent then aversion should nearly always be
predicted. An orthodox evolutionary optimiser would never come from shelter and
therefore die. A more likely scenario of evolutionary optimisation is a gradual transfer
from prediction optimiser to evolutionary optimiser where over longer periods of time
the lack of extinction should become progressively more pronounced. This is similar to
the case of chronic pain patients who gradually begin to overpredict the probability of
pain as described earlier. If an agent isn’t susceptible to such adaptation and follows
prediction optimality, i.e. the goal is to minimise an overall error in prediction, then the
optimal agent should always undergo full extinction. Under this prediction optimality,
lack of extinction is a sub-optimal feature that should be minimised.

Shannon surprise is calculated using prediction P and an outcome O. In case of
binary outcomes where “aversive event” is coded as 1 and “no event” is coded as 0,
Shannon surprise s on a trial t is given by Eq. Ill. Note that this measure of surprise will
correlate with unsigned prediction error. The main difference is that large prediction

errors will be enlarged more than small or moderate ones.
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(Eq.II) sy = —log|O; — (1 — 1)

Figure 1 shows expectancy of aversive event as a function of trial. Predictions
of two computational models are presented. Both start as prediction optimisers but one
learns to follow the survival optimality (black) while the other continues to follow the
prediction optimality (grey). In other words, the earlier model tries to minimise the
negative surprise while the latter one minimises the overall surprise. The two panels
below show how much cumulative surprise has been experienced by either agent.
While survival model (blue) experienced more overall surprise (top panel) it

experienced significantly less negative surprise overall (bottom panel).
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Under this view, lack of extinction can either be a consequence of suboptimal

predictive optimisation learning or optimal survival optimality learning.

States and Contexts

Another issue to consider when discussing learning optimality is the concept of
state learning discussed in the previous section. In order to increase the accuracy of
prediction an agent might associate events, internal and external states with contexts.
This model-based learning strategy leads to accurate predictions but state space might
become intractable and computationally expensive. Additionally, as discussed
previously, state-like representation of learning might lead to higher rates of relapse.
Reconciling these ideas with the two optimalities discussed here, state vs gradual
learning should be considered an additional factor where both can be either survival or
prediction optimal. A survival optimal state learner would assign higher probability to a
state in which aversive event is more likely, eventually becoming resistant to switch to
a low-aversion state while predictive optimiser would learn to switch between the two

states symmetrically.

Having discussed what might be considered optimal aversive learning, in most
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clinical situations extinction is still a desirable process and therefore normative learning
is preferred. It is, however, important to consider the eventuality that patients might

engage in survival optimality behaviour.

Thesis Goals

The presented research raises number of fundamental questions about the
nature of aversive learning. Despite large volume of studies, a complete theory of
computational and neural mechanisms that underlie acquisition and extinction is
lacking. While most evidence suggests that extinction involves some additional
components, the nature of these is debated. Inhibition of previous US-CS pairings in
extinction has been highlighted as the main difference between the phases. This
mechanism likely operates in addition to general tendency to over-predict the likelihood
of aversive events, making extinction slower and incomplete. Another contributing
factor is the uncertainty caused by partial reinforcement which has also been shown to
decrease the rate of extinction. Furthermore, temporal factors have been shown to
play an important role. In untreated patients, lack of extinction increases over time,
however, in experimental studies participants learned to dissociate between the two
phases over time and rapidly changed their anticipation when an environmental
change has occurred. This suggests that in at least some settings people engage in
structure learning while elsewhere, especially when facing large aversive prospects,
they settle on overprediction and stop undergoing extinction. One potential explanation
could be that in some environments it is beneficial to follow the current contingencies
while in others it is better to save energy and settle on overprediction. Additionally, it is
possible that there is a differential tendency of some individuals to learn the structure
of the environment and represent it as different states. For example, in number of

behavioural studies high anxious individuals were shown to suffer from increased rates
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of post-extinction relapse. It has been proposed that this is due to increased context
sensitivity. The idea of multi-state representation is an interesting conjunction between
fundamental computational problem optimisation (knowing the structure saves energy)
and behavioural effects reported in extinction research (relapse, context-specificity).
While the idea has been discussed (Gershman, Blei, and Niv 2010) it hasn’t been
directly tested.

In this thesis | will use probabilistic learning to first characterise the differences
between acquisition and extinction at a behavioural, neural and computational level. |
will then investigate how the difference changes over time and as a function of
reinforcement contingencies. Next, | will test the idea that gradual learning leads to
structure learning and investigate whether there is an association with anxiety. 1 will
also test whether it is possible to use drug enhancers to increase the rate and
permanence of extinction.

With the previous research in mind and realistic goals in vision, as a part of my
doctoral thesis | set to perform a series of three studies aimed at answering the

following seven questions:

1) What is the behavioural difference between acquisition and extinction in
probabilistic aversive learning and how do these change over time?

2) What role does trait anxiety play in probabilistic aversive learning?

3) Is there an association between individual differences such as trait anxiety and
increased tendency for state rather than gradual learning?

4) What algorithms best explain the experimental learning data?

5) What brain regions are involved in aversive acquisition and extinction learning?
And where in the brain does anxiety influence the process?

6) What is the influence of environmental statistics on learning? Do clearer
contingencies improve extinction?

7) How does the angiotensin-Il antagonist losartan influence aversive probabilistic
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learning and extinction in particular?

I will now briefly discuss motivations, a priori hypotheses and considerations

related to each of the questions:

1) How do acquisition and extinction in probabilistic aversive learning differ with

respect to behaviour and peripheral-physiological parameters?

The fundamental goal of this thesis is to improve our understanding of how the
lack of extinction arises as a consequence of a Pavlovian learning process. In order to
answer this question | will first characterise the difference considering behavioural and
physiological measures, for example by calculating learning rates, switch points, mean
reported probabilities or skin conductance response. Extinction is hypothesised to be
slower and take longer than acquisition. A time-dependent factor is predicted to
influence the rate of extinction, due to convergence to evolutionary optimality.
Additionally, lack of extinction is hypothesised to be present at the conscious and

autonomic level.

2) What role does trait anxiety play in probabilistic aversive learning?

Trait anxiety has been proposed as a risk factor in development of clinical
anxiety. Building on findings from Q1, | will study what role does trait anxiety play in
aversive learning. | hypothesise that anxiety will play a disruptive role, particularly, that
it will lead to longer and slower extinction. | expect anxiety to influence the subjective

ratings and galvanic skin response levels during extinction.

3) Is there an association between individual differences such as trait anxiety

and increased tendency for state, rather than gradual, learning?
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Using computational models | will test whether some individuals learn in a
gradual manner while others tend to learn the structure of the environment. | expect
some individuals to represent the environment as multiple states. If state learning does
occur, | will use the state prediction error (SPE) and state identity data to test where in
the brain are states represented. A priori, based on the previous studies | would expect
this to occur in the vmPFC or the OFC. However, SPE’s were also linked to lateral

PFC and inferior parietal lobule (Glaescher et al. 2010).

4) What algorithms best explain the experimental learning data?

Following from questions 1 — 3, | will use computational models to investigate
how the differences arise as a consequence of learning. For example, is lack of
extinction solely a consequence of faster learning from shocks than from shock
omissions or is there an additional process at play? Computational models will be fitted
to behavioural and physiological data to investigate any potential discrepancies
between information processing at the different levels. A question of particular interest
is whether people tend to increase their learning rate after a change in contingency, or
whether they instead maintain an alternative state in memory and therefore switch to a

new state abruptly.

5) What brain regions are involved in aversive acquisition and extinction
learning? And where in the brain does anxiety influence the process?

| will use functional MRI to identify regions specific to acquisition and extinction
learning. Based on the literature review, both processes are hypothesised to engage
the amygdala, hippocampus, dACC and the insula. Additionally, inhibitory signal in
extinction is hypothesised to involve ventro-medial prefontal cortex (vmPFC). Level of
vmPFC engagement is hypothesised to be modulated by level of individual trait
anxiety. Following recent work on aversive learning, the role of periaqueductal gray in
acquisition, extinction and prediction error processing will be investigated.
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6) What is the influence of environmental statistics on learning? Do more
distinct contingency changes improve extinction?

Following from previous work on gradual extinction, | will test whether large
versus small changes in pain probability encourage particular learning strategy (state
switching versus gradual learning). It is hypothesised that large jumps in contingencies
will encourage participants to form a multi-state (i.e. multi context) representation of the
environment while environments with smaller contingency changes will encourage
gradual Rescorla-Wagner-like learning. Consequently, if gradual extinction does occur,

smaller changes in contingencies will lead to complete and more permanent extinction.

7) How does the angiotensin-Il antagonist losartan influence aversive
probabilistic learning?

Pharmacological agents were previously used as enhancers of Cognitive
Behavioural Therapy (CBT). Using the Classical conditioning paradigm from from
previous sections | will investigate the role of the angiotensin-Il receptor antagonist
losartan on aversive acquisition and extinction. Several recent studies found an effect
on aversive learning, particularly aversive prediction errors. Here | will use
computational modelling to identify which part of the learning process is affected by the

drug and discuss how this can be used to enhance CBT.

Plan Overview

To address the seven research questions outlined in the previous section, three
experimental studies were designed. Study 1, presented in Chapter 3, will use fMRI
and GSR to characterise behavioural, physiological and neural processes involved in
acquisition and extinction. It is followed by Study 2, presented in Chapter 4, which uses

a behavioural setting to investigate the role of environmental contingencies on learning
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strategies, and Study 3, presented in Chapter 5, which will use a double blind placebo
design to examine the influence of losartan on aversive learning. Since there is a non-
marginal overlap in methodology across the three studies, the methods used

throughout the projects will be presented in Chapter 2. Study-specific methods will be

discussed in each relevant chapter.

54



Chapter 2

Methods
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This chapter outlines the methodology used for data collection and analysis in

three experimental studies included in this thesis. All three projects used the same

paradigm and to some degree behavioural and physiological measures. The modelling

approach differs slightly between studies depending on the particular research focus,

but the general methodology is largely similar. Study-specific methods will be

presented in each relevant chapter. This section also contains information about the

studied sample. Table 1 presents an overview of the methods used in the three

studies.
Study 1: Learning Study 2: State Study 3: Losartan
Asymmetry Learning and Learning
fMRI YES NO NO
GSR YES YES NO
Pupillometry NO NO YES
Probabilistic YES YES YES

Learning Task

Table 1: Methods used in the different studies.

Behavioural Paradigm

The goal of the paradigm is to investigate how patrticipants learn to predict the

likelihood of an aversive event and how they update their expectations of the aversive

event to occur on a trial-to-trial basis. To this end, | used a Pavlovian probabilistic

learning task in which participants learned to associate three visual cues (abstract

images) with the delivery or omission of a painful electrical stimulus (shock). On each

trial, participants were presented with one of the cues which could be followed by the

electrical stimulation. Throughout the experiment, one of the cues was followed by a

shock in 75% of trials while no stimulus was applied in the remaining 25% of trials

(‘harmful cue’). For the second cue, contingencies were reversed, i.e., the electrical

stimulus was applied in 25% of trials and omitted in the remaining 75% (‘safe cue’). For
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the third cue, the probability of stimulus delivery switched - unbeknownst to the
participant - between 75% and 25% with switches occurring every 30 (+/- 3) trials in
study 1 (‘reversal cue’). Participants are instructed to pay attention to all three cues as
the probability that they may be followed by a shock may change at any point. The
reversal cue is presented more frequently than the two stable cues (see Table II)
Outcome measures were (changes in) shock probability ratings which are provided by
the participant for each trial following cue presentation, galvanic skin response
recorded throughout the experiment 1 and 2, pupil dilation recorded in experiment 3,

and functional MRI data recorded in experiment 1.

Task

Trial Structure

Before the start of the task (in study 1 just once in the beginning, on study 2 for
each session and for study three on each visit) three abstract fractal cues were
randomly selected from a pool of 20 and randomly assigned to the three conditions.
Where task was demonstrated to subjects or where there was a training sessions
different set of cues were used for the actual task. On each trial one of the three visual
cues is presented on a screen (either in the scanner or in a behavioural lab) to which
participants were asked to indicate how likely this cue will be followed by a shock on
the present trial. Underneath the cue there was a slider with value starting at a random
position. Shock expectancy ratings were provided using a keyboard to move a slider
on a 0% to 100% scale (0% = “no chance of pain”; 100% = “certain pain”) and
participants submitted their answer by pressing a confirmation button with the index
finger of their right hand. Once the participant has submitted their answer, the painful

stimulation is either delivered or omitted after an inter-stimulus interval, 2-4 s in study 1
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(different for each study). 2 seconds after stimulus delivery or omission, the visual cue
is replaced by a fixation cross that is presented in the centre of the screen. Figure 1

presents a schematic of a typical trial from the fMRI study 1.

ITI (3-5) &

OJ/n 160%

PROBABILITY RATING
(up to 4s) “
ISI (2-4s)

OUTCOME (2s)

Figure 1: Trial Structure

The overall experiment is split into four sessions to allow for brief breaks. Parameters
for studies 2 and 3 differ from those of Study 1 with respect to the overall number of
trials, reversal frequency, number of sessions (block of trials between breaks), number
of phases (acquisition/extinction), number of trials per cue, shock probabilities, length
of inter-trial-interval and inter-stimulus-interval to accommodate the respective
requirements of the study (for details see Chapters 3-5). An overview of the study-

specific parameters is provided in Table II.

Task Structure

The task consists of several hundred trials (variable between studies, see Table
II) during which the three cues are presented in a random order. Schedules were
randomized across participants. In each schedule, it was ensured that all three trial

types (i.e., harmful, safe and reversal) and outcomes (shock/no-shock) are spread
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evenly across the experiment. This was done by first generating a ‘schedule map’
saying what phase types and in which order will follow. Then each phase was
generated separately and checked for correct frequencies before adding it to the
current candidate schedule. The reversal cue was presented on 40% of trials, the safe
and harmful were both shown on 30% of trials. This ensured that within each sequence
of trials during which no contingency switch occurred, participants on average
completed twelve reversal trials, nine harmful trials and nine safe trials. To ensure that
reinforced and non-reinforced trials did not cluster, the following criteria were
considered during generation of appropriate task schedules: 1) For a given cue the
actual reinforcement rate should not deviate by more than 5% from the underlying
probability in each phase, that is, for example the harmful cue (shock probability: 75%)
had to be reinforced on 70 - 80% of trials within each phase; 2) The overall
reinforcement rate of should not deviate by more than 5% from the underlying
probability. For the stable cues, this meant the same as in 1 except across all of the
phases, for the reversal cue this meant that the overall rate of reinforcement lied
between 45 and 55%. 3) For the reversal cue, at least three of the first five trials
following reversal had to be of the new common outcome, i.e., after a switch from high
to low shock probability, at least three no-shock events occured in the first five trials.

A total of 10 000 candidate schedules was generated. A Rescorla-Wagner
model with @ = 0.15 was then used to assess the schedule: model predictions were
generated by the model using the proposed set of outcomes and a mean of the
predicted values was taken within each phase. If it lied within +/-5% of the underlying
probability it was accepted. Finally, out of the schedules matching the above criteria,
eight were selected at random, four starting with high shock probability and four
starting with low shock probability. For each participant, one of those eight schedules
was chosen at random.

Importantly, the probability of contingency change was assigned so that in 10-

15% cases a switch did not occur. This was done to ensure participants pay attention
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and with the prospect of analysing switch anticipation behaviour.
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Figure 2 Task structure

Table 2: Overview of Parameters for Studies 1 - 3

Study 1: Learning

Study 2: State Learning

Study 3: Losartan

Asymmetry y Learning
Visits 2 1 3
Sessions per visit 1 3 1

Trials per
session/visit

Training session: 60-90;
Testing session: ~250

210 per session (~630
per visit)

Visit 1: 150, Visit 2:
310, Visit 3 150

Reversal frequency

(trials per phase) 30 +/-2 35 +/- 10 30 +/-5
Visit 1: 5-6; Visit 2: 10-

Number of phases 8-9 6 per session, 18 in total | 11; Visit 3: 5-6
Cues 3 3/session 3lvisit
Cue frequency
(harmful, safe,
reversal) 30-30-40 20-20-60 25-25-50

Session A: 40-60%,

Session B: 25-75%;
Shock probabilities 25-75% Session C: 10-90% 25-75%
Inter-trial interval
(ITn 3-5s 1-2s 2s
Inter-stimulus
interval (ISI) 2-4s 1-2s 1s

In experiments 1 and 3 the task was split into 3-4 sessions. This was done due

to time limit of one scanning session and to re-calibrate the electrical stimulation.
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Participants were told that these breaks occur at random times for practical reasons

and that they should treat the entire experiment as one long continuous experience.
While the presented paradigm follows the classical Pavlovian conditioning task

used to investigate aversive learning, it bears a few differences from previous studies

exploring acquisition and extinction.

Firstly, most previous studies split the experiment into blocks and report data
averaged per block or at the maximum across several trials (e.g., early vs late trials).
This is mostly done due to low signal-to-noise ratio in galvanic skin responses which
are often used as indicators for aversive learning (see below), but is also found in
studies using shock probability ratings like in the present study. In my paradigm | hope
to utilize trial-by-trial information in all measures. While extraction of single trial GSR
signal may be challenging, recent advances in skin conductance modelling allow for
this possibility (see for example Tzovara et al. 2018).

Secondly, in the proposed experiments the reinforcement rate in acquisition
and extinction is never fully deterministic. Early classical conditioning studies often use
100% reinforcement during acquisition and 0% during extinction. While this is useful for
the study of fundamental processes involved in the two phases, there are two reasons
for using a probabilistic paradigm 1) Uncertainty has been shown play an important
role in aversive learning; 2) reinforcement is scarcely deterministic in real world
scenarios (both points were discussed in Chapter 1).

Thirdly, the vast majority of studies only have a single change from acquisition
to extinction while the present paradigm includes several switches between the two.
Similarly to point two, a single change may be useful to identify the most distinct
differences and features. However, it does not capture a key feature of real-life
acquisition and extinction, namely the period switch between them. As described
earlier, both anxiety and pain disorders are characterised by periods of heightened

anticipation of fear and pain and relative lack thereof. In the paradigm proposed here,
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the participant experiences at least three acquisition and three extinction phases to
allow for the investigation of more time-dependent processes and the evolution of

learning strategies over the course of the experiment.

Electrical Stimulation

Electrical stimuli were applied using a commercial electric stimulation device
(Constant Current Stimulator, model DS7A; Digitimer, Hertfordshire, UK), delivering a 2
monopolar square waveform pulse via a concentric silver chloride electrode attached
to the back of the left hand.

Electrical stimuli used were calibrated individually before each of the four
sessions to match an intensity of 8 on a scale ranging from 0 (= ‘not painful’) to 10 (=
‘unbearably painful’). The 8/10 pain level was defined as a sensation that is painful but
acceptable for a given amount of trials (study-specific number corresponding to 50% of
trials). Three qualitative anchor points were defined to help standardize the calibration
across participants: 1/10 which was defined as the intensity at which the sensation
becomes painful (pain threshold); 8/10 is a sensation that is painful but acceptable;
and 10/10 which would be level of pain that is too strong to be tolerated. The
calibration procedure used followed the Method of Limits. Upon each stimulus delivery
participants were asked to report how painful the sensation was on a Numerical Rating
Scale ranging from 1 to 10. The current of delivered stimuli was drawn from a normal
distribution with an increasing mean. When a pain level higher than 8 was reported by
the participant the next stimulus was always lower than the previous one. If participants
reported an intensity of 8/10 on 3 out of 5 stimuli, the mean stimulation intensity used
in these 5 trials was used for the upcoming session.

The electrical stimulation differed slightly between experiments. In Study 1

which involved brain imaging the delivered shock was a sequence of stimuli while in
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Studies 2 and 3 a single pulse was applied. The adaption in Study 1 was necessary

because the MR environment required stimulus calibration to be done automatically.

Stimulus intensity was therefore varied by changing the number of very brief stimuli

applied in one sequence instead of increasing or decreasing the current of a single

stimulus. The median current (calculated by multiplying the base stimulation by number

of microstimulations) for Study 1 is therefore higher than for the other two studies.

Figure 3: Distribution of mean shock intensities used in Studies 1 - 3
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Shock probability rating were collected upon the cue presentation on each trial.
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Ratings were entered using a slider that was presented on the computer screen in front
of the participant which they could move to the left and right until it reached the
desired position and submitted their answer by pressing the button under their index
finger. Note that participants could not see the numerical equivalent to the position of
the slider on the scale but only the endpoint labels of the scale (0% and 100%). This
was done to eliminate visual number processing as a value signal confound in the MRI
and physiological data. Participants had 4 seconds to submit their rating, if they failed a
message flashed on the screen saying ‘MISSED TRIAL’, the failure was recorded and
the trial was restarted.

Ratings provided a principle dependent measure which as used to describe
average tendencies such as mean probability in acquisition vs extinction, post reversal
learning, single trial model-free learning rate and for switch point detection.
Additionally, the ratings were used to fit the behavioural models and calculate

parametric modulators in the MRI analysis (see below).

Mean Probability Measure

To identify general differences between trial types (i.e., harmful, safe and
reversal cue trials) in the data sets, expectancy ratings were averaged in a standard
per-condition manner. When differences between acquisition and extinction were
sought, the initial four post-reversal learning trials were cut to remove the effect of
initial learning. Four was determined by averaging ratings from all reversal trials and
including trials where the cohort had completed learning, i.e., reached at least 60% in

acquisition and at least 40% in extinction.

Model-free Learning Rates

Learning rates are commonly estimated as a single learning rate across all

trials of the task or condition. However, as | intend to characterise trial-by-trial learning,
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we used the Rescorla-Wagner learning rule to calculate the learning rate o for each

trial.

Eq. | Piyr =P+ (0O — P)

N ey
= LT
Eq. II O, — P

where 0 < oy <1

Since this is not a commonly adopted metric, | formally compared our model-
based learning rates to the more commonly used model-free learning rates (full
analysis in Appendix I). Model-free learning rates across all cues and visits correlated
moderately with model-based learning rates (r=.51). This correlation was stronger in
the reversal cue (r=.65). A mixed ANOVA with the factors group and visit performed on
the model-free learning rates resulted in the same set of statistically significant results
as an identical analysis performed on model-based learning rates in study 3.
Importantly, both methods have their strengths and drawbacks. Model-free learning
rates capture learning including additional effects of reporting noise, attention,
cognitive biases and other factors, so they can often be negative, however, they do
provide a trial-by-trial measure of learning. Model-based learning rates lack single trial
sensitivity as they are estimated per condition. The model can only capture the
information processing it is explicitly designed for, so additional processes will not be

fitted unless the model is modified.

Change Point and Change Steepness

A key hypothesis of this thesis is that extinction is delayed relative to acquisition
when the same amount of evidence is presented. In order to quantify the onset of both

processes and estimate the subjective change point (i.e., when participants begin to
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increase their probability ratings during acquisition and to decrease their ratings during
extinction) we employed the CUSUM method (Page, 1954) in which a change point is
estimated by first computing a cumulative sum over a segment of data (here: shock
probability ratings) and subsequently finding the maximum/minimum.

First, a segment of 10 trials before and 10 trials after the reversal was
extracted. By reversal | mean the objective change in contingencies, either from high to
low or from low to high. The mean probability rating across the segment was
subtracted from each rating and the cumulative sum was calculated (See Figure 4). In
the case of acquisition, the CUSUM minimum was identified as true switch point. In the
case of extinction this was the maximum of the computed series. In addition to the
change point, the switch steepness was estimated. To this end, | extracted 5 trials pre
and 5 trials post the previously identified true switch point to which a sigmoidal function

was fitted using Eq 111

f(ﬂf,CL,C): !

Eqg. Il 1 + e~alz—c)

where x represents the data time series, a stands for the fitted sigmoid steepness and
c is the midpoint. Keeping the value of c¢ fixed at the previously estimated switch point,
we used the Bayesian Adaptive Direct Search algorithm to fit the function to the data,

obtaining the estimate of steepness (see Figure 4).
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Data

= = = True Reversal

= = = Estimated Reversal
Fitted Sigmoid

Figure 4: The CUSUM procedure was used to find the steepest post-reversal learning
point. [1] shows the raw data and the true reversal point (i.e., beginning of the
extinction phase as defined by the reinforcement schedule), [2] shows the cumulative
sum of the data and the subjective reversal point (i.e. change point) in green, [3]
shows the data (inverted) aligned with the newly identified switch point, and [4] shows

a sigmoidal function fitted to the data segment from [3].

Questionnaires

A range of psychometric questionnaires were administered to assess individual
differences in trait anxiety, anxiety sensitivity, depression, pain catastrophizing, pain
vigilance, intelligence and attentional control. Participants filled in the questionnaires
prior to their first visit using an on-line interface. All questionnaires were analysed

according to their respective manual.

Study 1 and 2
® State-Trait Anxiety Inventory (STAI; Spielberger, 1983);
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Fear of Pain Questionnaire (FPQ-III; McNeil & Rainwater, 1998);
Pain Vigilance and Awareness Questionnaire (PVAQ; McCracken, 1997);
McWilliams & Asmundson, 2001);
Pain Catastrophizing Scale (PCS; Sullivan, Bishop & Pivik, 1995);
Centre for Epidemiological Studies Depression Symptoms Index (CES-D;
Radloff (1977).
Study 3

® State-Trait Anxiety Inventory (STAI; Spielberger, 1983);

® Anxiety Sensitivity Index Revised (ASI-R) (Taylor and Cox 1998),

® Neuroticism subscale of the Eysenck Personality Inventory (EPI) (Eysenck
and Eysenck 1975);
Behavioural Inhibition Scale (BIS) (Carver and White 1994);
Beck Depression Inventory (BDI) (Beck, Steer, and Brown 1996);
Attentional Control Scale (ACS) (Derryberry and Reed 2002);
National Adult Reading Test (NART) (Derryberry and Reed 2002; H. E.
Nelson 1982; “National Adult Reading Test,” n.d.)).

Galvanic Skin Response

Data Acquisition

While participants performed the task, their galvanic skin response (GSR) was
recorded in Studies 1 and 2 using the Biopac (BIOPAC Systems UK Inc.) system
which is a non-invasive method commonly used to record electrophysiological data.
The recording involved attaching a set of adhesive disposable electrodes (Biopac
EL509) to the palm of the participants’ left hand. For better recording quality a
conducting gel (Biopac GEL101) was applied to the electrodes. Data were recorded at
a sampling frequency of 500 Hz in Study 1 and of 1000 Hz in Study 2. Because the
electrodes were attached to the same hand where the electrical stimuli were applied,
early deflections in the GSR signal were caused by the electrical stimulus. This short
burst of electricity that in reality lasted 2 ms was detectable in most participants. In the

GSR waveform, such signal, as seen in the grand mean waveform, lasted between O

68


https://paperpile.com/c/hO94qz/lIMNQ+lTJLc+uGspA
https://paperpile.com/c/hO94qz/lIMNQ+lTJLc+uGspA
https://paperpile.com/c/hO94qz/lIMNQ
https://paperpile.com/c/hO94qz/dlHDt
https://paperpile.com/c/hO94qz/APsw0
https://paperpile.com/c/hO94qz/vilxn
https://paperpile.com/c/hO94qz/vilxn
https://paperpile.com/c/hO94qz/7cU63

to 500 ms before returning to the baseline. This short latency makes it separable from
the peripheral and central nervous system response which usually onsets 1-2 seconds

after the stimulus and settles after 5-6 seconds. See Figure 5 for an example of SCR.
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Figure 5 Mean SCR response to shock and shock omission (shaded area +/- 1 SEM).
The initial ~[0 to 500ms] post-stimulus signal increase is a direct result of the electrical
stimulation while the large component at ~[1500 - 6000 ms] is a result of change in

sudomotor nerve activity.

Signal Processing

Raw data were saved in the *.acq format and imported to Matlab using PSPM
(Dominik R. Bach and Friston 2013). The data were filtered using a bandpass filter
between 0.0159 and 5 Hz. The bounds were selected according to recommendation
for model-based SCR analysis by (Staib, Castegnetti, and Bach 2015). No further

preparation of data was performed.
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GSR Analysis

Skin conductance data were analysed using two methods: 1) general linear
model (Bach et al. 2009); and 2) dynamic causal model for anticipatory SCR (Bach,
Daunizeau, et al. 2010).

Model-based analysis of GSR signal has been proposed (Bach et al. 2009);
(Bach and Friston 2013; Bach, Flandin, et al. 2010). The model-based analysis uses
the known shape and latency window of the GSR to generate a time series of the
predicted response and to regress it against the recorded data. The general linear
model (GLM) is used to estimate the degree of observed signal associated with a given
stimulus, measured by regression coefficients f for each regressor of interest. This
methodology explicitly models the expected response allowing for signal detection
even in temporally overlapping events. Similarly to MRI, the outcome measure of the
analysis is a per-condition beta.

The second method, dynamic causal modelling (DCM) by (Bach, Daunizeau, et
al. 2010) provides an alternative modelling method to the GLM. While the GLM
provides a description of the data using estimated response function, the DCM takes a
more elaborate approach. It uses a generative model of anticipatory, evoked and
spontaneous fluctuations that link sudomotor nerve activity with the recorded skin
conductance. Variational Bayes is used to invert the model to estimate the most likely
original signal. Bach, Daunizeau, et al. (2010) showed that this method can explain a
significantly larger portion of the variance than methods 1 and 2. The method has
successfully been used to estimate single trial signal and as an error function for model
fitting (Tzovara, Korn, and Bach 2018). As an outcome measure, the DCM provides an
estimate of anticipatory activity on a per-trial basis.

The GLM served as the main analysis to identify difference in GSR among
different conditions while the DCM was used to estimate single trial amplitude and

peak latency. Dispersion of the signal was capped at 0.3 s.d., based on sympathetic
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nervous system data recorded by (Gerster et al. 2018).

Challenges in the analysis of GSR data

Cross-trial interference

In studies 1 and 2 the priority was to collect as many trials as possible.
Therefore, the elicited GSR on a given trial overlapped with the response to cue onset
of the subsequent trial. In Study 1 where the inter-trial interval (ITI) was 3 - 5 s, each
trial contained approximately 500 ms of the previous trial's period. In Study 2, this
overlap was more substantial (ITI = 1 - 2 s). While in a model-free analysis this would
be problematic (in fact the peak-and-trough results demonstrate strong effect of
previous outcome), the GLM approach models all events and therefore accounts for
the effect of previous outcome. In the GLM and DCM results in study 1, no effect of
previous outcome is present, in study 2, in GLM, the effect of previous trial was

present.

Trigger-signal offset

Due to the setup used, there was a slight offset between the recorded timings
in Matlab and the GSR signal. This occurred despite more precise functions from the
PsychToolbox 3 were used, most likely due to length of the cables involved. In Study 2,
we recorded Matlab timestamps as well as triggers sent to the Biopac system and
50ms lag in signal. Overall, the offset poses no significant issue. For the GLM, the
response function is adjusted to the data and only takes data acquired until 500 ms
after cue onset into account. In the DCM analysis which estimates parameters in
anticipation of outcome I initially detected a weak effect of the upcoming outcome

when 500ms pre-outcome was removed.
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Pupillometry

Data acquisition

Pupil dilation data were recorded in study 3 (only visit 2). Tower mount setup
with a screen distance of 70 cm was used. The EyeLink recording software was used.
Prior to the start of each session the eye-tracker was calibrated using a nine-point

calibration. The lighting conditions were kept constant for every participant

Data Preprocessing

Data were processed using custom MATLAB scripts following the appropriate
guidelines (Kret and Sjak-Shie 2019) and parameters chosen in similar studies (Nassar
et al., 2012; Browning et al., 2015; Pulcu and Browning, 2017). The European Data
Format (EDF) data were converted to ascii format. Segments of blinks and missing

data were identified by calculating the first order derivative (df) and excluding data

points with df > 1.6, pata segments that deviated more than one standard deviation
from the mean of the entire session were excluded from the data set. Where data gaps
were shorter than 2s, Piecewise Cubic Hermite Interpolating Polynomial (PCHIP) was
used to interpolate the missing data. Trials with more than 50% interpolated data
points were excluded. Figure 5 shows details of the interpolation procedure. The
resulting data were next filtered using a bandpass filter between 0.1 and 4 Hz.
Subsequently epochs locked to cue onset were extracted and corrected using a pre-

event baseline window of [-0.1 to -0.5 s].

Figure 6: Interpolation steps of pupil signal. The top left panel shows raw pupil data
together with the first derivative (dfl). In order to reconstruct missing data, a suitable
df1 cutoff value had to be selected to remove sharp changes in the data that were
caused by recording errors or blinks. The top right panel shows the signal following

removal of data points exceeding df =2 (green) and df = 0.5 (black). Any remaining
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data in the middle of the gap (s.d. > 1) were removed to prevent interpolation from
including them. The bottom panel shows data that was removed and spline
reconstructed for derivatives ranging between 0.2 and 3. The derivative cutoff of 1.6

was found to best preserve the shape of the original signal without including blinks and

other artifacts.
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Data Analysis

To analyze pupil dilation data we employed the same approach as described
by (Pulcu and Browning 2017b). Data for each event (i.e., cue onset, subject’s
response and outcome) were analysed separately. Event-locked pupil size grand
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means were calculated and plotted. To increase statistical power, the post-event data
were binned into 0.5 seconds wide categories. For cue onset and outcome, a 1.5 s
post event window was analysed. For the response event the window was shorter (i.e.,
1 s). A shorter window was selected to prevent the inclusion of outcome-related signal.
Binned data were analysed using a mixed ANOVA that included time as a repeated
measure variable and, in Study 3, drug manipulation as a between subject variable.
For the outcome phase, event type (shock or no shock) was added as another within-
subject factor.

