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Abstract

Relatively little is known about the mechanism underlyimgjor depressive disorder (MDD
necessitatinghe exploration of novel investigative frameworks. In recent years reward processing
has emerged as a promising theoretical framework for investigating depressive symptoms. In
parallel, computational modelling has emerged as a promising sisdhamework for leveraging the
richness ofall manner ofpsychiatric dataln this thesis | will use a reward processing framework

and computational modelling to investigate a number of areas that are relevaviDiD.

My findingsare from 2 studies. h the firststudy, | applyreinforcement learningnodelsto

behavioural and neuroimaging (functional magnetic resonance imaging; fMRI) data to investigate the
effect of Pramipexolea promising antidepressant, on behaviaband neural reward learning. The
results of this study are reported in chapters 2 and 3. In chapter 2, | report on the behavioural
findings from this studyPramipexolespecifically increaseshoice accuracy in the reward condition

of a probabilistic insumental learning taskwith no effect in the loss conditioBehavioural

modelling (alone) does not clearly arbitrate between potential underlying mechanisms. In Chapter 3,
| report on the neuroimaging findings from this stueyamipexolelecreaseshe BOLD response to
reward prediction errors in the ventromedial prefron@drtex. Combined with the behavioural
modelling, this findingndicates thatPramipexoleenhances choice accuracy by reducing the decay of

estimated values during reward learning.

Inthe second study, | investigate the mechanisms underlying affective instability, an emerging area

2F AYGSNBaid Ay RSLINBaarazy NBaSFNOKe® L NBO2NR LI N
fSENYyAY3 GF&1Z YR WA ynghibthotl (ESMIReSeRultsind this/stidy &re LIS NA Sy
reported in chapters 4and by OKI LJGSNJ n L &SLI NI GSte& OKIKNI OGSNR
world affective profiledy applying a Bayesian filter to each dataset to calculate the parameter

values hatunderlieparticipay 6 8 Q YSIy ' F¥FS0Gsz GKS SEGSYyid G2 6KAOQO
mean and the extent to which this mean changes over time. | then congaaemeters from the

two datasetsand find that participy” (1A RF SOG A @S 4UINRA T R théidffedide Pridfics v

WAY NBFf tAFTSQd LYy /KFLIGSNI pE L SELX2NB + fAy]l o
in chapters 2/3 and the topic of chapter &fective instability. Specifically, | test a previously

proposed malel that links reinforcement learning and affective instabilitynd that the models

able to replicate participanteported (withintask) affectwithout fitting to participant affect.

In sum, this thesis reports on a number of analyses that utilizgpotational modelling and a
reward processing framewoth link different types of data. If applied to clinical datasets, this

approach may help to unpick the mechanisms underlying depressionatrdatment.
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Chapter 1: Thesis introduction

Summary of thsis introduction: In this thesis | will use a reward processing framework and
computational modelling to investigate a number of areas that are relevant to major depressive
disorder (MDD). The practical utility of the thesis rests on there actually Ibeivard processing
differences between MDPparticipantsand HC (healthy controls). Therefore, the main topic
addressed in the thesis introduction is whether there is compelling evidence for behavioural reward
processing differences between Mparticipantsvs HC. This section (1.3) is based on a systematic
review and metaanalysis that | published, wittolleaguegHalahakoon tal., 2020) Following this]

will briefly outline other topics that frame the rest of the thesiemely,the neural basis of reward
processing, the use of comgational modelling in psychiatrgnd the computational literature on

reward processing idepressionl will then outline the bakground and motivation foeach ofthe

four data chaptes that follow.

1.1 Why study reward processing in depression?

Depression is the leading cause of morbidity and mortality worldkdeari et al., 2013)
Current therapeutic agents for depression are useful but limf@asacalenda et al., 2002015%
of depressed individuals do not respond, and7% only partially respond to multiple
pharmacological and psychological interventind Qw S NR2y | Yy R . ThYimgrésididRl Y= wmd
of mental health nosology likely hinders the advancement ofinamistic research (and therefore
the development of new treatments). The national institute of mental health is moving from
studying categorical to dimensional constructs; the latter are symptom spectra with associated brain
dysfunction(Cuthbert, 2014p WYwS g NR LINPOSadaAy3aQ> ¢ KucCuiteeh & NBT |
al., 2004) has garnered increasing interest as a means of linking the two in depréSsiaaway
and Zald, 2011)A reward processing framework ispecially useful for understanding symptoms
related to motivation, such as reduced interest and actigitysain and Roiser, 2018hese
symptoms warrant better understanding as they are associated with poor psychosocial functioning
(Vinckier et al., 2017poorer prognosis at one yeéBpijker et al., 201), higher risk of suicidgHall
et al., 1999nnd poor response to medicatiqiher et al., 2012)



Behavioural components

1.2 What is Reward Processing?

Reward processing describes how an organism uses reinfergaielated perceptions to guide
goakdirected behaviourgSmith and Delgado, 201&hd can be dided into a number of
subcomponents. According to one conceptualisatidnsain and Roiser, 2018¢ward processing
proceeds according to the following sequence of cognitive operatin®ption generationThe
generation of potentiall rewarding behavioural optiong) Decision makingOptions are subjected

to a costbenefit evaluation, which balances the utility of potential rewards against associated costs,
resulting in the selection of one of the optior®); Anticipation: An anticipatory or preparatory phase
associated with physiological arousal before the reward is obtaihedction and effort:

Engagement in action in order to obtain the reward géjlConsummationThe hedonic impact
arising from interacting with theeward goal (or alternatively, the frustration of an omitted
outcome);6) Reward Learning-earning how to modify behaviour in future interactions with similar

stimuli, using an update signal.

(_ Learning from outcomes \

Option generation Cost-benefit decision ;\ntlmpapry phase. Imtla'tlr_lg action and Interagtmg with
reparation for action sustaining effort behavioural goal
Self-generated or — Valuation of options ~ —> Motivational arousal —> Appetitive/approach —> Consummatory phase of
environmentally cued according to reward, phase of behaviour behaviour
effort, time and risk Invigoration of action Hedonic impact

Option selection
Figure 1 Mechanisms underlyingeward-based decision makingReproduced from Husain and
Roiser(Husain and Roiser, 2018)his flow diagram outlines the stages@ivard processing

described above.

1.3 Reward processing in depression

A number of studies have examinedhawioural and neural rewarglnishment processing in
RSLINBaaAz2yod Ly (KAA aSOGA2y L SELX 2NB G(KS |jdsSada
MDDparticipantst YR | / KQ ¢KS YIAyadre 2F Y& fA0SWmMbddzNE NI
Are there reward processinBA FFSNBEyYy O0Sa 0Si6SSYy RSLINBaZASR AYRAJA
Some of the constraints | have placed on the scope of the review warrant explanation: 1) | have

opted to focus on behavioural reward processing as behavioural findings generally provide more

definitive answers to this question thareuaral findings (especially neural differendeand in the

absence of behavioural findings)navehowever reviewed studies afeuralreward processing in

MDDthat are relevant to this thesis section 1.& BNRI R T . R)Y liaGNdStactedthe



review to nonsocial reward. | have done this because the ddtapters in this thesis focus non

social reward and though there are many overlaps between social andowal rewareprocessing,

there are alsamportant differences(Ruff and Fehr, 2014Reviewing both literatures risks not

covering either in sufficient detail. 3) | have reviewed response to reward, but not also punishment.

This is an important omission given tingportance of punishment sensitivity to prominent cognitive

models of depressio(Elliott et al., 1997b)However, response to punishment is sufficiently different

to response to reward, and sufficiently ewith the focus of this thesis that | felt it reasonable to

omit. 4) | havéfor the most pat) restrictedmy review to studies in whiotases qualify as clinical

a55% | OO2NRAyYy3 G2 5{a 2NIL/5 ONRGSNARLI o6Fa 2LII2aS
could alternatively have taken a more inclusive, (even edisgnostic) approach and pbored

reward processing and its relatiship to depressive symptoms in genesailclinical populations, or

even across categorical diagnoses. Arguably my approach is not in keeping with the ultimate goal of
dimensional research (to move away from categakidiagnoses) and risks circularity. However, |

believe that restricting my focus to a population that matches our current best understanding of the
disease construct is a useful and (importantly) manageable first step in what will likely be an iterative
process that (hopefully) moves us from a categorical to dimensional understanding of depressive
symptoms. All this said, where there is a dearth of studies involving clinical MDé2¢tions 1.8

Yegions of intere® |y RWHdtders computationahodelling tell us about depressidd® L K| @S

strayed ouside of this boundary to include studiesen§. low vs high depressive symptoms.

1.4 Are there reward processing differences between depressed individuals and healthy controls?

Past studies of beh#&wral reward processing in depression fall into 4 categodptpn valuation
reward biasreward response vigoandreward learning | summarise my findings in each category

before reporting on my overall findings regardireyvard processing idepression.

Option Valuation:Part of subcomponent 2 fromection 1.2- 6 2 S 6 WRS OQ@pliogh2y YI 1Ay 3
valuationdescribes the process by which individuals evaluate rewaliated options when given

explicit information about possible options (e.g. reward O2 ad | yR LINRPOlI oAt AGR 0O

is assumed to reflect the weights that they place on potential rewards and costs (costs may include a
potential loss of points/money, or the effort needed to obtain the rewgidyisain and Reer, 2018)

Option valuatiorcan be measured using gambling tasks, for example the Cambridge gambling task
(CGT)Clark et al., 2011)n this task, HC generally modulate their-betes lased on reward

probabilities more than MDPparticipants (Clark et al., 2011; Murphy et al., 20@hough not always

(Dombrovski et al., 2012Pther gambling tasks similarly show that depressedsiduals show more



risk aversion than control@aek et al., 2017; Charpentier et al., 2017; Chung et al., 20hg&)can
alternatively investigat®ption valuationby measuring the amount of effort a persehooses to
attempt (as opposed to the effort eventuallykan) in order to obtain reward. The effort

expenditure for reward taskTreadway et al., 200%lows us to measures this and generally
indicates that MDIparticipantsdecide to increase effort for increased reward less often than do HC.
Effect sizes range from sm@¥lang et al., 20149 medium(Subramaniapillai et al., 2019; Zou et al.,
2020)to large(Treadway et al., 2012)hough a couple oftadies show no effecfWang et al., 2022;
Yang et al., 2021pPverall, depressed individuals appear to have small, boifisiant differenceso

HCin option valuation such that they are less likely to choose to endure costs to obtain reward
(Hdahakoon et al., 2020)

Reward BiasAlso thought to reflect subcomponent 2 fropection 1.2 6 2 S 0 WRSOA&AA2Yy Yl
Reward biass measured while individuals make difficult decisions (most often perceptual) that are

rewarded asymmetrically, distingghing this process fromption valuation Information relating to

potential rewards, losses and probabilities is typically not provided explicitly. The reward bias

YSIF &dzZNB>X RSNAGSR FTNRY aAidylf RSGSOGA2nyoredl KS2NE S N
frequently rewarded stimuli, regardless of perceptual accuf@iyzagalli et al., 2008tBtudies

generally show moderatéHenriques and Davidson, 2000; Vrieze et al., 26dB)gh(Lawlor et al.,

2019; Pizzagalli et al., 20084#fject sizes,hough a couple of studies shaw effect(Liu et al., 2011;

Reilly et al., 2020)0verall, depressed individuals appear to have moderate, significant differences in

reward biago HCsuch that their behaviour is less influenced by rewgidlahakoon et al., 2020)

Reward Response Vigourart of subcormonent 2above (action and effortReward response
vigour(RRYV) reflects the speed with which an individual executes an action in order to obtain a
reward. The difference between this ang@tion valuationis that RRV relates to the actuadtion

taken na simply the choice to take it. RRV has been assessed overwhelmingly by the monetary
incentive delay task (MIOKnutson et al., 2000Here, RRV can be assessed by comparing the
difference between reaction times in rewarded and Aewarded conditions. RRV has also once
been assesgk in a similar manner, using the cued reinforcement reaction time task (CREtEEE

et al., 2010b)Overall, the MIAdmon et al., 2017; Arrondo et al., 2015; @Gal., 2016; DelDonno
et al., 2019b, 2019a, 2015; He et al., 2019; Pizzagalli et al., 2009; Sankar et al., 2019; Smoski et al.,
2011; Takamura et al., 2017; Xie et al., 2 CRRT(Chase et al., 20108uggest that MDD
participantsdo not have differences in RRYHC(Halahakoon et al., 2020hough some individual
studies do show that MDparticipantshave lower RRV than HCarl et al., 2016; DelDonno et al.,
2019a; Pizzagalli et al., 2009; Sankar et al., 2019; Smoski et al., 2011; Takamu2@&T aKie et al.,
2014) Adjacent to RRV, some tasks require participtmesxpend (physical or mental) effort for

9



reward. Grip force tasks can measure the former and show mixed réQathomas et al., 2021;
CléryMelin et al., 2011)while one study showed a large (negative) effect of MDD on the willingness
to exert physical effor(CléryMelin et al., 2011)he other showed no effegtCathomas et al., 2021)
MDD also appeatto have a moderate (negative) effect on the willingnessxerecognitive effort

(Ang et al., 2022, p.)

Reward LearningSubcomponent (6from above reward learninglescribes the process by which an
individual uses feedback to change their behaviour over time, which is assumed to reflect the
updating of valueexpectations assigned to available behavigiitgasain and Roiser, 2018)his can

be testedby a range of tasks. The most common is the lowa gambling task (IGT). In this task,
participants choose cards from four different decks, each with a different reward schedule. Some
decks are advantageous while others are disadvantageous and learning eaproximated by
subtracting disadvantageous from advantageous deck choices. Effect sizes tend to be small

6! t SE2LRdzA 24 Si FtdS wnanmpT /SttF SG FftdX wamnT |
al., 2020; Saperiet al., 2019; Siqueira et al., 2020ne study yielded a mediufGu et al., 2020)

and another a high effect siZ¥ust et al., 2006)Paradoxically, a colgof studies have reported
better reward learning by MDParticipantsthan HQDeisemammer et al., 2018; McGovern et al.,
2014) Reward learning is also probed by various probabilistic learning tasks, in which participants
choose between two stimuli with different reward contingencies and attempt to maximise earnings
over time. Thestasks yield a range of effect sizes, from negligiblezfouli et al., 2019; Moutoussis
et al., 2018; Walsh et al., 201®) small(Kumar et al., 2018; Liu et al., 2017; Reinen et al., 2021;
Thoma et al., 2018p medium(Hall et al., 2014; Nord et al., 2018)large(Gradin et al., 2011;
Herzallah et al., 2013yith one showing better learningy MDD participantsthan HQRothkirch et

al., 2017) Overall, depressed individuals appear to have small but significant differentk3n

reward learning such that they tend to make less advantageous des{$or the purpose of reward

accumulationjn aggegate than H@Halahakoon et al., 2020)

1.5Behavioural Reward Prassing in Depression: Summary

To summarisepatients withMDD appear to have small differenceslativeto HG, in option
valuationandreward learningmoderate differences ineward biasand no significant differences in
reward response vigoHalahakoon et al., 2020pverall, MDDparticipantsappearto have small
medium but significant differencde HG in reward processingHalahakoon et al., 2020%me
limitations of this revéw merit comment: | have groupesbmetimes dissnilar measures in the same

category For example, option valuation contains studies that probe the effect of reward on the

10



willingness to exert effort (in 3 cases) and to take risks (in 6 casddifionally, it is not obvious

what portion of the observedifferences are due to medication effects. In the aforementioned
meta-analysigHalahakoon et al., 20203olleagues ani RA GARSR RSLINB&aaSR al YL
2 NJ hgdicgtedsamples and conducted a moderation analysis to test whether observed group
differences were due to medication. We found that medication status explained none of the

variance eitheroverallad A G KAy | y& NBgFNR LINRPOS&daaAy3a &dz Ol G4S3;
samples were often not entirely medicated, used a variety of medications (even ssitidy) and at

different doses, making this result difficult to interpré&inally studies reviewed abee had an

average sample size of N=33/group. Given sumratiect sizes in the aforementioned meta

analysis, studies would require a (considerably larger) sample size of N=136/group to achieve a
power=0.8 at a significance=5% (ttailed) (Halahakoon et al., 2028uggesting that the vast

majority of reviewedstudies are undepowered.