Additionally, the general linear model approach was used to identify the effect
of expectation, outcome and prediction error on pupil dilation. A sliding window of 50
ms was used as dependent variable in a linear regression incorporating current
expectation, outcome and unsigned prediction error as predictor variables (see Eq. V).
The resulting beta values were subsequently averaged across participants and
analysed by binning to categories 0.5s wide. Two seconds post each event were

included, resulting in a repeated measures variable of four bins.

Eq. IV X ~ Bo+ B1% P+ Box O; + (3 x |PE|

Functional Magnetic Resonance Imaging

Data Acquisition

Functional magnetic resonance imaging (fMRI) data were only recorded in
Study 1. For each participant we acquired one high resolution structural scan (T1-
weighted MP-RAGE, 1x1x1 mm, TR=1900 ms, TE=3.97 ms, flip angle: 8 degrees),
four runs of functional scans (multi-band with acceleration factor 3 and GRAPPA in-
plane acceleration factor 2, TR=1570 ms; TE=30 ms, FoV = 216 mm, voxel size: 2x2x2
mm, flip angle 70 degrees, 30 degree tilt, pre-scan normalization was off), a fieldmap
for each functional scan and a diffusion tensor imaging (DTI) scan (multi-band
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acceleration factor of 4, TR=2951 ms, TE = 83.8 ms, FoV = 204 mm, voxel size: 1.5m

isotropic). This particular echo-planar imaging (EPI) sequence was selected for its

higher field of view and significantly better signal-to-noise ratio in subcortical areas and

medial orbitofrontal cortex compared to a multi-band 4 sequence commonly used in

EPI studies in the department. During acquisition, data were visually inspected for

quality and signal dropout.

Data Preprocessing and Analysis

The data were preprocessed using a combination of the SPM12 (Penny et al.

2011) and FSL5 (Jenkinson et al. 2012) toolboxes. The MRI data preprocessing

including the following steps:

1)
2)

3)

4)

5)
6)
7
8)
9)

Brain extraction of EPI data using FSL's Bet2 tool;

Bias-field correction on EPI data using SPM12’s bias field calculation and
spm_math to apply it;

Pre-smoothing of EPI data (4mm kernel) for AROMA, using SPM12’s
smoothing function.

AROMA motion correction - an ICA-based method for motion correction from
FSL (Pruim et al. 2015);

Temporal re-slicing (SPM12);

Combining phase and magnitude maps into a Fieldmap (SPM12);
Realignment and unwarping using fieldmaps (SPM12);

EPI coregistration with the structural scan (SPM12);

Structural scan segmentation (SPM12);

10) Normalization to MNI space (SPM12);
11) Smoothing with 8mm kernel (SPM12).

Instead of including motion parameters in the general linear model to correct for

motion correction, we opted for an ICA-based method from the AROMA toolbox which

is part of FSL 5.0. This technique has previously been shown to successfully remove
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motion noise (Pruim et al. 2015). This is particularly important in studies involving
strong stimuli with a sudden onset (e.qg., painful electrical stimuli) as the delivery of the
stimulus can trigger a withdrawal response. An example of motion parameters before
and after the application of AROMA are presented in Figure 6.

The preprocessed data were analysed using a GLM approach. Each model
was convolved with the canonical haemodynamic response function from SPM and
regressed against the data. Signal from a priori defined regions of interest was
extracted using the MarsBar toolbox (Brett et al. 2002). The specific models and
analyses used are described in Chapter 3. As a data check | constructed a model with
separate regressor for cue outcome, response and the two possible outcomes (shock /

no-shock) and tested the CS+>CS- contrast in a whole brain analysis.

Figure 7: Motion parameters estimated for datasets without (left 2 panels) and with
AROMA applied (right 2 panels). Upper panels show displacement parameters and

lower panels show rotation parameters.

o pl2 sessl
04
0.4
03
o g 0.3
02 l :
g o r 0.2
o st e 0.1
T : — s A et B g P Pt i P PO e P e
0 200 400 600 800 1000 1200 1400 1600 1800 O e o0 3t0 00220
12 sessl
0.05 PE se .
0.04 0.08
i
0.03 g
<
0.02 E’ 0.02
0.01 e
. |1 L.__VL-_J-A
ERS— .

ol
0 200 400 600 800 1000 1200 1400 1600 1800 e A )

Computational Modelling

Most computational models employed in this thesis are based on
reinforcement learning. Different forms of the Rescorla-Wagner (RW) model were used

to model a particular process or dissociate various sub-processes. In this section, | will
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first describe the methodology used for model specification, model fitting, parameter
recovery and model comparison. | will then follow by presenting the models used
throughout the thesis. The models were either selected from existing literature, or

where no available model existed written by the author.

Methods in Modelling

Parameter Fitting

A computational model is a set of plausible scenarios under a given hypothesis.
The parameters of a model characterise which patterns of data the model can capture.
For example, as mentioned in Appendix I, the Rescorla Wagner model has one free

parameter, o, which is defined for values 0 < o < 1,

Eq.V P11 = P+ (O — )

If a participant uses a higher or lower learning rate (e.g. increases their shock
expectation following shock omission), the model will not be able to capture their
behaviour and the fit will fail - in these cases the optimisation usually outputs one of the
extreme values. Figure 8, upper, demonstrates all possible trajectories a RW model is
able to fit (gray). Red asterix represent either shock or no-shock. Those are plausible
under the hypothesis that the data were generated using a mechanism similar to the
process defined by the model, given the set of outcomes and the starting value of 0.5.
Note that the model would not be a good fit, for instance, for a participant who reported
a shock probability of 0.8 on trial 67 (marked with red cross) as under no combination
of free parameters would the model capture that point. In Figure 8, lower panel, | plot
data generated by a “random” learner that ignores the outcomes (red) and a best fitting

Rescorla-Wagner (blue). This would be a participant who is insensitive to the outcome
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but remembers the rating they provided previously. When the Rescorla-Wagner model
is fitted to this participant, the algorithm performs a procedure during which it attempts
to find such values of parameters that minimise the error between model estimate and
the data. If we manually went through all the grey lines and calculated a cumulative
error from the data for each of them, the blue line would produce the smallest error. In
this case, the value of the single parameter a that minimised this error is = 0.0098.
The data were generated by random but the model still tried to fit them within its range.

This dummy example roughly illustrates the model-fitting procedure.

Figure 8: Gray lines on both panels show range of possible trajectories that the RW
model can capture for different values of o. Lower panel shows a time series that
ignore the shock (red dots on top) and noshocks (red dots on the bottom), and how
such participant will not be fitted well by the model because they don’t share a

common fundamental generative process.
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Formally, if P is a set of probabilities reported, R is set of values predicted by
the model under a given value «, and n is the number of trials, then the optimisation

algorithm tries to minimize the least squares error
£q. vi Trs(@) = argminp, [E{[P — R(a)]’|a}

Note that the squared error only considers two points: the model estimate and
the data. While this is sufficient in many cases, it sometimes is important to consider
the expected distribution of the data, especially when the residuals are not normally
distributed. An alternative error function would be the maximum likelihood. Unlike least
squares, the likelihood makes an assumption about the shape of the distribution of all
variables. For example, consider a case where the model predicts the value of 0.7 on a
given trial while the participant reported 0.4. If we now assume that the standard

deviation of the model prediction is 0.2 then we can ask what is the probability of

observing the value 0.4 under the known expected distribution NV (1t = 0.7,0 = 0.2),
(Note: the standard deviation does not have to be assumed, it can be estimated from

79



the data). Evaluating the Normal probability density function we obtain the value of
0.6476. The likelihood error function adds an additional layer of information: the
uncertainty in the parameters and therefore in the model. While this approach is not
often necessary as normally distributed residual sum of squares (RSS) will lead to the
same minimal parameter values as least squares (Takezawa 2012), it becomes
important if we are interested in Bayesian parameter estimation.

To capitalise on the amount of information available, we can use Bayesian
inference to obtain a posterior distribution of parameter values. In order to do that we
need one more piece of information: the prior probability density on parameter values.
We can make assumptions about the most likely values of certain parameters based
on our prior beliefs or literature search (i.e. empirical priors). For example, high values
of a are not very likely given that most previous experiments using the Rescorla-
Wagner model reported mean values between 0.1 and 0.35. Using this knowledge we
can construct a prior guess as to how our parameter « will be distributed, such as

shown in Figure 9.

Figure 9: Example of a beta distribution with @ = 2, 3 =5,

T
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We can then use Bayes Theorem to calculate our posterior parameter

distribution of a:
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Eq VII P(a|D, M) < P(D|M, «) . P(a| M)

where M is the model and D is our data, P(alM) represents our prior guess

and P (DM, a) the data likelihood.

This approach can be very beneficial, especially if we have few data and high
number of parameters, or in hierarchical models. The Bayesian posterior can be
approximated using the variational Bayes (VB) method (Beal, 2003) or it can be
sampled using sequential sampling algorithms such as Markov Chain Monte Carlo.
The VB method is an approximation to minimum negative log likelihood and model
evidence (Daunizeau, Adam, and Rigoux 2014; Acerbi et al 2018). While this
optimisation method is commonly used, MCMC is considered more robust. MCMC
uses sequential sampling (e.g. Metropolis-Hastings) algorithms to map the landscape
of posterior probability density (Brooks et al. 2011; for review see Forstmann, Ratcliff,
and Wagenmakers 2016). The advantage of the VB approach is undoubtedly its
speed, variational estimation can take under a minute where MCMC might take 20 or
30 times as long. However, compared to MCMC methods it is more likely to converge

to a local minimum.

In this thesis, most models are fitted by minimising Eq VI. Where Bayesian
models are used (usually hierarchical models) MCMC is given preference since
computation/time is not a limitation. However, due to the limitations in the JAGS
language (in which Bayesian graphical models are specified) certain operations are not
possible to program. In those cases, VB approximation was used. The non-Bayesian
optimisation was performed using Bayesian Adaptive Direct Search (BADS; Acerbi and
Ma 2017). The MCMC model specification and sampling was performed using JAGS

(Lee and Wagenmakers 2014).
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Observation Functions

Observation function refers to the mapping of agents’ internal states to
observable variables such as subjective ratings in my case. Until now we have
assumed that there is an exact correspondence between the agent’s internal belief and
the reported probability (i.e. value). However, evidence from value-based decision
making research suggests that there is a non-linear distortion in reported probabilities
at both ends of the probability spectrum (Kahneman and Tversky 2000). This non-

linearity can be modelled using a sigmoidal function such that:

1
p=_ -
EqVil ' 1+ e @)

where I represents the reported probability, Q¢ the internal belief, a the
steepness of the function (the steeper the more binary the responses), and b stands for
the mid-point which can be interpreted as a general bias towards one or the other end
of the spectrum. While this function often dramatically improves model fits, upon closer
inspection the values predicted by the model are often implausible due to overfitting.

It also needs to be pointed out that there is no need to map the internal belief
only onto reported probabilities. The GSR signal was previously used to fit learning
models (Tzovara et al. 2018; Li et al. 2011). In this thesis | will use both subjective
value and GSR amplitude signal as a target function. Furthermore, the sigmoidal
response function will be explored but it will not be used as a standard part of any
model. The default mapping will therefore be:

Eq Vil P = Qy
Model Comparison

Standard Models
To dissociate between competing hypotheses, models need to be compared.
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This can be done in a number of ways. One common way is to calculate the Akaike
Information Criterion (AIC) or Bayesian Information Criterion (BIC) for each model and
compare the obtained values. In doing so, it is important to penalize for model
complexity - models with a higher number of free parameters will have more degrees
of freedom and are therefore more likely to fit better. Both AIC and BIC penalize more
complex models by adding a penalization constant which is multiplied by the number of
parameters for the final score (in both cases a lower score means better fit, so addition
means penalization). In this thesis | mostly used the AIC score, although BIC is also

calculated.

Formally, the Akaike Information Criterion is defined as:

Eq IX AIC = =2 x1In(L) + 2k

where L is the likelihood (seen above) and & corresponds to the number of free
parameters. Alternatively, AIC can also be calculated using residual sum of squares

using:

EqX AIC = N xIn(RSS/N) + 2k

where residual sum of squares (RSS) corresponds to the sum of the squared errors

and N to the number of data points. The RSS/N term therefore corresponds to the
sample variance.

Similarly, we can calculate the Bayesian Information Criterion:

Eq x| BIC = In(N) xk —2In(L)

and
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Eq x| BIC = N *In(RSS/N) + k * In(N)

While these approaches are commonly used they are still partially susceptible
to overfitting. We want each model to capture true, and therefore generalizable,
processes in the data. Models with more free parameters will have a higher tendency
to explain all the variance in the data but this might simply be due to overfitted. One
way to mitigate the effects of overfitting is to penalize for number of free parameters.
Additionally, to check whether overfitting has taken place a cross-validation procedure
can be used to see how well the fitted model predicts new data. A model that predicts
data better is more generalizable. To perform this procedure, one can randomly
remove (i.e. “hide”) segments of data and fit the model to the remaining data set, to
subsequently use the fitted values to predict the “hidden” portion of the data set.

In this thesis | performed this procedure by using 70 - 80% of the data for

model fitting and the remaining 20-30% to assess model predictions.

Bayesian Models
Bayesian models are compared using a quantity known as model evidence

(a.k.a. marginal likelihood). Model evidence is the normalization term p(D|M.,) from

the Bayes’ Theorem:

(D6, M,,) p(0| M,,
p(0|D,Mm):p( 10, M,,) p(0|M,,)
Eq XIII p(D|M,,)

where 0 is a set of parameters of a given model M. andD is the observed data.
When calculating the posterior probability, both MCMC and VB method ignore
the model evidence term because it cannot be calculate directly and the
estimation/sampling can be performed without the normalization term by calculating
the posterior proportional to the prior multiplied by the likelihood. Model evidence is an

extremely useful quantity when comparing models. It tells us how good a given model
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is on average at predicting the observed data, taking model complexity (i.e. across
parameters) into account. Note that model complexity is not only determined by the
number of parameters as assumed by AIC and BIC. Lee and Wagenmakers (2014,
page 103) demonstrated that even two models with the same amount of parameters
can have different a complexity which is simply a measure of the space of scenarios it
can capture. The beauty of using marginal likelihood for model comparison is that due
to processes inherent to the Bayes’ Theorem the model will automatically apply
Ockham'’s razor - the simplest and most predictive model will have the highest model
evidence.

While in most cases it is not possible to directly calculate the model evidence,
several methods have been proposed to approximate it. In addition to approximating
maximum likelihood, the VB procedure also estimates model evidence. In MCMC, a
measure known as Deviance Information Criterion (DIC) has been used to evaluate
model performance (Spiegelhalter et al. 2002). A number of additional methods have
been proposed, such as Savage-Dickey density ratio (Dickey 1971) or the Product
Space method (Lodewyckx et al. 2011). In this thesis | will use the DIC measure to

compare Bayesian models as it is automatically estimated by JAGS.

Models

In this section | introduce the main models used throughout the thesis. The
models were selected due to their common use in the learning and decision-making
literature, some were specified to capture a particular learning strategy. Some study-
specific versions of these models are omitted here and presented in the respective
chapter. A summary of models is presented in Table 1. For each model a parameter
recovery procedure was run. This involved generating sets of all plausible parameter
combinations that lead to value predictions between 0 and 1, and randomly selecting
200 of those combinations. The selected parameter combinations were then used to

generate artificial data, these were then fitted using the BADS algorithm three times (to
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ensure that local minimum was not selected) with different initial parameter values. The

best fitting option was selected and the estimated parameters were compared to the

original set of parameters. Recovery rates are Pearson’s £ correlation coefficients.

Table 3: Model Overview

Name

Parameters

Recovery Rate
(Pearson’s )

Rescorla-Wagner (RW1)

ac |0, 1] Learning rate 1.00%+*
Outcome-specific Rescorla-Wagner (RW2)
a_ €10, 1] | Shock learning rate 1.00**
ay €0, 1] [ No-shock learning rate 1.00**
Dynamic Decaying or Growing Learning Rate (RW4_DecGrowth)
€ [0, 1] | Starting shock learning rate 0.3*
€ [0, 1] | Starting no-shock learning rate 0.35%**
)\+ € [0, 2] | Shock learning rate decay 0.68***
A- € [0, 2] | No-shock learning rate decay 0.70***
Pearce-Hall (PH5)
ap € [0, 1| | Starting learning rate 0.97*=
no € [0, 1] | Starting Associability 0.67***
7. € [0, 1] | Shock Associability Weight 1.00%**
m_ € [0, 1] | No-shock Associability Weight 0.91%**
k€ [0,1] | Scaling of Associability 0.96***
Pearce-Hall with Decay (PH6)
o € [0, 1] | Starting shock learning rate 0.89%+*
o € [0, 1] | Starting no-shock learning rate 0.91 %+
m € [0, 1] | Shock Associability 0.84%**
€10, 1] | No-shock Associability 0.79%**
)\+ € [0, 1] | Shock Decay 0.69***
A_ €10, 1] | No-shock Decay 0.67*+*
Surprise-Minimizing Model
ay € (0, 1] [ Shock learning rate 0.23*
a_ €0, 1] | No-shock learning rate 0.18 n.s.
6t € [0, 1] | Positive surprise weight 0.8+
6~ €0, 1] | Negative surprise weight 0.78***
State-Switching Model
ay € [0, 1] [ Shock learning rate 0.97%*
a_ €0, 1] | No-shock learning rate 0.80***
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Pyt e [0, 1] | Starting value of state 1 0.33*
P(;% € [0, 1] | Starting value of state 2 0.33**
n € [0, 20] | Trials considered 0.62%**

*p<0.05 **p<0.01 ***p<0.0001 n.s. = not signifiacnt

Rescorla Wagner

As explained before, the Rescorla-Wagner learning rule is defined by the

equation

EqXIV L1 = P+ (O — B)

where % is the current value, or probability in our case, at the trial ¢, while Oy is the

current outcome, coded as O = 1 for shock and O = ( for shock omission. This model

has 1 free parameter, & € [0, 1]. The model will be referred to as RW1.

To account for differential learning from shock and no-shock outcomes, this
model can be extended to have separate learning rates for shock, @+ € [0, 1] and for

shock omission @~ € [0, 1], This model will be referred to as RW2.

Dynamic Learning Rate Models

Both above versions of the RW model have fixed learning rates, i.e. the
learning rate does not change over trials. It has, however, been shown that this
assumption is not necessarily valid and learning rates tend to change at least in two

ways.

Decaying or Growing Learning Rate

A number of studies have reported a gradual decrease or growth in the speed
of learning (ref). | therefore specified a LR Decay/Growth model (termed

RW4_DecGrowth) to account for this pattern of learning rate evolution. The model is
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build on Eq XIV (RW2) but the learning rate &« now changes on a trial-to-trial basis such

that

EqXV @ = g * A}

where ¢ stands for outcome, t for ordinal occurence of a given outcome, Ael0,2]isa
decay/growth parameter which will take values A\ < 1 for decay in learning rate, A = 1

for stationary learning rates and A > 1 for growing learning rates.

Pearce-Hall Model

Several models have been proposed to account for attention paid to the stimuli
based on their uncertainty (Mackintosh, 1975; Pearce and Hall, 1980). One version of
the Pearce-Hall learning rule was presented by Pearce et al. (1982) and has been
used in a number of studies (Piray et al. 2019; J. Li et al. 2011; Tzovara, Korn, and
Bach 2018; Morriss, Saldarini, and van Reekum 2019) (Piray et al. 2019). This model
keeps track of a current level of associability 77, that is the degree to which attention is
paid to new stimuli driven by recent surprise, and uses a weighing parameter r to

update associability as follows:

Eq XVI Tt = (1— 7Tz‘)77(t—1) + m| Oy — B

The current associability level is the scaled by « to form the current learning rate:

Eq XVII Gt = K % 1)

The parameter 7 can also be as a weighing parameter between constant and dynamic

learning.This model is referred to as PH-RW5.

88


https://paperpile.com/c/hO94qz/w883L
https://paperpile.com/c/hO94qz/w883L+toPmE+OcMdn+NMdWt
https://paperpile.com/c/hO94qz/w883L+toPmE+OcMdn+NMdWt

Pearce-Hall with decay

To combine both previously seen dynamic features of learning, attention and
decay, | designed a model that includes both. It is important to consider learning rate

decay as my behavioural data suggested decrease in learning rates over time:

Eq xviil & = a1y + 10:]0; — Bi| = Xy,

Here, 71 is an outcome-specific volatility parameter while A controls the rate of learning

rate decay. This model is referred to as PH6.

Surprise-Minimising Model

To test how participants’ learning is driven by a combination of positive and
negative expected surprise | designed the following model building on the concept of

absolute Shannon surprise (Shannon 1948) which is defined as:
Eq XIX st = —log|Oy — (1 — )|
Here, | assume a two step learning process where value Qis initially learned by an

standard outcome-specific Rescorla-Wagner mechanism and subsequently updated to

P by a combination of expected positive and negative surprise.

Eq XX Q) = b+ (O — 1)

Eq xxI Pi+1) = Q1) — 07l0g|1 — (1 — Q1)) + 07 logl0 — (1 — Q1))

where —09]1 — (1 = Qu11)) | represents the expected absolute negative surprise, i.e.
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if a shock occurred, and —logl0 — (1 — Q(tﬂ))‘ represents the absolute positive
surprise, i.e. if shock did not occur. The parameters # and f~ represent sensitivity to
positive and negative surprise. For example, if the agent wants to increase their
prediction to minimise the negative prediction error, the parameter 8~ will be high.
Absolute negative expected surprise needs to be added, but it has negative log in
front, so to add the quantity we need to subtract the term, and vice versa in the case of

positive surprise.

State-Switching Model

To test whether some participants represent the environment as two states |
developed a state-switching model based on Rescorla-Wagner updating. The idea of
state switching has previously been presented by Redish et al. (2007) and Gershman
(2010). The principle idea is that the agent associates a certain level of reinforcement
with a particular state and on each trial decides whether the most recent outcome
means that the state on next trial will be the same or whether it has likely changed.
The fundamental problem in state learning is state discovery. If we assume that an
agent starts learning in one state in a gradual RW-like manner when and how is a new
state created if observations don’t match the existing state. Here, | don’t aim to answer
this question. | simply present a model which assumes two states in hope to identify
participants that represent the learning environment in a similar fashion.

A state S; is characterised by a mean value, i.e. identity:

Eq. XXI1 S = {us}

defined as sum of previous values associated with the state:
=1
Sy Ss
Feyr) = Z Py
Eq. XXIII n—t

Two states are created and their initial values are estimated from data as free

parameters. On each trial a state-specific error ¢ is calculated as the difference
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between mean of 77 past outcomes (i.e. the recent objective value) and the mean
value of the state being considered, £s.. 7] controls the amount of past outcomes
considered, it is an estimated free parameter.
i=1
Efs = |ps, — ZOF@“
Eqg. XXIV n=n
Errors for both states are compared and the state with the lower error is chosen.

Here, if state 2 has a lower error the following updating is performed:

Eq. XXV of €' > €7

S  _ pS2 Sa
Eq. xxvi Lierny = 17+ a0 = 127)
Ry = P
Eqg. XXVII “HHl (t+1)
S _ pS
Eq. xxvin Derny = 1

The current value of the winning state is updated using the state’s previous
value and outcome-specific learning rate <. The final value Z+1 is assigned as the
value of the winning state. The value of the losing state remains the same. The

mean value of the winning state is updated.

In addition to the error used to classify states described above, two other
errors are generated on each trial: the prediction error, which is the the difference
between the prediction of the model Ps, and outcome; and state prediction error
which is the difference between current state identity /#5s and outcome. While these
will often be correlated they reflect a fundamentally different quantity, prediction error
only considers one trial, while state prediction error is a running mean of all trials
classified under that state. It is the state identity that constitutes the model’s

approximation to subject’s hidden state.
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Population Sample

The demographics of each study is described in each relevant chapter. In total,

119 participants completed the tasks (study 1: 34, study 2: 40, study 3: 45) from which

101 were included in the final analysis (study 1: 28, study 2: 33, study 3: 40), 55

female. No participant took part in more than one study. All participants were recruited

using local advertisement and an in-house recruitment system provided by the

Department of Experimental Psychology. Since trait anxiety is a critical variable in this

thesis, | present the distribution of trait anxiety scores per study. Medians were used in

studies 1 and 2 to split the sample

Figure 10: Distribution of trait anxiety scores per study
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Chapter 3:

Neural and computational mechanisms of
aversive acquisition and extinction
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Introduction

The following chapter reports an investigation into behavioural, physiological
and neural mechanism of aversive acquisition and extinction. Much of the relevant
research was already discussed in Chapter 1. Here, | will focus on the main

motivations and relevant points and proceed with the methods, results and discussion.

A lack of extinction is a widely studied phenomenon due to its prevalence in
many situations involving negative prospects. Aversive experiences were shown to
lead to rapid learning but are highly resistant to extinction (Lissek et al. 2005). This
mechanism has likely developed as a survival tool to anticipate danger, but it becomes
maladaptive in many everyday situations.

Acquisition is a term referred to the process of associating as neutral stimulus
with an unconditioned stimulus (US) which produces a conditioned response (CR).
Extinction refers to the reverse process of dissociating the now CS from US thus
diminishing the CR. While the nature of acquisition is relatively uncontroversial, the
processes governing extinction are less clear, particularly due to its increased
contextual dependence, slowness relative to acquisition and phenomena like
reinstatement and context renewal where the conditioned response is rapidly re-
acquired (Bouton and Bolles, 1979). This suggest that extinction is likely more than
mere ‘unlearning’ and the original memory is likely retained.

Theories on aversive learning disagree about the exact nature of the difference
between acquisition and extinction. One approach argues that the observed lack of
extinction is a consequence of aversive event over-prediction (Artnz, 1991), a faster
learning from aversive than appetitive/neutral events, and that extinction is in fact a

form of unlearning. This implies forgetting of previously US-CS pairings. Others, on the
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other hand, have suggested that there is a separable learning process involved in each
phase and memory for previous US-CS pairing is retained post extinction (Bouton,
2002). The evidence for the earlier view comes from studies in which extinction is
performed immediately after acquisition, and the authors show that such extinction
leads to decreased levels of fear reinstatement (Myers et al 2006). Further evidence
comes from studies on gradual extinction in which extinction is not abrupt but
contingencies change in a gradual manner (Gershman et al 2013). While this is often
not made explicit, slower extinction may be a consequence of mere differential learning
from shocks versus no-shocks, although this phenomenon on its own could not explain
renewal, reinstatement and spontaneous recovery. In fact, a recent study
demonstrated that replacing noshocks with neutral events improved extinction learning
(Dunsmoor et al. 2019). The alternative views that acquisition and extinction are
fundamentally different and dissociable processes because of their inherent mutual
temporal dependence. Bouton (2002) proposed that extinction is slower because on
top of learning the new contingency, the old contingency has to be inhibited and
retained in memory. This view has received much support in animal and fMRI studies
which identified a the engagement of the ventro-medial prefrontal cortex (vmPFC) in
humans and the infralimbic (IL) cortex in animals to be active specifically in extinction.
One issue with this views is that it assumes that the agent knows when to start learning
new associations and start inhibiting the old ones, implying that a change in
contingency is automatically understood as extinction. This may be the case in
scenarios of full reinforcement but in probabilistic environments this is often not the
case.

Reconciling these two views, Redish et al (2007) suggested that an agent
performs a gradual step-by-step learning initially before identifying different contexts. It
has been argued that the main difference between the phases is that they provide a
context difference. This is shown in experiments involving relapse of fear memories

following passage of time, return of context or presentation of US on its own (e.g.
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Bouton and Bolles, 1979). While most research uses externally induced contexts to
study these phenomena, it may be argued that there is an inherent contextual
component to acquisition and extinction that can be thought of as ‘period of danger’
and ‘period of safety’. Relapse phenomena then may be consequence of perceived
context shift in which Arntz’s (1991) argument ‘better be be safe than sorry’ certainly
plays a role. Gershman et al. (2013) demonstrated that occasional reinforcement
during extinction decreased the chance of relapse, suggesting that if contingency
switches less abrupt, the agent will perceive the learning as one context and
unlearning will therefore mean a ‘true’ extinction that overrides

previous learning.

Therefore, when exploring the lack of extinction, the problem can be broken
down to two main components: biased learning (differential learning from shocks and
no-shocks) and contextual influence (state learning). In this chapter, | will use a
probabilistic learning paradigm to investigate the learning process considering the
effect of outcome (i.e. shock/no-shock) as well as phase (acquisition/extinction),
delineating these two influences on learning. | will also explicitly test whether the

environment is represented as different states and discuss the implications.

Research on the difference of acquisition and extinction has found a number of
regions (amygdala, hippocampus, dorsal anterior cingulate cortex, dorso-lateral
prefrontal cortex and the insula) to be involved in both phases of learning (Sehlmeyer
et al. 2009). While the amygdala is considered a key structure in aversive conditioning
(Phelps et al. 2004b), a recent meta-analysis of neurocimaging studies in humans failed
to find consistent amygdala engagement in acquisition and extinction and instead
highlighted a role of the dorsal anterior cingulate cortex (dAACC) in both phases of
learning (Fullana et al. 2018). A recent literature review highlighted the connectivity

between the dACC and the amygdala as the critical aspect of fear circuit governing
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fear learning (Sevenster, Visser, and D’Hooge 2018). Another neural structure
consistently involved in acquisition and extinction is the hippocampus (Knight et al.
2004). FMRI studies examining the context-dependent recall of extinction in humans
point to an important context-related function for the hippocampus (Kalisch et al, 2006;
Milad et al, 2007). A recent study by Marek et al. (2018) demonstrated how contextual
information from the hippocampus leads to relapse of fear.

Although many brain regions are engaged in both acquisition and extinction,
the ventro-medial prefrontal cortex (vmPFC) has specifically been implicated in
extinction (Phelps et al. 2004b; Schiller, et al. 2008). The role attributed to the vmPFC
(or mPFC in some studies) is the inhibition of existing fear associations in the
amygdala (Sevenster, Visser, and D’'Hooge 2018). This notion has been supported by
number of fMRI studies, but vmPFC engagement has also been interpreted as a
safety or context signal rather than an inhibitory signal. Reviewing wider research into
the role of vmPFC casts doubt on the idea that this region is involved in the inhibition
of fear memories. Instead, vmPFC was linked to expected value representation (Chib
et al. 2009; McNamee et al. 2013) and more recently to the representation of the
current state (Schuck et al. 2016). The latter one can be of particular relevance
because a switch from acquisition to extinction constitutes the switch of a context that
can be internally represented as a different state. If the vmPFC is in fact involved in
state representation it should process error information that only agent aware of a state
can. To test whether a given region is involved in state learning, a computational model
of state learning must be defined and single-trial predictions from such model
extracted. | will operationalize this by fitting the state switching model described in
Chapter 2 to the data and extracting state prediction errors (SPESs) for each trial.

| will use the fMRI imaging and computational models to investigate the nature
of information processing in regions previously implied in aversive acquisition and
extinction. Furthermore, | will test the idea that the problem of acquisition/extinction is

fundamentally a problem of state (i.e. structure) learning.
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High trait anxiety has been highlighted as a key vulnerability factor in the
development of anxiety disorders. It is often associated with an inability to dissociate
between danger and safety (Kindt and Soeter, 2014) due to lack of fear inhibition, sub-
optimality of tracking environmental volatility (Browning et al. 2015) or increased
reactivity to fear cues (Indovina et al. 2011). Particularly, the study of Browning et al.
(2015) suggests that highly anxious individuals focus on recent outcomes, failing to
learn the underlying structure of the task. In the context of extinction, anxiety has been
associated with decreased extinction learning and higher chance of relapse. Neural
studies into the role of anxiety in fear conditioning and extinction identified a positive
correlation between amygdala response to CS+>CS- and trait anxiety (Indovina et al.
2011; Sehlmeyer et al. 2011). This finding is often associated, or directly based on, the
difference between acquisition-extinction GSR response. Most early studies index
conditioning as GSR only, and subjects were excluded if they showed no distinction.
This may be one of the reasons why a recent meta-analysis failed to find a significant
association between the amygdala and conditioning.

Previous studies have tied the influence of anxiety on differential learning to
activity in the dACC, albeit with varying findings. While some studies found a negative
association between phase difference and trait anxiety (Sehimeyer et al. 2011),
arguing that the ACC plays an inhibitory role in extinction, others have found a positive
correlation (Barrett and Armony 2009), assigning the ACC similar role as to the

amygdala.

The main goal of the first study is to investigate and characterise the difference
between aversive acquisition and extinction at the behavioural, peripheral-physiological
and neural level, and to explore the role of trait anxiety in aversive learning. To this
end, | will employ a probabilistic learning paradigm while recording GSR and fMRI data

and use computational modelling to understand the information processing occurring
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during aversive learning. Based on evidence from previous research | hypothesise that
extinction will show significant differences from acquisition in all employed measures,
in particular, that extinction will be incomplete, slower and that it will start later. This
phase difference is hypothesised to be reflected prefrontal regions previously
implicated in extinction processing (dIPFC, VMPFC). Furthermore, | predict that while
differential treatment of shock and no-shock outcomes plays an important role, there is
a fundamental state-dependent difference between the two phases driven by different
internal contexts which will be reflected in the behavioural and modelling data.
Regarding the influence of trait anxiety, | hypothesise extinction in high trait anxious
individuals will be slower and less complete than in low trait anxious participants due to
high trait anxious individuals’ inability to learn the higher-order structure of the task.

Neural correlates of this groups differences will be explored.

Methods

Participants

Participants were recruited using poster advertising and local recruitment site of
the Department of Experimental Psychology, University of Oxford. All participants took
part having given full informed consent, and the study was approved by the local
research ethics committee. Participants were right-handed, displayed normal pain
thresholds at the site of stimulus application and had no history of neurological or
psychiatric disease or chronic pain.

Thirty three participants completed the study. One participants was excluded
due to technical failure of equipment and one due to an incidental finding in the MRI
scan. Data from four additional participants were discarded because they failed to

meet our criterion for differential learning which was defined as significantly (as tested
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by paired t-test) higher mean probability ratings for the harmful than the safe cue. In
total, 28 participants were included in the final behavioural analysis. Further 5 MRI data
sets had to be excluded due to poor data quality (3 due to incomplete MRI data
acquisition, 1 due to problems with normalization and 1 due an incidental finding). The

final MRI data set consisted of 23 participants (15 female, mean age: 25.4 years).

Experimental Design

This study used the basic version of the probabilistic aversive learning task
described in Chapter 2. The two contingency levels were set to 75% and 25%. A ‘safe’
cue was always reinforced at 25%, a ‘harmful’ cue was reinforced on 75% of trials and
contingencies of the reversal cue switched between the two levels every 30 trials (+/-
2). Over four scanning sessions within the same visit, each participant completed 8-9
phases to ensure that they completed 3 acquisition and 3 extinction phases at
minimum. If the first phase was an extinction phase (i.e., the reversal cue was
reinforced in 25% of trials), it was excluded from the analysis as we were only
interested in responses to this reinforcement schedule following an acquisition phase
(i.e., when the reversal had been reinforced in 75% of trials). Each participant had at
least one 4th acquisition or extinction, some had both. This was due to the
probabilistic nature of the contingency switch for the reversal cue which occurred at
75% probability. When data are split by half in the analysis section, they are split by the
second scanning break. The scanning breaks coincided with the contingency changes
of the reversal cue, every scanning session included 2-3 phases (randomly assigned).
As described in Chapter 2, participants provided shock probability ratings on each trial.
To obtain a second measure of cue-specific value, we also assessed cue preference in
5% of trials. On these trials, participants were presented with two of the three cues and
were prompted to indicate which cue they prefer by pressing one of two buttons,

without a time limit. These preference trials were excluded from the main analysis and
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they were analyzed separately.

The duration of each trial was slightly longer than in my other studies (see
Chapters 4 and 5) due to MRI timing requirements. The inter-trial-interval was jittered
between 3 to 5 seconds and the inter-stimulus interval between 2 and 4 seconds. An
additional jitter was introduced because participants’ shock probability ratings were

self-paced and could take between 0 and 4 seconds.

Experimental Procedures

All eligible individuals who had expressed an interest in taking part in the study
were invited to a short introductory session during which all procedures including the
task and electrical stimulation were explained to them and questions were answered
before they signed the consent form. During this session, participants also completed a
practice run of the task with 60 trials to test if differential learning could be established
successfully. Participants were instructed as follows: “On each trial, you will see one of
three abstract pictures in the centre of the screen that may be followed by an electrical
stimulus applied to the back of your left hand. Whether an image is followed by an
electrical stimulus can vary between pictures: some may predict a stimulus whereas
others may signal that no stimulus will be delivered. Finally, pictures can change from
being predictive of the electrical stimulus to predicting that no stimulus is delivered and
vice versa. Please pay attention to the picture cues and whether you can tell from
seeing these pictures if a stimulus will be delivered. On each trial, you will be prompted
to indicate by using a slider on the screen how likely you think it is that the picture will
be followed by electrical stimulus.”

As in the actual experiment, they had to provide shock probability ratings on
each trial. They were only invited to take part in the actual experiment, if their mean
ratings for harmful cue was significantly higher than their rating for the safe cue.

The actual experiment that was performed 1 - 3 days after the practice session,

involved performing the full task in the MRI scanner during simultaneous recording of
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skin conductance responses and pupil dilation as well as brain responses using fMRI.
Upon the participants’ arrival, a second consent form was obtained. All participants
were screened for MRI safety by a trained radiographer at the Wellcome Trust Center
for Integrative Neuroimaging. Participants were then asked to complete the STAI-
TRAIT gquestionnaire before they were positioned in the scanner and reminded of the
task instructions. No information was given about the number of cues, the
contingencies or changes in contingencies. Importantly, it was stressed that while the
scanner has to be stopped at random points to re-initiate the scanning protocol and to
re-calibrate the intensity of the stimulation, they should treat the entire task as one
continuous experience, as during the practice session. Upon completion of the task, a
structural and diffusion tensor imaging (DTI) scan were acquired. After leaving the
scanner room participants had to rate each cue for mean shock probability, likeability
and visual appeal. Participants were also asked whether any of the cues changed their
probability of being followed by shock at any point. Lastly, participants were informed

about the full nature of the task and debriefed.

Analysis of Behavioural Data

Behavioural data were analyzed using custom scripts in Matlab and R. Prior to
all analyses participants were assessed on whether they could learn the difference
between safe and harmful cue (using a t-test). In this study, the following measures
were used: mean reported shock probability per condition (cue type, phase, half),
model-free learning rates, switch point, switch steepness and surprise. All measures
except for the Shannon surprise were described in Chapter 2.

Surprise was assessed by calculating Shannon surprise for each trial (equation
below). As discussed earlier, this measure correlates with prediction error. The main
difference is that Shannon surprise is exponentially larger as prediction errors get

larger.
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Eq.1 st = —log|Oy — (1 — )|

Data were analyzed by investigating the difference between cues and between
acquisition and extinction. To test for any changes over time, split by half was
introduced. In measures occuring at the outcome time, split by outcome type
(shock/noshock) was appropriate. Where continuous measures such as trait anxiety
were obtained either a median split was performed to binarize the group, or, where

appropriate Pearson’s correlation was used.

GSR Analysis

GSR data were analyzed using the GLM and DCM methods described in Chapter 2.
GLM provides a per-condition beta estimate and can only be used for evoked

responses, not for anticipatory signal, while DCM provides a single-trial measure of
anticipation. The PsPM 4.02 toolbox (Bach 2014) was used for both analyses in this

study.

General Linear Model (GLM)

| used the GLM method described by (Bach and Friston 2013). The GLM used
in this study included 76 regressors. At cue onset, | modelled cue type (3 levels:
harmful, safe, reversal), phase (2 levels: acquisition, extinction), half (2 levels: first and
second half of the experiment), current outcome (2 levels: shock or no shock) and
previous outcome (2 levels: shock or no shock). At the time-point of outcome, |
modelled cue type (3 levels: harmful, safe, reversal), phase (2 levels: acquisition,
extinction), half (2 levels: first and second half of the experiment) and current outcome
type (2 levels: shock or no shock).The mean activation in each session was included
as additional regressors. Shock events were modelled at the time of shock delivery.
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No-shock event were modelled at the time of cue offset, that is, 2s after the shock
would have occurred if this were a shock trial.

The design matrix was convolved with a canonical SCR function which is part
of the PsPM 4.02 toolbox. Estimated betas were then analyzed in the same manner as

behavioural data, averaging per condition, using parametric statistics.

Dynamic Causal Modelling (DCM)

The DCM method used has been described by (Bach, Daunizeau, et al. 2010).
The DCM non-linear model was used to estimate the amplitude of the anticipatory
GSR response during the inter-trial-interval, i.e., after the participant had provided
their shock probability rating until 0.5s prior to outcome delivery. The model uses
variational Bayes optimisation to estimate the mean amplitude during each trial. This
method therefore provides a single-trial estimate that can be analyzed by averaging

per condition or used as a cost function in model fitting.

fMRI Analysis

The MRI data acquisition and analysis pipeline is described in Chapter 2. The
preprocessed data were analyzed using the SPM12 package. MarsBar toolbox was
used for region of interest analysis.

The data were analysed using two types of models: i) a basic model including
all events and event types without any parametric modulation; and ii) a model with a

parametric modulator at the time of outcome (see below for details).

Basic Model

The basic model had a separate regressor for a combination of each levels of
the following variables: session (sessions 1-4), cue type (harmful, safe, reversal), half

(first and second half) and phase (1-2; acquisition/extinction) at the cue onset time; and
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session (sessions 1-4), cue type (harmful, safe, reversal), half (first and second half),
outcome (shock, no shock) and phase (acquisition/extinction) at the time of outcome,
plus 4 regressors modelling the mean for each session, resulting in a total of 148
regressors. Cue onset was modelled as a box function lasting from cue onset to
response. Outcome was as modelled using a stick function.

Once first level models were estimated, contrasts of interest were specified and
calculated. For ROI analyses, the model was re-estimated for each region of interest
(see below). The resulting betas were then baseline-corrected by subtracting the mean
beta value for a given session. The resulting data were analysed by averaging betas in
their respective conditions and calculating parametric statistics to test for within group
differences.

Exploratory whole brain analyses was also performed. To this end, contrast images
were entered into one-way t-test for the second (group) level analysis. The resulting t-

scores, and their corresponding z-scores, were used to report group level results.

Parametric Models

Five models involving parametric modulators were estimated. All included the
full set of regressors of the Basic Model but outcome time was modulated by a different
parametric modulator (PM). The five following variables were used in this type of
analysis: model-free learning rate, shock probability rating, Shannon surprise, Pearce-
Hall prediction error (PHPE) and state prediction error (SPE). Model-free learning rates
and Shannon surprise were introduced earlier (see methods here and Chapter 2),
shock expectation refers to the probability submitted by the participant. The remaining
two quantities are predicted by the two competing behavioural models, the Pearce-Hall
model and the state-switching model, both introduced in Chapter 2. In the case of
PHPE, the quantity is the difference between model prediction  and outcome O:.

State prediction error is computed as the difference between the outcome and current
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state identity (here computed as a mean state probability) and the outcome Or — Hi(spt)

(see Chapter 2).

Regions of Interest (ROIs)

The following regions of interest for this study were included based on a priori
hypotheses about their involvement in aversive learning: amygdala (AMY),
hippocampus (HIPP), ventro-medial prefrontal cortex (vmPFC), anterior insula (Al),
dorsal anterior cingulate cortex (dAACC) and dorso-lateral prefrontal cortex (dIPFC).
The mask for Al was derived from the AAL atlas (Tzourio-Mazoyer et al. 2002), for
hippocampus and amygdala from the SPM Anatomical Toolbox and for vmPFC, dACC
and dIPFC from Neurosynth.org, association maps thresholded at z > 3. All ROI
analyses were performed by overlaying region of interest in the MNI (Montreal
Neurological Institute) space with individual subject’s gray matter map that was

extracted and normalized during segmentation.

Reporting fMRI results

Results of ROI analyses are considered significant at p<0.05. Whole-brain fMRI
results are reported at p<.001, uncorrected. All coordinates are reported in millimeters

in relation to the origin in the standard MNI space.

fMRI Model Comparison

A recently developed technique by (Soch and Allefeld 2018) uses Bayesian
Model Selection (BMS) to perform a voxel-wise analysis of different model likelihoods.
This approach is motivated by a well known short-coming of the model-based fMRI
approach: estimating multiple correlated parametric modulators at once leads to either

estimation failures or unreliable estimates. To directly compare the nature of
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information processed by a given voxel, two GLMs can first be estimated separately
using the the same set of regressors with the difference only in the parametric
modulator. Subsequently, the likelihood for each model can be computed and the
models compared. The authors propose several different ways this can be done. In this

chapter | used the cross validated log model evidence at the single subject voxel level:

S

cvLME(m) = Zlog(yi | 0, m)p(0 | Ujwsi, y5,m)dO
Eq. Il i=1

where ¥ stands for observed data on sample < (one TR) and ¢ are the model m
parameters. The cross-validated version of log likelihood was used to eliminate the
effect of the prior. At the group level, the log model likelihood is calculated across the

group

N
logp(Y:) = > log p(ys)
Eq. Il i=1

Where Y = {y1 ... yn} stand for the group data and N for number of subjects. Finally,
the fixed-effects Bayesian model selection is applied to calculate the probability for

each model given the data:

m; | Y) = p(Y | mi)p(ms)
Eq. IV i ) >l (Y [ my)p(m;)

This results in a probabilistic map of relative model likelihoods called selected model
maps (SMM) which are shown in the results section.

This methodology provides a useful tool when comparing the type of
information that is processed in a given brain region without estimating all variables as
parametric modulators in the same model. In my case, | employed this technique to
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compare regions that predominantly process prediction error (Pearce-Hall) and those

that mainly process state prediction error.

Modelling Methods

To explore the type of learning participants show in this study, six learning
models were included in the model comparison. Each model was specified using
custom MATLAB scripts and optimized 30 times using the Bayesian Adaptive Direct
Search (Acerbi and Ma 2017). The best fitting version of the 30 runs according to AIC
score was included in the model comparison. This procedure ensured that a local
minimum was not chosen, increasing the likelihood of true minimum being selected to
represent the model. Model comparison was based on mean AIC scores.

The six models included are: 1) Rescorla-Wagner; 2) Outcome-sensitive
Rescorla-Wagner; 3) Dynamic model with decaying or growing learning rate; 4)
Pearce-Hall with a separate decay term; 5) State-Switching model based on RW; and

6) Surprise-minimising model. All models are described in Chapter 2.

Results

Behavioural Results

Starting Probability

Motivated by identified confound in Chapter 5, | tested whether the starting
probability of the reversal cue (i.e., 75% or 25% at the beginning of the task) had an
influence on the reported shock probability or learning rates in any of the three cues.
Six mixed ANOVAs were performed with starting probability (75% or 25%) as a
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between subject factor, and phase (acquisition or extinction) as within subject factors,
three (one for each cue) for model-free learning rates and three for reported
probability. There was no main effect or interaction of starting probability in any of the
tests, although the main effect of starting probability in the safe cue was near

significance (p=0.078).

Mean Shock Probability Ratings

To explore general differences between cues, cue-specific subjective

probability ratings were compared across phases. A one-way ANOVA found a

significant main effect of cue, F(1,27) = 100.15, p = 0.000 wjth highest ratings for
the harmful cue, followed by the ambiguous reversal cue and the safe cue. Bonferroni-
corrected post-hoc t-tests found all three cues to be significantly different from each

other, tharm=safe(27) = 1161, p = 0.000 tparmsren(27) = 4.66, p = 0.000,

trevssafe(27) = 9.97, p = 0.000 Fyrthermore, using a one-way t-test | tested whether
the mean probabilities for the two stable cues differed significantly from the true levels
of reinforcement (i.e., 75% for harmful and 25% for safe). Ratings for both cues did not
differ significantly from their respective objective probabilities, indicating differential
learning from the stable cues. Results are presented in Figure la.

| next replicated the above analysis including phase as a within-subject factor.

In addition to previous results the test found a main effect of phase,

F(1,27) = 11.87, p = 0.002 wjth higher ratings during acquisition, and a phase*cue
interaction, £'(1,27) = 28.71, p = 0.000, A series of post-hoc t-tests found the
harmful and the reversal cues to differ between phases. The harmful cue was
significantly higher in extinction than in acquisition, t(27) = —4.71,p = 0.000
whereas the reversal cue was significantly lower in extinction,

t(27) = 5.81,p = 0.000, No difference was found in the safe cue. For the reversal

cue, | next used a one-way t-test to test whether the mean probability differed from the
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underling rates of reinforcement. Mean probabilities in the reversal cue did not differ

from the true reinforcement in acquisition. However, during extinction, the mean

reported probabilities were significantly higher than the true probability,

t(27) = 10.94, p0.000 jndicating that participants overestimated the likelihood of

receiving a shock during extinction Results are presented in Figure 1b.

Figure 1 left panel presents mean probabilities by cue, and right panel mean

probabilities by cue and phase. The overlaid scatter plots show individual subject

scores. Dashed lines show true reinforcement rates at 25%, 50% and 75%.
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Next | analyzed the model-free learning rates. Full set of results in presented in

Tables 1 -3. In the harmful cue there was a main effect of outcome, shock learning rate

(x = 0.41, 0 = 0.18) was higher than no-shock learning rate (z = 0.15, 0 = 0.10),
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Further, there was a phase by outcome interaction. Post-hoc tests found this to be
driven by significantly higher no-shock learning in acquisition (z = 0.21,0 = 0.14) than
in extinction (Z = 0.15, 0 = 0.08) t(27) = 2.76, p = 0.010, |n the safe cue there was
a significant main effect of outcome, no-shock learning (z = 0.34, 0 = 0.14) was faster
than shock learning (¢ = 0.23, 0 = 0.12), In the reversal cue, there was a significant
main effect of outcome, shock learning (¥ = 0.33, 0 = 0.11) was significantly faster
than noshock (¢ = 0.20, 0 = 0.08). Furthermore, there was a significant interaction

between phase and outcome. No-shock learning was faster in extinction (

T=0230= 010) than in acquisition (¥ = 0.17,0 = 008)’

t(27) = —4.82,p = 0.000 and shock learning was faster in acquisition (

X

0.39, 0 = 0.13) was faster than in extinction (¥ = 0.31,0 = 0.12),

t(27) = 2.29, p = 0.030 which however didn't survive the correction.

These results show that in harmful and safe cues learning is faster from the
more frequent and confirmatory outcome. In the reversal cue, where frequency of both
outcomes is matched, there was a bias towards faster learning from shocks which is
further modulated by phase, noshock learning was faster in extinction when it's more

frequent and informative.

Table 1: Learning rates in the harmful cue

SS d.f. MS F

(Intercept) 9.034 1 9.034 240.819 0.000
Error 0.975 26 0.038

(Intercept):Phase 0.003 1 0.003 0.439 0.514
Error(Phase) 0.164 26 0.006

(Intercept):Outcome 1.287 1 1.287 60.919 0.000
Error(Outcome) 0.549 26 0.021

(Intercept):Phase:Outcom

e 0.076 1 0.076 11.685 0.002
Error(Phase:Outcome) 0.169 26 0.007
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Table 2: Learning rates in the safe cue

SS d.f. MS F p
(Intercept) 9.448 1 9.448 196.055 0.000
Error 1.301 27 0.048
(Intercept):Phase 0.000 1 0.000 0.009 0.926
Error(Phase) 0.081 27 0.003
(Intercept):Outcome 0.381 1 0.381 18.118 0.000
Error(Outcome) 0.568 27 0.021
(Intercept):Phase:Outcom
e 0.003 1 0.003 0.458 0.504
Error(Phase:Outcome) 0.168 27 0.006
Table 3: Learning rates in the reversal cue

SS d.f. MS F p
(Intercept) 8.110 1 8.110 230.461 0.000
Error 0.950 27 0.035
(Intercept):Phase 0.003 1 0.003 0.921 0.346
Error(Phase) 0.077 27 0.003
(Intercept):Outcome 0.470 1 0.470 89.154 0.000
Error(Outcome) 0.142 27 0.005
(Intercept):Phase:Outcom
e 0.073 1 0.073 18.452 0.000
Error(Phase:Outcome) 0.107 27 0.004
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Figure 2 shows model-free learning rates by cue. Learning in the stable cue was
faster for the relevant outcome (shock-harmful and no-shock for safe). Learning from
shock was also faster in the reversal cue (left). The right panel shows MFLRs by

phase, outcome and cue. Learning rates in the reversal cue are sensitive to the phase.

Switch Point
Only the reversal cue was included in the switch point analysis. The per-subject
averaged switch points revealed a significantly later switch in extinction compared to

acquisition, t(27) = —3.575,p = 0.001, The data are presented in Figure 3. No

difference was found in the steepness of the switch.

Figure 3 shows the mean and individual post reversal switch points split by extinction

(blue) and acquisition (red).
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Changes in Behavioural Measures Over Time

Mean Shock Probability Ratings

To investigate any changes in shock probability ratings occurring over time,
the probabilities were split into those acquired during the first half of the experiment
and those obtained in the second half and a new variable “half” was introduced to the
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per-cue ANOVAs in addition to the factor phase (acquisition, extinction). For the
harmful cue, we found main effects of half, F'(1,27) = 25.17, p = 0.000 wjth higher
ratings in the second half (z = 0.81, 0 = 0.14) compared to the first half (

T =0.73,0 = 0.12) and phase, £'(1,27) = 9.34, p <= 0.000 with higher ratings
during extinction (z = 0.79,0 = 0.12z = 0.75, 0 = 0.10) than acquisition (

T =0.75,0 = 0.102 = 0.79,0 = 0.12) | 35 well as a significant interaction,

F(1,27) = 9.60, p = 0.000, post hoc test revealed that this was driven by increase in

acquisition probabilities over time £(27) = —5.69, p = 0.000, There was also an

increase in extinction did not survive the correction. In the safe cue, there was a main

effect of half, £'(1,27) = 7.84,p = 0.009 with higher ratings in the first half (

z = 0.33,0 = 0.14) than the second half, (z = 0.28, 0 = 0.16), Neither the main effect

of phase nor the interaction with half reached significance. For the reversal cue, the

main effect of half, £'(1, 27) = 15.60, p = 0.000, higher ratings for the second (

T = 0.69,0 = 0.12) than the first half (z = 0.57,0 = 0.10) and phase,

F(1,27) = 62.26, p = 0.000, higher ratings in acquisition (Z = 0.76,0 = 0.09) than
for extinction, (£ = 0.90, 0 = 0.10), as well as their interaction,

F(1,27) = 8.43, p = 0.007 were significant. The interaction was driven by a
significant increase in extinction probability between first (Z = 0.42,0 = 0.13) and
second half (Z = 0.57,0 = 0.14), ¢(27) = —4.27,p = 0.000, The increase in ratings

for acquisition trials did not reach significance (p=0.03). These results are summarized

in Figure 4.

Figure 4 presents mean shock probability ratings split by cue and half. The mean
probability changed over time in all three cues. While participants’ ratings of the stable
cues became more extreme towards their respective boundaries, ratings for the

reversal cue showed a the lack of extinction that was already present in the first half
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but increased in the second half of the task.
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To expand on the previous analysis, | next extracted trails for reversal cue and
plotted single-trial probabilities locked to the time of the contingency reversal. As
depicted in Figure 5, participants show considerably less extinction in the second half
of the experiment than in the first half. Furthermore, participants slightly increased
their shock probability ratings 1-2 trials before the actual reversal which suggests a

certain degree of anticipation in the acquisition phase.

115



Figure 5 single trial probabilities averaged across participants locked to time of

reversal. While extinction learning was slightly impaired in the first half (left plot) the

lack of it became progressively more pronounced in the second half (right plot).
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To investigate whether the time-dependent lack of extinction is driven by

changes in learning rates, | next analyzed model-free learning rates as a function of

time, phase and outcome. This ANOVA found a significant main effect of outcome

type, F(1,27) = 153.04,p = 0.000 with faster learning from shock than from no

shock, and significant interactions between half and outcome,

F(1,27) = 7.32,p = 0.011 and phase and outcome, £'(1,27) = 17.32, p = 0.000,

Post hoc tests found the first interaction to be driven by a decrease in no-shock

learning over time, t(27) = 3.24,p = 0.0031 and the second interaction by faster no-

shock learning in extinction compared to acquisition, £(27) = —5.41, p = 0.000,

Results are presented in Figure 6.
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Figure 6 shows the interaction effect of phase and outcome type on model-free

learning rates. No-shock learning is significantly faster in extinction.

No-Shock Learning Change Over Time
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Next, | investigated the amount of Shannon surprise as a function of valence

(positive/negative) and time. In the harmful cue, there was a significant main effect of
valence, £'(1,27) = 70.90, p = 0.000 more positive than negative surprise, and half
F(1,27) = 4.22, p = 0.049 (with stronger surprise in the second than the first half),

and a half-valence interaction, £'(1,27) = 12.00, p = 0.001, post-hoc t-test found that

this interaction was driven by increase in positive surprise over time,
t(27) = —2.87,p = 0.008 and decrease in negative surprise over time,

t(27) = 5.03,p = 0.000, | the safe cue, there was a main effect of valence,
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F(1,27) = 33.09,p = 0.000, and an interaction between half and valence,

F(1,27) = 4.27,p = 0.0048, post—hoc tests revealed that this interaction was
driven in decrease of positive surprise over time, {(27) = 3.52,p = 0.002 |
the reversal cue, the main effect of valence £'(1,27) = 74.61, p = 0.000, hayf
F(1,27) = 7.88,p = 0.009 and their interaction, F(1,27) = 25.69,p = 0.000 were

all significant. Post—hoc tests found a significantly higher positive than
negative surprise in both halves,

tfirst(27) — —550,p — 00007 tsecond(27) = —886,]9 = OOOO Positive Surprised

increased significantly from first to second half, £(27) = —4.55,p = 0.000 while

negative surprised decreased over the same interval, £(27) = —4.42, p = 0.000,
This results suggests that there is a change in experienced surprise in all three
cues over time. Importantly, in the reversal cue the there is an increase in positive and

decrease in negative surprise over time.
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Figure 7 depicts the experienced level of surprise by cue and half.
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Behavioural Measures: Influence of Trait Anxiety

Mean Shock Probability Raings

| first tested whether trait anxiety influenced mean probability ratings by adding
trait anxiety as a between-subject factor to the ANOVAs testing for the effect of half
and phase separately for each cue. There was no main effect or interaction of anxiety

in any of the stable cues. In the reversal cue, there was a main effect of anxiety,
F(1,26) = 8.27, p = 0.011 with higher ratings in low than high anxious individual,

and an interaction between anxiety and half, £'(1,26) = 5.31,p = 0.028 pgst hoc

test revealed that there was a significant difference between high and low anxious

individuals in the second half, tsecond(%) = 4.06, p = 0.003 while no difference was
found in the first half. The data are presented in Figure 8. Additionally, | also correlated
trait anxiety scores with the mean shock probability ratings separately for each half

and phase, which revealed a significant negative correlation between trait anxiety and

mean probability for extinction in the second half, 7(27) = —.47,p = 0.011,
Altogether, the data show that high trait anxious individuals report significantly lower
shock probabilities during extinction in the second half extinction, thus approximating

the true reinforcement rate more closely.

Figure 8 mean probabilities split by trait anxiety, half and phase. High trait anxious

individuals report significantly lower probability during second half extinction.
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Figure 9, (below) shows correlations between trait anxiety and mean probability split

by phase and half. During extinction trials in the second half (lower right panel), trait

anxiety correlated negatively with shock probability ratings, suggesting better

extinction in the second half in high trait anxious individuals.
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Testing whether model-free learning rates are influenced by anxiety, | extended

the earlier model by incorporating trait anxiety as a between-subject factor in addition

to the within-subject factors half and outcome. The test showed a significant

interaction between anxiety and outcome, (1, 27) = 8.13, p = 0.008, A post-hoc test

revealed that this was driven by a significantly bigger difference between shock and

no-shock in the low compared to the high anxious group, £(26) = 2.85,p = 0.008,
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Figure 10 model-free learning rates split by outcome, half and anxiety. The data show

a significant interaction between anxiety and outcome.

Reversal Cue by Anxiety, Half, and Outcome

0.75 + Shock: High Anx
No-Shock: High Anx

—F— Shock: Low Anx
—F— No-Shock: Low Anx

o

o &0

®

Model-Free Learning Rate
°
o © 00 @

o oo @ e 7o)
o®
0 C®m@P® DO

1)
? s g,'(, X‘ % BC.O‘;\(

Switch Point

Analysis of switch point and switch steepness found no relationship between

anxiety and either of the measures.

Surprise

To test whether there is a relationship between trait anxiety and experienced
surprise over time in the reversal cue, the mean positive surprise was subtracted from
the mean negative surprise separately for the first and the second half. While there
was no relationship between surprise valence difference in the first half, the difference

between positive and negative surprise was significantly positively correlated with trait
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anxiety in the second half, 7(27) = .451, p < .025 syggesting that high trait anxious

individuals experience more symmetric amounts of positive and negative surprise in

the second half while low trait anxious experience more positive surprise than negative

surprise (Figure 11).

Figure 11 The difference between positive and negative surprise split by half as a

function of trait anxiety.
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The GSR data were analyzed using the more standard GLM approach as well

as using the dynamic causal modelling (DCM) approach described in Chapter 2. The

two analyses focused on different aspects. While the GLM was used to assess skin

responses to cue onset and outcome, the DCM was set up to estimate an anticipatory

signal based on the GSR amplitude between response and outcome.
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GLM Results

The GLM results are all presented in estimated betas. It is important to
remember that negative betas have no direct physiological interpretation and are likely
a consequence of latency variation of the SCR evoked by delivery of the shock. They
can therefore only be interpreted relative to other conditions, not as absolute
measures.

First, | checked whether there was an influence of the previous outcome type

on the current trial at the time of cue onset. A t-test found no difference between

previous shock and no-shock trials. £(23) = 0.11,n.s. Consequently, all trials were
included in the subsequent analyses.

Next, | compared the SCR response to the three different cues. A one-way
ANOVA showed a significant main effect of cue, F(1,22) =7.25,p < .01, post-hoc
tests found a significant difference between harmful and safe cue,

t(23) = —3.20,p < .01 and between safe and reversal cue, t(23) = —2.09,p < .05,

| tested whether there was an effect of phase and half on the reversal cue. A
two-way ANOVA found a significant main effect of phase, F(1,23) =9.28,p < .05
with stronger responses during extinction than acquisition. The Interaction with half

was not significant. Plots for this section are presented in Figure 12.

Figure 12 The left panel shows mean SCR betas by cue; the right panel shows the

mean beta SCR response for the reversal cue, split by half and phase.
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DCM Results

The DCM analysis resulted in a single-trial measurement of anticipatory
amplitude. | tested whether there was a main effect of previous outcome. This was not
significant (p>0.2).

| next examined the relationship of GSR amplitude with the reported probability,
model-free learning rate, optimal Bayesian value and volatility. The Bayesian single-
trial values were predicted using a canonical optimal Bayesian learner developed by
Behrens et al. (2007). Overall, there was a very weak relationship between single-trial
amplitude estimates and any of the examined variables. The strongest correspondence
was found for the Bayesian value where 10 out of 69 measurements correlated

significantly with GSR amplitude, 7 positively.

Table 4: Number of participants with a significant correlation between GSR
amplitude and value, learning rate, Bayesian value and Bayesian volatility. [out of 23
total]

| | Harmful Cue | safe Cue | Reversal Cue |
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Subjective 0 0 2 (2 pos)
Probability

Model-free 5 (4 pos, 1 neg) 0 2 (2 pos)
Learning Rates

Optimal Bayesian 2 (2 pos) 3 (1 pos, 2 neg) 5 (4 pos, 1 neg)
Value

Optimal Bayesian 2 (1 pos, 1 neg) 0 1 (neqg)
Volatility

Next, | averaged the data by half and phase separately by each cue (Figure

13). In the full model (cue, half, phase), there was a significant interaction between half

and phase, £'(1,20) = 5.83,p < .05 which was driven by a significant difference

between acquisition and extinction in the second half. Furthermore, there was a

significant interaction between half and cue, £'(1.20) = 4.01,p < .05 which was

driven by a decrease in anticipation of harmful cue from first to second half,

t(20) = 2.31, p < .05 and an interaction between phase and cue,

F(1,20) = 4.20, p < .05, driven by the difference between harmful and safe cues in
acquisition, 1(20) = —2.50,p < .05, | next split the analysis by cue. In the harmful

cue, there was a main effect of half, £'(1,20) = 5.31,p < .05, anticipatory amplitude
was significantly lower in the second half. In the safe cue, there was no main effect or

interaction. In the reversal cue, there was a significant interaction between half and
phase, £'(1,20) = 4.40, p < .05 A post-hoc test identified that this was driven by
increase in anticipatory amplitude in the second half acquisition,
seespirst(20) = 2.811, p < .05, tondgeqmandent(20) = —=3.11,p < .01

The same model was extended by adding anxiety. There was a main effect of
anxiety, I'(1,20) = 6.27,p < .05, the low trait anxious individuals had overall higher
anticipatory GSR amplitude than low anxious individuals.

| next subtracted the mean GSR signal in extinction from acquisition and

correlated the resulting quantities with trait anxiety. Similarly to the results for shock

probability ratings, trait anxiety was found to be positively correlated with the difference

126



in anticipatory GSR between acquisition and extinction, 7(20) = .48, p < .05,

Figure 13: The left panel shows a significant increase in anticipatory GSR in the
second half acquisition phase of the reversal cue. The right panel shows a significant

correlation between mean phase difference and trait anxiety.
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Modelling Results

The model comparison results are presented in Figures 14 (left) and 15.
Models were ranked from 1 to 6 within participant based on their respective AIC scores
with the best fitting model being ranked as 1. The overall rank is based on the mean
AIC scores.