1.6 The neural basis rewargrocessing

The field of neural reward processing is vast and a comprehensive account is beyond the scope of
this thesis introduction. Instead | briefly outline the neural architecture of, and role of dopamine in
reward processing (section 3.7 then desribe in greater detail three important reward processing
regions (used aegions of interest in chapter)3referring both to anatomical and functional
differences in MDD and to the effects Bfamipexolgthe drug examined in chapters 2 agglin

theseregions (section 1)3

1.7 The reward circuit in brief

The circuit:The ventral tegmental area (VTA) and substanita nigra (SN) collectively contain the cell
bodies of three large groups of dopamine secreting ¢¥isnamoto and Vernier, 201 3yhich

project primarily to the caudate, putamen and frontal cor{gdaber and Knutson, 2010)he frontal
cortex, also outputs long randaor-dopaminergicprojections to the caudate and putamen, which

in turn project to the substantia nigra pars reticulate (SNpr) and the globus pallidugH{&#y and
Knutson, 2010)The SNpr and GP then project to the thalamus which, ingrojects back to the

frontal cortex, primarily the motor cortexHaber and Knutson, 201@)rming a feedback loop. The
striatonigral (direct) pathway, is rich in excitatory-like receptors and is thought to reinforce

actions. The striatoghdal (indirect) pathway is rich in inhibitory BiRe receptorgMissale et al.,

1998)and is thought to suppress actio(isrank and Claus, 199@)he SNpr and GP also project back

11



to the VTA and SN bulbs, forming a second feedback(ldaper and Knutson, 2010)his comprises
the reward circuit, which integrates bottom up influences from the midbrain wggirdown

influences from the cortex, to guide rewardlated action.

The reward prediction errorOne of the signals transmitted byeke three dopaminergid/TA/SN

Yo dzslnénf as thedeward prediction erroffRPHSchultz et al., 199, Avhich reports the

difference between expected and received reward. Dopaminergic RPE activity is most accurately
Y2RSff SR o0& | OflFaa 2F NBAYTFT2NOSYSyd fSFENyaAy3
algorithms(Glimcher, 2011)In this class, the RPE signal reportsabietinuousupdating of

discounted future reward expectation, as opposed to the difference between expectation and
outcome at the specific point of reward (ndjdelivery. This signal lies at the center of reward

processing in the brain.

Learning from the rewargrediction error: Cooccurring pre and post synaptic activity promotes
long term potentiation (LTP) in the presence, and long term depression (LTD) in the absence, of
dopamine(Wickens and Kétter, 1995Neurons that produce movement remain active for a period
of time after the production of the movemetiLau and Glimcher, 200&hd the subsequent
presence or absence of dopamine (resulting from a positive or negative RPE wssectively LTP
or LTD in the neuronal pathway that resulted in theRFPEGlimcher, 2011)0One prominent theory

of basal ganglia functiofFrank and Claus, 199@joposes that this process of reinforcement occurs
via two parallel and complementary pathways: phasic dopamine RPE signals stimuli&e D1
receptors, which excites the direct pathway and reinforces the operations that precededd.
Simultaneously they stimulate Bie receptors, which inhilté the indirect pathwaynd again,
effectively reinforces the preceding action (by electrochemically inhibiting this behaviorally
inhibitory pathway)Frank and Claus, 1996) onicdopaminedips do the opposite, facilitating Ago
learning(Frank and Claus, 1996)

1.8 Regions of Interest

In this section will describe three key neural regions involved in reward processing and summarise
the role these regions are believed to plahese three regions atB the orbitofrontal cortex2) the
medial prefrontal cortex an8) the ventral striatum. These threegions serve as ROIs in chapter 3,

in which I investigate the effects Bramipexolea novel antdepressant, on neural reward

processing.

12
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Theorbitofrontal cortex (OFCjeceives inputs from a wide array of brain regions including parts of
the sensory ortex involved in reward consumptidiiliott et al., 2000) The OFC is thought to
LINPOSaa AYF2NNIGA2Y | 02dzi I RAGSNES NIy3aS 27
FNBX Ayid2 I O2 YROB ¢t aly20Eynd maRtaidreviadzEuzome expectations in
working/representational memorySchoenbaum and Roesch, 2003j)ojections from the OFC

provide one of the main inputs to the ventral striatyidaber ad Knutson, 201Q)exerting a top

down effect on response selectighrank and Claus, 199Ghe OFC in MDIDFC dysfunction is
implicated in MDOO4Rolls, 2021; Rolls et al., 202MDDparticipantsappear to have lower OFC

activity than HC during reward anticipatig@moski et al., 201Bndhigher OFC activity during

reward feedba&k (Ng et al., 2019)There is also evidence of grey matter volume reduction in the OFC

in MDD(Koolschijn et al., 2009; Lorenzetti et al., 200%e OFC anBramipexole Rewardoutcome

>

ada

related OFC activity is increasedRramipexolén individuals witht | NJ Ay a2y Qa RA &SI &aST

is associated with greater (within task) risk takfagn Eimeren et al., 2009n a group with (bipolar)
depression, lower préreatment metabolic activity in the OFC predicted better symptom response
to subsequenPramipexoldreatment, which in turn lowered metabolic activity within the OfMGh

et al., 2011a)

The receipt of Rewards increases activityhieentromedial prefrontal corteyymPF({; a region
that overlaps considerably with the OR@aber and Knutson, 2010)ithin the vmPFC, thmedial
prefrontal cortex (mPFC)which is distinct from the OFC), appears to respond to abstract (vs
sensory) gairfKim et al., 2006; Knutson aL, 2003; Kuhnen and Knutson, 2005)ect
electrophysiological recording during risky decision making (the IGT) demonstrates that mPFC
neuronal activity correlates with positive RRBya et al., 2005)ikewiseblood-oxygenlevel
dependant(BOLD) recordings suggest that mPFC activity fulfills the necessary and sufficient
conditions of RPE signali(lRutledge et al., 201@nd optogenetic evidence demonstrates that
elevated mPFC activity inhibits rewanelated behaviou(Ferenczi et al., 2016§he mPFC in MDD:
mPFC activity during reward receipt is altered in MRButson et al., 2008; Kumar et al., 2045y
the magnitude of mPFC thinning is comnsurate with the number dfIDD episodesn individual
has experiencedTreadway et al., 2015yhe mPFC anBramipexole Pramipexoleeduces
metabolic activity in Brodmann area 10p (which overlaps with the mPFC) in (bipolar) depression
(Mah et al., 2011aandincreases rostral mMPFC activity durprgbablisticreward feedbackSantesso
et al., 2009)

Theventral striatum (V$ comprises loosely, the nucleus accumbens, olfactory tubercle and those
regions of the caudate ahputamen that lie rostral to the internal capsyldaber and Knutson,

2010)and sits at the heart of neural reward processing. The VS receives input from all major
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components of the reward circuit (the midbrain dopaminergic bulbs/frontal
cortex/thalamus/hippocampus/amygdala) and projects to an equally diverse array of regions
(midbrain/pons/pallidum/hypothalamugeriaqueductal gray/amygdala/nucleus basi{idpber and
Knutson, 2010)The VS is reliably activated by reward, as gppido arousal, and irrespective of
reward-type (Blood and Zatorre, 2001; Elliott et al., 1997a; Ma8isich et al., 2001; Small et al.,
2003) VSactivity convincingly reflects the magnitude and valence of RRESIure et al., 2003;
Pessiglione et al., 2006)he VS in MDDA number of studies show that MD#articipantshave

lower ventral striatal activity than HC during reward anticipation across a range of paradigms
(Arrondo et al., 2015; Hagele et al., 2015; Stoy et al., 2@4Brge number of studies show the same
for reward receiptAdmon et al., 2015; Foti et al., 2014, Hall et al., 2014; Johnston et al., 2015;
Knutson et al., 2008; Redlich et al., 2015; Remijnse et al., 2009; Robinson et al., 2012; Satterthwaite
et al., 2015; Smoski et al., 2009; Steele et al., 200ree metaanalyses report reduced VS during
reward feedback in MDParticipantsvs HGKeren et al., 2018; Ng et al., 2019; Zhang et al., 2013)
The VS anéramipexde: Pramipexoléncreases VS activity during reward anticipationl a

modulates prefrontaktriatal and insula-striatal connectivity(Ye et al., 2011High baseline VS RPE

signalingpredicts greater clinical response ®ramipexolén MDDpatrticipants(Whitton et al., 202Q)

1.9 Computational Modelling in Depression

Each data chapter in this thesis makes use of computational modelling.duilise the potential
use of theorydriven computational models before highlighting some of the limitations (or padént
misuses) of these modedd then finally summarising the behavioural qmtational literature on
MDD,

Why use computational modeithg in psychiatric research?

Computational psychiatry encompasses a vast array ofdiatan and theornydriven methods. In

three of four data chapters, | use a popular class of computational model (reinforcement learning
(RL)) to model participant behawvioand (in one case) the BOLD signal. In the remaining data
OKFLIISNE L dzaS || NBOdZNBEAGS . F&SaAialy FAE{GSNI G2
profile. Below, | briefly outline the case for using (thedriven) computational modelgarticularly

RL. I will describe specific models in the relevant data chapters.

As is apparent from the summary of the reward processing literature above, reward

processing differences in depression are usually captured using group differences in observed
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behaviour. However, behavioural differences can potentially result from a disparate range of latent
processes that are difficult, if not impossible, to disentangle using descriptive models of behaviour
alone. (Generative) computational models are formgdtheses about these cognitive processes,
implemented as algorithms that (often) contain free parameters. Models are tested against each
other by assessing the accuracy and parsimony with which they reproduce participant beloaviour
physiology Participat-group differences are then typically assessed by comparing parameter values

within the winning model. This approach is useful in two main ways:

1) Computational modelling ideally facilitates relatively precise investigation of underlying
cognitive processs by a) allowing the formation and testing of complex hypotheses and
b) replacing broad concepts with narrower (hopefully more tractable) ones. For example,
AyaiaStrR Z2RIVIHY K NI ANSE gTINR | S Ka MCA 3 R&BQ> &
precisely as the magnitude of a reward sensitivity parameter that determines aspects of

learning and, downstream of this, behavid@hen et al., 2015)

2) Computationdmodelling facilitates precise and biophysically plaudibles between
behaviour and neural activity (as reflected in e.g. the BOiaB. RL models in
particularcf 23St & Y2RSf R2LJI YAYSNHAO OGAGAGRE Ay
architecture(Schultz et al., 199. Specifically, coordinated dopaminergic signals that
originate in the ventral tegmental area reflect the RL belief update sigmaRPEMore
generally, computational models facilitate links between different levels of description of

brain function(Marr, 2010)

Overinterpretation and overgeneralization of computational modelling in psychiatric research

The power of computational modelling is easily overstatesiptomise of precision tempts over
generalisation and oventerpretation. Generalisability, in this context, is the idea that

computational parameter values are specific to the person but independent of the task. This
assumption demonstrably does not alyghold(Eckstein et al., 2021pverinterpretation in this

context is the assumption that pameters represent specific cognitive/neural procesdeskstein et

al., 2021) There are cases in which this assumption is true (or true enough): the very study of RL in
the brain was birthed by the remarkable confluence between VTA dopaminergic activity and the TD

update signa(Schultz et al., 1997But again, such strong assumptions do not always (kdstein
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et al., 2021) While one parameter can map to several mechanisms (in different contexts), several
parameters can also map to the same mechanism. Huys ajlaidtited the case of two very
commonly used parameters which are sometimes interpreted as signifying quite different

phenomena, but are mathematically identig¢bluys et al., 2013)In the reward learning literature,

NBEgl NRak2dziO2YySa FNBE a2YSiAySa aoFrfSR o0& I WNBgl

0 0 | r8&Y 0

Where the expected valué of stimulusi is updated by the rewardutcome'Y at each trialb. The
influence ofYon 0 is determined by the learning rate parameti(i.e. the rate at which new
information updates ones beliefs) and the reward sensitivity paranietevhich is often taken to
reflect the subjective value of an objective unit of reward has been linked to e.g. opioid

signalling in the shell of the nucleus accumbg@Pecifia and Berridge, 2005)

In the choice layer, the probability of choosingmiiusi is determined by the value of that stimulus

and of all other stimuli. In the case of aa@n bandit this can be written as:

p
p Qon

C

Where0 s the probability of choosing stimuliisat trial dwhich is determined by the)(-values

of stimulii andiak & ¢Sttt | a GKS WAY @8 Nhi&h isbfelthiSrNg réfldeNS Q
choicedeterminism vs stochasticity or the tendency to explore vs exploit, and has been linked with
e.g. noradenergic neuromodulatiofAstonJonesand Cohen, 2005Howeverd ~ r so that

changes if andr produce identical changes in behaviour. This means that identical betgesmp
behavioural disparities can potentially be framed as arising from quite different underlying causes
depending on how behaviour is modelled ahé resultsinterpreted. In chaper 3, | will explore the

use of the BOLD signal in arbitrating between parameters (inclidargl ) that produce similar,

sometimes indistinguishable, behavioural results.

1.10 What does computational modelling tell siabout depression?

The computatiaal literature on depression does not clearly divide into conceptual categories like
the reward processing literature in section 1.4. | have therefore instead categorised it Bypask
Those that require participants tb) learn stable contingencie) respond to varying contingencies,
3) balance approach \avoidance4) make riskbased decisions ars) make timed rewarerelated

responses.
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Learning stable contingenciefn the depression literature, computational modelling is most

commonly applied to probabilistic instrumental learning tasks (PILTs). In this type of paradigm,

behaviour is modelled using-®arning model¢Chase et al., 2010a; Kumar et al., 2018; Liu et al.,

2017)in all but one study, which uses a temporal difference (SARSA) fitadelin et al., 2011No

studies bund parameter differences between MQMarticipantsand HGChase et al., 2010a; Gradin

et al., 2011Kumar et al., 2018; Liu et al., 2010stensibly this suggests that there are no

differences between MDparticipantsand HC in learning stable contingencies. However, in these

tasks, asymptotic choice accuracy is largely equivalent to reward séapgitivdecisions

determinacyi(). A couple of (norwomputational) studies do show that MOfarticipantshave lower

asymptotic choice accuracy than HC in P(KUghar et al., 2018; Walsh et al., 2018)this sense,

there is some evidence of reduced reward sensitivity/decision determinacy in MEdwise, in a

signal detection tds MDDparticipantswere found to have lower reward sensitivity than H{iys

etal.,2013p ¢ KS alyYS Gl &l | O02dzyGa IubdddtianiaSectioh 1242 NR (& 2
Fo2@3S®d® |1 SNB>X (KS WNBalLRyaS oAlaQ 6APSd (GKS LINE LIS
regardless of which stimulus is actually presented) describes the behaviour produced by high reward
sensitivitydecision determinacy L ¥ ¢S | aadzyS G KI G bartibighdts WNB & LR y & ¢
eguates to loweward sensitivitydecision determinacythere isconsiderable evidence for low

reward sensitivitjdecision determinacyn MDD(Henriques and Davidson, 2000; Lawlor et al., 2019;
McGovern et al., 2014, Pizzagalli et al., 2008b; Vrieze et al.,.2013)

Responding to varying contingenciefwo studies used reversal learning paradigms in MDD

(Dombrovski et al., 2010; Mukherjee et al., 20ZD)e found that MDparticipantshad lower

reward and punishment learning rates, lower value sensitivity and a higher bias term in the

punishment condition, than HQMukherjee et al., 2020y he other divided MDIparticipantsinto

suicide attempters, ideatorsandngnRS I G2 NA® a55 &adzA OARS | G GSYLI SNA
parameter than controls i.e. suicided G S Y LJi SNA Q orSifflie@ckdbyziidend fecilbadk 2

relative to their reinforcement historfDombrovski et al., 2010F0 both reversal leaimg paradigms

yield positive but differentesults. One study examined how depsed and anxious individuals

modulate their rate of learning in response the frequency with which stimaltisome

contingencies change@agne et al., 2020This study used a volatility paradigm (where reward
contingencies are sometimes stable and sometimes unstable) with reward and punishment, as well
asshockandnd K2 01 O2yRAGA2Yyad LYRAODARdzbyldépregsadiad | KA I K
anxious individuals had impaired learning rate modulation in response to volatility, regardless of

condition.
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Approachavoidance:One study used an approaelvoidance paradigm with and without threat of

shock. Here cases were heterogenspcomprisingparticipants withMDD or generalised anxiety

disorder + co-morbid anxiety disorders. Cases had a higher avoidance bias parameters (that is, a

greater tendency to inhibit action upon encountering punishing stimuli regardless of the optimal

response to those stimuli) andBNB | § SNJ A Y ONB | 4 S Ay -G0KKNESE (LD NiI-2Y SHIGKNL
condition, than H@Mkrtchian et al., 2017)Speculatively his findingis consistent witrthe

diathesisstress model of depression

Riskbased decisiormaking:Other frameworks that have sometimes been used are 1) prospect
theory models and 2) drift diffusion models. Two studies that used a prospect theory framework
found nodifferences in gambling behaviour between Mp&rticipantsand HQCharpentier et al.,
2017; Chung et al., 201 ®lowever, dividing MDPparticipantsinto suicide attempters and nen
attempters, aseparate study found that, while nesittempters were not different from controls on

any parameter measure, attempters had higher loss aversion as well as risk aversion, in both gain
and loss conditions, than both neattempters and control¢Baek et al., 2017 his is surprising as
other (noncomputational) studies suggest increased risk taking in suictdenpters(Ackerman et

al., 2015, p.; Adams et al., 19%@hich is more intuitive.