The state-switching (StSw5) model had the lowest mean AIC score of -384.6. It
was also the best fitting model in most subjects (13/28). The second best model was
the Pearce-Hall learner with independent decay term (PH6) which had a mean AIC

score of -382.9. All other models significantly trailed behind the two first models. The
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state switcher either fitted best or it was 3rd/4th (i.e. it rarely was the second best fit)
while the Pearce-Hall model ranked very highly in most participants (Figure 15). This
suggests that the state switcher captures a particular pattern of behaviour that can
clearly be found in some but not in other individuals. Since a number of behavioural
measures had been shown to differ depending on trait anxiety, | compared anxiety
scores in subjects best fitted by the state switcher and in subjects best fitted by another

model. Somewhat surprisingly, there was a significant difference,

t(26) = —2.96, p < .01 which indicates that the learning in high trait anxious was best

fitted by the state switcher had significantly higher trait anxiety (see Figure 14 right).
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Figure 14: The left panel shows the mean AIC scores and number of participants
best fitted by each model. The right panel shows mean trait anxiety for participants

best fitted by the state switcher versus other models.
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fMRI Results

Data Quality and Sanity Checks

All images were checked for visual artifacts such as wraparound, ghosting and
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signal dropout. Statistical checks for fMRi data outliers and biases were performed
using the CanlLab quality control feature (https://github.com/canlab). Additionally,
motion parameters of preprocessed images were estimated and visualised to ensure

that motion artifacts were removed by the AROMA ICA tool.

Quality Control

The main four conditions (factorial design by outcome type and half) at the time
of outcome were analyzed. In particular the distributions and means of effect sizes of
the first level contrast images were compared to i) compare the differences between
conditions that might drive the findings rather than a region-specific cognitive process;
ii) to identify general condition-invariant tendencies in the data and outliers.

There was an overall tendency for negative effects as shown in Figure 14b.
Breakdown by individual condition found that this was driven by mean decrease in the
second half. While mean COPE values in the gray matter in the first half were $3$\
bar{x}_shock =-0.44, SEM = 0.27$$ and $$\bar{x}_noshock = -0.52, SEM = 0.38$$,
there was a significant drop in the second half, $$\bar{x} _shock = -1.25, SEM = 0.31$$
and $$\bar{x}_noshock = -1.14, SEM = 0.40%$$. Crucially, the difference in effect sizes
for shock and no-shock events were not different either in the first or second half. This
suggests that our main results of differential time-dependent treatment of shocks and
no-socks is not a whole-brain artifact.

Four contrasts were identified as outliers due to large negative effect sizes.
These corresponded to subjects 19 and 21 in First Half: Shock condition and to
subjects 6 and 8 in First Half:NoShock condition. The data points were retained as no

difference between the conditions was observed.

Figure 15a: The figure shows distribution of COPE effect sizes per condition
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Figure 15a: Distribution of COPE effect sizes across all four conditions (left) and

individual subjects (center and right).
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Neural Response to Noxious Stimulation

To further check the quality of the data, correct timing, and processing, | tested
whether the expected regions are sensitive to shock delivery. To formally define the
regions relevant for pain processing, | adopted the Neurologic Signature of Pain
(Wager et al. 2013) as a binary mask. There was a significantly higher response in the
NPS following shock compared to shock omission, (22) = 4.99, puncorr < .001 |
followed up by running a whole brain analysis on the same contrast. The hypothesised
areas for this contrast involved the insula, thalamus, PAG and the somatosensory
cortex. All hypothesised regions were found significant at p<.001, uncorrected. The
analyses found two large clusters (Nkl = 28724, Ny, = 3990y, First with peak voxel
activation at = = 36,y = —20, z = 22, 1(22) = 12.29,p < .05, FWE encompassing
the insula, somatosensory cortex, thalamus, PAG and lateral prefrontal cortex. The
second cluster with peak activation at x=-10, y=12, z=36,

t(22) = 6.57,p < .05, FWE included the medial cingulate cortex (MCC).
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Figure 16: Both panels show group level results for shock>noshock contrast [left
panel: peak voxel 1; right panel: peak voxel 2], thresholded at p<.001, uncorrected.

Conditioning Effect

In previous fMRI studies on classical conditioning the amygdala was found to
show differential activation in the CS+>CS- contrast (Phelps et al. 2004b; Indovina et
al. 2011). To identify regions involved in conditioning, | extended the contrast to
account for an increase in the (conditioned) differential response to the CS+ (harmful
cue) and CS- (safe cue) over time as recommended by (Morriss, Hoare, and van
Reekum 2018). Table 5 presents the full set of statistical results for a whole brain
analysis for the contrast (harmss — Safesist ) < (harMsecons — Saf€second), at the time of
cue onset, thresholded at » < -0005 and a cut at minimum al cluster extent of size 10

contiguous voxels.
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Table 5: Whole Brain results for Conditioning Sensitivity Map

Region T-score Z-score | Cluster Size P-value = x y z

Middle Frontal Gyrus (L) 5.66 4.4 181 0.00001 4(; 22 52
Superior Frontal Gyrus (L) 5.09 4.09 187 0.00002 12; 60 30
Fusiform Gyrus (R) 4.54 3.77 99 0.00008 @ 40 32; 16-
Medial Temporal Gyrus (R) 4.51 3.76 66 0.00009 60 0 32-
Brainstem 4.3 3.62 14 0.00014 -6 3(; 22-
Occipitotemporal Transitional Region (L) 4.29 3.62 27 0.00015 5(; 62- 14
Anterior Insula (R) 4.12 3.51 22 0.00022 34 14 14:
Precuneus (L) 4.1 3.5 16 0.00023 24; 5(; 0
Cuneus (R) 4.09 3.49 39 0.00024 8 8(; 36
Inferior Temporal Gyrus (L) 4.06 3.47 56 0.00026 42- 24; 2(;
Parahippocampal Gyrus (R) 4.03 3.45 17 0.00028 @ 30 32- 12-
Somatosensory Cortex (L) 3.99 3.43 22 0.00031 38; -4 66
Temporal Pole (R) 3.87 3.34 15 0.00041 @ 42 1€; 24:

| inspected the pattern of ROI activity in a priori defined regions. overlaping

with a priory hypothesis While the pattern of the dIPFC, PFC and hippocampus
showed an increased dissociation of harmful and safe cue over time, the insula

showed the opposite pattern: the difference was large initially and decreased in the

second half.
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Figure 17 Whole-brain analysis showing an increased dissociation between
safe and harmful cues over time (contrast harmy.s; — saf€sst < harMsecond —
Ssafesecons).. DLPFC (-40, 22, 52), PFC (-18, 60, 30), insula (34, 14, -14) and
hippocampus/parahippocampal gyrus (30 -32 -12), Regions were selected

from all results to illustrate the pattern of activity.
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Main fMRI Analysis

The main fMRI analysis follows up on the observed behavioural and modelling
results with three main questions:
1) Which regions track the change in no-shock learning over time ?
2) Which regions reflect the increasing difference between acquisition and
extinction in high trait anxious individuals?
3) Which regions are involved in state prediction error processing (as observed in
high trait anxious individuals), as opposed to Pearce-Hall prediction error

processing?

1) Time-Dependent Change

Our behavioural analysis of shock probability ratings had revealed a decrease
in the difference between acquisition and extinction from the first to the second half of
the experiment. To follow up on this observation, | explored which of our ROIs showed
a change in differential activation over time. These analyses revealed a significant
increase in phase dissociation in the right amygdala (¢(22) = —2.30,p = 0.032) |eft
hippocampus t(22) = —2.19,p = 0.040, and bilateral dACC (left:

1(22) = —2.23,p = 0.037 right; t(22) = —2.20, p = 0.038) at the time of cue onset.
No region appeared to map onto the behavioural finding in which value difference

decreased over the two halves.
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Figure 18: ROI results on changes in the difference between acquisition and
extinction over the course of the experiment.

My behavioural results showed that the decrease in difference between
acquisition and extinction was due to increasing overprediction of shock likelihood in
extinction trials which in turn was driven by a decrease in no-shock learning during
extinction trials in the second half. To follow up on this behavioural finding, |
investigated if any of the pre-defined ROIs showed a change in response to shock
omission in the second compared to the first half. Of the twelve investigated ROIs,
only the right dIPFC showed a significant increase in response to no-shock outcomes

t(22) = —3.01,p = 0.006

Follow-up analyses

First, | explored whether this pattern of change in the dIPFC was specific to the
reversal cue. To this end, | compared the activation pattern during extinction trials in
the reversal cue condition to activation changes in the harmful and safe cue conditions.
As shown in Fig. 19 (upper panel), the no-shock specific increase in dIPFC activity
over time was not found in either of the stable cues,

L (22)= 0oty TOI8GIH IF 2L(@ 2N =— L0169 | p =1 §I196
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Second, | investigated whether a similar change in dIPFC activity occurred when

shocks were delivered. As shown in Fig. 19 (lower panel), this was not the case,

indicating that the increase in dIPFC activity was indeed specific to shock omission in

extinction trials.

Figure 19 shows the significant increase in dIPFC activity to shock omission from the

first to the second half of the experiment. In contrast, neither of the stable cues

showed this change over time.
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For completion, | also ran whole-brain analyses testing for regions that either
increased or decreased their responding to no-shock in the second half. There was no
suprathreshold cluster for decreased activation. However, several regions increased
their activity in the second half (contrast first<second). Apart from the known cluster in
the right dIPFC, a significant increase was found in the middle frontal gyrus,
cerebellum and posterior cingulate cortex. The whole brain results thresholded at

p < 0.001 cluster size n > 10, are presented in Table 6.

Table 6 Whole brain results for

Region T-score  Z-score  Cluster Size P-value X y
Middle Frontal Gyrus (R)

- orbital part 4.24 3.58 20 0.00017 46 52
Middle Frontal Gyrus (R) - dorsal part

(part of the right dIPFC ROI) 3.85 3.33 15 0.00044 42 22
Cerebellum (L) 3.84 3.32 11 0.00045 -6 58
Middle Frontal Gyrus (R)

- medial part 3.77 3.28 11 0.00053 20 38

Model-based fMRI Analysis of the Key Regions

To investigate the nature of processing in the right dIPFC | considered the
following variables previously associated with behavioural aspects of the study: model-
free learning rate, Shannon surprise, aversive anticipation (subjective probability of
shock) and state prediction error based on the state-switching model. For each of the
four variables | estimated a separate model including the key variable as a parametric
variable of outcome. Here, | report mean betas in the region. None of the four tested
variables were found to be encoded by the right dIPFC, suggesting that the change of
activity in right dIPFC is not related to pain anticipation, surprise, learning rate or state

learning.

In order to explore the role of our 12 ROIs, | tested (i) whether their
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engagement was related to any of our model-based parameters or the subjective
shock probability and ii) whether they showed a change in processing over time.
Significant processing was assessed by comparing the distribution of betas for the
given parametric modulator against O (one-way t-test).

Activity in the right hippocampus scaled with the MFLR
t(22) = —3.55,p = 0.002 (z = 3.9« 10>, 0 = 5.3 % 1077, A more fine-grained
analysis showed that this was driven by significant MFLRs encoding in the second,
£(22) = —=3.1,p = 0.005 pyt not in the first half, t(22) = —0.77,p = 0.449 pyt the
difference between halves was not significant. Furthermore, there was a significant
overall MFLR encoding in the left vmPFC, £(22) = —2.11,p = —0.047 which was
stronger in the second compared to the first half in both, left,

t7‘ight,fi1’st>sccond(22) = 232ap - 0030, and rlght,

bicft, first>second(22) = 2.45,p = 0.023 ymPEC. None of the other three variables was

found to be encoded significantly in any of the ROIs.

2) High Anxiety in Extinction

In our behavioural analysis, high trait anxiety had been associated with
increased dissociation of acquisition and extinction, both overall (in behavioural and
GSR data) and increasingly over time (in behavioural data). To test which neural
structure reflects this difference between high and low trait anxious individuals, |
correlated a) the difference between acquisition and extinction with trait anxiety; and b)
anxiety with the increase in phase difference over time (i.e. acg-ext first half < acg-ext
second half). From all tested regions only the dorsal ACC showed a significant
correlation between trait anxiety and absolute phase difference in both, left,

7(22) = 0.475, p = 0.022 and right, (22) = 0.595, p = 0.003 ROI. Importantly,

activity in the same region reflected the anxiety-dependent increase in phase
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dissociability over time (left, (22) = 0.419,p = 0.047 right,

7(22) = 0.499, p = 0.015)
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Figure 20 trait anxiety positively correlates the absolute difference between acquisition

and extinction activity in the dorsal ACC (top two panels) and with the increase in

acquisition - extinction difference over time (bottom two panels)

Next, | extended the analysis to the whole brain. Results are presented in Table

7. To explore the pattern of interaction in relevant regions, | next plotted the peak voxel

activity (Figure 21).

Table 7: Whole brain results for regions responding more in the second than first half in

extinction trials

High > Low Anxiety second > first
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Region T-score Z-score  Cluster Size P-value X y z
Cerebellum 5.53 4.3 152 0.00001 34: 5(; 44:
Anterior Insula / White Matter (R) 4.68 3.83 21 0.00006 28 26 10
Brainstem 4.52 3.73 23 0.00009 -6 42- 4C-)
Thalamus 4.44 3.69 21 0.00011 12 24; 12
Inferior Temporal Gyrus (R) 4.43 3.68 17 0.00012 46 46; 1(;
Cerebellum 4.36 3.64 13 0.00014 4(; 62- 22;
Dorsal Anterior Cingulate Cortex (L) 3.99 3.4 28 0.00033 -6 10 34
Medial Cingulate Cortex (L) 3.96 3.38 20 0.00036 1('; -4 40
Anterior Insula (L) 3.92 3.35 13 0.00040 34: 12 12
Cerebellum 3.86 3.32 14 0.00045 16 42- 36;
High < Low Anxiety second > first
Middle Frontal Gyrus (R) 4.88 3.94 58 0.00004 50 22 46
Middle Frontal Gyrus (R) 4.37 3.65 33 0.00013 54 30 30
Angular Gyrus (R) 3.97 3.39 21 0.00035 42 6(; 52
5 X108 Left Anterior Insula [-34 12 12] L0 4ACC [6 10 34) = Thalamus [12 24 12]

5 X107 Cerebellum [-34 -50 -44] 2107 Right DLPFC [50 22 46 X10 Right DIPFC-2 (54 30 30
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gl i i) Figure 21 Patterns of peak voxel activations for the

contrast investigating the change in response to the

reversal cue in extinction trials as a function of anxiety

- —_— | group. Blue bars represent the low anxious sample

while red bars represent high anxious subjects. These
were performed to understand what is drives the whole

brain contrast.

Results in this section suggest that primarily the bilateral dorsal ACC is
associated with the increased dissociability between acquisition and extinction, and the
further increase in the phase difference over time. Furthermore, several other regions
showed a differential pattern for both phases which changed over time. While a set of
regions showed increased responding in the second half in those with higher trait
anxiety (left anterior insula, left dorsal anterior cingulate, thalamus and cerebellum),
another set of regions showed the opposite pattern: their responses were decreased
the in second half in the more trait anxious group (two clusters in right dIPFC and

angular gyrus).

3) State Learning

As revealed by our model comparison, state learning was the predominant
strategy used by the participants and particularly by those who scored high on trait
anxiety. To follow up on these results, | aimed to identify brain regions that are
involved in state learning.

To check whether any of the pre-defined ROIs encode state prediction error, as
opposed to gradual aversive prediction error as defined by the Pearce-Hall model, |

compared the betas for each of the two parametric modulators for each ROI. Based on
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a recent study by (Kuchibhotla et al. 2019) latent beliefs (or states) can only be decode
from non-reinforced trials, this analysis was restricted to trials in which no shock was
delivered.

The results of this analysis show that the left anterior insula ROI significantly

encoded the state prediction error, £(22) = —2.52,p = 0.020, 7o extend my analysis
from the pre-defined ROIs, | performed a whole brain analysis to identify regions
encoding the state prediction error on no-shock trials in the second half. The reason for
only including trials from the second half is twofold: Firstly, state learning occurs later in
the task when structure has been discovered and secondly, the main difference
between groups was found in the second, not in the first, half. The whole brain analysis
revealed that only the left anterior insula encoded a state prediction error at

DPuncorr. < 0.001 |eve|, t(22) - 4307p - 000015, cluster size n = 19,

x = =30,y =22,z = —6, This result indicates that the anterior insula is involved in

processing state error.

fMRI Bayesian Model Comparison

To directly test which brain regions are more involved in state learning than
Pearce-Hall learning and vice versa, | employed a Bayesian model comparison
technique developed by (Soch and Allefeld 2018), see full description in methods. The
approach uses a Bayesian fixed-effects model selection routine that results in
normalized Bayes factors. Since in my case two models are considered, a model with
probability > 0.5 is more likely in a given voxel. To eliminate conflict regions with high
uncertainty | report results when one model is at least 1.5 times more likely than the
other, that is with a normalized probability of 0.6 and more.

The analysis aims to follow up on two a priori hypotheses and two experimental
results from this study. Firstly, the OFC/vmPFC has previously been implicated in state
representation (add references). | therefore test whether SPE is more likely in this
region than PHPE. Secondly, a study by Glaescher et al (2010) identified SPE signal in
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the lateral PFC as well as the IPL/angular gyrus. | will investigate SPE processing in
those regions. Thirdly, | found that the dACC is associated with higher phase
dissociability in high anxious individuals. As it can be argued that an increased
dissociability might correspond to increased state awareness, | tested whether the
dACC encoded SPEs more than PHPEs. To summarize, the following regions were
investigated: OFC/vmpFC, lateral PFC, angular gyrus, dACC (bilateral) and left

anterior insula.

The analysis revealed clusters of high SPE probability in the vmPFC (posterior portion,
shown in orange), dACC (shown in green) and inferior parietal lobule (IPL). The SPE
cluster in the dACC largely overlapped with our dJACC mask (see Figure 23). | also
found a significant cluster in the left anterior insula (pink) mask but a closer inspection
found that this did not overlap with the cluster reported in our previous analysis. High
PHPE probability clusters were also found in the dACC/MCC (light blue) located
posterior to our dACC mask and SPE activation. Lastly there was a PHPE signal in the

vmPFC (anterior portion, shown purple).
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Figure 22: Probabilistic model likelihood maps thresholded at p>0.6. Red clusters
correspond to regions in which state model representation was more likely and blue
clusters correspond to regions where the Pearce-Hall prediction error was more likely

to be represented.
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Figure 23: Overlap between state prediction error cluster (red) from BMC analysis and

a priori bilateral dACC mask (yellow). View coordinates: x=4, y=29, z=20.

The Bayesian model comparison identified several clusters where SPE was at
least 1.5 times more likely than PHPE. Some of those regions, particularly the dACC
and vmPFC, directly corresponded to our a priori defined masks. SPE model was also
more likely in the IPL which has previously been reported to process state prediction

errors (Glascher et al. 2010) .

Discussion

In the present chapter | explored the difference between acquisition and
extinction in aversive learning using computational modelling and fMRI. The
behavioural results show that post-reversal updating of shock expectancy rating
started significantly sooner in acquisition than extinction trials and that while
participants converge to the objective shock probability in acquisition trials, they tend to
overpredict and never reach the true reinforcement rate of 25% in extinction.
Furthermore, | show that reduced extinction increases over time and is driven by a
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decrease in learning from shock omission. This finding is linked to the activity in the
dIPFC which increases in no-shock trials during the second half of the experiment.
Investigating the effect of trait anxiety on acquisition and extinction, | found lower
shock expectancy during extinction in the second half of the experiment in high trait
anxious individuals. The increased dissociability between acquisition and extinction
correlated with the recorded GSR signal as well as with activity in bilateral dACC.
Furthermore, high trait anxious population was best fitted by the state-switching model,
which suggests a multi-state representation of the environment.. As revealed by
Bayesian model section, brain activity specific to state prediction errors was found in
the same portion of the dACC that encoded increased dissociability between the two

phases in high anxious individuals.

Differences between acquisition and extinction learning

As reported previously (Li et al. 2016), participants were able to accurately
increase their shock expectancy when the objective shock probability increased
(acquisition) whereas they showed a consistent bias to overpredict shock occurrence
when the objective shock probability decreased. | next focused on investigating
whether this lack of extinction is a consequence of mere slower no-shock learning or
whether there is a contextual component, mirroring the two main competing theories of
extinction. Analysis of behavioural data revealed that updating towards new
contingency occurs later in extinction than in acquisition. This result supports the
theory of Bouton (2002) that there is an additional component to extinction learning. If
extinction was solely a result of decreased no-shock learning, the switch point would
occur at both phases at the same time according the the Rescorla-Wagner learning
rule. Instead, | found that shock learning was significant faster than no-shock learning.

Additionally, learning rates are modulated by the phase. During acquisition,
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participants learned faster from shock delivery than shock omission, whereas the
opposite was true during extinction trials. This suggests that participants were able to
learn that our reinforcement schedule created different contexts and that they
represent the recent history of outcomes as a particular context or state that is used to

guide their predictions.

Changes in extinction over time

To explore how acquisition and extinction change over time, data from the first
half of the experiment were compared to those from the second half.. This analysis
revealed that the lack of extinction is particularly prominent in the later stage of the
experiment while acquisition showed no time-dependent differences (Fig. 5). This
finding raises the question what drives this increasing lack of extinction. In the previous
paragraph | demonstrated that participants seems to be able to learn the
contingencies, however, this only seems to be true for the initial stages of the task.
Analysis of model-free learning rates revealed that shock learning remains unchanged
learning from shock omision decreases over time. This suggests that over time,
participants begin to disregard new evidence that suggests a lower likelihood of shock
and rather continue to expect outcome delivery. Similar findings have been reported
before, albeit for positive outcome. In a study by Park and colleagues in which
participants engaged in a gambling task, alcohol dependent individuals kept choosing
the option that used to be rewarded in the past but was no longer followed by the
positive outcome (Park et al. 2010). There are number of potential explanations for
this phenomenon. Firstly, participants may anticipate the worst outcome to be prepared
in case the noxious stimulus is delivered. This would support the theory put forward by
Arntz (1991) in which the author argues that aversion overprediction is a crucial
survival component. Anticipating a shock on every trial ensures that the organism is

always well prepared when the shock actually occurs. As discussed in the
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introduction, this behaviour may be seen as evolutionary optimal considering that it
prevents overall harm. To explore this hypothesis further, | used the Shannon surprise
to quantify positive and negative surprise. While positive surprise increased
significantly over time, negative surprise decreased (Fig. 7). To explicitly test whether
participants actively sought to decrease negative surprise, | included the Surprise-
Minimising model in the model comparison. Although four subjects (out of twenty eight)
were best fitted by this model, this strategy was not dominant across the group,
suggesting that minimisation of negative surprise is a byproduct rather than the main
motivation. Secondly, it could be argued that participants disengaged from the task in
the second half and report to expect shock delivery at a high probability but in fact not
anticipate it.

To dissociate between the two explanations, anticipatory GSR activity and fMRI
data were examined. Differences in GSR response to acquisition and extinction cues
only reached significance in the second half of the experiment, suggesting that people
were engaged in the task and learned to dissociate periods of danger from those of
safety. This observation is supported by evidence
from MRI data where several regions, particularly the bilateral JACC and the left
hippocampus, showed increased dissociability between acquisition and extinction in

the second compared to the first half.

But is there any evidence for an active suppression or at least discarding of
new evidence that should trigger updating of expectations to reflect the lower objective
probability of negative outcome in extinction trials? A shown in Fig. 19 we found an
increase in dIPFC activity over time in trials that should have triggered extinction,
namely, when shocks were omitted in most trials. Importantly, this increase in dIPFC
activity was not seen in trials where the shock was delivered or following presentation
of the stable cues. Furthermore, dIPFC activity did not scale with MFLR, anticipation,

surprise or state prediction error which suggests that rather than directly processing
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learning rates, the dIPFC is involved in a form adaptive control. In line with this
interpretation, the dIPFC has recently been linked to managing adaptive flexibility (Park
et al. 2010; Beylergil et al. 2017), down-regulation of fear (Ironside et al. 2018) and
strategic control (Venkatraman and Huettel 2012). It might therefore serve to optimise
the management of resources and, instead of tracking trial-by-trial changes, settle on a

general adaptive rule which results on overall overprediction of pain.

Anxiety and extinction

Based on a review of the trait anxiety literature | hypothesised that high trait
anxiety will lead to less extinction. Contrary to the hypothesis the behavioural data
showed that high trait anxious participants reported lower probabilities in extinction
(Fig. 8). This was apparent in the mean probability data as well from significant
negative correlation between anxiety and mean probability during extinction trials of the
second half. In contrast to the tendency of the overall sample which showed higher
mean probability ratings in the second compared to the first half, the high trait anxious
group did not significantly increase their ratings in extinction trials. This stands in
sharp contrast to the low anxiety group which reported nearly the same probability in
acquisition as in extinction in the second half. This group difference is perhaps best
illustrated by Figure 8 which shows the mean probabilities by half. This result directly
contradicts much of what we know about trait anxiety. High trait anxious individuals
were reported to have decreased ability to dissociate between acquisition and
extinction (Kindt and Soeter 2014), to be unable to inhibit conditioned response
(Haaker et al. 2015) and adapt learning rate to environmental volatility (Browning et al.
2015). In my sample, high trait anxious group was better in at least two of these
measures. | would argue that what has been called an inability to inhibit conditioned
response (Indovina et al. 2011) could as well be improved ability to differentiate

between contexts. Data presented in this chapter suggest that high trait anxiety is
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linked to better dissociation between acquisition and extinction at the behavioural,
physiological and neural level. As a consequence, the group is “better* at extinction.
One potential explanation for this is that highly anxious individuals preferentially
engage in state rather than gradual learning and when presented with sufficient
evidence for a change in contingency, they abruptly switch to another belief state. In
my task belief, ‘states’ would most likely correspond to acquisition and extinction as
there is a period of high shock probability and a period of low shock probability.

To explicitly test this idea, | designed a state switching model based on the Rescorla-
Wagner model and compared it to five other earning strategies including the Pearce-
Hall model which has been widely successful at describing adaptive behaviour. The
state switcher explained best the overall behaviour of the sample, suggesting that
participants do engage in state switching behaviour at least to some extent. To test
whether adopting a state switching strategy is related to trait anxiety, | investigated
which participants are best fitted by the model. Subjects best fitted by the state
switcher were significantly higher in trait anxiety than those best fitted by other
models. To further verify this notion, | next tested where in the brain trait anxiety
influenced aversive learning i and where, if anywhere, state prediction errors were
processed. As shown in Fig. 23, the bilateral dorsal ACC was involved in both
processes. The difference between acquisition and extinction in the region significantly
correlated with trait anxiety as did the increase in differential activation between
acquisition and extinction from the first to the second half. | next used Bayesian Model
selection for fMRI to test which regions were more likely involved in state learning
compared to PH learning. Again, the dorsal ACC (together with the vmPFC) was the
region most likely involved in state learning. Together, these results strongly support
the notion that high anxiety is associated with increased state learning reflected in the
dorsal ACC. A similar tendency for “improved” extinction in highly anxious individuals
was recently observed in two other studies (Wise et al. and Atlas et al. both under
review).
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Our findings are of direct relevance for clinical manifestations of anxiety. High
trait anxiety has previously been associated with an increased tendency for fear
reinstatement (Lissek et al. 2005). This is particularly undesirable in the clinical context
where extinction training is one of the main behavioural methods of exposure therapy.
An increased tendency to represent environment as multiple states means increased
context-dependent learning. As a consequence, anxious individuals will be more likely
to relapse following a seemingly successful therapy session. Paradoxically, what
initially may have seemed as better extinction, may therefore in fact be a disadvantage

in clinical treatment.

There are a number of limitations in this study and general comments that |
would like to address. Firstly, the location of my SPE signal in the IPL resembles a
previously published study reporting state prediction errors. (Glascher et al. 2010) used
a two-step decision making task to dissociate between model-based and model-free
instrumental learning. Their results found the model-free prediction error, which in my
case corresponds to gradual learning, in the ventral striatum, and the model-based
prediction error, which corresponds to state prediction error, in the IPL/IPS and lateral
PFC. While their task is fundamentally different due to the use of instrumental, as
opposed to Pavlovian learning, my state prediction errors in fact constitute a form of
Pavlovian model-based prediction error as recently defined by (Dayan and Berridge
2014). Interestingly, the model selection analysis also revealed a high probability SPE
cluster in the IPL. While this finding requires further investigation, it is an interesting
observation, especially since my study design differed considerably from the one
adopted by Glaescher and colleagues.

Secondly, | cannot rule out that my new model captured hypervigilance
behaviour instead of state switching. High anxious individuals might be more prone to
follow instruction and focus on the task more closely. It might be argued that if that was

the case and they were in fact not using a state switching strategy. However, since the

153


https://paperpile.com/c/hO94qz/IIYFi
https://paperpile.com/c/hO94qz/IIYFi
https://paperpile.com/c/hO94qz/JFJSv

state switching model was best in explaining participants’ learning, state learning

might indeed have been the dominant strategy, albeit due to hypervigilance.

Conclusion

In conclusion, | performed a model-based fMRI study to investigate the
computational and neural dynamics of aversive learning. | found acquisition learning to
be faster and to start sooner than extinction learning. Additionally, | found less
extinction over the course of time, leading to increasing pain overprediction which was
associated with decreased no-shock learning in the second half of the experiment.
The dIPFC was the only region reflecting these behavioural findings. dIPFC
engagement was increased in response to no-shock outcomes in the second half. As
this region was not involved in processing of learning rate, expectation, surprise or
state prediction error processing, | suggest that the dIPFC might instead play a role in
strategic control of behaviour. Contrary to our expectation, high trait anxiety was,
associated with decreased shock anticipation during extinction. This was, however,
driven by the tendency of high trait anxious individuals to represent the two phases as
distinct states which has been linked to an increased risk of relapse of clinical forms of
anxiety . The dorsal ACC was associated with increased dissociability between
acquisition and extinction as well as with higher probability of state prediction error

processing, providing neural evidence for a link between anxiety and state learning.
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Chapter 4:

The effect of environmental contingencies and
trait anxiety on aversive learning strategies
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Introduction

Accurate learning in a noisy environment provides an evolutionary benefit. At
the same time, minimising energy expenditure in the form of attentional and
computational resources is crucial for survival, preventing the cognitive system from
being overhauled. This tradeoff between computational efficiency and accuracy has
been explained by a number of theories such as dual-system learning theory, (Daw,
Niv, and Dayan 2005) or hierarchical reinforcement learning (Botvinick, Niv, and
Barto 2009).

In model-free reinforcement learning (RL), updating occurs on a trial-by-trial
basis with prediction error being weighted by a learning rate. Optimal outcome
prediction is inherently dependent on i) the noise in the environment; and ii) any
underlying environmental structure, such as how often does environment change and
between what levels of reinforcement. Let us consider the two most extreme cases of
noise. In a completely noise-free deterministic environments the optimal strategy
would be to to make a prediction that fully copy the most recent outcome. In the
Rescorla-Wagner model this would translate to having a learning rate of 1. In the
opposite case where outcomes are entirely random the best strategy would be to
maintain predictions at some stable level (e.g. always predict reward) which
translates to learning rate of 0. In most environments, however, there is some
underlying rate of reinforcement which will produce reward/punishment in a
probabilistic manner. To best predict the next outcome the optimal agent will
gradually update their expected value by weighing the new information. This weight is
commonly referred to as learning rate. This is the fundamental mechanism of
reinforcement learning: expectations are updated gradually, with the degree of
updating being contingent on the magnitude of the prediction error as well as

individual learning rate. If we now consider an environment in which there is an
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underlying structure, e.g. 20 reinforced and 20 non-reinforced trials keep alternating,
the reinforcement learning agent will take several new outcomes to adjust its
prediction accurately. As an alternative, it may learn that there is a higher order
structure in the environment that explains changes in outcome. In our example, the
agent would assume that there are two states - one in which the outcome is always
delivered and one in which the outcome is always withheld. In the state in which
outcome is delivered, outcome omission signals a switch to the state in which
outcome is omitted and vice versa. Investigating the difference between gradual and
structure learning is the topic of this chapter.

Gradual learning, as described above, ensures that when faced with a clear
expectancy violation, an agent does not change its belief drastically. Additionally,
learning can be accelerated when large prediction errors are generated (Botvinick,
Niv, and Barto 2009; John M. Pearce and Hall 1980). This makes RL a suitable
strategy when exploring a new environment. However, over longer periods of time
gradual updating may become ineffective and computationally wasteful, so state
learning becomes a more efficient strategy (Gershman, Blei, and Niv 2010). The
amount of trials since the last change need to be monitored and when a change
occurs predictions can change abruptly to minimise future prediction error. This

difference between a gradual and structure learner is presented in Figure 1.
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Figure 1: Different predictions made by a Rescorla-Wagner, Pearce-Hall and a state-
switching models.

A crucial component of structure learning is the correct detection of an
underlying pattern. In the example above, the agent has to decide whether each
surprising outcome is a rare event that can be discarded or whether it signals a
change in the underlying structure of the environment. This is particularly true in
probabilistic environments that we have to navigate on a daily basis. As an example,
(Behrens et al. 2007) showed that participants adjust their estimate of volatility based
on the true volatility of the environment, i.e they use their volatility estimate to adjust
learning rates. Interestingly, this search for an underlying structure can lead to
maladaptive learning. Browning et al. (2015) used the same task to show that high
trait anxious individuals fail to adjust their learning appropriately to environmental
volatility. A good structure learner will learn meaningful features that can be
generalised and used for accurate predictions. In contrast, a learner which infers
wrong patterns or who considers new data as overly informative will make inaccurate
predictions. Identification of a causal relationship between two or more environmental
variables leads to the creation of a internal generative model that is subsequently
used to make predictions. The internal model combines external information, such as

rewards or contexts, with internal information, such as the perceived current
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experimental phase. While the external causes are known, the internal ones have to
be inferred. This is a difficult problem as internal states or contexts can be task

relevant (i.e. experimental block) or task irrelevant (i.e. homeostasis, weather).

A large body of research has focused on understanding the different
mechanisms governing aversive learning and identified considerable differences
between aversive acquisition and extinction. While acquisition is characterised by
rapid initial learning, extinction is slow and often incomplete. As seen in Chapter 1,
extinction is believed to be a separable learning process. Additionally, as the cases
of reinstatement and renewal show, fear relapse is strongly context-dependent
(Bouton 2002).This posits a major problem in clinical treatment which relies on
prolonged effectiveness and generalization of extinction training. If acquisition and
extinction are seen as different contexts then experience in one might be seen as
separate from experience in the other, this making updating in extinction separate
from updating in acquisition. One way to think about context is to consider it an
internally represented state. For example, a particular context or a period of relatively
stable reinforcement rate can internally be considered as a state.

In a typical fear conditioning experiment, acquisition involves repeated pairing
of US with CS. This can follow a partial or a full reinforcement schedule. A participant
can therefore categorize the environment into at least two different states: a state of
high shock probability and a state of low shock probability. For now, let us assume
that these correspond to acquisition and extinction. Acquisition is characterised by a
high frequency of shocks while extinction is a phase with relatively low shock
frequency. It is assumed that for the two phases to be represented as two distinct
states, a certain level of distinctiveness must be in place. It is one of the goals of this
study to identify the necessary level of reinforcement rate between acquisition and
extinction that would lead to gradual learning, as opposed to state switching. It must

be noted here that while these may correspond to the acquisition and extinction
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phases, the internal belief state is not directly known. A participants’ acquisition may
differ from what a research paper might report as acquisition.

(Redish,et al. 2007) proposed a model that combines the reinforcement
learning approach with structure learning. An agent initially learns using RL until a
meaningful structure is discovered. If the reinforcement pattern changes abruptly,
large prediction errors are generated and as a consequence a new state is created
provided the new pattern is consistent and sufficiently different from those already
established (Gershman et al. 2013). However, if changes in environmental
probabilities are gradual, a updating of the of assumptions about the existing state is
more likely than creation of a new one . Understanding when participants represent
environment as one versus multiple states has important implications for exposure
therapy. If extinction is represented as a separate state the relapse back to the
‘acquisition’ state is more likely. If a gradual extinction occurred and the agent has
overiden the memory of a high shock probability state, they are less likely to relapse.
The method of gradual extinction is known as occasionally reinforced extinction in the
clinical literature and it is a well documented method that improves therapy success
rate (Craske et al. 2014b).

High trait anxious individuals are known to have a higher relapse risk than low
anxious individuals (Lissek et al. 2005). Trait anxiety has previously been linked to
deviations from normative aversive learning behaviour (Browning et al. 2015). In my
previous data set (Chapter 3) | found behaviour of high trait anxious participants to be
preferentially matched by a multi-state learning rather than single state (i.e. gradual)
learning model, indicating that high trait anxious individuals are more likely to assume
different states rather than update their existing representation of contingencies. As a
consequence, the original representation remains unaltered and can be reactivated at
any time. Such mechanism may account for higher rates of relapse in high anxious
individuals reported by clinical studies. A question that remains to be answered is

whether structure as opposed to gradual learning is preferred with increasing

160


https://paperpile.com/c/hO94qz/rbqy3
https://paperpile.com/c/hO94qz/eEcSV
https://paperpile.com/c/hO94qz/ngOWh
https://paperpile.com/c/hO94qz/cNzcU
https://paperpile.com/c/hO94qz/cNzcU

distinctiveness of states.

Here, we will use computational models that represent competing theories of
learning together with behavioural and physiological measures to test i) which
reinforcement rates encourage gradual learning versus state switching strategy; and
i) whether trait anxiety relates to preferential reliance on state-learning rather than
gradual learning. To encourage different learning strategies we employ a task where
shock contingency changes are either small, medium or large. Low reinforcement
rate differences between acquisition and extinction are thought to encourage more
gradual learning while large differences is likely to lead to a state-switching
behaviour. At medium reinforcement rates, the participant is under most pressure as
to which strategy to employ. It is here that we expect the biggest difference between
low and high anxious participants.

We hypothesise that an increase in the difference in contingencies between
acquisition and extinction will promote state-switching learning. As a second
hypothesis, we predict that high trait anxiety will lead to an increased likelihood of

state switching behaviour.

Methods

The majority of the methods employed in this study is described in Chapter 2.
Here, | only add information on methods that have not been introduced yet or

specifications that deviate from those given in the Methods chapter.

Task

The task comprised three sessions of the probabilistic aversive learning task

described in Chapter 2. In order to investigate the effect of shock contingency on
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aversive learning, each session used different probabilities of shock. The reversal cue

always switched between two probability levels and the stable cues shadowed those

without the switches. The three contingency levels were 60/40%, 75/25% and 90/10%

chance of shock. Figure 1 shows a schematic of the design. The amount of trials per

phase was normally distributed around the mean of 35 with a minimum and maximum

of 20 and 50 trials, respectively (+/- 15 trials). The three sessions were presented in a

randomized order that was counterbalanced prior to the experiment. Shock intensity

was re-calibrated before each session. Upon completion of the experiment,

participants completed a set of computerized questionnaires. In addition to the

psychometric questionnaires common to Study 1 and Study 2, visual appeal [-5 to 5],

cue liking [-5 5] and overall shock likelihoods [typed in] associated with each image

data were rated by the participant.

Figure 2: Schematic of the experimental design
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Participants

40 healthy participants completed all three sessions of the task (22 female,
mean age Z = 25.8,0 = 5.09), Five participants were excluded due to failure to
distinguish between the safe and the harmful cue. This was assessed by comparing
reported probabilities for the two cues using a repeated measures t-test and
averaging the p-value over the 75/25 and 90/10 conditions. Subjects with an average
p-value of lower than 0.05 were excluded. One subject misunderstood the scale and
switched their responding halfway through the experiment. One subject reported not
receiving any stimulation for the last 30 trials of session 3. Data of the remaining 33

participants were included in the final analysis.

Models

The main purpose of this study was to dissociate between gradual learning and
a state switching strategy. To capture gradual learning, | employed the most
commonly used version of the Pearce-Hall (Tzovara, Korn, and Bach 2018; Li et al.
2011). To capture state-switching behaviour, | previously used the state-switching
model based on reinforcement learning described in Chapter 2. The model, however,
has several drawbacks. In particular, it assumes 2 states and therefore cannot
dissociate between one and multi-state learning. It also does not propose a
mechanism of how new states are discovered. To address those limitations, |
developed a new state-switcher model which can account for new state creation as
well as state switching. This is an important feature because the new model can
explain gradual (one-state) as well as state-switching (multi-state) behaviours but it

can not account for Pearce-Hall-like learning.
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Beta State Switcher

This model is based on the leaky beta model recently used by Wise et al. (in
submission). The original version of this model implicitly assumes one state. Here, |
extend the model to account for multi-state representation of the environment.

The beta distribution is suitable for probabilistic learning as it is regularized for values
between 0 and 1. At the same time, its parametrization can have a naturalistic
interpretation for binary outcomes. It is parametrized by two parameters « and £ such
thatwhen @ = 8 =1 the probability density is a uniform distribution between 0 and
1, i.e. all states are equally likely. Generally, in any scenario where & = B the

distribution will be symmetrical. If we now increase the value of « by 4, the beta

probability density becomes large near P(P(shock> - 1). In our case, this would
correspond to the participant receiving 4 shocks in a row. Figure 3 presents the
evolution of beta PDF as a function of increasing number of shocks (corresponding to

the o parameter) and shock omissions (corresponding to the g parameter).
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Figure 3: Behaviour of the beta distribution as its input parameters change
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The value predicted by the agent on each trial is the mean of the beta
distribution given the parameters of the current state (using Eq 1). The sum of o and
Bis inversely proportional to the standard deviation of the distribution (Eqg. 2). The
more outcomes the agent has experienced, the more certain it is about the probability
of an outcome on the next trial. In a changing and noisy environment, this model with
no free parameters converges to the mean. To make the model adjustable to recent
experience, forgetting has to be introduced. On each trial, both « and p decay by the
amount set by the free parameter A € [0, 1] on each trial, this model adds 1 to either
o if the outcome was shock or to /3 if the outcome was shock omission. To account for
differential learning from shock and no-shock outcomes, an additional constant is
added for each outcome type. | define this constant as T € [—1, 1]for shock and

7~ € [=1, 1}for no-shock. These can be loosely interpreted as attentional weights
and they provide the model with the ability to dissociate between shock and no-shock
updating. Positive values of T corresponds to extra weight on the given outcome

while negative values correspond to downweighting of that outcome. On each trial,

the values of o and  are updated as follows:

Eq. I if Or=0: B =ABe+1+7); w1 = Aay;

Eq. IV if Op=1: B =AB; arpn = Moy +1+77);

where O; stands for the outcome, coded 1 for shock and 0 for no-shock and ¢
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represents the trial number. A represents the degree of memory leak common to both
parameters.

The version of the model described up to here has been shown to describe gradual
learning well (Wise et al. in submission). Here, | extend the model to include multi-
state learning. In line with the Pearce-Hall quantification of associability, | assume

that the agent tracks the current level of surprise / defined as:

Eq V]t = It—l + quTp(Ot - F)t) — Asurpjt—l

where “surp corresponds to surprise learning rate and Asurp 10 surprise decay. Note
that the sign of I matters here, large negative values of I correspond to sudden
omission of shock and large positive values correspond to large positive surprise.
The learning process starts by assuming one state. On each trial, following the
outcome, the current level of surprise is compared to the current state uncertainty (Eq
VI). If the surprise level exceeds a certain threshold, state is either switched or a new
state is created. Creation of too many states is discouraged by making each
subsequent state harder to create. A state s is defined by its mean and uncertainty
that are calculated using the state-specific @ and Bs and Equations 1 and 2. The

decision on each trial is:

Eq VI if: Iy > 015 % = maz(S): switch or create

else: stay in the current state

where maz(S) represents the number of states already created. The parameter 7/
controls the subjective threshold for state switch / new state creation. A more state-
switchy individual will have a low level of 7] while a one-state learning will have a

higher value of 7/.
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If the level of surprise exceeded the expected deviation in surprise, an expected

value estimate is calculated by adding surprise to the old state value Prew = D0 + 1
and testing whether any other existing state has that value within its expected range
using the same decision rule as described above. If exactly one state matches, the
agent switches to it. If two states match, the likelihood of each candidate state is
calculated, and the state with the highest likelihood is switched to. If no state matches

a new state is created as follows:

Eq V” Psne'w = Psold + [t

2 2
Eq VIl O_Snew - O—B(it(L(l,l)

The value of the new state is the previous value plus the surprise. The uncertainty of

the new state is the variance of Beta(1, 1) distribution.
Fitting the model to a typical ‘gradual learner’ and ‘state-switcher’ suggests that the

model performs well at capturing both strategies (see Figure 4).

Figure 4: Example of the beta state switcher fit to gradual and state-switching

participant. Each shaded area represents one state.
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Results

Investigation of potentially confounding factors

To check whether our data were influenced by the i) within-session starting
probability (either high or low) or ii) the order in which sessions were presented we
performed a series of mixed ANOVAs with mean probability as the dependent
variable. Additionally, since most analyses assume independence between cues, the

co-dependence of cues on each other was examined.

Starting Probability

A mixed ANOVA for each session was run. The following independent variables
were included: i) cue type (safe, harmful, reversal) and session (60/40, 75/25 and
90/10) as within-subject; and ii) starting probability of the reversal cue (high/low) and
trait anxiety as between-subject. None of the analyses found a main effect or
interaction of starting probability.

In the reversal cue condition, an additional set of mixed ANOVAs was run to
check for any effect of starting probability. Phase (acquisition/extinction) was added
as a within-subject variable. As above, no main effect or interaction of starting

probability was found.

Order Effects

For each session, a mixed ANOVA was run with cue as a within-subject
variable, and ordinal block number (e.g. session 60/40 occurred 1st/ 2nd / 3rd) and
trait anxiety as a between-subject factors. None of the tests showed a significant
main effect or interaction of order.

In the reversal cue, phase as added to the analysis. No main effect or

interaction between order and phase was found.
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Learning Leakage

The three cues presented on each session occur in a pseudo-random order.
There is a possibility that outcomes for one cue influence the probability adjustments
for the other cues. To check whether the three cues tend to influence each |
considered two learning models, one assuming cue independence and other

modelling cue co-dependence.

Independent vs Co-dependent Updating

To check for any mutual influence of the three cues on each other, a model
based on the Rescorla-Wagner learning rule was built which uses a weighted
combination of the current value of the three cues as the expectation term, as defined

by the equation:

PAt+1 = P4+ Oz(Ot — (WAPA + wpPp + wCPC))

where P4, Ps and Ic represent the current values of the three cues and w4, Wg and
wc represent the weights. If only information related to cue A is used for updating the
resulting value of wa will be 1 while the two others will be 0. We compared this model
to a version of Rescorla-Wagner in which the three cues are updated independently.
The AIC scores for each block are presented in Figure 5. AIC scores for the
independent updater were lower in all three blocks, suggesting co-dependent

updating as less likely to occur than independent updating.
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Figure 5: Mean AIC scores for cue independent model and cue-mixing model.

Behavioural Results

Post-Task Questionnaires

The following data were collected at the end of the experiment using
computerised questionnaires. Three questions were asked for each cue: what was
the averaged reinforcement rate, how much did the participant like the cue
considering the outcomes and how did it visually appeal to them. The three variables
were tested using a repeated measures ANOVA with session and cue as factors.

Results are presented in Table 1.
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Table 1: Post-task reported mean probabilities

SS d.f. MS F p
Intercept 926,328.658 1 926,328.658 1,450.335 0.000
Error 23,631.898 37 638.700
Session 473.175 2 236.588 1.144 0.324
Error(Session) 15,308.602 74 206.873
Cue 109,786.544 2 54,893.272 88.502 0.000
Error(Cue) 45,898.567 74 620.251
Session*Cue 2,545.333 4 636.333 1.239 0.297
Error(Session*Cue) 75,988.222 148 513.434
In post-task reported mean probabilities there was a main effect of cue (see
Table 1). Post-hoc t-tests found the differences between all three cues to be
significant, ratings were significantly higher for the harmful (z = 70.0, 0 = 15.0) than
safe , (T = 27.32,0 = 12.2) t(37)p>s = 11.90,p < .001 and harmful than reversal
cue, (T = 57.77,0 = 16.3), t(37)n=, = 4.15,p < .001 and significantly higher for
the reversal versus the safe cue t(37)>s = 8.88,p < .001,
Table 2: Post-task visual appeal ratings
Ss d.f. MS F p
Intercept 0.046 1 0.046 0.003 0.960
Error 679.288 38 17.876
Session 4.108 2 2.054 0.434 0.650
Error(Session) 359.892 76 4,735
Cue 46.228 2 23.114 3.750 0.028
Error(Cue) 468.439 76 6.164
Session*Cue 6.746 4 1.687 0.371 0.829
Error(Session*Cue) 691.254 152 4,548

In post-task reported visual appeal there was a main effect of cue (see Table 2). The
cue means and standard deviations were: harmful, = —0.45, 0 = 1.90, safe,

T =0.44,0 = 1.57 reversal T = —0.017,0 = 2.01, The main effect was driven by a

significant difference between harmful and safe cue, t(38) = =3.11,p = 0.004 Ng

other difference was significant.
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Table 3: Post-task cue liking ratings

SS d.f. MS F p
Intercept 137.892 1 137.892 7.138 0.011
Error 734.108 38 19.319
Session 25.510 2 12.755 3.018 0.055
Error(Session) 321.157 76 4.226
Cue 432.484 2 216.242 22.905 0.000
Error(Cue) 717.516 76 9.441
Session*Cue 9.858 4 2.464 0.491 0.743
Error(Session*Cue) 763.476 152 5.023

In post-task reported cue liking there was a main effect of cue (see Table 3). Post-hoc

t-tests found the differences between all three cues to be significant, ratings were

significantly higher for the harmful (z = —1.86, 0 = 2.18) than safe, (

T =0,83,0=1781(38)r>s = —6.49, p = 0.000, and harmful than reversal cue, (

T =—0.84,0 = 2.19) t(38)n>r = —3.17,p = 0.003, and significantly higher for the

reversal versus the safe cue t(37),>s = —3.66, p = 0.000,
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Figure 6: Post-task ratings of mean probability, cue visual appeal and cue liking.

The post-task questionnaire revealed that participants were able to dissociate

between the cues and correctly follow the reinforcement levels which projected into

how much they liked the cues. Visual appeal data suggest that the conditioning also

influenced how visually appealing were different fractals found as there was a

significant difference between the safe and the harmful cue.

Mean Probability

Reported trial-by-trial subjective probabilities were averaged per cue and

session. A mixed ANOVA including cue and session as within subject factors and

median-split trait anxiety as a between-subject variable was performed. Results are
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summarized in Table 1, graphical depiction of the data is shown in Figure 6. The
results show a significant main effect of cue,

F(2,60) = 187.15,p = 0.000, The cue means and standard deviations were:

harmful, () = 0.73,0 = 0.12 gafe (7) = 0.26,0 = 0.07 reversal

Zflf) = 0.57,0 = 0.12 post-hoc t-tests revealed a significant difference between all
combination of cues, harmful cue was significantly higher than safe cue

t(32)h>s = 19.19, p = 0.000, harmful cue was significantly higher than safe cue
t(32)p>r = 6.63,p = 0.000, and reversal cue was significantly higher than the safe

cuet(32),>s = 13.00, p = 0.000, Fyrthermore, there was a significant cue*session
interaction. In the harmful cue the session means were: 60/40 © = 0.61,0 = 0.17;

75/25: T = 0.73,0 = 0.14; 90/10: = = 0.86,0 = 0.13 the reported probabilities were
higher in session 75/25 than 60/40, t(32) = —3.75,p = 0.0001 higher in session
90/10 than 75/25, t(32) = —5.73,p = 0.000, and higher in session 90/10 than in
60/40, t(32) = —8.73,p = 0.000_ | the reversal cue, the means were: 60/40

T =0.55,0 = 0.13: 75/25: £ = 0.98,0 = 0.15; 90/10: T = 0.59,0 = 0.15, 90/10

session was significantly higher than 60/40 session, £(32) = —1.6, p = 0.048 yhjch,
however didn't survive correction. No other difference in the reversal cue existed. In
the safe cue, the means were: 60/40 = = 0.38, 0 = 0.16; 75/25: = 0.26,0 = (.11,
90/10: * = 0.14,0 = 0.07  the reported probabilities were lower in session 75/25 than

60/40, t(32) = 3.78,p = 0.001 |ower in session 90/10 than 75/25,

t(32) = 5.97,p = 0.000, and lower in session 90/10 than in 60/40,

£(32) = 8.34,p = 0.000
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Table 4: Mean probability by cue, session and anxiety

SS d.f. MS F p
(Intercept) 78.882 1 78.882 1,836.289 0.000
Anxiety 0.015 1 0.015 0.349 0.559
Error (Anxiety) 1.289 30 0.043
Cue 11.319 2 5.659 187.148 0.000
Cue*Anxiety 0.091 0.046 1.512 0.229
Error (Cue) 1.814 60 0.030
Session 0.003 0.001 0.140 0.870
Session*Anxiety 0.007 0.003 0.311 0.734
Error (Session) 0.639 60 0.011
Cue*Session 2.160 4 0.540 40.663 0.000
Cue*Session*Anxiety 0.079 4 0.020 1.482 0.212
Error (Cue*Session) 1.594 120 0.013
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Figure 7: Top to plots show mean probability by cue (left) and reversal cue split by

phase (acquisition/extinction; right). Lower two plots show the same data median-split

by trait anxiety.
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Motivated by the analysis in Chapter 3, | split the reversal cue into its respective

phases (acquisition and extinction). A mixed ANOVA with phase, session and anxiety

as factors found a significant main effect of phase, (1, 30) = 50.61, p = 0.001 yjth

higher ratings for acquisition (z = 0.70, = 0.13) than extinction ( = 0.45,= 0.19) and

a significant interaction between phase and session, (2, 60) = 9.73, p = 0.001

Means for this interaction are presented in Table 5. Post hoc test found that this
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interaction was driven by increase in acquisition between 60/40 to 75/25,
t(32) = —3.46,p = 0.002 and higher probability in acquisition in 90/10 than 75/25,

t(32) = —2.42,p = 0.021 and higher probability in acquisition in 90/10 than 60/40,

t(32) = —5.2,p = 0.000, where the second comparison did not survive correction.
There was no significant difference between any of the comparisons in extinction.
The interaction between binary anxiety and phase neared significance (p=0.073). The
full set of results for this analysis is presented in Table 6. To limit the effect of first few
post-reversal trials, the same analysis was repeated with the first three post-reversal
trials removed. The statistical results remained the same. These results suggest that
while the ratings get higher with true reinforcement rate in acquisition, no extinction
there is not difference between the sessions.

Table 5: Means and standard deviations for session by phase interaction

60/40 75/25 90/10
Acquisition 7 =0020 =014 | 2=0706 =014 | = =0770 =0.14
Extinction T =0470c =0.19 T =0470c = 0.20 T =0.420 = 0.25

Table 6: Reversal cue mean probability by phase, session and anxiety

SS d.f. MS F p
(Intercept) 64.316 1 64.316 747.393 0.000
Anxiety 0.107 1 0.107 1.243 0.274
Error (Anxiety) 2.582 30 0.086
Phase 1.575 1 1.575 50.606 0.000
Phase*Anxiety 0.107 1 0.107 3.443 0.073
Error (Phase) 0.933 30 0.031
Session 0.108 2 0.054 2.475 0.093
Session*Anxiety 0.031 2 0.016 0.717 0.492
Error (Session) 1.313 60 0.022
Phase*Sesson 0.135 2 0.067 9.731 0.000
Phase*Session*Anxiety 0.008 2 0.004 0.552 0.579
Error (Phase*Sesson) 0.415 60 0.007

As binarizing trait anxiety leads to a loss of information, | next performed a
series of correlation analyses investigating the relationship between anxiety and the

difference in probability between acquisition and extinction. Collapsing data over all
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sessions, the difference between acquisition and extinction was significantly
correlated with trait anxiety, 7(32) = 0.44, p = .012 gpjitting the data by individual
sessions, the correlation remained significant in the 75/25 and 90/10 conditions,
T(7525) = 0.37,p = 035 7(90/10) = 0.41,p = 019 411 per-session results were
marginally significant with FDR corrected values at

Peo/a0 = 0.061, prs 25 = 0.0525, pog/19 = 0.0525 Together, these data indicate that
with higher trait anxiety the difference between acquisition and extinction gets bigger.

The scatter plots are presented in Figure 8.

178



Figure 8: Correlations between phase difference and trait anxiety. The upper plot
shows the acquisition-extinction difference collapsed across the three session, the

lower panel shows the relationship with trait anxiety per session.
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Switch point and steepness

The cumulative sum analysis was used to estimate the steepest point of
learning after reversal. The analysis focused on two measures: switch point,
measured in relation to the true reversal in trials, and switch steepness, measured as
the o (steepness) parameter of the fitted sigmoid (see Chapter 2 for details).

For the switch point, a mixed ANOVA with phase and session as within-subject

factors and anxiety as a between subject factor revealed a main effect of session,

F(2,58) = 3.27,p = .045, However, none of the post-hoc t-tests reached

significance. Figure 9 presents the summary of switch point data.

Figure 9: Post-reversal switch point (indexed as number of trial post reversal) by

phase (left) and phase and anxiety (right)
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Switch steepness data were analyzed using the same test as switch point. The
main effects of session, £'(2,60) = 8.39, p = .000, and anxiety,
F(1,30) = 5.62,p = .024 35 well as the interaction between session and anxiety,

F(2,60) = 4.39,p < .017 yeached significance. Post hoc tests found a significantly
higher switch steepness in the 90/10 session compared to 60/40,
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t(32) = 2.74,p < .01 and to 75/25, 1(32) = 2.85,p < .01, No difference was found
between 75/25 and 60/40.Following up on the main effect of anxiety, low anxious
group (T = 0.25,0 = 0.18) had significantly lower switch steepness than high
anxious group ( = 0.65,0 = 0.66), Post—hoc tests of the session*anxiety

interaction found significantly higher switch steepness in the high anxious

group in the 90/10 condition, £(30) = 2.40,p < .05 pyt this did not survive

Bonferroni correction (p=0.023). Results of this analysis are summarized in Figure 10.

Figure 10: Post-reversal switch steepness by phase (left) and phase and anxiety

(right)
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To further explore the relationship between anxiety and switch steepness using
the full anxiety scale a correlation between steepness and anxiety overall and per-
block was run. Switch steepness significantly correlated with trait anxiety across the
three sessions, " = -447,p < .01, Splitting the data by individual session, this
correlation was only significant in the 90/10 block, 7 = -49, p < .01 which remained
significant even after correction for multiple comparisons (Bonferroni, Perit = 0.0167),

Results for this analysis are presented in Figure 11.
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Figure 11: Correlation between trait anxiety and switch steepness overall (top) and
by session (bottom three).
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Modelling results

Three models were included in the model comparison: the outcome-sensitive
Rescorla-Wagner model (a standard RW model with separate learning rate for shock
and no-shock), the commonly used Pearce-Hall model (Li et al. 2011; Tzovara et al.
2018; Dunsmoor et al. 2019) and the novel beta state switcher introduced in this
chapter. The model comparison was performed using cross validation as well as the
standard AIC approach. To explore the former, the models were fitted to 70 - 80% of
the data and used to predict the remaining data. The metric used for model
comparison is the mean error between predicted and actual data. 30 fitting attempts
were used for all models. In the 60/40 and the 90/10 session, the beta state switcher
predicted data most accurately whereas in the 75/25 session the Pearce-Hall was
most accurate closely followed by the beta state switcher. The results are
summarised in Figure 12. For comparison, | include standard AIC scores but main
conclusions are drawn from the cross-validation (CV) approach. The AIC and CV
results differ: the mean AIC in 60/40 session was lowest for the beta state switcher

but most participants were fitted best by the Pearce-Hall (as in the predictive metric).
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Figure 12: Model comparison by session. Upper row shows the predictive power of
models (lower is better), lower row shows mean AIC score (lower is better). The
number above each bar tells the amount of participant best fitted by that model in that

session.
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The model comparison results show that the state-switching strategy is most common

in two of the three sessions (60/40 and 90/10). | next analyzed whether there is a

relationship between anxiety and learning strategy by calculating mean anxiety per

model. While mean anxiety for participants best fitted by the state switcher was

higher than for the participants best fitted by PH, the difference was not significant in

any of the three comparisons.
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Beta State Switcher Parameter Analysis

Since the beta state switcher achieved the lowest overall prediction error and
AIC it is considered the overall winning model and its parameters were analysed. It is
a new model, so several checks were performed to ensure that the model captures
the characteristics it was designed to assess. Next, | also analysed the internal as
well as free parameters of the model, such as the number of state switches estimated
by the model. Participants switched states most frequently in in the 90/10 condition
and, as expected, in the reversal cue condition (Figure 13). An ANOVA that included
cue and session as within subject factors found a main effect of session,
F(2,64) = 3.71, p < .05, Mean number of switches per session were: in 60/40
T=0.870=0097 in 75257 = 1.44,0 = 2.39 in 90/10 T = 2.07,0 = 2.35_The

main effect was driven by significantly more switches in the 90/10 compared to the

60/40 condition, 1(32) = —2.71,p = 0.011_Fyrthermore, the overall number of

states estimated by the model correlated with the switch steepness,

r(32) = .47,p = 0.0061, This confirms that the model captures at least

some degree of state—switching behaviour.
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Figure 13: Mean number of switches predicted by the beta state-switcher model per
session and cue.

Harm Safe Reversal
5 T T T 5 T T T 5 T T
4.5} g 4.5} . 4.5 F
4t 1 4t

[
tn
w
tn

(9]
L

Number of Switches
T .

1.5

0 0
60/40  75/25  90/10 60/40  75/25  90/10 60/40  75/25

The parameter estimates of the beta state switcher, namely shock weight, no
shock weight, leak, switch threshold, surprise learning rate and surprise decay
(Figure 14) were analyzed using ANOVA with cue and session as within subject
factors (Table 7). Subsequently, parameters per cue and session were correlated

with trait anxiety (Table 8). Trait anxiety was found to correlate with cue-specific

informative outcomes, that is positively, r(32) = 44,p < 05, with shock weight in

o

the harmful cue and negatively, (32) = —.43,p < .05, with the no-shock weight in the
safe cue in the 90/10 condition. The 77 parameter estimates how high is the threshold

for a state switch. In the 90/10 condition, the 71 parameter was found to negatively

o

correlate with trait anxiety, (32) = —40,p < .05 indicating that participants had a

lower threshold for state switching the higher they scored on the trait anxiety scale.
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Table 7: Statistical analysis of parameter estimates
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Shock weight Tsh

SS d.f. MS F p
Intercept 11.380 1 11.380 17.780 0.000
Error 20.483 32 0.640
Session 0.908 2 0.454 1.243 0.295
Error(Session) 23.374 64 0.365
Cue 2.445 2 1.223 2.381 0.101
Error(Cue) 32.869 64 0.514
Session*Cue 2.818 4 0.704 2.494 0.046
Error(Session*Cue) 36.159 128 0.282
Noshock weight Tnosh
SS d.f. MS F p
Intercept 5.936 1 5.936 7.513 0.010
Error 25.282 32 0.790
Session 0.302 2 0.151 0.520 0.597
Error(Session) 18.605 64 0.291
Cue 0.967 2 0.484 1.082 0.345
Error(Cue) 28.622 64 0.447
Session*Cue 0.326 4 0.081 0.244 0.913
Error(Session*Cue) 42.701 128 0.334
Leak A
SS d.f. MS F p
Intercept 244.334 1 244.334 4,022.167 0.000
Error 1.944 32 0.061
Session 0.525 2 0.263 7.444 0.001
Error(Session) 2.257 64 0.035
Cue 0.031 2 0.016 0.673 0.514
Error(Cue) 1.480 64 0.023
Session*Cue 0.117 4 0.029 1.166 0.329
Error(Session*Cue) 3.207 128 0.025
Switch threshold 7/
SS d.f. MS F p
Intercept 8,766.158 1 8,766.158 862.296 0.000
Error 325.314 32 10.166
Session 14.775 2 7.388 0.793 0.457
Error(Session) 596.072 64 9.314
Cue 33.426 2 16.713 1.893 0.159
Error(Cue) 565.021 64 8.828
Session*Cue 27.141 4 6.785 0.741 0.566
Error(Session*Cue) 1,171.891 128 9.155

Surprise learning rate Xsurp
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SS d.f. MS F p
Intercept 32.834 1 32.834 358.488 0.000
Error 2.931 32 0.092
Session 0.678 2 0.339 4.652 0.013
Error(Session) 4.665 64 0.073
Cue 0.048 2 0.024 0.207 0.814
Error(Cue) 7.457 64 0.117
Session*Cue 0.173 4 0.043 0.456 0.768
Error(Session*Cue) 12.158 128 0.095

Surprise decay >‘8u7’p

SS d.f. MS F p
Intercept 78.178 1 78.178 607.699 0.000
Error 4.117 32 0.129
Session 0.634 2 0.317 3.296 0.043
Error(Session) 6.151 64 0.096
Cue 0.084 2 0.042 0.483 0.619
Error(Cue) 5.554 64 0.087
Session*Cue 0.571 4 0.143 1.081 0.369
Error(Session*Cue) 16.910 128 0.132

In the shock weight parameter, there was a significant interaction between cue

and session (see Table 3). Post hoc one-way ANOVAs were run for each cue and

session. There was a main effect of cue in session 90, (2, 96) = 6.13,p = 0.003

which was driven by significantly higher shock weight parameter in the reversal cue (

r=0470= 060) than in the safe cue (”7 =0.11,0 = 068),

t(32) = —2.69,p = 0.011 and than the harmful cue (Z = —0.06,0 = 0.60),

t(32) = —3.82,p = 0.001

In the leak parameter, there was a main effect of session. The means were:

60/40, T = 0.95,0 = 0.03 75/25, & = 0.92,0 = 0.13, 90/10, T = 0.85,0 = 0.16,

There was a significant difference between the harmful and the reversal cue,
t(32) = 3.74,p = 0.001 and between safe and reversal cue,

t(32) = 2.07, p = 0.047 put only the earlier survived correction.