Timed rewardrelated responsesA drift diffusion model was used to model MPBrtiO A LJ-agdi a Q
HQG @sponses in a flanker task. MpArticipantshad slower drift rates oboth a reflexive

mechanism that allowed flankers to bias responses, and of executive control, which overrode the
reflexive mechanism to allow correct responses owimgruent trials(Dillon et al., 2015MDD is
known to be associated with executive dysfuncti®ock et al., 2014nd so the latter finding fits

with the extant literature. Itg difficult to know how to interpret the finding of slower reflexive drift
rate. The authors suggest low tonic dopamine as a potential explanation fothmformer and

latter findings. 8aying beyond current clinical MDD, one study applied drift diffasnodelling to
those with current or past MDBNd found that they had a lowelrift rate than HC in a signal
detection task(VVallesi et al., 2015t would be interestindo investigatewhether this result was
driven byonly those with current MDD or whether the remitted group also had slow drift rates, as

the latter and former would respectively suggest that slow drift rates are trait/state related.

Summary:Computational findigs on MDLCare few, diverse and sometimes contradictory. A recent
meta-analysis attempte@Pike and Robinson, 202®) summarise at least part of the literatewr Their
AYAGALF T @O0 xghaBiysudoesigintients had lower inverse temperatures than HC.
Theh NJ & dzo & S|j dzS y (i -andigisifatddithatipatients Bad Mrel punishment learning

rates (and slightly lower reward learning rates) than HC, with no meaningful difeeienicverse
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temperature. KA & | LILINBF OK NR &1 & O pafamétérditfancalidignfyy A y I £ £ &

different things indifferent taskcontexts That is to say, it risks overgeneralisation as outlined by
Eckstein et alEckstein et al., 2021¢Computational modellingurrently tells us little about
depressionHowever, modelling can infortframe our interpretation of morewidely replicated
findings. The main takeaway from the above collection of results is that low reward
sensitivity/decision determinacy probably accounts for low asymptotic choice accuradylia &hd
low response bias in the signal detection task referenced aliba¢ MDDparticipantsappear to
achieve. As MDPparticipantsappearto have consistent, significant and substarnyi&dw response
biasesin signal detection task$lalahakoon et al., 2020this suggests that they probably have low

reward sensitivity/decision determinacy.

1.11The Effect oPramipexoleon behavioural and neural reward processing (Introduction to
Chapters 2 and 3)

Though the majority of antidepressants primarily target serotonin, others aim to remediate aberrant
dopaminergic signaling, which is thought to be an important conem of depressive
pathophysiologyBelujon and Grace, 201 T)opaminergic agents dwt appear any more

efficacious than serotonergic onéSinyor et al., 2010However, the dopaminergic system can be
targeted in a variety of ways. For example, monoamine oxidase inhibitors reduce the breakdown of
monoamines (including dopamine but also neurotransmitters such as serotondin@adrenaline)
(Baker et al., 1992¥hile Bupropion prevents the reuptake of dopamine (as well as noradrenaline,
serotonin andother neurotransmitters) from the synapg€osta et al., 2019nd Quetiapine blocks
D2-like receptorgRichelson and Souder, 2000he antiparkinsonian drug Pramipexadhas

garnered recent attention as@otential treatment for treatment resistant depressigAu-Yeung et

al., 2022) Pramipexoleagonises Da3ike, primarily D3, receptor&Gerlach et al., 2003; Piercey, 1998)
D3 receptors are found in the ventral (but not dorsal) striatfishall et al., 1996)which is thought to

be central to the processing of rewards and implicated in the pathophysialbdepressiorjHoflich

et al., 2019)Clinical evidence suggestsherapeutic effect oPramipexoleon depressive symptoms
Ay t I NJ A Y @enkeei al. RA0EYSichaisSharacterized by degeneration of dopaminergic
neurons)(Kouli et al., 2018)Evidence for the efficacy Bramipexolén major depression is mixed

and summarized in a systematic revi€liundo et al., 2019)lo briefly summarize the clinical

evidence:

A randomized controllettial found that 1.3mg/day oPramipexolémproves symptom measures in

treatment resistant depression, but doest produce a clinical responswer placebdCusin et al.,
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2013) In another studyMDDpatrticipantsthat had not responded to one antidepressant were

randomised to receive escitalopram with or withdetamipexoled @ H p(Frané&Chaves et al.,

2013)and found no group differences. This study only had 13 participants in each group and only 4

of the #Pramipexolegroup completed the study. Another study found that different doses of

Pramipexoler 2 y 2 i KSNJ LI8 @ASt RSR RATFSNBY(G 2dzi02YSa Ay
STFSOGADBS yR p YCborrigah €t al.| 2200TWb RCT$ fauhdSaNdvaiurstife effect

of Pramipexoléan bipolar depressiofGoldberg et a).2004; Zarate et al., 2004) caseseries

(Fawcett et al., 2018)ielded compelling treatment effects Bframipexoleaugmentation in 42

patients with unipolar or bipolar depression, 8 of whom had not betedifrom electroconvulsive

therapy. In this caseeries, the treatment dose ranged from0-g5Y3 gAGK | YSty 27F dw
Almost half i.e. 20 of the patients remitted while 12 responded. The majority of remaining patients

did not tolerate the drug.

As autlined earlier in this chapter, there is some evidence that MiaRicipantshave blunted

responses to rewar{Halahakoon gal., 2020) Givenits promising (if mixed) clioal effects, one

might expectPramipexoldo enhance reward responsBrevious experimentagtudies(Bodi et al.,

2009; Gallant et al., 2016; Kanen et al., 2019; Murray et al., 2019; Pizzagalli et al., 2008a; Santesso et
al., 2009; Whitton et al., 202@enerally indicate thaPramipexoleblunts rather than enhances

LI NG AOALN yiaQ oSKI @@GaldaNet dl., 20U5; Auddyedad, 2019 PizzagBllvet NR
al., 2008a; Santesso et al., 2008)udies that utilized a stimulussponse taskGallant et al., 2016)

a probabilistic instrumental learning tagiurray et al., 2019and a signal detection tagRizzagalli

et al., 2008apach suggested th&ramipexoled f dzy § SR LI NI AOALI yiaQ o0SKI @Az
reward. SimilarlyPramipexolénas been found to blunt the neural response to positive outcomes in
reward sensitive brain regions such as thedial prefrontal cortexrQPFC), orbitofrontal cortex

(OFC), striatal and dorsal anterior cingulate cortex (dAC&jewarding tastéMcCabe et al., 2013)

as wellas ventral striatal (VS) and midbrain response to unexpected monetary gain (Riba et al.,

2008).

One explanation for the seeming contradiction between the clinical and experimental evidence is
that experimental studies have predominantly examined the eftdé@ single dosef Pramipexole
while sustained treatment is required to improve symptofRawcett et al., 2016; Lemke et al.,
2006) From a pharmacological perspective, acute treatment with D2/3/4 agonists are believed to
primarily influence inhibitory presynaptic auteceptors, leading to reduced dopaminergic
transmission, whereas sustained administration leads to aeteptor downregulation and

enhanced transmission via agonism at psghaptic DAike receptordChen et al., 2005; Chernoloz

et al., 2008; Grace, 1991; Willner et al., 199)is suggests that the clinically relevant effects of
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Pramipexoleon reward learning are likely to become apparent only after susthedministration of
the drug. A couple of studies have examined the effect of a courBeanfipexoldn clinical
populations, one in euthymic bipolar individuéBurdick et al., 2014another in individuals with

t I NJ Ay a2 yBodiet & A2608)h Bof cases, a sustained courséaimipexoleenhanced

reward sensitivity.

In Chapters 2 and 3, | will examine tHéeet of a sustained (#veek) course oPramipexoleon both
behavioural (Chapter 2) and neural (Chapter 3) measures of reward learning-alimioal

participants. As registered in clinical trials.gov (https://clinicaltrials.gov/ct2/show/NCT03681509),
hypothesize thaPramipexolewill induce the opposite pattern of rewasegarning behaviour
characteristic of depression and anhedonia, increasing asymptotic choice of stimuli associated with
higher levels of reward by increasing subjective valuation of rdsveading to increased BOLD to
rewarding outcomes in reward sensitive areas of the brain such as the VS, OFC ahd mPFC

(Fouragnan et al., 2018)

1.12Linking affect instability in a reward learning task and in everyday life (Introduction to

Chapter 4)

Affect instability has a prevalence of 13.9% in the general populé@mome et al., 2015While
fluctuations of affect are central to conditions such as bipolar disofidarrison et al., 2018affect
instability is also prevalent (>49%) in a wide range of psychiatric diag(daesaha et al., 2014,
2013) Affect instability can predict the onset of ostensibly unrelated symptoms (e.g. auditory
hallucinationsYMarwaha et al., 2014nd has been propmed as a candidate symptom dimension
within the research domain criteria (RDoC) framew@koome et al., 2015)here is reasoto

believe that affect instability is also relevant to depression. Data fronath#t psychiatric morbidity
survey 200Buggests that 68.5% of men and 62.1% of women with depression experience affect
instability (Marwaha et al., 2013)

The above statistics are from retrospective gelport. There is reason talsobe interestedin
prospectivedata: retrospective reports risk recall bias and affective instability appears nuanced i.e. it
is not a unidimensional phenomend@kuppens et al., 2M). Several studies suggest the utility of

affect dynamics in predicting the onset of depressive episodes, beyond simply measuring mean
affect levels. Emotional inertia (the autocorrelation of affect scores) prospectively predicts the onset
of depressin in adolescentéKuppens et al., 2012yhile at the opposite ethof the age spectrum,

older adults with higher baseline affective instability are more likely to experience a depressive
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episode in the 6yr follovup period(Eldesouky et al., 2018 nother study found that instability of
negative affect predicts future depressive symptof8perry et al., 2020)n contrast, a separate
study found that reduced emotional reactivity at baseline predicted higher depressive symptom
severity at one month and reduced likelihood of recovery over the fellpwperiod. Importantly,
neither emotional reactivity nor MDD course in this study were accounted for by the
severity/duration of initial symptom@eeters et al., 2010).ikewise, fluctuationsinegative affect
appear to predict treatment response to C@lusen et al., 2016)racking affect dynamics also
appears important in predicting suicidality: affect instabilippaars to increase the odds of suicidal
thinking fivefold (Marwaha et al., 2013nd independently of depssion severitfBowen et al.,
2011) Additionally, the impact of impulsivity (an intuitively important factor) on suicidality is

negatedwhen affect instability is accounted f@Peters et al., 2016)

MDDis a heterogeneous condition, suggesting that treatments may best target specific components
rather than the full syndrome. Affect instability may serve as one such comp¢mesimensior 0
(Broome et al., 2015)As such, it would be useful to explore the nature of affect instability. The
existing body of work on this topic, which largely uses a combination of ESM and descriptive (auto
correlation) models, presents some seemingly paradoxical re@(dtgal et al., 2013For example,

while some studies find that depression is asatstl with greater affective instability, others find

that it is associated with greater affective inerfkaoval et al., 2013Koval et al have proposed that
some of these seeming paradoxes result from three factors (quétedtependencies between

indices of affect dynamics; b) measurement of affect at different timesaatelsc) the influence of

SE G SNY I {Koval@tdly, #0a3ndher study, Koval et al tried to address some of these issues
by collecting both lab based affective measures (emotional reactions to film clips), obtained during a
short controlled schedule of events with experience sampling method (ESM) over a longeatanesc
(1 week)(Koval et al., 2013Relating lakbased findings to ESM amding an autocorrelation model,

this study found trenedevel (i.e. p<0.07) positive correlations between ESM andbéeted neasures

for all but one dynamic measurén chapter 4 I try to build on these findings. | assess the relationship
2 T A Y R AfetfivRdighaiias@t alsiort vs long timescale and describe these affective dynamics
Ay GSNX&a 2F AYRAGARdAZ taQ FFFSOGAPS NBaLRyaSa G2
affective dynamic¢Pulcu and Browning, 2019)

An alternative to autecorrelation: In a prominent model of affe¢Kuppens et al., 2010)ndividuals
havel)an affectiveW & S (i i.d.JReir Yaseline affective state, from which internal and external
events2) shift affect causing (greater or lesser) affective variability, and to wB)&ifectreturns

over time. The formal description of this affect model is compkexopens et al., 2010)o state and

illustrate my hypotheses,imstead (more crudely) conceive of affect as a sum of exponential decays,
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which still allows inteindividual variationinheo 02 YLR2 ySy (i a 2dzif AyYSR | 062@S
affectivesetpoint, the extent to which a given perturbatiateviatesaffect from baseline and the

rate at which affecteturnsto baseline.

NQAQRIQO ) £ "QED Q&M 8

In this model, affecat time-point “Yis a weighted sum of affective deviations from baseline, caused

by events at each timpoint 0, up to and including tim@ointd  "Y The value ofddetermines the

extent to which events deviate affect from baseline. The valubdgtermines the rateat which

affective deviations return to baseline. This@newhatsimilar to a prominent model thatises RL

measures to reproduce participant affg®utledge et al., 2014For illustrative purposes, | have

plotted four syntheticaffective timed SNA S& 6 FA 3 dzNB m0O ¢ -denesSblablolined, St Ay S G
onewith a high affective?a SG LR AY G Q 606fdzS ftAYyS0X 2yS Ay 6KAOK !
6INBSY tAYSO YR 2yS Ay 6KAOK FFF¥FSOG NBldNya 2
YR 00f dzS0 W Kserk&appear ff &Qil dei@®8S (IMANBdzy R Fl ANI & O2yaai
affects (i.e. their affective sdtl2 Ay 1 a0 ® ¢ KSaS Ff dzOldz- A2ya O2dz R 0 ¢
WNBE I OGA@SQ tAyS R2Sa (KS al YSSZ odzi @gAdGé&terh F NBSNI T
OAY 6KAOK | FFSOG RSQOAIGSa adzmnadlyidArAlrtte FTNRBYZ od
¢CKS OLAYl0 WwWatz2¢g | FFSOGABS NBGANYQ fAYyS R2Sa yz2i
Instead, affect appears to fluctuate around a mehat itself changes over time. One might call this
FFFSOGABS LI GUSNY O6AYy oKAOK YSIYy FFFSOG OKlFy3aSa
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Affect

Time
Baseline affective High affective Large initial deviation from Slow return to
timeseries set-point affective set-point affective set-point

Figure 1. lllustrative affective timeseries.External events perturb affect which then returns to

baseline. The black liMéBS LINB a Sy i1a | W0 tseri&st The/bhi€ling ilfstr&ed bolvh& (G A Y'S
baseline timeseries changes if the affectivedel? Ay i A& KAIKSNJ odzi y204KAy3a S
appears higher. The green line illustrates how the baseline-seies changes if each event perturbs
affectto a greateextent o6 dzi y20KAy3 StasS OKIy3ISaT FFFSOG | LI
how the baseline timeseries changes if affect returns more slowly to baseline after being perturbed,

but nothingelsecha@ S& T | FFSOU PulciLébal ke rededitly propdskd adnodel of

FFFSOG QOINAIOAfAGE o0l NBOAZNBAGS . F&8SaAly FALGSND

within a single frameworkPulcu et al., 2022)sing participant affective reports.
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Figure 2 Classification of affective variabilityReproduced from Pulcu et @Pulcu et al., 2022)n the

upper panel, the black line is a synthetic affective tisagies. It is volatile at time-120 and 301360,

and noisy at time points 6120 and 241360. The green line in the upper paneliiK S . I @ SaAly TFA
belief about theW Y' S hffgdDat eachtimd 2 A Yy (1 @ ¢ KS T folatilitp (NeRlme) néhdise Y S 2 7F

(blue line) are shown in the lower panel.

Does affect at a smaller timscale reflect affect at a larger timecale?: If we zoom in on a small

portion of the set of time series illustrated in figure 1, we can see what it would like if we measured

these 3 time series over a shorter timescale and at a higher frequ&htyis illustrated in Figure 3
At this shorter timescalektS WK A 3K &s®ries dodfidugs GoMokiiike YhE baseline time

ASNRSa

gAGK

KAIKSN WYSKYRa | OF BOX pdz8 XK SG WNE2 DY A Y

baseline timed SNA Sa ® ¢ KS -USNIRSa NB2YSHAQY diRay Sice  (fK2 2y (YKRSNID |

time-series.
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Figure 3 lllustrative affective timeseries on a short timescale.Zooming in on a small proportion of
affective timed SNA Sa Ay TA 3IdzNB

(dotted blue line) continues to look like the baseline tiseries (dashed black line) with a higher
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than the baseline timeseries.

Inotherg 2 NRAX YSIFadz2NAy3 | LISNA2YQa

reward learning task) may lend insight into their affective dynamics on a larger timescale (such as in
ESM data), as suggested by Koval é@aval et al., 2013)f this were the case it would be

potentially useful as it connects ESM ddtehich currertly has no biological framework) the

reward leaning literature (which doesind somayallow for e.g. translational insights into the

biology of affect instabilityThe recursive Bayesiditter described by Pulcu et éPulcu et al., 2022)

can be used i ESM data and equally on affective reports during a reward learning task allowing for
links to be drawn between withitask and ESM affective dynamics.
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In chapter 4, participants report ESM data 6 time a day, over 20 days. On two of those days, they also
complete an online reward learning task during which they regularly report their affect. | estimate

LI NHAOALN yiaQ FTFSOUADBS YSIys @2t iAtAde yR y2A
schedule (i.e. during the reward learning task) and a limgftame with unknown events (ESM

data) using the recursive Bayesian filter described aljpwécu et al., 2022)

| primarilyassess whether affective parameters within the reward learning task reflect corresponding
affective parametes in everyday life. | do so bggressing ESM affecapameters against withitask
affect parametersin a more exploratory analysisdst the association between affective parameters
andthe duration ofaffective responses to events in the relatively controlledisgtof a reward

learning task.

1.13Does reinforcement learning underlie affect instability (Introduction thapter 5)

In chapter 4 | attempt to link affect, as captured through ESM, to affect within a reward learning
paradigm. My motivation for doing so is that ESM data is highly progitoathe phenomena that

we are trying to understand but is relatively unmoored from biology. Conversely, reward learning
(and within this, the framework used in chapters 2 and 3 i.e. reinforcement learning (RL)) has a
relatively well characterized biologitsubstrate but does not tend to concern itself wéthbjective
experience RL emerged from the behaviourist tradition, which consciously rejected the study of
subjective states, such as affect, in favour of observable objective data (e.g. behaviowthdless,
rewardrelated behaviour (which is overwhelmingly what is modelled by RL in MDD research) is
intuitively linked to subjective states, such as affect. A link implicit in the very study of reward
related behaviour in MDD (an affective disorder)s€chers have begun to investigate witi@sk

affect through the lens of RL, typically by sampling participant affect (for example by using a visual
analogue scale) while they complete a reward processing task. Participant behaviour is modelled
using Rland the resultant trialvise model metrics (such as value expectation and RPES) are entered
into separate models to produce affect scores. These studies demonstrate a close and consistent link
between RL and reported affe(Blain and Rutledge, 2022; Chew et al., 2021; Keren et al., 2022;
Rutledge et al., 2014)

If affect can be described in terms of RL, then so too should affective instdEltisy. and Niv have
done just thigEldar and Niv, 2015Here, not only do RL measures produce affect, but affect in turn

exerts on influence on the RL process. They conceive of affect as a (modified) weighted average of

27



RPEs andharacterise affective instability as resulting fromasitive feedback loop between affect

and learning. Formally they describe afféctt time 0as:
M 1q - Q
a OATeE
Where™Q is the weighted average of RREand— is the stepsize parameter that determines the
extent to which RPEs are discounted as they recede into the Affistt, in turn, modulates RPEs by
altering the perception of subsequent rewards. Specifically, afteig a power placedrothe bias

term "Qwhich influences the perception of outcomes, and therefore RIPEseffectively acts as a

reward sensitivity term that changes according to current affect

1 "Q 8 v

This creates a feedback loop so that affect depends on RPEs anddRPEs on affect. The nature
of this feedback loop depends dine magnitude of the bias terif2If "Qs larger than 1, the feedback

loop is positive, resulting in affect instability.

a

12 f=1

10

5

0 — 0 \/\/\/\/\

-5 = - ; -5 4 - - :
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Iteration Iteration

—— Expected value —— Expected value
- Prediction error - Prediction error

Mood Mood

Figure 4 Simulations of the interaction between learning and affe®eproduced from Eldar and

Niv (Eldar and Niv, 2015The model was exposed® p tor 500 iterations withe)"8 S (G2 WYmMQ®
The pink link represents affedt § and remains stable from quite early in the simulatibh’(set

Ay a i S| Raffattbectinesmstable.

In this studyparticipants that had stable affeat everyday life, as measured by the hypomanic

personality questionnaire (HPS), were best descriléthin-task) bya model withGF A ESR | G WwmQ
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no affectlearning interaction) while thee who had unstable affect in everyday life were best
descrbed by the full model (i.6Qas a free peameter). Furthermore, HPS scores correlated
(positively) with théQualue (i.e. affective instability is associated with a positive, not negative affect
learning feedback loogEldar and Niv, 2015Jhese findings suggest thatfattive instability is
associated with positive feedback betweeneaff and learning. This same modelling approach
demonstrated that citalopram (a commonly used ah¢ipressant medication) enhanced the effect

of positive affect induction oreward valuation in healthy voluntee(Michely et al., 2020)

However, this is a nascent line of resgaand many questions remain unanswered. In this chapter |
will use a novel task in which participants learn about and choose between rewarded options, before
and after affect induction, while frequent measures of affect are collected. | use this dexplare

9f RENJ YR bA@Qa Y 2RBe matle mdchanysdzYias SoNdrea tEsted at @ a Y
relatively coarse resolution. | test its ability to replicate affect at a resolution commensurate with
another prominent RL model of affe®utledge et al., 201%1)2) The model posits that affect is a
(modified) weightedhverage of RPEs. In the original study, this mechanism replicated participant
affect, but the to-be-explained participant affect scores were actyahcluded with the behavioural
data to estimatethe model parametersl instead test whethethe posited mechanism can replicate
participantaffect usingbehavioural dataalone.3) The model has been successfully tested in one
task. | test it in another. Finally | attempt to replicate the key original findings)isgtective

instability in eveyday life (as measured by the HPS) is associated with a propensity toward an
interaction between affect and learning ajithe extent of affective instability is commensurate

with the extent of this interaction.

1.14Summary

Depression is a prevalent @nlebilitating condition that warrants better treatments. Reward

processing may facilitate better characterisation of MDD asdlitbtypes, which in turn should aid

mechanistic MDD research. Mparticipantsappearto have reward processing differencesHC,

overall and in several reward processing-somponents. Computational modelling is a promising,

but as yet unproven approach to characterising these differences. In this thesis | use computational
modelling and a reward processing framework to irigede areas relevant to MDD and it

treatment. Inchapter 21 characterise the effect of a\@eek course oPramipexolea novel

I Redzy OGA GBS FYUIARSLINBaalyiGs 2y LI NIchafier Blrefated Q 06 SK I
findings from chapter (G 2 LJ- NJi-badSed bdlurdl {aa r@flediet @ BOLD) activitghiapter 4

L FAG F NBOdZNEAGS . F&Saaly TFAEGSNI G2 LI NIAOALN Y
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the two. In chapter 5 | explore a recently described model of afferoduction/affectlearning
interaction. lassessvhether | can replicate the original finding (of an association between affect
instability and an interaction between affect and learning) and whether the model can explain

participant affect (without fitting the model to participant affgct

30



Chapter 2The effect ofPramipexoleon behavioural reward processing

2.1 Introduction

As outlined in the thesis introduction, depressed individuals show reduced reward learning vs HC.
Pramipexolga D2like receptor agonist) is a promising treagnt for treatment resistant depression.
Therefore one might expe€ramipexoldo have the opposite effect of depression i.e. enhance

reward learning. Howeveprevious experimental studig8odi et al., 2009; Gallant et al., 2016;

Kanen et al., 2019; Murray et al., 2019; Pizzagalli et al., 2008a; Santesso et al., 2009; Whitton et al.,
2020)of PramipexolegenerallyhA Y RA O S GKIF G AG ofdzydGa NI GKSNJ GKIFy
responses to rewar¢Gallant et al., 2016; Murray et al., 2019; Pizzagalli et al., 2008a; Santesso et al.,
2009) One explanation for the seeming contradiction between the clinical and experimental
evidence is thaexperimental studies have predominantly examined the effect of a singleafose
Pramipexolewvhile sustained treatment is required to improve sympto(Rawcett et al., 2016;

Lemke et al., 2006}rom a pharmacological perspective, acute treatment with D2/3/4 agonists are
believed to primarily influence inhibitory presynaptic auteceptors, leading to reduced

dopaminergic transmission, whereas sustained administration leads teragaptor down

regulation and enhanced transmission via agonism at-pgsaptic Ddike recepors(Chen et al.,

2005; Chernoloz et al., 2008; Grace, 1991; Willner et al., 198§ suggests that the clinically

relevant effects oPramipexoleon rewad learning are likely to become apparent only after

sustained administration of the drug.

In this Chapter, | will examine the effect of a sustainedé2k) course oPramipexolen
behavioural measures of reward learning in rdmical participants. Asegistered in clinical
trials.gov (https://clinicaltrials.gov/ct2/show/NCT0368150Bhypothesize thaPramipexolewill
induce the opposite pattern of rewasgdarning behaviour characteristic of depression and

anhedonia, increasing asymptotic choice tihsili associated with higher levels of reward.

| then model participant behagur using variants of a simple&orla-Wagner learning model, to try

and discover the mechanism under any observed behavioural relearding effect oPramipexole
Computational characterisation using reinforcement learr(iRy) models has identifigdree

distinct alterations of learning and decisiomaking process that may produce the behaviour

observed in depressed patients: they may make decisions less detsticaitly(Huys et al., 2013)

GKS2 YIe& GNBIFG NBgI NRA d&(Hdys et dl £203)dktBed leatnBNBluez T NB Rd

estimates may decay to a greater degree over t{@ellins and Frank, 2013s registered in clinical
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trials.gov (https://clinicaltrials.gov/ct2/show/NCT0368150Bhypothesize thaPramipexolewill

increase subjective valuation of rewards.
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Figure 1 Simulated choice accuracy in a reward learning taBlepressed participants are observed

to achieve lower asymptotic choice accuracy than healthy ones. This behaviour can be simulated
using a @earning model A reduced subjective value of rewards, a geeatecay of learned value
expectations or a propensity towards making less deterministic choices can each result in the model
achieving lower asymptotic choice accuracy. In other words, (at least) three qualitatively distinct
processes could lead to thdserved behavioural effect of depression. The mechanics of the Q

learning model that simulated this data are described in the modelling methods below.

2.2 Methods: Participants

| conducted a randomized, placebo controlled experimental medicine studyaviiiweengroups
design. 42 nostlinical participants, between the age of 18 and 45, were randomized 1:1 to receive
Pramipexoleor placebo. Potential participants were excluded if they had ever been diagnosed with a
psychiatric illness (determined usingetSCIEb-CV) or had a first degree relative with a psychotic

illness, were taking psychoactive medication, had any history of impulse control difficulties, had any
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contraindication toPramipexole had taken any recreational drugs in the last three montbgularly

drank more than 4 units of alcohol per day, smoked more than 5 cigarettes per day or drank more
than 6 caffeinated drinks per day. Female participants who were pregnant, lactating, or not using a
highly effective method of contraception were alexcluded. Participants were young, highly

educated and evenly split between females and males. Two participants (both in the placebo group)
dropped out of the study due to sideffects (tremor in one case and racing thoughts in the other; in

both casesside-effects stopped following discontinuation of placebo).

Pramipexole Placebo

(n=21; 10 male) (n=19; 10 male)
Age 22.5(3.7) 24.5 (6.9)
Body mass index 22.4 (2.6) 24.0 (2.9)
Years in fulitime education 16.8 (2.9) 17.5(3.1)
IQ estimate(Spotthe-word Test) 108.3 (8.1) 111.9 (7.6)
Neuroticism (Eysenck Personality Questionnaire) 4.2 (3.7) 4.3 (3.7)
Psychoticism (Eysenck Personality Questionnaire) 25(2.1) 2.8(2.1)
Extraversion (Eysenck Personality Questionnaire) 14.7 (4.5) 14.5 (3.7)
Lie (Eysenck Personality Questionnaire) 9.5 (4.6) 7.5 (3.4)
Trait Anxiety (StateTrait Anxiety Inventory) 31.2 (9.1) 32.1(9.1)
Depression at inclusion (Beck Depression Inventory) 1.6 (1.7) 2.5(4.0)

Table 1:Demographic, physical, and psychological characteristics dfrdmmipexoleand Placebo
IANRdzLJAE LINBaSyadSR Fa WYSkHya oadl yRFNR RSOAFGA2Y A

2.3Methods: Study Design and Intervention

From a starting dose of 0.25mg@famipexolesalt, the dose was incread in 0.25mg increments

every 3 days, reaching a dose of 1mg/day by day 10. Participants continued to take 1mg/day for 3
days (until testing was completed). Following this, the dose was ditvaited over 3 days to avoid
withdrawal effects. The appareniose of the placebo was increased in the same manner.
Participants performed a probabilistic instrumental learning task (PILT; see below for details) before
the intervention and then twice between days-18 of the intervention (one with fMRI data

collection, one behavioural)n this chapter | will report on only the behavioural session results. | will

then report on the fMRI session resultsdnapter 3.
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I I
Day 1 of Intervention Day 12 of Intervention Day 15 of Intervention

Figure 2; study desigrkollowing a screening session, participants underwent theiqiegvention
behavioural testing session in which they performed the PILT task (described below). Participants
received the first dose dPramipexoléplacebo at the end of this behavioural tasgj session.

Between days 125 of thePramipexoléplacebo course, participants attended an fMRI session (in
which they performed a computerized task whilst undergoing fMRI) and, on a separate day, a
behavioural testing session which was identical to theiptervention behavioural testing session.

In this chapter | will report on results from the two behavioural sessions.

2.4 Methods: Study Questionnaires

At the screening session, participants completed the Eysenck Personality Questionnaire (EPQ), Becks
Depression Inventory (BDI) and Sgibe-word test (an estimate of 1Q). At both behavioural testing
sessions, participants completed the Befindlichkeitsskala (BFS), Positive and Negative Affect

Schedule (PANAS), Statmit Anxiety Inventory (STAI), Snaithmilton Pleasure Scale (SHAPS),

Temporal Experience of Pleasure Scale (TEPS), Oxford Happiness Questionnaire (OXH) and Impulsive
Compulsive Disorders in Parkinson's DiseRating Scale (QUIP). At the podervention

behavioural testing session, partiaipts additionally completed a sieffects questionnaire.