In the surprise learning rate parameter, there was a main effect of session.
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The means were: 60/40, T = 0.38,0 = 0.18, 75/25 = = 0.36,0 = 0.16, 90/10,

T
reversal cue, £(32) = 2.86,p = 0.007 and between safe and reversal cue,

t(32) = 2.43,p = 0.021 pyt only the earlier survived correction.
In the surprise decay parameter, there was a main effect of session. The

means were: 60/40, * = 0.56,0 = 0.15, 75/25 x© = 0.53,0 = 0.21 90/10,

0.27,0 = 0.15, There was a significant difference between the harmful and the

z = 0.45,0 = 0.21, There was a significant difference between the harmful and the

reversal cue, t(32) = 2.66,p = 0.012 no other comparison was significant.

Table 8: Correlations between parameter estimates and trait anxiety

60/40 75/25 90/10 60/40 75125 90/10
Shock weight Tsh Noshock weight Tnosh
Harmful Cue 0.058 0.134 0.444 -0.099 -0.047 -0.285
Safe Cue -0.096 -0.340 -0.434 -0.078 0.100 0.172
Reversal Cue -0.116 0.177 0.048 -0.015 0.114 -0.005
Leak A Switch threshold 7/
Harmful Cue -0.004 0.222 -0.343 0.011 0.130 -0.033
Safe Cue 0.165 -0.442 -0.067 -0.048 -0.137 -0.112
Reversal Cue -0.285 -0.235 0.056 0.097 0.308 -0.402
Surprise learning rate Qsurp Surprise decay )\SW’p
Harmful Cue -0.106 -0.098 -0.222 0.042 0.005 0.002
Safe Cue -0.276 0.012 0.303 -0.045 -0.250 0.195
Reversal Cue 0.157 0.164 -0.246 -0.248 0.062 -0.230

Figure 14: Mean parameter estimates of the beta state switcher model by session

and cue

190



Harm Safe

Reversal

e
2

Shock weight (74,)
o

0.5 0.5 0.5
60 75 90 60 75 90 60 75 90
¢§05 0.5 10.5
=
=
2 0 m gm g_a++_
[}
£
4
(&}
(@]
=05 0.5 0.5
2 60 75 90 60 75 90 60 75 90

= 0.9

Leak (

Suprise learning rate
(Ofswp)

=
=

-
)

Surprise decay
( Ade(:)
=
NS

3

Switch threshold (n)

o
o

=
S
~
ot
©
S

-3
N}

o (=2}
(=]

W~

|

~

w
w

0.6 0.6

60 75 90

60 75 90

Galvanic Skin response

GLM

Results

)

60 75 90

The data were analyzed using the GLM approach described in Chapter 2. Initial

checks revealed residual influence of the previous outcome on the GSR amplitude in
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the current trial: the SCR’s generated in response to the shock stimuli lasted up to 6

seconds. Additionally, since the SCR latency following a shock is variable this can

introduce a confounding effect in estimation of betas. Therefore, to ensure that the

data do not include responses to the previous shock, only trials where no shock had

been delivered in the previous trial were included.

Table 9: GSR data, ANOVA

SS d.f. MS F p
Intercept 896.575 1 896.575 19.780 0.000
Error 1,359.832 30 45.328
Session 129.377 2 64.689 3.671 0.031
Error (Session) 1,057.178 60 17.620
PrevOutcome 1,573.898 1 1,573.898 9.430 0.005
Error (PrevOutcome) 5,007.155 30 166.905
Session*PrevOutcome 166.071 2 83.035 2.275 0.112
Error
(Session*PrevOutcome) 2,190.165 60 36.503
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Figure 15: Effect of previous outcome on estimated betas
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Comparing SCRs between sessions and cues, an ANOVA found a significant

main effect of cue, F(2,60) = 22.23, p < .001 which was driven by differences

between safe and harmful, £(30) = —5.22, p < .001 gnd between safe and reversal

cues, t(30) = —5.40,p < .001 (Figure 14, upper panel). The response to harmful

was similar a s response to the reversal cue. Taking only the reversal cue, | next

tested the difference between acquisition and extinction. Neither the main effect of

phase or session nor the interaction between phase and session reached significant

(Figure 14, lower panel).
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Figure 16: Mean betas for cue by session (upper) and for reversal cue by phase

(lower panel).
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DCM results

Similarly to Chapter 3, | also estimated single trial anticipatory responses (GSR
amplitude) using a DCM model. Furthermore, | tested whether GSR differences
between acquisition and extinction scaled with trait anxiety. While there was a
significant correlation in the 90/10 condition, this did not survive FDR correction (

Peorr = 0065)

Figure 17: Per-session correlations between trait anxiety and acquisition-extinction
difference
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Discussion

In the present study | investigated how environmental statistics influences
aversive acquisition and extinction and learning in relation to trait anxiety. | found that
while higher contingencies were reported with increasing reinforcement level in
acquisition, in extinction there was no difference even between the most extreme

cases (10% vs 40% of shocks). Next, | tested whether higher difference between
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acquisition and extinction promotes state-switching strategy. Switches in the 90/10
condition were significantly steeper than in 75/25 and 60/40. There was no difference
between 75/25 and 60/40 in switch steepness, suggesting that there is a step change
in strategy between 75/25 and 90/10 which | attribute to state switching. While the
90/10 condition was best fitted by the state switching model, the 75/25 seemed to
favour gradual learning (best fitted by Pearce-Hall). Investigating the role of anxiety,
the increased switch steepness was driven by the high trait anxious individuals,
suggesting increased tendency for state switching. Furthermore, a critical parameter
in the beta state switching model controlling the threshold for creating new states
significantly negatively correlated with trait anxiety, providing further proof that high

anxiety is associated with state, rather than gradual, learning.

The goals of this project were to understand 1) how different shock
contingencies influence learning and learning strategy and 2) whether high trait
anxious individuals tend to represent the environment as multiple states and switch
between them.

Both, post-task reported probability and averaged trial-by trial shock probability
ratings show that the subjects followed the experimental manipulation. This was also
reflected in cue liking: the safe cue was liked the most while the harmful cue was
liked the least. This was not due to visual appeal of the randomly allocated cue. In the
reversal cue, we found a slight overprediction bias in the reversal cue on all three
visits. Splitting the reversal cue data by acquisition and extinction, participants could
distinguish between the phases. There was a degree of over-prediction in extinction
and under-prediction in acquisition caused by data averaging that included even trials
immediately post-reversal. This effect remained when the first three post-reversal
trials were excluded suggesting a general tendency not to report extreme values,
since this under/over-prediction is strongest in the 90/10 condition. Overall, the data

suggest that participants were able to learn the manipulated contingencies.
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Effect of shock contingencies on learning

To address the first question, | first compared the mean probabilities between
sessions. For acquisition the mean probability ratings increased with underlying
shocks rate. In contrast the mean probability was the same on all three visits in the
extinction phase, indicating that the resistance to extinction does not depend on the
actual reinforcement rate. It needs to be noted that shock probability ratings differed
considerably during extinction which could not be explained by starting probability,
order of blocks or cue co-dependence. Adding trait anxiety into the analysis, there
was a near-significant difference between high and low trait anxious individuals. A
parametric analysis found a significantly positive correlation between the level of trait
anxiety and the difference in shock probability ratings between acquisition and
extinction, suggesting that lack of extinction is at least partially driven by anxiety. This
effect was significant in the 90/10 and 75/25 conditions, although neither survived the
strict Bonferroni correction (see discussion below). Secondly, while post-reversal
switch point did not differ between sessions, the switch steepness in the 90/10
condition was higher than in the two other conditions. Interestingly, the steepness did
not differ between the 60/40 and 75/25 conditions. This might be a signature of
different learning strategies employed, suggesting that i) the state-switching learning
occurs at high contingency levels; and ii) that the critical difference between low and
high reinforcement levels at which new states start to be created lies between 0.5 and
0.8. Totest the assumption that switch steepness relates to the use of state
switching strategy we correlated the number of states that the beta state switcher
estimated with switch steepness. The significant correlation provides a degree of
evidence in support of our assumption.

Lastly, to directly assess whether state switching is more likely to occur at high

contingency difference levels | analysed the model comparison data and the fitted
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parameters. The beta state-switcher had a better model fit (mean prediction error) in
the 90/10 than in the 75/25 condition, suggesting that as the contingency difference
between acquisition and extinction increases, participants were more likely to create
multiple states. This is further supported by the observation of a linear increase in the
number of state switches with an increase in phase contingency difference.
As revealed by the model comparison, more subjects were fitted by the beta state
switcher in the 60/40 than the 75/25 condition. While this seems to counter our
hypothesis it is important to note that the one-state version of the beta state switcher
captures Rescorla-Wagner-like learning pretty well. It doesn’t, however, have a
mechanism to accelerate learning like PH which is why the main conflict between
state-switching and PH learning strategies occurs in the 75/25 and 90/10 conditions.
The behavioural and modelling data support our hypothesis that increasing the
difference between reinforcement levels of acquisition and extinction leads to

increased reliance on multi-state representation of the environment.

Relationship between anxiety and learning strategies

The second goal of this study was to investigate whether high trait anxious
participants tend to represent the environment as multiple, rather than one, states.
The behavioural and modelling data converge to support this hypothesis. In our
behavioural results, higher trait anxious participants showed better discrimination
between acquisition and extinction and higher post-reversal switch steepness. In the
modelling results, trait anxiety correlated negatively with the threshold for a new state
creation in the 90/10 condition.

High anxiety has previously been associated with lack of extinction and higher

renewal/reinstatement rates (Mineka and Zinbarg 2006). Here, | show that one of the
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potential causes for an increased tendency to relapse is a multi-state representation
of the environment, i.e. high trait anxiety is associated with more context-dependent
learning. Previous clinical reports (Craske et al. 2014b) highlight the need for
extinction generalization as a requirement for successful treatment of anxiety
disorders. In exposure therapy, extinction training is performed in a clinical setting.
High anxious individuals are known to associate extinction with the specific context
(i.e. therapist’s office) but fail to transfer it to everyday life, particularly to contexts
where conditioning took place. Here we show that apart from context being driven by
external stimuli (i.e. color of the room), it is also possible to create an internal context
based on pattern in observations. Occasionally reinforced extinction is a method
previously used to enhance permanence of exposure therapy. Under such treatment,
for example in exposure therapy for phobia, the feared object is occasionally paired
with the unconditioned stimulus during extinction. From the information processing
perspective, such reinforcement schedule leads to medium prediction errors that
mostly lie within the expected range for a given state. This is in contrast to a scenario
with no occasional reinforcement where the learning rate weighted prediction errors
become too large, which leads to the creation of a new state (i.e. internal context).
Our results show that high trait anxious individuals have a lower threshold for the
creation of a new state in highly variable environments (90/10 condition). In other
words, less surprising outcomes will lead to the creation of a new internal context in
more trait anxious individuals. This is the first time anxiety has been associated with
increased tendency to represent environment as multiple states.

In our behavioural analysis, high anxiety was associated with increased dissociability
between acquisition and extinction in the behavioural ratings, similarly to Chapter 3,
but no discrimination in the GSR analysis. While the subjective ratings result
contradicts a number of previous studies (Staples-Bradley, Treanor, and Craske
2018; Andreatta and Pauli 2017) the GSR result is in line with previous studies that

found no difference in SCR response between acquisition and extinction (Torrents-
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Rodas et al. 2013). Recent work by Atlas et al. (in submission) using an instructed
learning task showed that high trait anxious participants performed sudden post-
reversal jumps when instructed, resulting in an increased difference between mean
acquisition and extinction ratings. This resembles my finding that high trait anxious
individuals tend to create and switch between multiple states. In an fMRI study using
instructions, instructed learning was associated with neural processing in the OFC
and the striatum while gradual learning was associated with activation of the
amygdala. This neural dissociation would support the difference in ratings and GSR
results. The amygdala has previously been associated with the GSR signal (Li et al.
2011) while the striatum and the OFC are believed to support higher-order learning

as well as state representation (Schuck et al 2015).

Limitations

The present study suffers from a number of limitations. Foremostly, while we
show that switch steepness is associated with the number of states created by the
beta state switcher model, it is not possible to definitely reject alternative hypotheses
given the unobservable nature of the hidden subjective states. For example, both, the
model and the switch steepness measure, could pick up on similar patterns in the
learning data that do in fact not reflect state switching. To mitigate this, several steps
were undertaken: the data fits (both model and sigmoid fits) were visually inspected,
and cross validation (rather than fit) was used for model comparison which practically
eliminates the danger of overfitting.

Our task was designed to maximise the amount of trials within a reasonable
time frame. For that reason, the task was not optimised for GSR analysis. Signals

from the previous trial affected the signal on the current trial. To mitigate this issue,
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we used the GLM approach in which all events are explicitly modelled and convolved
with the canonical SCR function. While this method helps to decouple overlying signal
it assumes latency invariance of the SCRs. Future work should employ methods
accounting for latency variability of aversive SCRs. While the dynamic causal
modelling (DCM) approach solves this issue it is not yet implemented for overlapping
signals. Future tasks should consider longer inter-stimuli and inter-trial intervals to
prevent inter-trial signal overlap.

In Chapter 3 | reported that the mean anxiety of participants best fitted by the
state-switching model is significantly higher than those fitted by the Pearce-Hall
model. While we did not directly replicate those individual differences in the model fit,
it must be noted that here a different model was used to capture state-switching
behaviour. Most importantly, the beta state switcher has internal mechanisms that
make it suitable to capture Rescorla-Wagner style learning as well as state switching.
That in turn means that state-switching and some gradual learning participants will be
well fitted by the model.

While our beta state switcher model fits and predicts that data with high
accuracy it is a descriptive account of the data and has no direct biological
interpretation. An alternative version of this model can be formulated in which the
basic learning mechanism does not rely on the leaky beta model but rather on a

biologically supported learner such as the Rescorla-Wagner model.

Conclusions

In summary, we investigated the influence of environmental contingencies on
probabilistic aversive learning and differential learning strategies. Our data support
the notion that environments with higher difference between acquisition and extinction

contingencies encourage multi-state representation of the environment. Furthermore,
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we tested whether trait anxiety increases the rate of state learning. Both our
behavioural and modelling results support the hypothesis that high trait anxious
individuals have a higher tendency to represent the environment as multiple states.

This has potentially important implications for exposure therapy.
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Chapter 5

Angiotensin |l antagonist losartan decreases
learning rate but does not alter perception or
updating in aversive learning
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Introduction

Anxiety disorders are very common and disabling conditions and although
exposure-based cognitive-behavioural therapy (CBT) is widely deemed effective, its
effects are often only moderate and difficult to maintain (Craske et al. 2014). There has
recently been a growing interest in amplifying the effects of CBT through a
combination of therapy and pharmacological interventions designed to improve
neuroplasticity, the key cellular mechanism underlying learning (de Kleine, Rothbaum,
and van Minnen 2013; Fitzgerald, Seemann, and Maren 2014). The drug investigated
most commonly is cycloserine, which targets glutamatergic transmission. Clinical trials
have shown that the drug significantly increases the number of treatment responders
when administered before CBT (Ressler et al. 2004; Otto et al. 2010). However, a
growing number of studies looking at the effects of cycloserine on CBT outcome have
reported no or even detrimental effects on patients’ well-being (Andersson et al. 2015;
Mataix-Cols et al. 2014). Such effects occur because the drug drives the extinction of
fear, which is thought to reduce anxiety, but also increases fear learning, which is a
cause of anxiety. As a consequence, patients’ anxiety symptoms can worsen if
cycloserine is given before an unsuccessful session of CBT (Smits et al. 2013). These
findings call for alternative drugs that can selectively enhance fear extinction and/or
reduce excessive acquisition.

The angiotensin receptor antagonists (ARA) losartan has recently been
highlighted as a potential enhancer of exposure therapy in anxiety disorders (Shekhar
2014). ARAs are routinely used to treat hypertension and cardiovascular diseases.
Angiotensin receptors are found in the central nervous system (Allen, Zhuo, and
Mendelsohn 1999), particularly in the hypothalamic-pituitary-adrenal axis (HPA; Krause
et al., 2011), the central nucleus of the amygdala (Shekhar 2014) and the locus
coeruleus (Gong et al. 2015). ARAs have been linked to a number of cognitive
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processes, including stress, anxiety (Armando et al. 2007; Krause et al. 2011;
Saavedra, Sanchez-Lemus, and Benicky 2011), memory and learning (Mechaeil et al.

2011); Marvar et al., 2014; (Gard 2004; Kutakowska et al. 1996).

In clinical studies, ARAs have been reported to improve symptoms of
depression and anxiety in type 2 diabetes patients (Pavlatou et al. 2008). In a large
cross-sectional study in army veterans long-term intake of losartan was significantly
associated with decreased symptoms of post-traumatic stress disorder (Marvar et al.
2014; Khoury et al. 2012). Animals studies revealed that losartan can enhance the
consolidation of extinction memories, while leaving fear acquisition, baseline anxiety
and blood pressure unaffected (Marvar et al., 2014). A similar role of losartan in fear
extinction was more recently reported by (Lazaroni et al. 2016), who demonstrated the
importance of the Angiotensin (1-7)/Mas axis in fear memory extinction. Braszko
(2002) reported an effect of losartan and angiotensin Il on fear acquisition. The authors
administered Angiotensin Il which lead to increase in fear acquisition, and
subsequently compared the effect of angiotensin type 1 (AG:) and 2 (AG,) receptor
blockade on fear acquisition measured by conditioned response. Administration of
losartan (AG; blocker) lead to reduced fear acquisition. While this finding suggests
involvement of losartan in acquisition it must be noted that in animals that were not
treated with free Angiotensin-Il there as no difference between losartan and saline on
fear acquisition, and those were both slower than the AG-treated group.

In contrast to these documented effects of losartan on learning and memory in
animals, only little is known about the role of losartan in human aversive learning. The
only available study so far found a reduction in the aversive but not in the appetitive
learning rate (Pulcu et al. 2018). The authors administered a single dose (50mg) of
losartan to participant performing a decision-making task incorporating wins and
losses. Separate learning rates were then estimated for the two types of outcomes,

identifying decrease in learning from losses to be specific to the losartan group.

205


https://paperpile.com/c/hO94qz/5fPQY
https://paperpile.com/c/hO94qz/oWKEn
https://paperpile.com/c/hO94qz/qQ2Hr+0d6wc
https://paperpile.com/c/hO94qz/qQ2Hr+0d6wc
https://paperpile.com/c/hO94qz/E0f2W
https://paperpile.com/c/hO94qz/9KRVx+dQZvN
https://paperpile.com/c/hO94qz/KedwE
https://paperpile.com/c/hO94qz/KedwE
https://paperpile.com/c/hO94qz/fTnV0+4APGv+AodEL
https://paperpile.com/c/hO94qz/fTnV0+4APGv+AodEL

In controlled experimental settings, aversive learning is commonly studied
using a fear conditioning paradigm that involves an acquisition phase during which a
cue is paired with an unconditioned stimulus, US (e.g., a painful electrical stimulus; i.e.
acquisition) and an extinction phase during which the cue is no longer followed by the
US (Craske et al., 2018). Extinction learning refers to the rate at which the agent
decreases their expectation of aversive outcome. This can either be measured by
autonomic responses, such as galvanic skin response (GSR), or a self-reported
measure of US expectancy.

Here, | investigated the effect of losartan on aversive probabilistic learning in
humans using shock expectancy ratings and pupil dilation as two measures of
learning. | also employed Bayesian modelling together with pupil analysis to investigate
which part of the learning process (learning rate, perception or updating) is impacted
by the drug. Recent work in computational psychiatry has highlighted the use of
mathematical learning models in understanding the brain mechanisms underlying
learning in health and disease (Browning et al. 2015; Schlagenhauf et al. 2014;
Lawson, Mathys, and Rees 2017). Reinforcement learning and Bayesian learning
models allow us to infer hidden cognitive variables and components of learning that
would otherwise be inaccessible. Most commonly estimated hidden parameter is the
learning rate. However, the learning process has at least two other major components
that can contribute to the observed behaviour: perception and updating (see O'Reilly
et al. 2013; Mathys et al. 2014; Jepma et al. 2018). In the given context, perception is
how intensely the participant perceived the outcome, i.e. some outcomes might be
perceived more intensely in some subjects. Updating is a quantity by which a
participants tends to over- or under- update systematically across all trials. If only the
learning rate is modelled, a particular group or visit difference may seem to impact the
learning rate while in fact it impacts the perception or updating. This is particularly
important in drug studies as there is an increased chance that they will influence

perception in particular. In the present study | will use a Bayesian model that
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incorporates and estimates all three components at the same time, thus suggesting
which factor is most likely impacted by the group.

For a similar reason | will employ pupillometry on visit 2 where the drug is likely
to have the biggest effect. Using a regression analysis, | will examine differential
encoding of shock expectancy, outcome processing and prediction error. This, together
with the Bayesian model, will inform our analysis relinating learning, perception and
updating. Pupil dilation is a suitable measure as it has been shown to reflect
uncertainty and prediction error processing in learning and decision making paradigms
(Colizoli et al. 2018; Lavin, Martin, and Jubal 2014; Koenig, Uengoer, and Lachnit
2018). Additionally, pupil size has been linked to the activity of the locus coeruleus (LC;
(Joshi et al. 2016), a nucleus in the brainstem containing, among others, Angiotensin ||
receptors. While studies employing pupil dilation often focus on the role of
norepinephrine in the LC (Aston-Jones and Cohen 2005), in the present study we
considered the effect of losartan on pupil dilation due to the presence of angiotensin
receptors in the LC as a mechanism of how the drug might impact learning.

The goal of the present study is to develop a procedural and neural
understanding of the effect of losartan on aversive learning and aid the assessment of
losartan as a potentially CBT-enhancing drug. To this end, | compared the effect of
losartan and placebo on fear acquisition and extinction using a probabilistic learning
paradigm in conjunction with computational modelling and pupil dilation analysis. |
hypothesise that the administration of losartan will affect learning via decrease in

learning rate in acquisition, preventing the reinstatement of fear.
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Methods and Materials

Participants

Forty-five healthy volunteers (age 18-39) were recruited through local
advertisements. Due to a lack of studies exploring the effect of losartan on learning
outcomes, we estimated our sample size based on the only available study into the
effects of losartan on cognitive function in healthy volunteers (Michaeil et al., 2011).
Calculations suggested 20 participants per group to achieve effect sizes of d=0.9 and a
statistical power of 80% (a-level 0.05). We aimed for an overall sample size of 45 to
allow for the exclusion of participants who failed to meet the basic learning criteria
described below. Participants were included in the study if they had no history of a
DSM-IV Axis | disorder as assessed using the Structured Clinical Interview for DSM-IV
(First et al. 2015). Participants also had to have been free from CNS-active medication
for at least six weeks, have a body mass index between 18 and 30 kg/m?, and have no
first-degree family member with a history of a severe psychiatric disorder. The study
was approved by the Oxford University Research Ethics Committee (R29583/RE001),
and all participants gave written informed consent. Five participants had to be excluded
from the study at the point of data analysis, two due to technical failure of the
equipment, and three (all placebo group) because they failed to show learning of the
difference between low and high probability cues (assessed by a repeated measures t-
test), leaving 21 participants in the losartan group (7 female; £ = 26.09, 0 = 5.32,
range 19 — 39) and 19 in the placebo group (10 female; T = 25.00, 0 = 4.23 range
19 — 35). The exclusion assessment was made independently by two of the

investigators, who were both blind to the participants’ group assignment.
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Materials and Study Design

The study involved three visits to the Department of Psychiatry at the University
of Oxford. Visit 1 (Screening visit) included medical and psychiatric screening followed
by an introduction and completion of a short version of the fear learning task
(described below). Visit 2 (Main testing visit) included completing a battery of
psychological questionnaires, drug administration, one hour of waiting time and a long
version of the fear learning task. In addition to behavioural data, pupil dilation data
were collected. Visit 3 (Follow-up visit) took place one day after the main testing visit.
Participants completed a questionnaire to assess the occurrence of side effects and a
shorter version of the fear learning task.

In a double-blind design, participants were randomly allocated to one of two
groups: one group that received a 50mg single oral dose of losartan (Cozaar, Merck
Sharp & Dohme Ltd.) or a second group that received a placebo that was matched to
the active drug in appearance (microcrystalline cellulose; Rayotabs, Rayonex GmbH).
Dosing of losartan was guided by the intention to reduce fear without triggering
hypotensive effects which had been achieved in a previous study using 50mg losartan.
Testing started one hour after capsule intake, when drug peak plasma levels are
reached (Lo et al. 1995, Ohtawa et al. 1993). Mood and physiological symptoms were
assessed by the participants on a visual analogue scale (VAS) before administration
of medication and prior to testing before their heart rate and blood pressure were
measured using an Omron 705IT sphygmomanometer. At the end of the testing
session both participant and experimenter were asked to indicate whether they thought

the participant had received losartan or placebo.

Fear Learning Task

To investigate acquisition and extinction learning, the same probabilistic
aversive learning paradigm as described in Chapter 2 was employed. Each of the three
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sessions consisted of 150 (visits 1 and 3) or 300 (visit 2) trials. The length of one
phase was always the same, what differed between the short and the long version was

the amount of phases which were 5-6 and 10-11, respectively.

Outcome measures

Unless specified otherwise, reported data refer to the reversal cue.

Shock probability ratings

A shock expectancy rating was collected on each trial. To investigate the
influence of losartan on acquisition and extinction, group and visit specific mean
probability ratings were calculated separately for trials in which the objective shock
probability was low (extinction phase) and trials in which the shock probability was high
(acquisition phase). Probabilities across trials of interest were averaged to form a
mean shock probability. For example, the mean shock probability during acquisition
represents the averaged expectancy ratings over all trials in which the true shock
probability for the reversal cue was low, i.e. extinction phase.

To analyze post-reversal learning patterns, probabilities reported on each trial
after a reversal occurred were averaged across a specific phase (acquisition /

extinction) and group.

Model-free Learning Rates

Learning rates are commonly estimated as a single learning rate across all
trials of the task or condition. However, as we intend to characterise trial-by-trial
learning, we used the Rescorla-Wagner (eq. I) learning rule to calculate the trial-

specific learning rate a (eq. Il).
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Eq.| P =P+ (O — F)

N _ P —F
Eq. =~ O, — P,

where 0 < o, <1

We performed a model-based/model-free learning rates comparison to ensure
the validity of the latter (full analysis in Appendix | of Chapter 2). Model-free learning
rates across all cues and visits correlated moderately with model-based learning rates

(r=.51). This correlation was stronger in the reversal cue (r=.65).

Pupillometry

Pupillometry (diameter area) was recorded was during visit 2. The recording
was performed using the tower-mount EyeLink Il eye-tracking hardware and the
appropriate recording software (SR Research Ltd., Ottawa, Canada). Binocular pupil
diameter and x and y gaze coordinates were recorded at a 500 Hz sampling frequency.
Prior to the start of the session the eye-tracker was calibrated using a nine-point
calibration. The lighting conditions were kept constant for every participant and the
experiment took place in a room with a sealed window.

Data were processed using custom MATLAB scripts following the appropriate
guidelines (Kret & Sjak-Shie, 2018) and similar studies (Nassar et al., 2012; Browning
et al., 2015; Pulcu and Browning, 2017). The EDF data were converted to ASCII

format. Segments of blinks and missing data were identified by calculating the first-

order derivative (df) and excluding data points with df > 1.6, pata segments that
deviated by more than one standard deviation from the mean of the entire session
were excluded from the data set. Where data gaps were shorter than 2s, Piecewise
Cubic Hermite Interpolating Polynomial (PCHIP) was used to interpolate the missing
data. Trials with more than 50% interpolated data points were excluded. The resulting

data were subsequently filtered using a bandpass filter between 0.1 and 4 Hz. Lastly,
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each trial was baseline corrected using 0.5 prior to event, and z-transformed.

Statistical Analysis

For all analyses, the full statistical results are presented in tables and only

significant or directly relevant insignificant results are mentioned in the text.

Questionnaire, Physiological and Sociodemographic Data
Sociodemographic and questionnaire data were summarized by mean and

2
standard deviation and tested between groups using either a t-test or a X test. The

effect of losartan on physiological and VAS measures between baseline and peak level
was assessed using a mixed ANOVA with time (baseline/peak) as a within-subject and

group as between-subject factor.

Starting Probability

Each session started randomly with either high or low probability of shock (i.e.
either with 75% or 25% chance of shock). While the starting reinforcement rate of the
reversal cue was randomized it is important to check whether it exerts any effect on
learning. For example, participant with 75% of shocks in their first 30 trials might
develop a different initial association with the reversal cue, considering it another
harmful cue. This, in turn, might bias their learning towards the category of “high
chance of shock”. To check whether the starting probability (SP) on each visit plays a
role it was added into analyses where it was possible as a between-subject variable.
Since a given participant didn’t always start with the same SP this between subject

factor was different for each visit.
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Probability Ratings Data

Behavioural Data Statistical analyses were carried out using Matlab
(MathWorks), R and JASP using two-tailed tests at v = (.05. Potential drug-induced
changes in shock probability ratings and model-free learning rates were assessed
using the appropriate parametric tests (ANOVA, t-test). The basic mixed ANOVA
model for all analyses consisted of the within-subject factor VISIT with three levels
(visit 1, visit 2, visit 3) and the between-subject factor GROUP (placebo group and
losartan group). Where appropriate, the factors PHASE (within-subject factor with the
levels acquisition and extinction) and OUTCOME, (within-subject factor with the factors
shock and no shock) were included. In order to explore the influence of trait anxiety on
extinction learning, the sample was split into those scoring high on the STAI-T
guestionnaire and those scoring low (median split; between-subject factor with the
levels low and high anxiety). In all analyses the starting true shock probability of the
reversal cue for a given visit was included as a covariate. This between-subject
variable had two levels (75%, 25%).

To investigate how pain expectation changes after reversal, data for each
reversal were extracted and averaged per visit, phase, group and starting probability
irrespective of the series of outcomes that occurred. Data were analyzed in the same
way as the mean probabilities but additional variable TRIAL was introduced into the
model. Post-reversal trials were averaged into groups of 3 (i.e. 1-3, 4-6, 7-9, 10-12).
Importantly, only participants that were actively learning were included in this analysis.
Only phases were the mean probability on five trials preceding reversal was below
50% for acquisition or above 50% for extinction were included. A participant was
included only if at least one acquisition and/or one extinction met this criterion,
otherwise the participant was excluded from that given visit. This meant that a given
participant could be included on visit 1 but not in visit 2. This pruning resulted in a
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subset of ‘active’ learners (n=30 on visit 1, n=33 on visit 2 and n=29 on visit 3).

Model Parameters

Parameters estimated by the HBM model included the learning rate, perceptual
distortion and updating distortion. All parameters were estimated as part of the same
model. Statistical analysis was performed on per-parameter basis. Importantly,
Bayesian estimation provided information about uncertainty of each parameter
estimate in each subject. To maximize on the information contained in the group
analysis this lower-level uncertainty was incorporated into group-level statistics in the
following manner: Instead of calculating the standard deviation using the usual formula
it was calculated by pooling the variance of individual parameter estimates (i.e. single

parameter Bayesian posteriors) using eq. IV

[ —1)st+(ng—1)s3+ ...+ (e — 1)s3
Spooled =

Eq. Il ny+ng+..np—k

where 1 is number of samples drawn from the posterior distribution; % is the
number of individuals and s is the sample standard deviation.

Parameter estimates were analyzed by group (losartan/placebo; between) and
visit (1-3; within) by performing either a within or between (as appropriate) subject t-
test for all combinations of visit and group (15 comparisons in the HBM model, 66 in
the HBM_sp). The resulting p-values were adjusted using Bonferroni correction.
Multiple t-tests were used to again preserve the lower level uncertainty estimate which

would be lost in a standard ANOVA.

Pupil Data

To analyze changes in pupil dilation we employed the same approach as
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described by (Pulcu and Browning 2017a). Data for each event (cue onset/outcome)
were analysed separately. Event-locked pupil size grand means were calculated
across the group. To increase statistical power the post-event data were combined into
0.5 bins. For cue onset and outcome, a 1.5 s window was analysed. For the response
event the window was set to 1 sec to avoid the inclusion of outcome-related signal.
Binned data were analysed using a mixed ANOVA that included TIME as a repeated
measure variable and GROUP as a between subject variable. For the outcome phase,
event type (i.e., shock or no shock) was added as another within-subject factor.