Questionnaire scoredlo effect of drug treatment was found for any of the questionnaire measures,
other than the anticipatory subscale of the TEPS, which was driven by a higher baseline teore in
Pramipexolegroup (Table 2). Behavioural and neuroimaging analyses controlling for baseline TEPS

anticipatory subscalscores are reported in the appendices 3 drad
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Pramipexole Placebo ANCOVA

Baseline On drug Baseline On drug
BFS 11.7 (12.4) | 15.4(14.7) 13.8(11.2) | 14.8(14.2) p=051
STAI state 28.9 (6.5) 27.8(5.4)  28.6(6.1) 29.1(5.2) p=028
BDI 1.9 (2.5) 2.9(3.4) 2.8(3.3) 2.7(3.3) p=032

PANAS positive present = 36.4 (7.7) 34.5 (8.3) 32.5(8.6) 32.6 (7.9) p=0.5

PANAS negative present = 11.2 (1.5) 11.0 (1.5) 11.3(1.3) 11.8 (2.7) p=0.15
PANAS positive today 36.8 (8.0) 34.8(9.1) 32.9(8.2) 32.3(8.1) p=073
PANAS negative today | 11.4 (2.0) 114 (1.7) | 11.6 (1.7) 11.8 (2.4) | p=055
PANAS positive last week 37.7 (9.2) 37.0 (7.7) 34.2 (7.6) 34.6 (9.3) p>0.99
PANAS negative last week 13.3 (2.8) 12.7 (3.2) 14.1 (4.1) 12.6 (2.7) p=071

SHAPS 0.5 (1.0) 0.7 (1.6) 0.2 (0.7) 0.3(0.7) p=0.624
TEPS total 85.3 (10.0) 82.1(9.5) | 79.3(8.2) 79.2 (10.0)  p=061
TEPS anticipatory 47.1(6.1)*  44.6(55) 42.1(4.9*  423(5.4) P=0.38
TEPS consummatory 38.1 (5.6) 37.5(5.9) 37.3(4.4) 36.8 (5.4) p=091
OXH 134.8(19.2) 138(18.4) 132.4(19.6) 132(19.7) p=008
QUIP 12.3 (8.3) 8.7 (8.5) 16.6 (11.2) 13.8 (10.4) | p=033

Table 2:Questionnaire scores before and after the interventi@ecks Depression Inventory (BDI),
Befindlichkeitsskala (BFS), Positive and Negative Affect Schedule (PANAS)aBtAteiety

Inventory (STAI), Snaithamilton Pleasure Scale (SHAPS), TemporaliErpe of Pleasure Scale

(TEPS), Oxford Happiness Questionnaire (OXH) and Imgotsivaulsive Disorders in Parkinson's

Diseasew | G Ay 3 {OFfS o6v!ILtOoOd {O2NBa& FINB LINBaSyiSR I a

represent significant betweegroup, within-condition differences in questionnaire scores.

2.5Methods: Task

Participants completed a modified version of a probabilistic instrumental learning task (PILT)

described by Pessiglione et(Rlessiglione et al., 20Q6)he PILT is ad&gm bandit task (Figure 3) with

AVGSNI SHOSR WoAyQ FLYyR WE284Q GNRFEad Ly SFOK N
have reciprocal probabilities (OvBn ®o0 0 2 F | WgA W WHERODKY Q0 2wz D /¥S
NEsIFNR O2yRAGAZY (HMO20)Nshs VIR E2WERDARIIDEYO2/ndn s
trials. Participants choose one of the two stimuli, following which they received visual feedback on

the trial outcome and their current total earninggach block of the PILT consists of 30 reward trials
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Win Trial

Loss Trial

and 30 loss trials. Participants performed 3 blocks of the PILT in each behavioural testing session.
Different task stimuli were used in each block. Participants started each session with £fi60<0f

Participants received their winnings from this tgak to a maximum of £30).
30%:70%
»
N —> I-EEEN —> - —>
30% 70% E ]

Figure 3; Probabilistic Instrumental Learning Task (PlltTg¢ach trial, participants were presented

with one of two possible pairs of shapes. For one of the shape pajiréirie), one shape was
associated with winning money on 70% of trials and not winning on the remaining 30% (the other
shape had reciprocal contingencies). For the other shape pair (bottom line), one shape was
associated with losing money on 70% of giahd not losing on the remaining 30% (again, the other
shape had reciprocal contingencies). Participants had to learn to select the shapes that were

associated with the high probability of win/doss.

2.6 Methods: ModelFree Metric

The behaviouraineasure of interest was choice accuracy, defined as the proportion of advantageous
choices made i.ehoosingd KS & 0 AYdzZ dza A GK nodt LINRPOlFOAfAGE 27
a0AYdzZ dza @A G K A 4218 ALONPAGYT O0AKI Ssaif dRompiEcuiHRYyBRHe Sekchy” O

half of each blockwithin-condition)as this provides a close estimate of asymptotic chflitaarison

et al., 2016; Walsh et al., 2018und to be associated wittlepressionThismetric wasentered into

a repeated measures ANOVArdmipexolers placebo; win condition vs loss condition; pre vs post

intervention)
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2.7 Results:Model Free Results

PramipexoleSpecifically Increases Asymptotic Choice of RewardedliStifound that there was a

significant group*valence*time interaction for choice accuracy across behavioural sessions [Figure 2;
F(1,38)=10.517 p=0.002]. Win trial accuracy increased after treatment iArtimaipexolegroup

[t(20)=2.347 p=0.029], with no significant change in loss trial accuracy across sessions [t(20)=1.158

p=0.26] and no change in either reward (p=0.86) or loss trial accuracy (p=0.172) in the placebo

group. ThePramipexoleand placebo groups did noifter significantly on reward or loss trial

I OOdzNI O& i ol aStAyS o6LIQATrMmdndNIDS yWRA 2y oahpQ NS & RIS TC
respectively)Using accuracy across all trials rather from than those in the second half of blocks, the

pattern of results remains the same (appendix 1).
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Figure 4; Reward accuracy in the pre and post intervention sessi¢aB) Learning curves depicting
reward choice accuracy in the (a) preervention and (b) posintervention session. Green (pink)

curves reprsent the placeboRramipexol§ group. Errotbars represent SEM. The curves represent
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2.8 Methods: Reinforcement Learning Models

I used a simple reinforcement learning model, which combined parameters from different,
previously described models, to formalitee mechanistic question being addressed in this study.
First a learning rule was used to update expectations about the association stimuli with the

outcomes:
0 0 | 7Y O

Here,0 s the expectation about the value di@pei on triald,"Y is the observed outcome (1 for
positive outcome, 0 for negative outcome),is the learning rate useaf condition’di.e. win or
loss conditiop and” is a reward sensitity parameter for conditiofQExpectations weraitialized
at0 m®, and the unchosen optiod, , was updated with the reciprocal outcome. Following
iKAazs GKS Y2RSfQa SELISOGIdA2ya RSOFe@SR ol 01 G246l
controlled by a decay factd6s(Collins and Frank, 2012)

ON D %D O

Finally, thed values were fed into a softmax action selector to produce a choice:

. p
P Qan

Here, the inverse temperature parametgr, controls the degree to which the probability of the

participant choosing shage 0, is determined by the difference thvalues.

This model is over parameterized, the three parametdfsand! produce very similar effects on
asymptotic choice (e.g. Figure 1) and therefore cannot be jointly estimated from participant
behaviour. Irorder to account for changes in behaviour, two of the three parameters have to be
fixed while the other (as well as the learning rate) remains free. Doing this is equivalent to making a

statement about the presumed cause of the change in behaviour.
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Model- Value-Updating
Type Model Parameters
é 1 H LI NI YSGSNAY Non-Reciprocal Updating
S % 2 LI NI Yo GoTNGEE Yosd N Non-Reciprocal Updating
‘0 Q
é .g 3 H LI N} YSGSNAY Reciprocal Updating
E 4 LI NI Yo GoTNGEE Yosd N Reciprocal Updating
> 5 H LI N} YBGSNRY Non-Reciprocal Updating
=
'g o 6 LI NI Yo (oS N, Moss NonReciprocal Updating
% é 7 H LI N} YBGSNRY Reciprocal Updating
é 8 LI NI Yoo NGB, Noss N Reciprocal Updating
9 H LI N YBGSNAY Non-Reciprocal Updating
g ® 10 LI NI Yo (oS N PYoss N Non-Reciprocal Updating
5}
% é 11 H LI N} YBGSNARY Reciprocal Updating
® 12 LI NI Yo GoS N PYoss N Reciprocal Updating

Table 3. Models tested. tested three modeli 8 LJIS& o0 Wo St AST RSOl ed@an WNB G N
RSGSN)YAYI O Qlode-Wadh& énodglSnivBifiechby thedaddition of, respectively, decay,

reward sensitivity, and inverdemperature parameters. All models utilized learning rate parameters

to update the valuation of task stimuli. For each model type, | tested whether participants utilized

different parameter values for each of the two conditions or whether they used the sgarameter

values across both conditions. | also tested whether participants updated stivaluss

reciprocally, i.e. whether they updated the unchosen stimulus by the counterfactual outcome in a

given trial. | expected that they would do so, as theyenastructedthat stimulusoutcome

contingencies for individual trials would be reciprocal. | initialized stimulus values at 0.5 i.e. the

midway point between the values of possible outcomes (0 and 1). | tested 4 variants of each model

type, totaling 12 mdels.
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2.9 Methods: Model Fitting: In order to fit the three model variants described in Table 3 to

participant choice, the joint posterior probability of the free parameters for each variant was

calculated for each participant separately, giventheghOSa ® 91 OK LI NI AOALNI yiQa
were estimated as the expected value of the marginalised parameter distrib(Belnrens et al.,

2007; Browning et al., 201" andf parameters were sampled in log space whiland %o

parameters were sampled in logit space. All statistical analyses were performed on transformed

parameters.

2.10 Methods: Model Selection

| wanted, ultimately, to test which parameter (decision determinacy, reward sensitivity or decay)

best accounted for the changes seen in Bramipexolegroup from the preto-post intervention
aSaarz2yd 1 26SOSNE L FTANRGQASTF fzi YRRSRS{GENMAPES 04
specific vs independent parameters; reciprocal vs-remiprocal updating). My a priori belief was

that participants would utilize separate parameter values for the two conditions (as reflected in the
hypothesis statedh the introduction to thischapter). | believed so becausdinicaly, Pramipexole

appears to alter rewardelated decision making seemingly independently of punishnrnelated

decision making. | also believed a priori that participants update stimalugs reciprocally as they

were instructed that in any given trial, one shape would yield a reward/punishment while the other

would not. | first compared model structures by averaging BICs (Figure 5a) and AICs (Figure 5b) for

each structure across parameteategories (reward sensitivity/decay/inverse temperature). Those

models that utilized conditio® LJISOA FA O LI NI YSGUSNE LISNF2N¥SR 0SddS|
reciprocally updating models performed better than the aeiprocally updating models. The

AIC/BIC results confirmed my a priori belief that participants used separate, consgliemific,

parameters and that they updated values reciprocally.
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2 Parameters; Non-Reciprocal

4 Parameters; Non-Reciprocal

2 Parameters; Reciprocal

4 Parameters; Reciprocal

500 400 300 200 100 100 200 300 400 500
Bayesian Information Criterion Akaike Information Criterion

Figure 5. Averagé) BIC and (b) AIC scores for each model struct@rnearameter models with
non-reciprocal updating (models 1, 5 and 9), 4 parameter models withraciprocal updating
(models 2, 6 and 10), 2 parameter models with reciprocal updating (models 3, 7 and 11), 4

parameter models with reciprocal updating (models 4, 8 and 12) (see 3dblemodel descriptions)

| then compared BICs (Figure 6a) and AICs (Figure 6b) for each specific model (reward sensitivity i.e
model 8/decay i.e. model 12/inverse temperature i.e. model 4) within the winning structure

category. As can be seen, theattdr three AICs/BICs are comparable, though the decay parameter
model (12) does have a numerically larger AIC/BIC scores (mean AIC=276; mean BIC=281) than the

inverse temperature and reward sensitivity modéisean AlICs=260; mean BICs=274).

Inverse Temperature

Reward Sensitivity

e LI Belief Decay L e &
500 400 300 200 100 100 200 300 400 500
Bayesian Information Criterion Akaike Information Criterion

Figure 6 Average(a) BIC and (b) AIC scores for each model within the winning structategory

i.e.the reciprocally updating 4 parameter model that utilised inverse temperatures (model 4) reward
sensitivity parameters (model 8) and decay parameters (model 32aller AIC/BIC scores indicate a
better model fit. AIC/BT scores were calculated from log likelihoods that were sumaceass the 3

task blocks and across both sessions. Bars represent mean (SEM) AIC/BIC scores across all

participants.Scatter plots ovdaying bar graphs depict corresponding individual AIC/BIC values.

42



TakingtriaZlb A 8S OK2AO0OS&a 3ISYSNIriGSR o6& SIFOK Y2RSt dzaAy3
averaged these modgjenerated choices within group and condition to create learning curves fo

SIFOK Y2RSt 6SlidA@IfSyd G2 LINIAOALI yiGaQ fStHNYyAyYS:
learning curves againBrramipexoléplacebod NP dzLJ LI NG A OA LI yiaQ | Oldzrt €S
assessed the fidelity of the modgénerated learningcunde G2 LI NOGAOA LI yiaQ € St Ny
learning curves of those models that utilized conditgpecific parameteyappeared to have greater
FARStEAGE (G2 LINILHAOALI YOG €SENYyAy3a OdzZNBSa GKFy (K2
learningcurves generated using models that updated valuegprecally vs nofreciprocally |

created (2 groups * 2 sessions * 12 models =) 72 plots, which is impractical to display here. For

illustrative purposes | have presented below 4 plots depicting partitifgarning curves vs those

generated by the 3 winning models (Figures 5 and 6). As can be seen, the 3 models appear to have
comparable fidelity to the participant behaviour though, arguably, the decision determinacy model

(model 4) and reward sensitivitjodel (model 8) generated learning curves appear to have slightly

higher fidelity to some of the participant learning curves than do the decay model (model 12)

generated learning curves.
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Figure 7. Learning curves depicting model vs participant choice accuracy in each session.
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depicting the proportion of participants/simulateghrticipants that chee the advantageous reward

condition stimulus in a given trighpproximately convex plots represent loss condition learning
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chose the disadvantageous legmdition stimulus in a given trial. Solid black lines represent

participant choices while dotted lines represent modeherated choicesChoices generated by

LINE L

model 4 are coloured green, choices generated by model 8 are blue and choices generated by model

12 are redError-bars represent SEM.
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Finally, a the increase in reward choice accuracy within Bnamipexolegroupwasthe most

pertinent change across sessiphassessed how accurately the models replicated this change. |

generated rewareconditon K 2 A 0Sa dzaAy3 SIFOK Y2RStf YR AYRAGARC
for each session, for each respective model. As | did for the nitekehnalysis, | used the
LINRPLR2NIGAZ2ZY 2F WFEOOdzNI 6SQ OK2A0SaA Ay his&rict I G0 SNJ K
across sessions for each model (Figure 8). Models that utilized consiiemific parameters appear

to perform better than those that utilize conditieimdependent parameters. There appears to be

little difference between those models that upeavalues reciprocally and those that update values
non-reciprocally. This analysis therefore supports my a priori belief regarding condfexificvs

independent parameter values but does little to discriminate between reciprocally vs non

reciprocallyupdating models.
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A Reward Accuracy (Pramipexole Group)
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. inverse temperature (3) winning models
. reward sensitivity (p) —— participant mean
. decay (¢) — = participant sem

Figure 8 Bar graphs depictinghe change in model generated choice accuracy ugmne-vs-post
Pramipexolegroup derived parametersBars represent mean (SEM) change in the reveacliracy

of modelgenerated choices utilising parametefalues inferred for participants that took

Pramipexole Inverse temperaturenodel results are coloured green, reward sensitivity models blue

YR RSOF& Y2RSfa NBR® W2 A Bohtleyphi ovarlaymétarsgraphsls T NI Y S
depict corresponding individual values.
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In summary, | used positive and negative metrics to assess 12 models comprising 4 versions
(reciprocal vs nomeciprocal updating; conditiospecific vs independent parametealues) of

models that each used one of three different parametygres {nverse temperaturéeward
sensitivity/decay) along with learning rate parameters. Models containing condition specific

LI N} YSGSNE LISNF2NXSR 0650 S Nipdatnt yodelsiperfar@edi K I
marginally better than nommeciprocally updating models. | themt used models 4, 8 and 12
(described inrable 3) for the analyses below. Comparing models 4, 8 and 1ivirse
temperature(4) and reward sensitivity model)(Badslightlylower mean AIC and BIC scotiean

the decay model (12). All three modelspmduce the effect oPramipexoleon reward accuracy to a
comparable degree. All three models also reproduce participant learning curves to a comparable
degree; thaugh, arguably, Models 4 and 8 do so with marginally higher fidelity than model 12 with

respect to some of the learning curves.

2.11 Results:Model Based Results

The Behavioural Effects BfamipexoléMay be Attributed to Increased Reward Sensitivity, Reduced

Choice Stochasticityr Reduced Reward Value Decay:

RARY

l'a 2dzif AYSR | 02@3S3 L ¥FA widnBdverdiohshfitthe Gelnfolteyhénti Q 0 SKI A

learning model described in the methods sectiatl three models were able to account for

participant behaviour (see Figures8h

Entering (separatelyyeward sensitivity, inverse temperature and decay parameter values into
respectiverepeated measures ANOVAs in the same manner as for the obsdfeeta
PramipexolgPramipexolevs placebo; win condition vs loss condition; pre vs {iatgtrvention), |
find a significant group * valence * time interactiomeach caset) Reward sensitivityf(1,38)=5.81

p=0021],2) decay:[F(1,38)=7.96 p=0.008hd 3) inverse temperature[F(1,38)=5.81 p=0.021].

Underlying thes results, vin conditionreward sensitivity/inverse temperatusgncreased, and
decay decreasedn thePramipexolegroup after treatmentd LJ& X1 ® n n ), w@hing dzZNB ¢

significant change in loss trial reward sensitivity/inverse temperature/decay across sessions

OLIAXKNPOoMODP wSGFNR aSYarldAdAldekAy@SNARS GSYLISNI G dzN
Figure9ad 2NJ f 2aa O2YyY RA (A 2gbupoThaRmmipexmignd placgbo gréups LI | OS 6

did not differ significantly on reward or loss sensitivity/inverse temperature/decay at baseline

6LIQAXKNDpco kYR ndhoa SNEESLE ARG SILIDGE w NThemiGd: v R
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the observed #ect of Pramipexoleon choice behaviour may result from increased reward

sensitivity decreased reward value decay, or increased inverse temperature.

There were no significant changes in learning rate in any of the three models, in either condition, in

eil KSNJ ANRdzLJE | ONRP&a aSaairzya oLBEAxndHNnOD [A1S6AaS
parameters in each model showed no main effects or interactions that included group differences

0 LJ& x n @ Rrandipdxoléarid lacebo groups did not differ signéfitly on reward or loss learning

NI G§Sa |G 076268t 0698 redpedv@ly or pesty 1 SNIBSY GA2Y 6 LIQA XN DHPp C
respectively).
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Figure 9; Change in model parameters in the reward conditibhe bar graphs show th@e-post
intervention change when the (a) reward sensitivily) inverse temperature, and (c) decay parameter
were allowed to vary. The parameter changesstrated here produced the pres-post intervention

model behaviour (in the reward condition) #lwated in figures 7 and 8. Green (pink) bars represent the
placebo Pramipexolg group. Errotbars represent SEM. Scatter plots overlaying bar graphs depict

corresponding individual values. Asterisks represent significant (ps<0.08%post intervention change.

47



2.12 Discussion

I investigated the effect of the dopamine BiRe receptor agonisPramipexoleon rewardrelated

decision making in healthy volunteerss predicted, a subcute course oPramipexoldtitrating to
1mg/day) increased choice accuracy in the reward (but not loss) condition. Fitting three behavioural
RL models (RS, IT and Decay), | found that all three recapitulated participant behaviour to a

comparable degree.

Pramipexoléncreased asyptotic choice of highly rewarded stimuli. This is in contrast to the
majority of previous experimental studies Bfamipexolavhich have found that it impairs reward
learning(Gallant et al., 2016; Murray et al., 2019; Pizzagalli et al., 2008a; Santesso et al., 2009)
However, past stdies havegenerally administered a sindlew dose ofPramipexole Translational
studies suggest that acute administratimmduceswhereas sustained administratioenhances,
dopamine transmissio(Chen et al., 2005; Chernoloz et al., 2008; Grace, 1991; Willner et al., 1994)
Human imaging studieslsosuggestichaomouseffects of acute vs sustainediministration

Arterial spin labelling demonstratiean increasednmetabolic rate in depressierelevantbrain

regions in healthy volunteersfollowing acutepramipexole administratioMichels et al., 2016)
(approximatedby local cerebral blood fle (Hoge et al., 1999)In contrast, gositron emission
tomographystudy demonstratededucedmetabolic rate in depressierelevant brain regions

following sustainedpramipexole administration in bipolar depressi@vah et al., 2011b)
(approximated by uptakef a glucose analogu&okoloff et al., 1977) This latter effect is diametric

to that of unipolar and bipolar depressigBrevets, 1999; Mah et al., 200The current results are
consistent with the feweward processingtudies of patient groups in which longer treatment
durations were used, and which alfound an increase in reward choice followRPigamipexole
treatment (Bodi et al., 2009; Burdick et al., 201%pgetherthese studies indicate that putatively
post-synaptically acting, sustained dosingRsmipexoleacts to enhance reward learning.

Depression is associated with reduced reward lear(Bignco et al., 2013; Halahakoon et al., 2020;
Henriques et al., 1994; Huys et al., 2013; HundsBrowning, in press; Kunisato et al., 2012; Liu et al.,
2011; Must et al., 2006; Pizzagalli et al., 2005; Robinson and Chase, 2017; Steele et al., 2007; Vrieze
et al., 2013) Overall, therefore, the impact &ramipexoleon learningis opposite tothat associated
with depression and isonsistent with the antidepressant effects of the dii@usin et al., 2013;

Fawcett et al., 2016; Tundo et al., 2019)

Pramipexoléhad no effect on loss condition accuracy. This finding is consistent with previously
reported effects of dopaminergic agents on therformance of healthy volunteers in probabilistic

learning taskgEisenegger et al., 2014; Pessiglione et al., 20063s been speculated that, while the
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win condition engages only appetitive processing, the loss condition may ebgtdygappetitive and

aversive processingPessigtine et al., 2006)This distinction is supported by the observation that

Lldzy AaKAY 3 adAYdzZ A FLIISENI 12 SKBPSENRAVHONAYVAE Yy dzN
they evoke (phasic) aversive prediction errors which are different from positinegative RPEs, and

are produced by a population of VTA neurons that are distinct from those that produce RPEs

(Brischoux et al., 2009; Coizet et al., 2006; Guarraci and Kapp, 1999; Matsumoto et al., 2016;

Matsumoto and Hiosaka, 2009)interestingly, the relationship between reward vs punishment

processing in depression appears similarly dichotomowRrémipexol®a SFFSOG 2y NB g NFR
punishment learning: depressed individuals are clelaylycsensitive to rewarqHalahakoon et al.,

2020) whereas the relationship between depression and punishment processing appears more
complicated(Elliott et al., 1997; Eshel and Roiser, 2010)

| fitted three models to the behaviorual data: RS, IT and decay. The RS model tested the hypothesis
that Pramipexoléncreases the dyjective value of outcomes, thereby amplifying the learned values

of the stimuli. The decay model tested the hypothesis tRetmipexoleeduces the

forgetting/decaying of beliefs about stimulus values, consequently facilitating more advantageous
choicesThe IT model tested the hypothesis tHtamipexolaloes not affect learning at all and

instead shifts participants towards more deterministic (vs stochastic) choices. Comparing the models
to the behavioural data did not differentiate between them as allhem fitted and recapitulated

LI NGAOALI yiaQ OK2AOS 0SKIF@A2dzNJ O2 Y Rlahipexoi@@d ¢St f @
effect have suggested an effect on learning ridenys et al., 2013pr no effect on any computational
parameter(Murray et al., 2019)Howe\er, as stated above, a sindlew dose ofPramipexoléas

thought to inhibit phasic dopaminergic signalifRjercey et al., 1996)n contrast, 14day

administration ofPramipexol@ncreases tonic activitfChernoloz et al., 2012 onsistent with my
findings, high dose Sulpride (which is thoughtdducetonic dopamine activity) reduced accuracy

and ITs in the reward, but not loss, condition in a task similar to the currentisenegger et al.,

2014) This effect was driven by a subset of participants Wé a genetically determined lower

density of striatal D2 recepto(&isenegger et al., 2014}enetic determinants of D2 receptor

density may also be relevant to the effectRramipexolén depression.

The airrent study has a number of limitations. Most obviously, the population recruited were non
clinical healthy participants. A nalinical population was selected to reduce phenotypic variation
among participants and thus enhance the sensitivity of thiserpental medicine study to detect

the pharmacological effects #framipexole However, this design is not able to assess the degree to
which change in reward learning mediates clinical response in patients. Answering this question

requires a clinical trieof Pramipexolén which patients complete the PILT task before and after
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initiating treatment withPramipexoleor placebo. Such a trial is currently underwAy+Yeung et al.,
2022)

2.13 Conclusion

Using a 2veek course oPramipexolditrated to 1mg/day, | find thaPramipexoleenhances learning
from rewards. Fitting three models (RS, IT and decay) to the behavdaieall find little to

discriminate between them behaviorally. Though an increase in RS, increase in IT or decrease in
decay have comparable effects on choice behaviour, each has a distinct effect on reward prediction
errors. In chapter three, | will attept to arbitrate between the three models by using functional

magnetic resonance imaging to examiP@mipexol® 34 STFFSOG 2y ySdzNF £ NB S NR
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Chapter 3: The effect dPramipexoleon neural reward processing

3.1 Introduction

In chapter2 | found that a 2 week course Bramipexolancreased accuracy in the reward but not
losscondition, in a PILT. | fitted three modes to the behavioural data and found that each explained
the behavioural observations to a comparable degree ufinahese models can produce very

similar behavior, they make different predictions about hBramipexoleaffects RPEs in the win
condition. The RS model predicts tiRrtamipexoleamplifies the value of a reward and therefore
amplifies neural responses tewards (e.g. win outcomes). The decay model predicts that
Pramipexoleattenuates neural responses to rewards as they are more expected (as a consequence
of Pramipexolereventing the Qvalue from decaying to baseline). The IT model predicts that
Pramipexde has no effect on neural responses to rewards. These predictions are outlined in table 1

and illustrated in Figure 1.

Table 1:The three causal proposals of changes in asymptotic choice associated with the reward

sensitivity, decay and inverse temperetparameters of the reinforcement learning model.

Effect on Effect on
_ Effect on o
Presumed Cause | Free Parameter Asymptotic _ Prediction
) Expectation
Choice Error
_ _ _ _ Increased with
A differential Increased with | Increased with )
Reward _ _ increased
response to o increasedeward | increased rewarg
_ Sensitivity,’ o o reward
experienced reward sensitivity sensitivity o
sensitivity
A differential rate of . . Decreasedvith
Decay Increased with Increased with
decay of learned decreased
_ parameter,%o | decreased decay| decreased decay
expectations decay
A differential effect Inverse Increased with
of learned values oy temperature | increased inverse No effect No effect
decision probability| parameter] temperature
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Figure 1a Recap of the model described in the previous chapter:d&dsy'Y, are combined with expectations,

0, in a learning rule and then fed into a decision rule. Distinct parameters modify each component of this
process: a reward sensitivity parametér,influences the effective size of experienced rewardieeay
parameter,%s influences the degree to which expectations are maintained between trials, a learning rate
parameter] , influences the rate at which rewards alter expectations and an inverse temperature parameter,
T, influences the degree to whigxpectations are used to determine choicbsAs demonstrated in the

previous chapter (and simulated here) a high reward sensitivity, high inverse temperature or a low decay
produce effectively indistinguishable learning curves. The learning curves didilase were generated by

the learning and decisiod I { A Y3 NHzf S& R SAacDNG a%8.R2, dh ¢f 10@hd@n ded.A.y 3 |
Increases in eithét (blue line) of (green line) and decreases%a(red line) produce equivalent changes in
asymptotic choice. In other words, three qualitatively distinct processes lead to the same behavioural effect.
As a result, choice data on its own cannot be used to distinguish between these processes. However, the
internal model variables do differ, andus can discriminate, between these processes. Paillabtrates

model expectations) . As can be seen, either increasingr decreasingécauses an increase in expectations,
whereag , which influences decisiamaking rather than learning, does ndtange expectations (i.e. the

green and black lines are identical). Pashélustrates the prediction errors (PE) of theodels, which are able

to discriminate the three parameters. Again, changéds lrave no effect, whereas an increas€ iteads to

increased PEs and a reductiorfdsheads to decreased PEs.
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In this chapter | attempt to arbitrate between these three hypotheses regarding the latent effect of
Pramipexoldariving the change in choice behaviour across sessiomsder to do so | need to

YSIF&dZNB LI NIAOALNI yiaQ AYyiSNylrt Y2RSt @FNRIFOof Sa F
expectations and RPESs) appear to be coded by neural activity in various parts of the brains reward

circuit (Elliott et al., 2000; Fouragnan et al., 2018; Haber and Knutson, 28 6utlined in the

overal thesis introduction. | wikhssessieural activityin three regions of interest (ROIs) within this

circuit;

1) Theorbitofrontal cortex (OFCjs thought to maintain outcome expectations in
working/representational memor{Schoenbaum and Roesch, 2086} exert a topdown effect

on response selectiofiFrank and Claus, 1996)

2) Themedial prefrontal cortex (mPFG3 thought to sighal RPE3ya et al., 2005; Rutledge et al.,
2010)

3) Theventral striatum (VS)s central to the reward circuit araktivity within it convincingly reflects

RPEg$McClure et al., 2003; Pessiglione et al., 2006; Rutledge et al.,.2010)

I used functional magnetic resonance imaging (fMRI) to measure the strength of the blood oxygen

level dependent (BOLD) signal, which is a reasonable measure of neuronal éRé&esyet al., 2000)

L AYy@SaidAdardiSR LINIHGAOALIYyGAQ . h[5 FTOGAGAGE RdzZNRY
any) of the 3 models reflecRramipexol® a Y2 Rdzf F A2y 2F NI @hteNFf LINR2 OSa
the PILT taskAs registered in clinical trials.gov (https://clinicaltrials.gov/ct2/show/NCT03681509),

QX

hypothesize that Pramipexolavould increasesubjective valuation of rewards (leading to increased
BOLD to rewarding outcomes in reward séweiareas of the brain such as the VS, OFC and mPFC

(Fouragnan et al., 2018)

3.2 Study Recap

| outlined the study design in more detail in chapter 2. To recap, 42 participants were randomized to
receive eithelPramipexoleor placebo. Th&ramipexolegroupwas titrated up toa dose ofimg/day

by day 10, which they continued to taksr 3-5 days unit testing was completed, and then down

titrated till discontinuation The apparent dose of the placebas altered in the same manner
Participants performed the PILT before the intervention and then twice between da¥s &Pthe

intervention (one withfMRI data collection, one behavioural).
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3.3Imaging Task

In the fMRI session, participants played the PILT as described in chaptart@ovdifferences.
Instead of threeuns, they played two runs. To allow for the timing constraints of the haemodynamic
response, the task was slowed considerably. To increase design efficiency, theahfsgriod and

the period between choice and outconrpgesentation were jittered, as illustrated in figure 3.