Additionally, a general linear model approach was used to investigate the effect
of expectation (indexed as shock probability rating on a time point in pupil dilation),
outcome and prediction error on pupil dilation. Data from a sliding window of 50 ms
was used as dependent variable in a linear regression analysis incorporating current
expectation, outcome and unsigned prediction error as predictor variables (eq. Ill). The
resulting beta values were subsequently averaged across participants and analysed by
split into 0.5s bins. Two seconds post each event were included, resulting in a

repeated measures variable of four bins.

Eq. IV X ~ Bo+ Bi* P+ B2 % O; + B3 % |[PE]

Computational Modelling

Parameters of Bayesian models were estimated by sampling the posterior
probability of the model using the Markov Chain Monte Carlo method, as implemented
in the JAGS (Just Another Gibbs Sampler) toolbox. In total, 80 000 samples were
obtained and thinned down by a factor of 4, resulting in 20 000 posterior samples per

model.
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Hierarchical Bayesian Models (HBM)

To explicitly model the effect of learning, perceptual and updating bias I initially

specified this model as a non-Bayesian reinforcement learning model with separate

parameters for perception (C), learning (&) and updating (5).
Eq. V Qs =Poyo1 + &+ as(Osp + (s — Poy1)
where @ € [0, 1] £ € [-1, 1]gng ¢ € [-1, 1]

However, the estimability of the ¢ parameter of the model was low (r = 0.32,
assessed by parameter recovery), the Bayesian approach was adopted to minimise
the information loss inherent to the method: instead of using point values of parameter
estimates, the uncertainty in estimation is incorporated into the model in a hierarchical

manner. The HBM, In addition to modelling single-subject’s learning rate (),
perceptual bias (C) and updating bias (5), estimates population hyperparameters
separately for losartan and placebo groups and for all three parameters (@D

corresponding to learning rate hyperparameter, ?to perceptual bias hyperparameter
and ~ to updating bias hyperparameter). Comparing the distribution of
hyperparameters allows for a direct comparison of the influence of losartan versus
placebo. The HBM attempts to identify any group tendencies separately for the
losartan and placebo groups. For example, ®s=1 represents the learning rate for

participant 1, and because this participant belongs to the losartan group ¢s is assumed

to come from a group level Normal distribution with mean Yiosartan and standard

deviation Aa. Therefore, the model has 6 hyper-parameters (3 parameters x 2 groups),

with additional 3 parameters (>‘a> /\E ) >‘C) controlling the width of hyperparameter
distribution, a set of subject-specific parameters (3 for each subject x 40 subjects) and
an additional set of value uncertainty parameters As (1 per subject, 40 in total). Figure

1 shows the full graphical model.
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Figure 1: Graphical representation of the Bayesian Hierarchical Model

To further account for the influence of starting probability on each visit and to

test whether including this variable improves model evidence | extended the set of

hyperparameters for each factor (perception/learning/updating) from 2

(placebo/losartan) to 4 (placebo-sp25/placebo-sp75/losartan-sp25/losartan-sp75). This

model is referred to as HBM_sp.

Model Comparison

Two Bayesian models were compared using the Divergence Information

Criterion (DIC) which was estimated as part of the MCMC sampling procedure. Lower

DIC value represents more evidence for the given model. The main purpose of the

model comparison was to identify on which visit the starting probability plays a role.
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Results

Group Matching and Drug Side Effects

The two groups were well-matched on sociodemographic and clinical

parameters (Table 1). There were no group differences in heart rate, blood pressure

and VAS rating changes from baseline to drug peak level, all F(1,38) < 2-21, all

p>.15 (Table 2). Furthermore, neither the participants nor the experimenter were

able to indicate above chance whether the participant had been allocated to the drug

2
or the placebo group (experimenter: 23% correct, patients: 23%; both X~ < 1-52, both

p > .3,

Table 1: Sociodemographic, clinical and personality characteristics and experimental
stimuli ratings of participants in the losartan versus placebo group (M, SD, and t-test/

X?-test p-scores).

Losartan (N=21)

Placebo (N=19)

M SD M SD p
Sociodemographic Data
Gender female 33% 52% .34
First language English 71% 83% 46
Age 26.1 53 25.0 43 49
Verbal intelligence (NART) 1145 6.7 1104 9.9 .16
Years of education 17.0 2.3 16.6 45 .68
Clinical and Personality Measures
Trait Anxiety (STAIT) 354 8.3 36.8 7.5 .57
Anxiety Sensitivity (ASI) 16.3 10.7 13.9 10.3 49
behavioural Activation (BAS) 24.0 4.9 25.1 51 49
Behavioral Inhibition (BIS) 16.5 3.0 14.8 4.0 14
Beck Depression Inventory (BDI) 3.6 5.7 52 6.5 40
Neuroticism (EPQ) 7.0 5.2 7.6 6.2 73
Attentional Control (ACS)
Total 58.1 7.5 56.6 9.7 .57
Focusing 25.8 5.2 25.2 4.5 .70
Shifting 324 41 314 6.0 .56

Note: NART = National Adult Reading Test; STAIT = State-Trait Anxiety Inventory; ASI
= Anxiety Sensitivity Index; BAS = Behavioral Activation Scale; BIS = Behavioral
Inhibition Scale; BDI = Beck Depression Inventory; EPQ = Eysenck Personality

Inventory; ACS = Attentional Control Scale.
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Table 2 Heart rate, blood pressure and visual analogue scale ratings in the two groups
before drug intake and at drug peak-level.

Baseline Drug Peak

Losartan Placebo Losartan Placebo

M SD M SD M SD M SD
Physiological Measures
Heart rate 75 12 74 10 67 8 67 8
Systolic blood pressure 124 15 124 15 118 15 119 14
Diastolic blood pressure 72 9 74 10 70 9 74 11
Visual Analogue Ratings
Anxious 8 8 12 12 4 4 8 11
Tearful 2 3 5 8 2 2 4 6
Hopeless 4 9 6 11 3 5 4 8
Sad 4 6 7 9 4 7 4 5
Depressed 2 3 8 2 4 5 7
Sleepy 19 15 19 17 20 20 21 18
Nauseous 2 3 6 12 2 4 5 8
Dizzy 5 11 6 6 6 12 6 11
Heart racing 2 3 9 12 3 3 5 6
Alert 46 31 50 27 44 33 45 30

Fear Conditioning Task

Shock probability ratings

The mean shock probability ratings of the participants are summarized in Table
3. Tests in this section used mean subjective probability per condition as the
dependent variable. Tests were performed in a per-cue manner by incorporating group,

phase and visit.

Stable Cues

Testing for an effect of phase, visit and group there was no main effect or
interaction in the harmful cue. In the safe cue condition, both, main effect of group,
F(1,37) =17.40,p = 0.010) . and visit, F(2,74) =5.89,p = 0.004 were
significant. Post-hoc tests found a significantly higher mean probability across groups
invisit 1, (T = 0.32,0 = 0.14) than in visit 2 ( = 0.24,0 = 0.14),
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t(39) = 3.044,p = 0.004 and in visit 3 @ = 0.30,0 = 0.19) than in visit 2,

t(39) = —2.670,p = 0.0110, o post-hoc analysis of the significant main effect of

group found a significantly higher probability in the placebo group (¥ = 0.39,0 = 0.11

) than in the losartan group (£ = 0.26,0 = 0.09), #(38)

—2.72,p = 0.010

Table 3 Means and standard deviations for shock probability ratings by visit, cue

and phase.
Phase Acquisition Extinction
Group Losartan (n=21) Placebo (n=19) Losartan (n=21) Placebo (n=19)
Harmful Cue M SD M SD M SD M SD
Visit 1 0.78 0.16 0.70 0.13 0.80 0.16 0.73 0.16
Visit 2 0.79 0.18 0.77 0.18 0.79 0.19 0.77 0.16
Visit 3 0.73 0.16 0.73 0.18 0.74 0.16 0.74 0.15
Safe Cue
Visit 1 0.24 0.13 0.39 0.14 0.24 0.18 0.40 0.16
Visit 2 0.21 0.12 0.27 0.16 0.21 0.13 0.27 0.16
Visit 3 0.29 0.13 0.35 0.19 0.25 0.11 0.33 0.19
Reversal Cue
Visit 1 0.64 0.15 0.68 0.16 0.53 0.15 0.54 0.19
Visit 2 0.65 0.10 0.70 0.13 0.55 0.13 0.51 0.16
Visit 3 0.62 0.19 0.66 0.13 0.51 0.17 0.51 0.19

Table 4 Mixed ANOVA of average shock probability ratings for group, phase and

visit, separate for each cue.

Stable-high Cue SS d.f. MS F p
Group 0.023 1 0.023 0.277 0.602
Error 3.126 37 0.084
Visit 0.094 0.047 1.444 0.243
Group * Visit 0.069 0.034 1.054 0.354
Error 2.407 74 0.033
Phase 0.007 1 0.007 1.970 0.169
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Group * Phase 0.001 1 0.001 0.215 0.646
Error 0.126 37 0.003
Visit * Phase 0.003 2 0.002 0.630 0.535
Group * Visit * Phase 0.001 2 0.000 0.187 0.830
Error 0.181 74 0.002
Stable-low Cue SS d.f. MS F p
Group 0.467 1 0.467 6.531 0.010
Error 2.646 37 0.072
Visit 0.252 2 0.126 4.508 0.004
Group * Visit 0.106 2 0.053 1.900 0.157
Error 2.072 74 0.028
Phase 0.003 1 0.003 0.572 0.454
Group * Phase 0.001 1 0.001 0.243 0.625
Error 0.178 37 0.005
Visit * Phase 0.013 2 0.007 2.484 0.090
Group * Visit * Phase 0.002 2 0.001 0.314 0.731
Error 0.198 74 0.003
Reversal Cue SS d.f. MS F p
Group 0.019 1 0.019 0.278 0.601
Error 2.559 37 0.069
Visit 0.035 2 0.018 0.808 0.450
Group * Visit 0.002 2 0.001 0.054 0.947
Error 1.606 74 0.022
Phase 1.098 1 1.098 45.519 0.000
Group * Phase 0.038 1 0.038 1.556 0.220
Error 0.892 37 0.024
Visit * Phase 0.005 2 0.002 0.443 0.644
Group * Visit * Phase 0.008 2 0.004 0.738 0.481
Error 0.391 74 0.005

Reversal Cue

In the reversal cue there was a significant main effect of phase,
F(1, 37) = 45.519,p = 0.000, Reported probabilities in acquisition (
xz = 0.66, 0 = 0.11y were significantly higher than in extinction ( = 0.52,0 = 0.13),
Adding anxiety as an additional between subject factor did not identify any significant

relationship between mean probability, group, phase and anxiety.
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Effects of Starting Probability

To control for the potentially confounding effect of the shock probability at the

beginning of each visit, | specified a model including the starting probability (SP) of the

current and preceding visits as well as phase and group for each visit. Only the

reversal cue was included in this analysis. This resulted in a total of six models:

Vi.

Probability on Visit 1 ~ Starting Probability on Visit 1

Probability on Visit 2 ~ Starting Probability on Visit 1

Probability on Visit 2 ~ Starting Probability on Visit 2

Probability on Visit 3 ~ Starting Probability on Visit 1

Probability on Visit 3 ~ Starting Probability on Visit 2

Probability on Visit 3 ~ Starting Probability on Visit 3

SP with group.

Table 5 Probability on visit 1 by group, phase and SPv1

Below, | report any significant main effect of starting probability or interaction of

SS MS F

(Intercept) 26.896 1 26.896 690.287 0.000
Group 0.000 1 0.000 0.005 0.946
SPvl 0.144 1 0.144 3.704 0.062
Group:SPv1 0.020 1 0.020 0.513 0.478
Error 1.364 35 0.039

(Intercept):Phase 0.326 1 0.326 29.983 0.000
Group:Phase 0.003 1 0.003 0.291 0.593
SPv1l 0.003 1 0.003 0.240 0.627
Group:SPvl:Phase 0.001 1 0.001 0.051 0.823
Error(Phase) 0.380 35 0.011

interaction of SPv1, see Table 5.

ANOVA with testing the effect of SPv1 on visit 1 found no main effect of
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Table 6 Probability on visit 2 by group, phase and SPv1

SS d.f MS F p

(Intercept) 28.048 1 28.048 1102.976 0.000
Group 0.001 1 0.001 0.024 0.878
SPvl 0.051 1 0.051 1.995 0.166
Group:SPv1 0.021 1 0.021 0.831 0.368
Error 0.915 36 0.025

(Intercept):Phase 0.389 1 0.389 44.102 0.000
Group:Phase 0.047 1 0.047 5.305 0.027
SPv1:Phase 0.012 1 0.012 1.412 0.243
Group:SPv1:Phase 0.005 1 0.005 0.610 0.440
Error(Phase) 0.318 36 0.009

ANOVA testing the effect of SPv1 on visit 2 found no main effect of interaction
of SPv1, see Table 6.

Table 7 Probability on visit 2 by group, phase and SPv2

SS d.f MS F p

(Intercept) 22.733 1 22.733 1195.350 0.000
Group 0.042 1 0.042 2.213 0.146
SPv2 0.244 1 0.244 12.823 0.001
Group:SPv2 0.082 1 0.082 4.318 0.045
Error 0.685 36 0.019

(Intercept):Phase 0.363 1 0.363 40.517 0.000
Group:Phase 0.015 1 0.015 1.639 0.209
SPv2:Phase 0.006 1 0.006 0.723 0.401
Group:SPv2:Phase 0.005 1 0.005 0.563 0.458
Error(Phase) 0.323 36 0.009

ANOVA testing the effect of SPv2 on visit 2 found a main effect of SPv2 and an
interaction between group and SPv2 (see Table X). The SPv2 main effect was driven
by significantly higher probability in the placebo group (z = 0.70c = 0.13) than in the
losartan group (Z = 0.58¢ = 0.09). The interaction was driven by a significantly

higher mean probability in Placebo-Sp75 (z = 0.770 = 0.12) than in the Placebo-

Sp25 group (Z = 0.560 = 0.10), t(17) = —4.07,p = 0.001, other post-hoc tests

found no difference.
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Table 8: Probability on visit 3 by group, phase and SPv1

SS d.f. MS F

(Intercept) 24.938 1 24.938 544.326 0.000
Group 0.009 1 0.009 0.187 0.668
SPvl 0.000 1 0.000 0.001 0.978
Group:SPv1 0.005 1 0.005 0.110 0.742
Error 1.649 36 0.046

(Intercept):Phase 0.295 1 0.295 21.199 0.000
Group:Phase 0.018 1 0.018 1.289 0.264
SPv1:Phase 0.064 1 0.064 4.595 0.039
Group:SPv1:Phase 0.003 1 0.003 0.238 0.628
Error(Phase) 0.501 36 0.014

ANOVA testing the effect of SPv1 on visit 3 found a significant interaction
between phase and SPv1l (see Table 8). A set of post-hoc tests found that this

interaction was driven by the s.p.25 condition in which the mean probability in

acquisition (x = 0.660 = 0.15) was significantly higher than in extinction (

7 = 0.490 = 0.14), t(22) = 5.22,p = 0.000,

Table 9: Probability on visit 3 by group, phase and SPv2

SS d.f. MS F
(Intercept) 20.404 1 20.404 512.592 0.000
Group 0.059 1 0.059 1.483 0.231
SPv2 0.154 1 0.154 3.878 0.057
Group:SPv2 0.087 1 0.087 2.180 0.148
Error 1.433 36 0.040
(Intercept):Phase 0.213 1 0.213 14.162 0.001
Group:Phase 0.000 1 0.000 0.011 0.918
SPv2:Phase 0.001 1 0.001 0.094 0.761
Group:SPv2:Phase 0.028 1 0.028 1.835 0.184
Error(Phase) 0.541 36 0.015
Table 10: Probability on visit 3 by group, phase and SPv3

SS d.f. MS F
(Intercept) 26.162 1 26.162 799.008 0.000
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Group 0.009 1 0.009 0.284 0.598
SPv3 0.110 1 0.110 3.375 0.074
Group:SPv3 0.364 1 0.364 11.106 0.002
Error 1.179 36 0.033

(Intercept):Phase 0.399 1 0.399 32.534 0.000
Group:Phase 0.010 1 0.010 0.823 0.370
SPv3:Phase 0.106 1 0.106 8.649 0.006
Group:SPv3:Phase 0.022 1 0.022 1.780 0.191
Error(Phase) 0.441 36 0.012

ANOVA testing the effect of SPv3 on visit 3 found a significant interaction
between phase and SPv3 (see Table 10). Post-hoc test found significantly higher
probability in acquisition (z = 0.740 = 0.12) than in extinction (z = 0.510 = 0.21) in
sp75, $t(14) = 5.52, p=0.000$; a significantly higher probability in sp75 (

x = 0.740 = 0.12) than in sp25 (z = 0.580 = 0.16) in acquisition,
t(38) = —3.24,p = 0-002; and finally significantly higher probability in sp25
acquisition (r = 0.58c0 = 0.16) than in sp25 extinction (z = 0.51c0 = 0.19),

£(24) = 2.32,p = 0.029.

Due to these significant findings, starting probability was included as a follow up

in all subsequent analysed.

Figure 2 Each plot represents shock probability ratings split by starting probability on a
given visit (SPv1, SPv2, SPv3). While the significant interaction effect between SPv2
and group on visit 2 is likely due to pre-existing individual differences, the interaction

between SPv3 and group on visit 3 can be an effect of the drug administration.
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Post-reversal learning

Next, | visualised how mean probabilities change post reversal. | split the data

by low and high starting probability to clearly show its effect. The tests in this section

were done by doing a t-test of each time bin between losartan and placebo. Where

asterix is plotted a corrected p-value of p<0.05 was obtained.

Figure 3 Post-reversal subjective probabilities presented separately for starting

probability of 25% (two left columns) and 75% (two right columns). Highlighted

comparisons (*) were statistically significant after correction.
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Model-free learning rates

All Cues

The following section analyzes model-free learning rates as the dependent
variable. First, all three cues will be analysed together and a separate analysis of the
main cue of interest (reversal) will follow. Effect of starting probability is only
considered in the per-visit analysis as otherwise the ANOVA model fails to estimate the
parameters (this would include 4 between subject factors on 40 data points).

Means and standard deviations for this section are presented in Table 11,

results of a mixed ANOVA with the factors group, cue and visit are presented in Table

9. There was a significant main effect of cue, F(2, 76) =25.927,p = 0'000, on
model-free learning rates. Learning was fastest for the harmful cue (
r=10.353,0 = -017), followed by the safe cue (T = 0.318,0 = 0-019) and the

reversal cue (T = 0.265, 0 = 0.017), Bonferroni-corrected post-hoc tests found all
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three differences, harmful vs safe t(39> = 2.650,p = 0-015, safe vs reversal

significant. Further, there was a significant interaction between visit and group

F(2,76) = 6.514, p < 0.002,

Table 11 Means and standard deviations for learning rates by visit and
cue.
Group |Losartan (n=21) Placebo (n=19)
Stable-high Cue M SD M SD
Visit 1 0.39 0.11 0.34 0.15
Visit 2 0.35 0.10 0.36 0.15
Visit 3 0.31 0.10 0.36 0.16
Stable-low Cue
Visit 1 0.33 0.12 0.31 0.13
Visit 2 0.31 0.11 0.35 0.15
Visit 3 0.29 0.11 0.31 0.16
Reversal Cue
Visit 1 0.26 0.11 0.28 0.11
Visit 2 0.22 0.10 0.30 0.13
Visit 3 0.24 0.09 0.29 0.15
Table 12 Model-free learning rates by cue, group and visit
Between-Subject Effects SS d.f. MS F p
Group 0.038 1 0.038 0.397 0.532
Within-Subject Effects SS d.f. MS F p
Cue 0.460 2 0.230 25.927 0.000
Cue * Group 0.030 2 0.015 1.702 0.189
Error (Cue) 0.675 76 0.009
Visit 0.023 2 0.012 2.076 0.132
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Visit * Group 0.074 2 0.037 6.514 0.002

Error (Visit) 0.429 76 0.006
Cue * Visit 0.014 4 0.003 1.068 0.375
Cue * Visit * Group 0.020 4 0.005 1.516 0.200
Error (Cue * Visit) 0.489 152 0.003

Reversal Cue

Given the focus on learning, | next tested whether there is an effect of group in
the reversal cue. In included starting probability in to the analyses (I ran one test for
each starting probability).

Model with SPv1 found a significant group by visit interaction,
F(2,72) = 4.45,p = 0.015 Mmodel with SPv2 found a significant main effects of

SPv2, F(1,36) = 6.02,p = 0.019, learning rates in sp75 (x = 0.340 = 0.13) were

significantly higher than in sp25 (z = 0.240 = 0.09). Model with Furthermore, there

was a significant interaction between group and visit, F(2,72) = 3.70,p = 0.029,
And model with SPv3 also found a significant group by visit interaction. To investigate
the group by visit interaction that was significant in all three tests | conducted a post
hoc test which found a significantly higher learning rates on visit 2 in the placebo (

T = 0.300 = 0.13) compared to the losartan group (x = 0.220 = 0.09),

t<38) =218, p= 0-035, which did not survive the correction. Data for the reversal
cue are summarized in Figure 4. Figure 4, lower left, presents mean learning rates by
group across the three visits, marginalized over starting probability, Figure 4, lower

right, presents the learning rates by starting probability marginalized over groups.
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Figure 4 Upper panel shows mean MFLRs by group, SP and visit. In the bottom panel,

left plot shows MFLRs by group and visit, depicting a significantly higher learning rate

on visit 2 in the placebo group; right plot shows the same data split by starting

probability marginalized over groups, starting probability of 75% on visit 2 results in

significantly higher learning rates than starting probability of 25%.

Bayesian Models

To better understand how the reported ratings were generated via combination

of learning, updating and perception, | next estimated the two Bayesian models

230



described in methods. The HBM considers the effect of group, while the HBM_sp
additionally considered which of the sub-processed were impacted by starting
probability. The models were subsequently compared to test whether the starting
probability played a significant role on each visit.

The DIC score on visits 1 and 3 was lower for the HBM model and on visit 2 for
the HBM_sp, suggesting that starting probability only mattered on visit 2 (see Table
13).

Table 13 Model Comparison results (DIC)

HBM HBM_sp
Visit 1 -4626.397 -4626.005
Visit 2 -11713.81 -11716.23
Visit 3 -5277.117 -5273.922
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Figure 5 Posterior distributions of hyperparameters (0 (learning rate), ¢

(perceptual bias) and k (updating bias) for losartan and placebo groups.

0.02

The posterior distributions of HBM hyperparameters are presented in Figure 5.

The two tailed t-tests were all corrected for multiple comparison using Bonferroni

correction resulting in Perit = 0.0017 (0.05 / 15 comparison within each parameter x 2

tails of the test).

Learning rates

The losartan group had significantly higher learning rate on visit 1 than on visit
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2, t(40) =8.20,p < ~001, and than on visit 3, t(40) = 6.89,p < .001, There was

no significant difference between losartan and placebo on visit 1. The difference
between groups was significant on both visit 2, t(38) = —9.89,p < .001 gng visit 3,
t(38) = 4.91,p < .001, Additionally, losartan group on visit 2 had slower learning

rate than placebo on visit 3, t(38> = —5.85,p < -001, and placebo on visit 3 had
significantly higher learning rate than losartan group on visit 3,
t(38) =7.72,p < .001.

To account for the effect of starting probability, | extended the above Bayesian
model by including starting probability as a factor in the hyperparameter space. The
results are presented in Figures 6 and 7. Figure 6 shows posterior distributions of the
four hyperparameters by learning sub-component (updating, learning, perception) and

visit.
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Figure 6: Estimated posterior distributions of the hyperparameters of the HBM_sp

model. Each row represents a modelled candidate psychological subprocess: learning

rate (%b), perceptual bias (¢) and updating bias (k). Data are presented separately
for each combination of group and starting probability factors;
losartan—sp25 (red), losartan—sp75 (purple), placebo-sp25 (light green),

placebo-sp75 (dark green).
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Figure 7 HGM_sp parameter estimates with incorporated parameter uncertainty
estimates (below). The error bars represent standard error of the mean that
incorporates uncertainty in single parameter estimates but does not reflect correction

for multiple comparisons.
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As in the previous analysis, each parameter was analyzed separately. The
critical p-value for the following section was determined by using the Bonferroni
correction Peorrected = 0.000378 (0.05 / number of comparisons / tails of each test =
0.05/ 66/ 2). The p-value in the following section reflects this correction.

In the perceptual and updating bias’ there was no significant difference in any of

the 66 comparisons. In learning rate, there was a significant decrease in learning in the
losartan group between visit 1 (£ = 0.17,0 = 0.024y and both visit 2 (

T =10.09,0 = 0.017), t(26) = 10.45,p < .001 and visit 3 (@ = 0.10,0 = 0.024y,
t(24) = 7.61,p < .001jn the Qosartan.25 condition. In the placebo group, there was

a significant learning rate increase in ®placebo,25 from visit 1 (£ = 0.12,0 = 0.029) to

visit 2 (Z = 0.16, 0 = 0.018) ¢(20) = —4.66, p < .05 Fyrthermore, there were
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several between group differences on individual visits. While there was no group

difference in either starting probability, on visit 2 there was a significant difference

between losartan (T = 0.09, 0 = 0.017) and placebo (¥ = 0.16,0 = 0.018) in the

25% starting probability, t(29) = —11.29, p < .00yl set of significant results is

presented in Table 14.

Table 14 Significant differences in binary comparisons of the learning rate
across all conditions

Comparison t df Poorrected
v1 los25 > v2 los25 10.448 26 p<.001
vl los25 > v3 los25 7.619 24 p<.001
v1 los25 > v3 los75 5.902 17 p<.01
vl plac25 > v2 plac25 -4.664 20 p<.05
vl plac75 > v2 los25 5.132 24 p<.01
v2 10s25 > v2 plac25 -11.291 29 p<.001
v2 los25 > v3 plac25 -5.193 25 p<.01
v2 10s25 > v3 plac75 -6.116 22 p<.001
v2 plac25 > v3 los25 7.958 27 p<.001
v2 plac25 > v3 los75 6.292 20 p<.001

Pupillometry

GLM results

Pupil data were collected only on visit 2. Raw grand averages are presented in
Appendix Il. The regression analysis investigated pupil encoding of expectation,
outcome and unsigned prediction error. Data were binned (0.5 seconds per bin) and
analyzed using a mixed ANOVA with the factors of time (binned into 500 ms post
outcome), outcome and group. There was no significant effect of expectancy on pupil

dilation at any time point during the trial. As expected, there was a significant main

effect of outcome type (shock / shock omission), F(3,114) = 26.917,p = 0'000, at

the time of outcome delivery. Furthermore, we found a main effect of group on
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prediction error processing, F(3> 114) = 11.084, p = 0.000, pregiction error

encoding in time bins following outcome delivery significantly interacted with group,

F(37 114) = 5.0385, p = .003, post-hoc tests found the interaction to be driven by a

significantly higher prediction error beta in the losartan group 500 to 1000 ms post
outcome, t(38) = 3.159,p = 0.0032 and significantly higher prediction error beta in

the placebo group 1500 to 2000 ms post outcome, t(38) = —2.658, p = 0.0115

Table 14. Mixed ANOVA results for the encoding of expectancy, outcome and
prediction error by the pupil

Expectancy encoding at the time of cue onset

Between-Subject Effects SS a.f. MS F p
Group 0.210 1 0.210 1.644 0.208
Error (Group) 4.845 38 0.127

Within-Subject Effects SS d.f. MS F p
Time 0.085 3 0.028 0.170 0.916
Time * Group 1.138 3 0.379 2.274 0.084
Error (Time) 19.014 114 0.167

Outcome encoding at the time of outcome

Between-Subject Effects SS d.f. MS F p
Group 0.108 1 0.108 4.243 0.046
Error (Group) 0.969 38 0.026

Within-Subject Effects SS d.f. MS F p
Time 5.189 3 1.730 26.917 0.000
Time * Group 0.325 3 0.108 1.688 0.174
Error (Time) 7.325 114 0.064

Prediction error encoding at the time of outcome

Between-Subject Effects SS d.f. MS F p
Group 0.094 1 0.094 2.698 0.109
Error (Group) 1.327 38 0.035

Within-Subject Effects SS d.f. MS F p
Time 2.180 3 0.727 11.084 0.000
Time * Group 0.991 3 0.330 5.039 0.003
Error (Time) 7.474 114 0.066
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Figure 8 Pupil encoding of shock expectancy at the time of cue onset (left), outcome

at the time of outcome (middle) and prediction error at the time of outcome (right)

separately for placebo (grey) and losartan (black) groups.

To check for the effect of staring probability on pupil dilation | repeated the

previous analysis with SPv2 as a between-subject factor. Full statistical results are

presented in Table 15.

Table 15 Mixed ANOVA results for the encoding of expectancy, outcome and
prediction error by the pupil by group and SPv2

Expectancy encoding at the time of cue onset

Between-Subject Effects SS d.f. MS F p
Group 0.144 1 0.144 1.07 0.31
SPv2 0.000 1 0.001 0.00 0.97
Group * SPv2 0.000 1 0.000 0.000 0.99
Error (Group) 4.844 36 0.134

Within-Subject Effects SS d.f. MS F p
Time 0.069 3 0.023 0.148 0.702
Time * Group 1.428 3 0.476 3.057 0.031
Time * SPv2 0.512 3 0.171 1.100 0.305
Time * Group * SPv2 1.576 3 0.525 3.373 0.021

238



Error (Time) 16.820

108

0.155

Outcome encoding at the time of outcome

Between-Subject Effects SS d.f. MS F p
Group 0.003 1 0.003 0.117 0.730
SPv2 0.000 1 0.000 0.037 0.842
Group * SPv2 0.161 1 0.161 7.198 0.010
Error (Group) 1.677 36 0.046

Within-Subject Effects SS d.f. MS F p
Time 5.377 3 0.192 30.299 0.000
Time * Group 0.033 3 0.011 0.185 0.901
Time * SPv2 0.597 3 0.199 3.366 0.352
Time * Group * SPv2 0.388 3 0.129 2.191 0.091
Error (Time) 6.389 108 0.059

Prediction error encoding at the time of outcome

Between-Subject Effects SS d.f. MS F p
Group 0.032 1 0.032 0.910 0.353
SPv2 0.029 1 0.029 0.818 0.365
Group * SPv2 0.021 1 0.021 0.608 0.442
Error (Group) 1.271 36 0.035

Within-Subject Effects SS d.f. MS F p
Time 2.165 3 0.722 10.944 0.000
Time * Group 0.809 3 0.269 4.091 0.008
Time * SPv2 0.304 3 0.101 1.536 0.212
Time * Group * SPv2 0.054 3 0.019 0.274 0.843
Error (Time) 7.125 108 0.066
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Figure 9 Pupil encoding of shock expectancy at the time of cue onset (left), outcome
at the time of outcome (middle) and prediction error at the time of outcome (right)
separately for placebo-sp25 (green), placebo-sp75 (dark green), losartan-sp25 (red)

and losartan-sp75 (purple) groups.

Expectancy Encoding at the Time of Cue Onset
After accounting for the effect of starting probability there was a significant
interaction between time and group, F(37 108) = 3.057,p = 0.031, There was

higher expectancy encoding in the 0.5 - 1s in the placebo ( = 0.16, 0 = 0.59),

compared to the losartan group (I = —0.13,0 = 0.36), t(38) = —2.02,p = 0.025

but this tests did not survive Bonferroni correction. Additionally, the mixed ANOVA

revealed an interaction of group, SPv2 and time, F(3,108) = 3.373,p = 0.021
Post-hoc tests found this effect to be driven by the difference in expectancy encoding
between losartan-sp25 (@ = —0.16, 0 = 0.39) and losartan-sp75 (

z = 0.23,0 = 0.59), 4(29) = -2.26, p=0.031 but again this did not survive the

correction.

Outcome Encoding at the Time of Outcome
At the time of outcome, there was a significant main effect of time on outcome

encoding, F(3.108) = 30.299, p = 0.000 which was characterised by significant
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differences between all time bins except between time bins 2 (0.5-1s)and 3 (1 - 1.5).

The tests are summarized in Table 16.

Table 16: Significant differences in binary comparisons between all time

bins, outcome encoding at the time of outcome

Comparison t df Poorrected
Binl > Bin2 -8.25 39 p<.01**
Binl > Bin3 -6.39 39 p<.01**
Binl > Bin4 -3.99 39 p<.01**
Bin2 > Bin3 -0.85 39 n.s.
Bin2 > Bin4 3.11 39 p<.05*
Bin3 > Bin4 5.20 39 p<.01**

Furthermore, there was a significant interaction between group and and SPv2,

F(1,36) =7.19,p = 0.010, post hoc tests found a significantly higher outcome

encoding in the losartan-sp25 (£ = 0.11, 0 = 0.09) than in losartan-sp75 (

T =0.03,0 = 0.09),£(29) = 3.14, p = 0.004, and significantly higher outcome

encoding in the losartan-sp25 (£ = 0.11, 0 = 0.05) than placebo-sp25 (

T = 0.04,0 = 0.04) groups, t(19) = 2.67,p = 0.015 which however did not survive

the multiple comparison correction.