70%:30%8
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Figure 3. Probabilistic Instrumental Learning Task (PlliTg¢ach trial, participants were presented

with one of two possible pairs of shapes. For one of the shape pairs (top line), one shape was

associated with winning money on 70% of trials and not winning on the remaining 30% (the other

shape had reciprocalontingencies). For the other shape pair (bottom line), one shape was

associated with losing money on 70% of trials and not losing on the remaining 30% (again, the other

shape had reciprocal contingencies). Participants had to learn to select the shapesete

associated with the high probability of win/doss.In the fMRI scanner, participants completed 2

runs of 60 trials each. The intdrNRA | € A Y I0SNIIf ORd2NAYy3I gKAOK GAYS |
jittered using a flat distribution of-B secmds. Likewise, an intraial interval, which occurred

between the time that trial stimuli disappeared and the trial outcome was revealed, was jittered

using a flat distribution of-5.5 seconds.

3.4MRI Image Acquisition

MRI images were acquired at thexord Centre for Human Brain Activity (OHBA), University of
Oxford, using a 3T Siemens Prisma scawitra 32channel heaetoil. Ttweighted structural
images had voxel resolution of Imngotropic. The echo time was 3.97 msec, repetition time was
1900msec, flip angel wa$ &nd field of view was 192mm. BOLD Images Wéweeighted eche

planar imagesSixty slices were acquired with a voxel resolution of 2.4mm isotropic, repetition time
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of 800msec, echo time of 30msec, flip angle df, 5i2ld of vew of 216mm and the multiband
acceleration factor was 6 interleaved. Fieldmaps were collectedercitio times of 4.92 and 7.38ms,
repetition time of 590msec and flip angle of 46°. Cardiac and Respiratory data were collected using a

pulse oximeter and resgitory belt respectively.

3.5MRI Data analysis

MRI data were analysed using FSL (FMRIB Software Library v6.0) tools. Data ywerege®ed to
reduce unwanted variability in the data. Ppeocessing involved 1) removal of rbrain structures
using BETSmith, 2002)2) motion correction using MCFLIR&nkinson et al., 20023) spatial
smoothing with a Gaussian kernel of FWHM 5mm, 4)varping using fieldmaps and 5) higlass
temporal filtering with a cubff of 60 seconds. Functional images were registered-imgarly to
corresponding structural images via a high contrast functional image an{JBBRnson et al., 2002;
Jenkinson and Smith, 2000ardiac and Respiratory data were ugsedreate 33denoising

regressos using PNMBrooks et al., 2008)

Task events wereepresented using separate explanatory variables for the presentation of stimuli
(2s period during which stimuli were first presented) in win and loss trials, and separate variables
representing the four possible outcomes (2s period during presentatiovigfno-win, loss or ne

loss outcomes). Additional EVs were included to account for respiratory and cardiac noise. Activity
associated with expectation during learning was captured as the relative difference between signal
strength during the stimuli presgation period for win vs. loss condition trials. Pbsic analyses

then compared expectation associated activity between thed 29 half of trials in a block (i.e.

when expectation should be low relative to when it should be high, Figure 1c). Tinastdetween
WHAY Qs BEQ WY @i O2YBHEZQ I R Wiy2aa 2 dzi O2-MdléHased S NB
measures of prediction errorssupplemented thignalysis with three modddased analysgin

which the estimated pediction errors from each dhe threemodek (decay, beta and rho)
respectively, were used as parametrégressors in place of the binary outcome regresdorthe
modetbased analyss, explanatory variablegere: the presentation of stimuli (2s period during

which stimuli were fist presented) in win and loss trials, the presentatiomofcomes(2s period

during whichoutcomeswere presented) in witonditionand lossconditiontrials and win/loss

condition RPEs, these were the same aswh®loss-conditionoutcome EVs but witdemeaned

RPEs as parametric modulatofsrstlevel analyses were run for each participant and both blocks of

the task. The outputs of these analyses were then averaged, within subject, across the blocks and
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entered into a highetevel randomeffects anafsis which assessed the difference between the two

groups.See appendices-8 for further details.
The higheilevel analyses were restricted to three anatomical ROIs:

1) mPFC (defined using the Harvaaford Structural Atlas libraesikan et al., 200¥€)

2) OFC (defined using the Harvadford Structural Atlas libra@esikan et al., 2006)

3) Ventral Striatum (defined using the Oxfe@EKImanova Structurganatomical Striatal Atlas
(Tziortzi et al., 201%)

Group level inference was performed using the FSL nonparametric permutation tool (Randomise)
with 5000 permutations, threshold free cluster enhancement method and fawigg error

correcion (p<0.05).

3.6 Results Model Free AnalysisAnticipation
Pramipexoldncreases BOLD Signal during Anticipation of Rewards vs. Losses

Anticipation of reward stimuli, as measured using the activity during presentation of stimuli in
reward relative to loss trials, was increased in participants receRiamipexoleelative to placebo
in the OFC ROI (Figure 4). This is consistent witR§her Decay models, but not the IT model. There

were no significant clusters for this contrast in the mPFC or VS ROls.
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Fig 4. Model Free Analysis: Anticipatidine redyellow coloured area represents the cluster of
significantly increased activitg the Pramipexoless placebo group in the OFC ROI during win
anticipation > lossnticipation Areas of significantly increased activity are threshold free cluster
enhancement corrected with a familyise error cluster significance levelp#{.05.(b) Parameter
estimates extracted from the area of significantly increased activity in Fig 4a associated with win
anticipation, lossanticipation and wiranticipation > lossnticipation.Green (pink) bars represent
the placebo Pramipexol group. Errotbarsrepresent SEM. Scatter plots overlaying bar graphs

depict corresponding individual parameter estimates.

Pramipexoldncreases BOLD Signal during Anticipation of Rewards across trials

To probe this result, | examined the development of win and loss exji@tsaduring the task

blocks. As illustrated in Figure 1c, expectations develop as learning proceeds. | captured this process
by subtracting the response to stimuli in the first half of trials (trfdB) from the latter half (trials
16-30) separately foreward and loss trials. There was no significant grguramipexolevs
placebo)*trial( 215 vs 1630)*condition(reward anticipation vs loss anticipation) interaction. Within
the reward condition, participants receivifyamipexolénad greater increase iactivity across the
block than those receiving placebo in the OFC RedK voxel x=30, y=76, z=36; voxel size:57,;
p=0.019 (Figure 5&). There were no clusters for this contrast within mPFC or VS ROIs, nor for the
OFC/mPFC/VS ROls during loss stinprkesentation. @ the surface, this result isonsistent with
Pramipexolecausing an increase of reward sensitivity or reduction in reward expectation decay
both processes lead to increased reward expectation (Figure 1d). It is not consistent witheaseénc

in inverse temperature, which does not require a change in expectations. However examining
activity within this area in thesland 24 half of trials separately, the placebo group had relatively
high activity in the % half of trials, which droppedonsiderably in the @ half of trials, while the

Pramipexolegroup had comparable activity in the tvialves.While it canbe difficult to
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straightforwardly interpret extracted signal effects from functionally defined clusiers not

obvious that the overall interaction signifies an increase in expectation b rdm@ipexolegroup

over time
a Win Anticipation; 2nd Half of Trials > 1st Half Pramipexole>Placebo b
@ 200
®
E 100
ol
L
g 3 :
@ - & 1
E .100 . -
@
& 500
. Win Win Win
No. of Voxels: 57 Max Intensity: x=30 y=76 z=36 p=0.019 Anticipation  Anticipation  Anticipation
1st-Half 2nd-Half 2nd-Half >
Pramipexole Placebo 1st-Half

Group Group

Fig 5. PosHoc Analysis: Winticipation. (a)The (redyellow) colouredarea represents the cluster
of significantly increased activity in tfframipexoless placebo group in the OFC ROI during win
anticipation in the 2¢ half > F half of wincondition trials. Areas of significantly increased activity
are threshold free clster enhancement corrected with a fanilyise error cluster significance level
of p .05.(b) parameter estimates extracted from the area of significantly increased actiVvag in
associated with wiranticipation in the 1 half, 2'¢ half, and 29 half >1t half of wincondition trials.
green (pink) bars represent the placeli®rédmipexolg group. Errotbars represent SEM. Scatter plots

overlaying bar graphs depict corresponding individual parameter estimates.

3.7 ResultsModel Free AnalysisOutcome
Pramipexoldecreases the BOLD Signal Associated with Reward Receipt vs Reward Omission

The response to rewarded outcomes, as measured using activity associated with win relative to no
win outcomes, was reduced in tlRramipexolegroup relative to the pleebo group in the mPFC ROI
(Figure 6&b). Pramipexolalid not influence activity in loss relative to 4mss trials, or in the OFC or

VS ROls.
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Fig 6. Model Free Analysis: Outcor(ed The (blue) coloured area represents the cluster of significantly
decreased activity in thd®ramipexolevs placebo group in the mPFC ROI associated witowgomes >
no-win-outcomes.Areas of significantly decreased activity are threshold free cluster enhancement
corrected with a familwise error cluster significance lewalp XQ.05.(b) Parameter estimates extracted
from the area of significantly deeased activity in Figa associated with wiroutcomes, newin-

outcomes, and wirputcomes > newin-outcomes.Green (pink) bars represent the placelferémipexol
group. Errotbars represent SEM. Scatter plots overlaying bar graphs depict corresponding individual

parameter estimates.

3.8 ResultsModel Based AnalysjsComparing Reward Sensitivity, Inverse Temperature and Decay

Models

¢2 O2YyFANYXY (GKS 02@S NBadzZ Gz L FAGAGSR SIFOK Y2RSt
behavioural data. | then extracted RPEs for each model, for each person and used them as

parametric regressors for 3 separate mothalsed analyses (RS, ITc®g.

Pramipexoldncreases BOLD Signal during Anticipation of Rewards vs. Losses

As with the model free analysis, anticipation of reward stimuli (vs loss stimuli) was increased in
participants receivingramipexoleelative to placebo in the OFC ROg(iFe 7). This is consistent

with the RS or Decay models, both of which posit increased expectation in the reward vs loss
condition, but not the IT model, which does not. There were no significant clusters for this contrast

in the mPFC or VS ROls.
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Fig 7.Model based fMRI (expectation) results: (a,c\)jin-anticipation > lossnticipation contrast
from the (a) decaymodel based analys{g) beta-model based analysis aife) rho model based
analysisThe redyellow coloured areas represent the cluster ofndfigantly increased activity in the
Pramipexolers placebo group in the OFC R@kas of significantly increased activity are threshold
free cluster enhancement corrected with a familyse error cluster significance levelp#{.05.
(b,d,f) Parameterestimates extracted from the area of significantly increased activiiigry a, @and
erespectively, associated with wamticipation, lossanticipation and wiranticipation > loss
anticipation.Green (pink) bars represent the placelfygmipexolé groyp. Errorbars represent

SEM. Scatter plots overlaying bar graphs depict corresponding individual parameter estimates.
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Pramipexoldecreases the BOLD Signal Associated with RPEs

Win-condition RPEs were reduced in tAeamipexolegroup relative to the placebo in the mPFC ROI
(Figure 8) in all three model based results. This is consistent with internal-dem#si mechanisms,

but not internal RS or HModel mechanisms, as illustrated in figure 1.
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Fig 8. Model based fMRI (outcomegsults: (a,c,e)Vin-condition RPE contrasts from tfi&) decay
model based analys(s) beta-model based analysis arfd) rho-model based analysi$he (blue)
coloured area represents the cluster of significantly decreasgigity in the Pramipexolevsplacebo
group for wincondition RPEs in thePRC ROHAreas of significantly decreased activity are threshold
free cluster enhancement corrected with a familyse error cluster significance levelp#{.05.

(b,d,f) Parameter estimates extracted from tla@eas of significantly decreasadtivity inFig 8 a, ¢
ande respectively, associated with wigondition RPE£reen (pink) bars represent the placebo
(Pramipexolé& group. Erroibars represent SEM. Scatter plots overlaying bar graphs depict

correspondingndividual parameter estimates.
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3.9 Discussion

As demonstrated in Chapter Rramipexoldreatment may increase asymptotic reward choice by a
number of distinct cognitive mechanisms. It is not possible to arbitrate between these mechanistic
hypotheses usig choice behaviour from the PILT task alone. | used fMRI to gauge activity in areas of
the brain associated with reward processing, during the presentation of task stimuli and the receipt
of trial outcomes. Using this activity | inferred the internal meges that might underlie the

observed behaviouRPramipexoleenhances (OFC) BOLD activity during the anticipation of rewarded
trials and suppresses the (mMPFC) BOLD response to win outcomes. This suggests that it enhances
reward learning by reducing the day of value estimates and suggests a cognitive mechanism by
which it may ameliorate the reduced reward learning characteristic of depression and anhedonia
(Chen et al., 2015; Halahakoonatt, 2020; Husain and Roiser, 2018)

During rewardanticipation (vs losanticipation),Pramipexoléncreased activity in the OFC ROI. |

infer from this contrast thaPramipexoleamplifies expectation in the win condition. Consistent with

this inference the contrast is significant within the OFC, activity in which has been found to track

reward expectatior(Moorman and Astordones, 2014; Schoenbaum et al., 1998; Tremblay and

Schultz, 1999nd is altered in depressidfrorbes et al., 2006; Xie et al., 202Ihe Decay and RS

modek attribute the behavioural effect dframipexoldo its effect on the Q value, which represents

iKS WSELISOGSR @I t dzS @rargipexokhasind effétoah theaQivaluedn thO Ty (i NI & (i =
model. A significant betweegroup contrast to reward (Mess) anticipation, suggests an effect on
reward-condition Q values and is therefore consistent with the Decay and RS models. This contrast is
arguably as much in the insula as in the OFC. Activity in the insula has also been associated with

anticipation d rewards(Oldham et al., 2018)

| found that thePramipexolegroup had higher OFC activity in the second half of trials vs first half of
trials, relative to the placebo group. This contrast could equally be interpreted as the placebo group
having higher activity in the first half of trials vs the second half alstrrelative to thdPramipexole
group. Probing the within trighalf contrasts, the placebo group activity was far higher than the
Pramipexolegroup in first half of trials (within condition/run) and fell to below the level of activity in
the Pramipexolegroup in the secontialf. Althoughextracted signal effects from functionally defined
clustersshould be interpreted cautiouslyt is not obvious that the overall interaction signifies an
increase in expectation by tHéramipexolegroup over timelt isalsonot clear that activity during

this phase purely represents expectation. It is in this phase of the task that participants likely

(cognitively) select which option they will chose, so activity during this phase may also include
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decision effects (e.gnainverse temperature effects). Therefore there is some ambiguity about what

this result signifies.

Pramipexolaeduced the response to win (vsfwin) outcomes and reward prediction errors in the
mPFC. Activity in the mPFC reflects RP&sragnan et al., 2018; Rutledge et al., 2Gi@) anterior
vmPFC activity correlates with experienced value in simple choice(tdaker and Knutson, 2010;
Smith et al., 2010)in a previous EEG study iziihg a signal detection tasRramipexoleamplified

mPFC activity during (positive) outconm{@antesso et al., 2009Vhough we find the opposite, the

two findingsmay be consistentith each other as we use a regime Bfamipexoldhat is purported

to have a diametric effect on dopaminergic transmission and we find a diametric effect on
(correlates of) neural activity. Depression itself is associated with a rdd8©&.D response to
rewarding outcomegGreenberg et al., 2015; Huys and Browning, in press; Kunadr, 2008;

Pizzagalli et al., 2009; Rupprechter et al., 202@jch suggests that the reduced learning in patients
(Blanco et al., 2013; Halahakoon et al., 2020; Henriques et al., 1994; Huys et al., 2013; Huys and
Browning, in press; Kunisato et al., 2012; Liu et al., 2011; Must et al;, R22&galli et al., 2005;
Robinson and Chase, 2017; Steele et al., 2007; Vrieze et al.i2@i8yesult of a lower effective

value of rewards rather than a difference in decay of value estimates. The current findings indicate
that Pramipexoledoesnot act directly to reverse the cognitive profile of depressed patients, but
rather improves reward learning via a separate mechanism. This result may go some way to
explaining why the clinical responseRoamipexoldén depression seems to be higher irtipats

with intact, rather than impaired, baseline reward learn{ivghitton et al., 202Q)Specifically, as
Pramipexoledoes not increase reward sensitivity, the impact of the drug on reward learning, and
presumably on symptoms of depression, will depend on an intact response to rewarding outcomes,

and will be reduced in those patients with an impaired response.