Lastly, there was a significant interaction between SPv2 and time,

F(3,108) = 3.366, p = 0.031 driven by significantly higher initial (0 to 0.5s post

outcome) outcome encoding in the group with starting probability of 25% (

xr = —0.15,0 = 021) Compared to 75% (j - —039, 0 — 027),

t(38) = 2.85,p = 0.007 which survived correction.

Prediction Error Encoding at the Time of Outcome

There was a significant main effect of time, F(3,108) = 10.94,p = 0.000

driven by significantly lower signal in the initial 0.5s in comparison to the remaining

time bins. Pairwise comparisons are presented in Table 17.
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Additionally, there was a significant interaction between group and time,
F(3,108) = 4.09,p = 0.009 driven by a significantly higher prediction error
encoding 0.5 to 1s after outcome in the losartan group (¥ = 0.25,0 = O-24)

compared to the placebo group (Z = 0.00, 0 = 0.24y (39) = 3.25,p = 0.002

which survived correction.

Table 17: Significant differences in binary comparisons between all time
bins, prediction error encoding at the time of outcome

Comparison t df Peorrected
Binl > Bin2 -5.61 39 p<.01**
Binl > Bin3 -4.53 39 p<.01**
Binl > Bin4 -3.42 39 p<.05*
Bin2 > Bin3 0.06 39 n.s.
Bin2 > Bin4 0.48 39 n.s.
Bin3 > Bin4 0.67 39 n.s.
Discussion

In this chapter | investigated the role of the Angiotensin Il inhibitor losartan on
human aversive learning. While the raw behavioural data don’t show any strong effect
of losartan on learning in contrast to placebo, and they additionally reveal a confound
of initial reinforcement rate, computational modelling and pupillometry suggest an
important role of losartan in aversive learning. While accounting for the effects of
perceptual and updating distortions, which themselves were not modulated by either
losartan or starting probability (SP), the Bayesian models comparison revealed that
accounting for SP is only meaningful on the second visit. While on visits 1 and 3 there
was more model evidence in favour of the HBM maodel, that only includes the effect of

group, on visit 2 the DIC score was lower for the extended HBM_sp model, suggesting
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a significant role of the SP factor on this visit. Consequently, within-visit comparisons
are inferred from the winning model on a given visit, between-visits results are
discussed in the context of both models.

The HBM model results show that losartan decreases overall learning
rate from visit 1 to visit 2 and that this slower remains one day after on visit 3. A
change in learning is not present in the placebo group where the difference between
visit 1 and other visits is not significant. There is also no group difference on visit 1
while it exists on visits 2 and 3, losartan group having significantly lower learning rates
than placebo. Incorporating SP into the analysis, the decrease in learning rates
between visits 1 and 2 appears to be specific to low (25%) SP group. Visit 3, in
contrast, doesn't have significantly lower learning rate in low SP, however, the model
comparison has shown that SP doesn't play a role in the third visit. Our findings seem
to agree with the result of (Pulcu et al. 2019), who also found losartan to decrease
aversive learning rates.

The analysis of information encoding in the pupil dilation data revealed a
significant between-group difference in prediction error processing that was not
modulated by starting probability. This agrees with the modelling results, which also
suggested no effect of losartan on perception and attributed the entire effect to
learning. The pupil response in the losartan group seems to peak earlier compared to
placebo, but it also returns to baseline more promptly. The effect of losartan on
prediction error might reflect the interaction of Angiotensin Il, reduced by losartan, and
Norepinephrine in the locus coeruleus. (Elam et al. 1984) demonstrated how increase
in Angiotensin 1l leads to decrease in norepinephrinergic cell firing in the LC. An
alternative hypothesis would be the NE-AG interaction in the central nucleus of the
amygdala which receives projections from LC and is abundant in Angiotensin Il
receptors. It is beyond the scope of this paper to answer these questions, however, the
effect of losartan on pupil dilation suggests an interaction between Angiotensin and
Norepinephrine.
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Our analysis of the learning sub-processes considered perceptual and
response distortions as important components of learning. The inferred effect of
losartan was found to be specific to learning rates and there was no evidence of its
effect on stimulus perception or expectation updating. This is conjointly supported by
both Bayesian models and the pupil dilation results. The HBM found a difference
between the groups’ learning rates on all three visits. On visit 1, however, the effect
occurred in the opposite direction than on visits 2 and 3. The to-be losartan group was
learning slightly faster than the future placebo group. This was reversed by the
administration of losartan on visit 2 and it remained the same on visit 3, suggesting a
strong effect of losartan on learning rate reduction at least in the low SP condition.

One of the main goals of the study was to test the differential effect of losartan
on acquisition and extinction. The results show an effect of losartan on learning at peak
and one day after. Analysis of the behavioural data locked to the time of contingency
reversal found differences between the group in late extinction. During trials 10-12
losartan participants with low SP (25%) predicted significantly higher chance of shock
in second visit extinction. On the third visit, and only in high SP (75%), the losartan
group showed higher anticipation of shock in trials 7 - 12. These results show that
losartan appears to specifically slow down extinction, this effect, however, seems to be
modulated by the initial context of the session. The analysis of model-free learning
rates also revealed modulatory effects of SP. In low SP on visit 2, placebo group had
significantly higher learning rate than the losartan group, however, there was no
significant change in learning from visit 1 in either group. On visit 3, losartan, but not
placebo, learning was again modulated by starting probability. The behavioural data
suggest decreasing effect of losartan on learning, particularly in extinction. These
results suggest that administration of losartan makes it hard to overcome fear
anticipation likely due to decreased learning rates. A recent work in the theory of

extinction, however, pointed out that gradual, rather than rapid, extinction leads to a
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more permanent extinction effect and decreases the chance of relapse ( Gershman et
al 2013; Craske 2014). In my data set, this would mean slower rate of acquisition.
While this is not observed, there is a marginal non-significant effect in the direction
predicted by this hypothesis. To test explicitly this effect a follow-up study should be
designed keeping in mind better balance of starting probability conditions.

All through the data set a strong effect of starting probability was observed. For
example, the main result of learning rate decrease in the losartan group was only
present in the low SP group. In mean probabilities the effect of starting probability
directly interacted with the drug on visit 3: participants that received losartan the day
before and started with a block with high SP reported on average significantly higher
probabilities than those that started with low SP. The effect was not observed in the
placebo group. The effect of SP was also observed in the pupil dilation analysis. In
particular, on visit 2 outcome encoding was significantly different in the losartan group
between low and high SP. This, in addition to decreased learning rates, might suggest
that losartan makes people less flexible and more prone to initial anchoring effect due
to differential encoding of outcome identity depending on the starting probability. In this
study, the effect of SP was an undesired confound, however, the observed effect is
worth subsequent investigation. Particularly, answering the question whether losartan
enhances dependence on contextual inference would bear importance for clinical
research as increased context-dependence has been associated with increased rates
of relapse.

A guestion might arise why should one trust more a model estimate in contrast
to ratings directly reported by the participants. It must be considered that ratings
submitted by participants are a combination of numerous perceptual, cognitive and
motoric processes collapsed into a single number. In fact, most studies in decision-
making rely on less (i.e. binary choices). The purpose of the model is to estimate the
most likely combination of these factors given the observed data. In other words, from

the ratings we cannot directly tell to which degree was the model-free learning rate
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influenced by reporting noise (i.e. the imprecision in slider placement) or how strong
was the subjective experience of shock to the participant but the Bayesian model can
provide us with the most likely scenario given the data. It is in this way that hidden
cognitive variables can be studied.

While | report a specific role of losartan in learning, others have suggested that
the effect of losartan is more general and due to its anti-hypertensive properties
(Amenta et al., 2002; Gard 2004; Kutakowska et al. 1996). | observed no change in
any of the recorded physiological and psychological measures, so my data don’t
support the latter view. It can however not be excluded that the role of losartan in
cognition is not specific to learning. Additional experiments should be conducted to
investigate its effect on other aspects of cognition such as attention or memory.

Furthermore, the employed model suffers from a number of drawbacks. Firstly,
it only partially mitigates the issue with the zeta parameter estimability. In the MLE
version of the same model the parameter failed to be estimated, this was one of the
main reasons to employ the Bayesian framework. The Bayesian approach quantifies
the uncertainty and propagates it along the hierarchical structure. While this helps to
estimate the zeta, the values are still associated with relatively low certainty. Secondly,
the hierarchical structure of the model makes the comparison of single subject
estimates problematic. Since the hyperparameters are estimated per-group, subjects in
the same group will be more similar to each other partially due to the top-down
influence of common hyperdistribution. This issue can be circumvented by comparing
the estimated hyperparameters directly. Thirdly, the updating parameter represents a
constant bias in updates. This formulation is the most basic form of updating distortion
which likely doesn’t correspond to an underlying process. There are several alternative
ways to model updating bias. One is to consider expected and unexpected uncertainty
separately. Under this model, sudden rare events assigned to deviations from
contingency (expected uncertainty) should not lead updating while rare events

understood by the agent as environmental changes should lead to learning. Another
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approach would be to model the bias in updating as a distortion that follows a particular
distribution, here, individuals with high variability estimate of the distortion tend to

suffer from higher updating bias.

Conclusions

In conclusion, | found losartan at peak level and one day after to significantly
decrease aversive learning rate which resulted in decreased extinction learning. The
effect of losartan on learning was supported by pupil dilation data which revealed
altered encoding in prediction error processing at peak level. The peak level results
were specific to context in which the session started with a block low in reinforcement
rate but the effect of losartan on learning days one day after was independent of initial

context.
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Overall Discussion

In this doctoral thesis | set to investigate the computational and neural
mechanisms of aversive learning focusing on the difference between acquisition and
extinction of aversive associations. | present three studies investigating different
aspects of aversive learning. In the first study, | used functional MRI, GSR and
behavioural modelling to study the difference between acquisition and extinction, time-
dependent effects and tested the hypothesis that high trait anxiety is associated with
state learning. In the second study, | followed up on this idea investigating how
environmental statistics influences the lack of extinction and whether less noisy
environments encourage state switching as opposed to gradual learning. In the last
study, | then explored whether a pharmacological intervention can influence aversive
learning by improving extinction. The conclusions for each study are presented in their
respective chapters. Here, | will revisit the seven goals set out in the introduction, state
how | have addressed the key questions and discuss my answers each point. | will

finish with overall conclusions, future directions and limitations of this work.

1) How do acquisition and extinction in probabilistic aversive learning differ with

respect to behaviour and peripheral-physiological parameters?

The fundamental goal of this thesis was to improve our understanding of how
the lack of extinction arises as a consequence of a Pavlovian learning process.
Throughout all three studies, acquisition learning reached and settled close to the true
reinforcement rate while extinction showed a gradual decrease and stops at about
~50% despite true probabilities being considerably lower. This is a replication of the
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partial reinforcement extinction effect (PREE). It has been suggested that such lack of
extinction is a result of reduced learning from shock outcome. | found that shock
learning was indeed faster than no-shock learning, but this effect was modulated by
the current phase: shock learning was faster in acquisition, where shock is more
frequent and perhaps informative, whereas and no-shock learning was faster during
extinction. In general the more confirmatory outcome was always associated with
higher learning rates. This was particularly apparent in the stable cues where the
harmful cue led to faster learning from shocks and the safe cue led to faster learning
from no-shocks. This phenomenon has recently been described as the self-reinforcing
expectancy effect (Jepma et al. 2018). It however does not explain why extinction
learning is incomplete and settles at ~50%. The modulation of learning rates by the
given phase demonstrates participants’ knowledge of of some underlying context
which suggests that learning is more than just differential learning from shock and
noshock. To explore this aspect in more detail, | investigated how extinction learning
changes over time. As participants experienced more switches in contingency, the lack
of extinction became more pronounced. This is an important result because it provides
insight into how aversive overprediction might develop in real-life scenarios. Although
the lack of extinction has often been described, it is rarely discussed how the biased
belief is formed in the first place. My data suggests that the bias is already established
early on but becomes more pronounced over time. The increasing tendency to
overpredict highlights the need for early intervention to prevent the development of

robust overprediction belief.

2) Which role does trait anxiety play in probabilistic aversive learning?

Following up on question 1, Studies 1 and 2 explored the role of trait anxiety in
extinction. Contrary to my hypothesis, high trait anxiety was associated with lower
shock expectancy during extinction in study 1, indicating that anxiety improves

extinction. In study 2 the effect was not significant across the three sessions, but high
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trait anxiety was associated with a stronger difference in shock expectancy ratings
between acquisition and extinction compared to low anxious group. Two key points
were derived from further analyses: First, the anxiety-related difference only became
apparent in the second half suggesting that the group difference is driven by a shift in
strategy over time. Trait anxiety negatively correlated with mean shock probability
ratings during extinction in the second half, specifically. Second, in study 2 the effect of
anxiety on the difference between acquisition and extinction became more significant
as the difference between the two contingency levels increased (i.e. largest effect in
the 90/10 condition). The increased dissociability between acquisition and extinction
was not only present in the behavioural but also in the GSR data. While a similar
effect has been reported before (Indovina et al. 2011; Andreatta and Pauli 2017), other
studies found a lack of conditioned response inhibition in high trait anxiety (Kindt and
Soeter 2014; Haddad et al. 2012). This inconsistency might in part be due to
differences in data interpretation. While some argue that the increased difference
between CS+ and CS- is caused by a hypersensitivity to fear, it might also be argued
that this is due an improved distinction between different internal contexts. In my
analyses, | did not compare CS+ with CS- but rather acquisition and extinction. Here,
an increased difference implies awareness of changes in underlying contingencies.
The low anxious group seems to respond equally to acquisition and extinction which
can either mean a lacking awareness of differences or a deliberate energy-saving
strategy (settling on overprediction) . This raises the question whether our participants’
behaviour was driven by survival or predictive optimality. The low anxious group
undergoes extinction initially (at least partially) but gradually settles on consistent over-
prediction. This is consistent with survival optimality: The individual samples the
environment and creates a heuristic behavioural rule that minimised the amount of
energy spent while maximizing the amount of predicted threat. This theory is partially
supported by the observed association between the difference in positive and negative

surprise and anxiety, where a portion of the low anxious group experienced decrease
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in negative surprise in the second half. The computational model designed to assess
whether this was a deliberate learning goal identified four participants that were driven
by negative surprise minimisation or positive surprise maximisation.

A very useful follow-up on this finding would be to perform a long task, as | did
here, but at some point change the contingencies associated with the reversal cue to
stable low probability and either introduce a new reversal cue or change the safe cue
into a volatile one. If the low anxious group disengaged from the task over time, they
should take longer to discover this change than if the overprediction was a deliberate
strategy-monitoring mechanism.

The observed improved extinction in high anxious participants constitutes a
rather novel piece of evidence to which | offer two possible explanations. High trait
anxious individuals might have an increased tendency to represent the environment as
multiple states/contexts or they are hypervigilant and faithfully track the reported
contingencies. In the next section | offer some evidence for the earlier but the latter

hypothesis would have to rejected by a separate experiment.

3) Is there an association between trait anxiety and an increased tendency for
state learning rather than gradual learning?

To follow up on my finding that high trait anxiety is associated with ‘better’
extinction ( i.e., lower shock expectancy during late extinction and increased
dissociability between acquisition and extinction) | tested whether this is due to an
increased tendency to create internal contexts rather than gradual learning. The idea of
structure learning (i.e. state learning) has been proposed previously (Redish, Jensen,
et al. 2007; Gershman et al. 2013). To assess whether state learning occurs in the
sample at all, | developed two computational models that have the ability to capture
state switching, a Rescorla-Wagner based learner, and a beta state switcher. Fitting

the models to the data, | next tested whether they are specifically associated with
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anxiety. In study 1, the RW-based model provided the best fit for participants high in
trait anxiety, providing strong support for the notion that state switching predominantly
occurs in high trait anxiety. In study 2, the beta state switcher did not fit high trait
anxious individuals better than low anxious but this was in part because it was
designed to capture both gradual as well as state learning. A key parameter of the
state switcher estimated a threshold necessary to create a new state. This threshold
was significantly negatively correlated with trait anxiety in the extreme 90/10 condition
showing that high TA participants were more likely to create new internal states.
Furthermore, switch steepness in study 2 was estimated as a signhature of state
switching. The data show that the measure was positively associated with trait anxiety
in the 90/10 condition and with the number of states internally created by the beta state
switcher model. This provides evidence for an increased tendency to jump more
abruptly between between different levels after reversal. While this measure on its own
cannot explicitly distinguish between state switching and for example Pearce-Hall
learning, it constitutes a signature suggesting more abrupt jumps in high trait anxious
participants.

The behavioural and modelling data suggest that there is in fact a link between
anxiety and increased tendency to represent the environment as multiple states. As
discussed in Chapters 3 and 4 this mechanism is likely to be responsible for relapse
phenomena seen in clinical populations (Craske et al. 2014b) and experimental studies
(Lissek et al. 2005) associated with high anxiety. Ironically, better extinction might
therefore mean a higher risk of relapse.

An alternative hypothesis for this phenomenon is offered by the vigilance-
avoidance hypothesis (Karin Mogg, Mathews, and Weinman 1987) which argues that
seemingly improved extinction in Generalised Anxiety (GAD) patients is caused by a
lack of cognitive processing and so called over-inhibition. This mechanism was
experimental tested by (Weinberg and Hajcak 2011) showing less elaborative
processing in GAD in an ERP study. While my paradigm was not designed to explicitly
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test for the difference between state learning and vigilance-avoidance (VA) hypothesis,
one prediction that the VA makes is that there should be difference between anxiety
groups in acquisition. However, in my data the difference lies solely in extinction. An
interesting follow-up would be to design a paradigm that would attempt to directly test
the difference between the two hypotheses, for example, using state decoding in the

EEG or fMRI.

4) Which algorithms best explain the experimental learning data?

Throughout the three studies | employed a number of computational models to
dissociate between different learning strategies or investigate whether a particular
cognitive or pharmacological element (losartan, surprise) plays a role in learning. In
general, most models were based on reinforcement learning which has proven to be a
useful framework for modelling aversive learning. | have shown how it can be used to
dissociate between models that make correlated predictions, yet are quite different
their theoretical basis (e.g. state switching vs. Pearce-Hall). In this thesis, the only
model that is not based on reinforcement learning is the beta state switcher which is
currently being extended into a Bayesian framework.

In the current dataset the Pearce-Hall and the two state switching models
seemed to fit the experimental data best. This is likely because they reflect two
different hypothesis of adaptive learning. A few important points related to model
definition and model comparison methods need to be discussed here. Throughout this
thesis | only included models that performed well in parameter recovery test. however,
in the losartan study (Chapter 5), it became apparent that the perceptual bias which
was included in the prediction error term is particularly hard to estimate due to the fact
that it always scales by the learning rate which is another free parameter. To ensure
minimal loss of information and improve parameter estimability | employed the
Bayesian formulation of the same model with hierarchical structure and population
hyperpriors. When comparing models | employed the standard information criteria such
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as AIC or BIC. However, in study | also used a form of cross-validation that assesses
model quality based purely on the predictions it makes. | believe that the latter is a
method superior to standard model comparison as it rules out the chance of overfitting.
However, the method of cross-validation | used still requires further thought. An
improvement could be made by fitting the data to a random selection of points across
the learning and use the model to predict the gaps. While | considered this
methodology, the issue is tricky when it comes to learning. In learning, unlike in other
scenarios, the temporal dependence of data is crucial. A leave-one-out cross-validation
might be biased towards models that provide a hormative account rather than
descriptive models that capture a particular cognitive phenomenon. While this is only a
theoretical concern, it was outside of the scope of this doctoral work to systematically
test this which is why | settled for the somewhat imperfect cross-validation method that
preserves the temporal order of events.

One interesting aspect was the comparison between classical AIC model
comparison and cross-validation. While the results mostly concur, there were some
differences worth pointing out. In the AIC comparison, the Rescorla-Wagner model
fitted best in 5, 0 and 1 subjects (respectively per environment) while when model fit
was assessed by its prediction, the numbers for RW were 6, 3 and 6. The RW ‘stole’
some participants mostly from the PH model but not from the state-switching model.
This reveals that a) the AIC, despite being penalized for the number of parameters,
tends to value overfitting models, and b) that it is the PH model that tends to overfit, not
the state switcher. This further supports the use of cross-validation in model

comparison.

5) Which brain regions are involved in aversive acquisition and extinction
learning? And where in the brain does anxiety influence the process?
The analysis of fMRI data revealed a number of regions which showed an

increase in their differential response to acquisition and extinction over time.
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Particularly the left hippocampus, right amygdala and the bilateral dorsal ACC were
sensitive to this contrast. This provides further support that the amygdala might not be
the sole critical structure driving aversive acquisition and extinction. A recent meta-
analysis provided support for a key role of the dorsal ACC (Miquel A. Fullana et al.
2018) and the connectivity between dACC and the amygdala (Sevenster, Visser, and
D’Hooge 2018). A novel insight into the distinction between the role of the amygdala
and dACC came from my Bayesian Model Selection analysis which linked the dACC
(and vmPFC) to structure learning. While this method has its limitations (discussed
below), it suggests that the prefrontal regions are predominantly involved in context
signalling while the amygdala might be involved in signalling of fear as reported by
numerous other studies (Phelps et al, 2004). Several studies have highlighted the role
of the hippocampus in context signalling to the ACC and the correlation between
hippocampal and vmPFC activity. While the hippocampus was a candidate for the
processing of contextual information | did not find state prediction error signalling
there. One explanation might be that the hippocampus is involved in state signalling
and the updating occurs via an indirect feedback mechanism. As in several previous
studies, the dACC was also associated with trait anxiety. The signal in the region
scaled with the difference between acquisition and extinction and trait anxiety, as well
as with an increase in acquisition-extinction difference over time. This corroborates the
previous finding that the dACC is involved in processing, or at least awareness of,
state-related information. An interesting extension of the analysis | performed would be
to investigate the connectivity between dACC, the hippocampus, amygdala, anterior
insula and the vmPFC early and late in the task. This analysis could provide more
information about the region(s) that first discover the state and those which
subsequently hold this information. One hypothesis would be that the anterior insula is
sensitive to initial state learning (as it showed increased dissociation between CS+
and CS- in the first half) while other regions such as the hippocampus, dACC and

vmPFC take over once the state is discovered.
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The data provides no definite answer to the questions whether the vmPFC is a
region that inhibits the amygdala during extinction or whether it signals current state.
While | did find SPE signalling in the vmPFC, this does not provide sufficient support
for either of the hypotheses. A very interesting follow up study would be to tailor the
experimental design to answering precisely this question.

Using SPE as a univariate parametric modulator | found the anterior insula to
be the only region to reflect SPE processing. This analysis highlights a discrepancy
between traditional methods and the novel BMC that require further investigation. The
BMC method is only presented with two models and is forced to decide which model is
more likely to be processed in a given voxel. This could be extended by adding a GLM
without a parametric modulator that would be assigned the highest probability if neither
SPE nor PHPE explained the data well.

Altogether, the neural data highlight the role of the dIPFC in guiding strategic
learning based on survival optimality as well as the role of dACC and vmPFC in
Pavlovian state error processing. Furthermore, dACC seems to be the key structure

driving the influence of anxiety, which would support its role in state learning.

6) What is the influence of environmental statistics on learning? Do more
extreme differences in contingency improve extinction?

In study 2 | investigated how the difference between the two contingency levels
in acquisition and extinction influences learning. The design used three cues as in
study 1, except that this time the task was split into three sessions in which
probabilities between acquisition and extinction trials differed to a varying degree. The
contingencies in the three environments were 60/40%, 75/25% and 90/10%,
constituting a noisy, medium and clear environment. One of the goals of the second
study was to investigate whether the noise introduced by the contingency levels

encourages different learning strategies. In theory, the 60/40 environment presents no
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clear enough states and so gradual learning should dominate whereas in the 90/10
condition, the two levels should be very clear and so state switching should be the
preferred strategy. In the 75/25 condition participants were expected to be most
conflicted about the optimal strategy, and so those with a tendency to represent the
environment as states should refrain to that strategy while subjects with a tendency for
gradual learning should follow that. My behavioural results revealed that there was no
difference in switch steepness between the 60/40 and the 75/25 condition suggesting
that participants used the same gradual learning throughout. Switch steepness was
significantly higher in the 90/10 condition compared to both other conditions supporting
the idea that state switching is promoted by the 90/10 condition. Interestingly this effect
was driven entirely by the high anxious group.

Next, | used computational models to see which environments favours which
strategy. The state switching model fitted best in the 60/40 and h 90/10 condition while
the Pearce-Hall fitted best in the 75/25 condition. It is important to keep in mind here
that the state switcher has a mechanism to learn gradually in a manner similar to RW
and so it likely fitted best the subjects following RW-like learning. Apart from that, the
results suggest that in the 90/10 condition state switching is the dominant strategy, the
error for the states witcher is substantially lower, while in the 75/25 condition there is
more competition between the state switcher and the PH model, the difference in mean
errors bein marginal and amount of best fitted participants being 16 and 14.

I next looked at how different contingency levels influenced mean probability
reported by subjects in acquisition and extinction. While mean probability in acquisition
increased with increasing reinforcement rate, mean probability in extinction remained
the same (roughly ~50%) in all three environments. This is quite a paradoxical result
given that the difference in reinforcement rate in extinction between the two most
extreme environments is 30% which translates to roughly 10 non-reinforced trials more
in the 90/10 condition than in the 60/40 condition. The results seem to suggest that in

the group as a whole the contingency difference between acquisition and extinction
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doesn’t seem to play a role in improving extinction. As reported previously, the only
group where the 90/10 environment seemed to have played difference was the high
anxious group which showed significantly association with phase dissociability.

All together, the data support the hypothesis that high trait anxiety and more

extreme changes in contingencies encourage state switching.

7) How does the angiotensin-ll antagonist losartan influence aversive
probabilistic learning?

In the third study | found that the Angiotensin-Il reuptake inhibitor losartan has a
decelerating effect on learning. Furthermore, losartan seems to specifically affect
learning rather than perception or updating. This was conjointly supported by the
hierarchical Bayesian model and pupil data. Unfortunately, the data were strongly
influenced by the starting probability of the reversal cue on phase 1 on each visit.
Consequently, this factor had to be included in all tests which diluted the statistical
power of many analyses (the power calculations were made for ANOVAs with one
between-subject variable). Despite this complication, best effort was made to
understand the effect of losartan. The hierarchical Bayesian model revealed that
losartan decreased the learning rates in the group starting with 25% probability.
Furthermore, on a follow-up visit this effect was still present but this time for the entire
sample. Using the Bayesian model | was able to assess whether the effect of losartan
was indeed driven by an influence on learning or whether it was due to a change in
perception or updating. The finding that losartan influences learning and not perception
was further supported by my pupillometry analysis which showed no effect of outcome
encoding while there was a significant effect of losartan on prediction error processing.
As discussed in the relevant chapter the decrease in learning rates resulted in less
complete extinction on visit 2 in the group starting on low probability and on visit 3 in
the group starting on high probability.

The key finding that losartan influences learning is encouraging but further
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studies are needed to explore its potential in more detail.

Overall Conclusions

In my doctoral thesis | investigated the behavioural, computational and neural
differences between aversive acquisition and extinction. Across studies, extinction was
found to be incomplete compared to acquisition, a finding that was not modulated by
the level of reinforcement. The lack of extinction increased over time, suggesting a
possible mechanism for the development of overprediction bias. The right dIPFC was
associated with this effect. Furthermore, trait anxiety played a significant role in
extinction, high trait anxious individuals consistently reported lower probability. |
proposed and tested that this was due to increased tendency of the high anxiety group
to organise learning environment into distinct states, and switch between them, finding
a support for the hypothesis in behavioural, GSR and neural data. | demonstrate that
activity in the dorsal anterior cingulate scales with anxiety and that the same region
together with the vmPFC and IPL process information about current state. This finding
constitutes a major outcome of the thesis, and proposes a novel computational
mechanism behind the increased tendency to relapse in highly anxious people. Lastly,
| tested whether aversive learning can be affected by pharmacological intervention for

which | found a moderately strong support.
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Appendix |

Comparison of model-based and model-free learning rates

A Rescorla-Wagner model with separate learning rate for shock and for no-
shock was fitted to the data and the results were compared to model-free learning
rates acquired for the same conditions.

The model-free learning rates with different cutoff boundaries (0 to 1; -1 to 1;
and no boundaries) were correlated with the model-based learning rates. Across all
visits and cues the learning rates with cutoff boundaries between 0 and 1 correlated
highest with the estimated learning rates (mean r=.504), followed by model-free
learning rates cut off at —1 and 1 (mean r=0.419). The learning rates without any
restriction included large negative outliers. There was not a relationship between
unrestricted model-free learning rates and model-fitted learning rates (mean r=-.048).
Our main analysis focuses on learning rates in the reversal cue. Here the correlation
between model-based and 0 - 1 restricted model-free learning rates reached .065.

To further compare MB and MF learning rates | used the data set from Study 3
to see if they result in the same set of statistical results. As reported in the main
analysis in Chapter 5, in the model-based learning rates there was a significant
interaction between visit and group. Subjecting the model-free learning rates to the
same analysis, identical set of statistical results was obtained (reported in the main
text). These results show that the model-free learning rates are a valid metric

comparable to the more commonly used model-based learning rates.

To fully understand the difference between model-based and model-free
learning rates, we examined the cases where model-free learning rates were negative.
The Rescorla-Wagner model defines the range of the learning rate parameter to lie
between 0 and 1. In our trial-by-trial treatment, however, we found that 31% of all
learning rates were outside of that range (33% in stable-high (harmful); 32% in stable-
low (safe) and 29% in the reversal cue). This explains why fitted learning rates do not
perfectly explain the behaviour of participants.

On some occasions, participants receive a shock but decrease their probability
on the next trial. This leads to a paradoxical situation in which they seemingly unlearn,
i.e. the learning rate is negative. This also means that one of the assumptions of the
Rescorla-Wagner model is violated. Negative learning rates are likely a consequence
of two mechanisms: a) reporting noise; and b) memory decay. Participants are not

shown the exact probability they are submitting, so in ratings that near the scale
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extrema or where participant wishes to stay at the same level there is a higher chance
that they will report lower probability despite receiving a shock, simply due to

imprecision of the reporting scale. To check whether this is the case we calculated the

distribution of negative learning rates as a function of update magnitude |Pt+1 - Pt|.
The proportion of negative learning rate trials was highest in updates of magnitude
between 0 and 0.05 (See Appendix | Figure 1). This indicates that at least some of the

negative learning rates can be attributed to reporting noise.
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Appendix | Figure 1: Proportion of negative model-free learning rates as a

function of update magnitude.

Next, we tested whether memory also plays a role in negative learning rates. A
specific cue can be presented on two subsequent trials but there may also be a gap of
up to four trials, as the two other cues are presented. If memory decay causes
negative learning rates, they should be observed more frequently with increasing time
from when the cue was last presented. Repeated measures ANOVA found no

significant effect of memory on the negative learning rates, F(3,111)=.0142, n. s.

275



o

w

O
J

Proportion of negative alphas

0.15-

| T T |
0 trials 1 trial 2 trials 3 trials

Cue Gap

Importantly, the model-based learning rates also should not be considered the
golden standard. While their recoverability from artificial data is nearly 100% in most
flavours of the RW model participants often behave in way that cannot be captured by
the RW model, i.e. have negative learning rate even when reporting noise is accounted
for. In these cases the o will be estimated as 0 - this was the case in several of our
participants, especially for no-shock learning. One reason for such scenario is a case
where the participant does not receive a shock on several subsequent trials and
increases their probability of shock on the next trial reasoning that every no-shock
increases the chance of shock. In fact, this was reported by several participants in
post-experiment interviews. This bias can be introduced to the RW model as a sort of
“hazard rate”.

The comparison of model-free and model-based learning rates found partial
correspondence between the two. The comparison also identified strengths and
weaknesses of the two methods. While model-based learning rates are less
susceptible to noise such as imperfection in reporting, model-free learning rates
provide a direct measure of participants’ trial-by-trial behaviour that contains learning
itself as well as additional factors, such as attention, memory and other biases which

need to be considered during the analysis.
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Appendix I

Average pupil response

Grand averages for pupil response are presented in Appendix IV. Pupil
dilation following the presentation of the cue was not modulated by the drug
group in any of the three cues. At the time of response (rating submission), the
losartan group had a stronger initial pupil response, F(1,37) = 5.652, p<.05.
This was identified by a significant interaction between group and time bin past
response. Applying Bonferroni correction to a set of post-hoc tests, this
interaction effect remained significant in the safe, F(1,37)=6.399, p<.0167, and
harmful, F(1,37)=9.317, p<.01, cues, but not in the reversal cue, F(1,37) =
3.852, n.s.

Outcome type (shock / shock omission) was added as a within-subject
factor to the analysis of outcome-locked pupil response. There was no main

effect or interaction of the group in any of the three cues.

Supplementary Table 2: Pupil response to onset of harmful (green), safe (red)

and reversal (blue) cues
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Supplementary Table 3: Pupil response to rating submission for (green), safe
(red) and reversal (blue) cues

Pupil Area (z-scored)
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Supplementary Table 4: Pupil response to outcome
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