Pramipexol@a STFSOG 2y RSOl Pramipesldndized Sompulsivityikioltx et GIE LI | A Yy
2010)due to (maladaptively) persistent salience of previously rewarding stimuli/activiies. is

compatible with reports, by patients suffering frdframipexoleénduced compulsive disorders, of

persistent preoccupation with rewarding activities even in the absence of obvious @degphy et

al., 2021)1t is not obvious howrramipexolemight implement the reduction of value decay. As

stated in the thesis introduction, dopamine RPEs affect future behaviour by altering the rate of

LTP/D. The rate of early phase LTP/D decay is determined by the synaptic availdbiityind-3-
hydroxy5-methykisoxazoled-propionic acid receptors (AMPADong et al., 2015FXxposure to the

D-2 like receptor agonist Quinpirole alters surface availability of AMPAr in the strigamario et

al., 2011)and increases perseverative errors when learned contingencies need to be unlearned

(Pezze et al., 2007ppeculatively, is possible thaPramipexolanight act via a similar mechanism.
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It could be argued thal KS WRS O aw@rkikganerdoky(Xristeh e¥al. (2@15Previous
modelling work has demonstrated that simple learning tasks are often solved using a mixture of
working memory and reinforcement learning based processes, with working merotmg &0

reduce prediction erroresponses by maintainingpresentations of current valugCollins and

Frank, 2018)Theobservedeffect of Pramipexolemay therefore reflect an increase in the degree to
which participants rely on working memory when completing the PILT. However, a general
enhancement of working memory should also influence loss learning, rather than produce a+eward
specific efect as found here. It is therefore necessary to evoke some form of vakpexfic

working memory effect to explain the current findings. Ultimately, the potential role of working
memory in the effect oPramipexolevould best be tested by manipulatingeamory load during
learning(Collins and Frdn 2012)

3.10Limitations

There were no betweegroup behavioural differences in the imaging sesgieported in appendix

4). It is unclear why we see no behavioural effect in the imaging session while we observe a marked
effect across behaviourakssions. One possibility is that the alien experience of performing the task
in an MRI scanner influenced the behavioural results in this session. Another is that the lower
number of task blocks in the imaging session vs the behavioural sessions maghaiesl in a

lower signatto-noise ratio in the latter relative to the former. Lastly, as the imaging session took
place before the posintervention behavioural session, it is possible that the participants were not
exposed to the maximum dose Bfampexolefor long enough by the time of the imaging session, to

produce a significant behavioural result.

| have not accounted for the possibility thatamipexolenay have an effect on the BOLD signal
independent of neural activity. Arterial spin labelliwgs carried out during the same fMRI session
anddemonstrated thatPramipexoleadid not influence resting brain perfusion or global perfusion;

these finds are reported elsewhe(®lartens et al., 2021)

3.11Conclusion

A 2week course oPramipexoleznhanced asymptotic choice of highly rewarded stimuli, while
reducing the neural response to rewarding outcomes. These rdaditsaate thatPramipexole
enhances reward learning by reducing the decay of learned value estimates and suggests a potential

cognitive mechanism by which it may act to ameliorate symptoms of depression.
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Chapter 4:Linkingmood variability at different time scales

4.1 Introduction

Mood variability is an important aspect of major depressive disorder (MplByingroles in both
aetiology and prognosi®8owen et al., 2013; Marwaha et al., 2013; Peters et al.6R01

Understanding the mechanisms underlying mood instability is therefore important for understanding
depression. While some studies have probed the mechanisms underlying mood variability, many of
these studies have approached mood variability as dionm@nsional (or even binary) phenomenon.
Conversely, experience sampling method (ESM) studies suggest that understanding the role of mood
variability in MDD necessitates understanding mood variability in a more nuanced miaoved et

al., 2013)If such a nuanced analysis of ESM data could be linked to affective dynamigs durin
reward leaning (which has a stronger biological framework tHa8N) it may allow for e.g.

translational insights into the biology of affect instabiliovd et al have previously tried to lidkb

based affective measures (emotional reactions to filips), obtained during a short controlled
schedule of events with experience sampling method (ESM) over a longer timescale ({Kosek)

et al., 2013) Using an autocorrelation model, this study found treledel (i.e. p<0.07) positive

correlations between ESM and kalased neasures for all but one dynamic measure

In a recent paper, Pulcu et@ulcuet al., 2022have proposed model(a Bayesian filterjhat

LI NBESa 9{a RIGlFI Ayd2 WYSIY IFFSOGQIYPUeseribes G At Al & C
affective fluctuations around a stable mean®@ G KAt S G KS { N poesErDeSi A OS W
apparent changes in the mean affeat ¢) over time.This model can be applied to affective time

series measured at a large tinseale (such as ESM data) and, equally, at a smalsiiale (such as a

series of affective reports dimg a reward learning task). As with the study by Koval éKalal et

al,2013F AYRAGARdAzZ f aQ . I @8 & hdoyYQPafabRdtimafianie (gt NI YS i SNE&
during areward learning task) may lend insighto their affective parameters at a longer time frame

(e.g. ESM)This idea idlustrated bebw infigure 1which showghat affective parameters acquired

from a small portion (3%wf affective timeseries generally appear taorrelate with equivalent

parameters aquired from the fulltime-series.
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Figure 1 Bayesian filter parameters; Short timgame vs Long timdrame. | used aandomly

generated reward schedule (100,000 tirpeints consistingf 99%=0, 1%=1, 184)to generate 27

WfectiveQime-series using the formula described in the thesis introductiaith each combination

of parameters from 3 affective sgiints ¢4, 0, 4), 3 deflection magnitudes (1, 2, 3) and 3 decay

rates (0.5, 1.25, 2). | then sampled 100 evenly spacedutzitds from each time series and passed

these through the Bayesian filter described by Pulcu @Palcu et al., 2024and described below in
the methods section)To createl & K 2 NENJIK TS | T-Sertes) éxkrastBd1aD eversly

spaced datgoints from a smallandomly and idependantly selected3%) portion of each of the 27
affective time-series described abové. K S & S -0 R KSHFMNG Y S Q -dereFv@@ théandS (A Y S

passed through the Bayesian filter and the resulting parameters were correlated against

corresponding parameters fi6

IKS NBALISDBNWSa@PdA & KEAYS&AGNI GSR A

parameters acquired at a relativetygh (~33 times) sampling frequengyring a short time period

(3% of the full timeseries), correlated with those acquired at a relatively low glimy frequency

during a long timeLJS NR& 2 R @

PEf 20KSN G2ANNGSTENI GYASY-@ SyRds SUBTIE v W

parameterswereno@ A AYAFA O YU o6 LJAxndnp1T M0 -DA WS TNISY H@ NNB |
Yy R WEHA NV EE@E1).

*This formula is:

NQQQRIO QO 1/ ¢ QEW Q&d 8

Affect at time-point "Yis a weighted sum of affective deviations from baseline, caused by events at each

time-point 0, up to and including timgointd Y The value ofddetermines the extent to which events

deviate affect from baseline. The valuedadetermines the rate at which affective deviations return to
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logit mean af fect

baselineThis is an attempt to crudely approximai¢heory of affectput forward by Kuppens et @&uppens
et al., 2010Wwhichsuggests that individualk) have a¥ 6 | & Sffectiwé Se@oint from which2) affect gets

deflectedby internal or external even and to which affecB) returnsover time.The three components in

this affective model (i.e. affectiveetpoint, initial deflectionandreturnto baseline) plausibliposely

differentially relate to the parameterg 6, "Y'@ind0 & despectivelysuch that 1) A high/low baseline

affective setpointis somewhat analogous tagh/low & 6. 2) Large/small initial affective deflections from
baselinearesomewhat analogous t¥ 2 NSk f Sda Wy 2AaeQ | ¥Q3)Odastiotditveg d | f | N
the rate at which affect returns to baselimeight relate toW @ 2 t I Faskslovk rét@rQatbaselines

somewhat analogous tb S & & k Y 2 NEBffect{ig2dwerfhigherns @) This is loosely illustrated in figure

2.The biggest caveat heretlsat inthe SELR2 y Sy AL f RSOF & IM2RBIT XN&KSod & TROT

set, while in the Bayesian analysisp can change over time.
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Figure 2lllustration of the effectof exponential decay compoents onBayesian filterparameters.

As illustrated in the 3 panels above K S T A f 1 SiNAxappeassdolgan¥rallyiisciRrass the
FFFSOGALGS aSi LRAY(G AYaphdars o Geaetallylinkré&asstite initiab NRa Sa i A
RSTf SOGA2Y Ay ONBI & St ohppdars tiv geSeralfyAintréagasNie decdy &g A YI (0 SR

decreases.

In this chaptel primarilyassess whether affective parameters within the reward learning task reflect
corresponding affective paramatein everyday life. | do so Ibggressing ESM affect parameters

against withintask affect parameters.
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In a more exploratory analysisdst the association between affective parameters dinel duration
of affective responses to events in the relatively controlledisgtof a rewarddarning task.
Specifically, | assess whett@raffective noise Y Pdepends on the immediataffective impact of
events (which is somewhat analogousthe initial deflectior), whetherb) affective volatility 0 & b
depends on the extent to which thaffective responses persi@vhich is somewhat analogotise
rate of affective decgy and whetherc) affective meand ¢) has no such relationship with the
immediate or persistent impact of events (as it is roughlyaffective sefpoint). Finally | tes
whether affective parameters in everyday life directly reflect thpsexies to components of the
hypothetical exponential decay modéldo so byepeating aalysesa, b and c, substituting ESM

parameters for withirtask parameters.

My hypothesis is
-Affective mean, volatility and noise within a short timeframe (the reward learning task) reflect

corresponding parameters on a longer timeframe (ESM data).

In the exploratory analysis | explore whetheetimmediate affective impact of events (a proxy toe
WAYAGALFT ' yREO04zZ( S NR § § #hs pedidtdhiCatiekti@eSImpaty o dvenS @ T
LINEEE T2N 0KS WNI ( Ss afactive vblatifitgnéan gffect dd&s @ot depetid odzy R S NI A

the affective impact of events (as it wionot, if it reflected the affective sqtoint).
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4.2 Methods; Recruitment and Studfpesign 664 Participants were recruited through the online

platform Prolific (prolific.cq)of whom339completed the study. | asked participants to join the

dldzReé 2yfeée AF (GKSe KIR y2 LlAEOKAFGNAUGorKAAG2NET ¢
clicking the study link, participants were directed to MetricWire (metricwire.com), a digital health

research platform, where they were instructed on how to ddwad and install the MetricWire app

onto their smartphone. On the app, participants completed the consent process and answered a

number of initial questionnaires. These were the Centre for Epidemiological Siegession

(Radloff, 1977)the Hypomanic Personality Scéieckblad and Chapman, 1986¢ State and Trait

Anxiety InventorySpielberger et al., 1983and the Temporal Experience of Pleasure SEied et

al., 2006) Starting at 9am on the following day, participants received 6 Positive and Negative Affect

Scale (PANAS) questionnaif@gatson et al., 1988)er day for 20 days (120 questionnaria total)

through the MetricWire app. In the PANAS, participants are asked to rate the extent to which 20

adjectives matched their current affective stateon-a® Ay i [ A1 SNI &0Ft S O0FNRY
FffQ (2) wfadtheasPadst@m KFR LRAAGADGS o1t Sy0S 6So3o
negative valence (e.g. afraid). Participants had a 2hr window in which to complete each of the 6 daily
PANAS questionnaires-(®m | Y dptX Within each timavindow, participants received phone

notifications every 20 minutes until they completed the current questionnaire. Participants were

required to complete at least 90 PANAS questionnaires in order to complete the study. Participants

were additionally directed from Prolific to th@orilla onlhe task platformwhere they completed a

rewardlearning taslon two separate days within this 2fay period
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, > 1 day apart

a 1
o5y P Prolific —— day 2——
| |
y I 90 < PANAS < 120
b ia Taiells — " ¢ (9am-11lam,llam-1pm...7pm-9pm) |

Figure 4 2664 Participants were recruited through the online platfoRrolific b) Participantsused
the MetricWireappto answer anumber of initial questionnaireand thenc) 90-120 PANAS
questionnaireswhich they received @imes a day, for 20 dayd) Participantsusedthe Gorilla online
task platformto completee) a rewardprocessingaskon two separate days within &20-day

period. This task is described belofy339 Participantsompleted thestudy.

4.3 Methods; Online Rewar®rocessing ask Participants completethe onlinereward processing
task(illustrated in figure 5pn two separate daysThey completedwo runs ofthe taskon each day.

In this chapter | will restrict my analysis to only the first run of each day. | will analyse the second run

in the following chapterEach run of the task consisted of 120 trials. In each trial, participants chose

one oftwo coloured trees, each of which contained a number of (visible) apples. The number of

apples on each tree differed between 0 and 10 from trial to trial (and between the two trees in the

vast majority of trials). The two trees could appear in two of ¢hpesitions (left, middle, right). Each

GNBES OARSYUGATFAIOES o0& AdGa O2f2dzaNL ¢l a | aa20Al GSK
probabilities were unknown to the participants and varied across the run. Participants were

instructed to learn these chmging underlying probabilities in order to maximise the number of

apples they won. Participants chose one tree per trial by using either the mouse or ankayo

WgAyYyQ 2dziO0O2YS GNAIISNBR | OF&K NBIAAGBNI a2dzyR Iy
number of apples won (withidd NA | t-@ Xby @ H¢zi202YS GNARIISNBR 'y WSNNI
F LIS NI yOS 2F | ONR&aa 20SN) 4KS OKz2aSy GNBSo | W\

and updated by 0.25 points for each apple wBtimulusoutcomecontingenciegillustrated in
Figure B) varied over time, jumping reciprocally £0.5 on three occasions and, additionally, +0.15
non-reciprocally every 129 trials; underlying contingencies remained between 025

throughout the task; stimulus contingencies were atirelated. Participanteere required to
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achieve a minimum score on a demo run of the task to ensure that they understood the task before
proceeding to the actual tasifter every third trial of the task, participants answered the question
GK2¢6 | NB @&2dz TS Slecting @ahe oI fAcksi(exyethayikunhappydto ext@mely

happy) from the selassessment mannequiBradley and Lang, 1994)

? Q Tree1 * :i- i

&
Reward Contingencies
.: o

Total Points: 5

Time

el ot et o e ) et e .

Figure 5: a)n each trial, prticipantschoseone of two coloured treeto try and win applesb) Each

tree was associated with a probability of winning apphlefichwere unknown to participantsraried
within-run and were anticorrelated (as described in the main teg))After every third trial of the
GFal1Z LINIHAOALI yiGa FyYyasgSNBR (KS | dzSzalagedrgm a K26 | N

the selfassessment mannequiBradley and Lang, 1994)

4.4 Methods; ReimbursementParticipants received £20 reimbursement if they completed the
dl0dzRed® ¢KI (G A&z ANAB quedtidhiaires ahd doBpieiedRthexontime task on both
RFedasz LXdza 'y IRRAGAZ2YLFE Mp AT GKS& IYyasSNBR XMWV

monetary reimbursement for the points won in the task.
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4.5 Methods; Bayesian Filterl utilized a previously described Bayesian fi{feulcu et al., 2022p
estimate the causal process that generated reported affect. The code for this filter can be found at
https://osf.io/[7md3/

The filter assumes that reported affedx at time-point ¢, is generated from a Gaussian distribution

with meand 0 and standard deviatioA @ O.

> a0 @EHO
Differences between current and prior affect might be due to the width of this distribution (affective
noise;"Y'Qor due to achange in the meart( 0) of the distributiond 6 is sampled from a

Gaussian distribution with meain 6 and standard deviatioA @ ® & 6. Therefore, the extent to

the which the mean changes over time is determined by the volatility parametéra
nao x  aogdao
0 a @nd"Y'@an themselves change over time, in the same mannéra) & 6 s itself sampled

from a Gaussian with mean & 6and standard deviatioA @®a 6
noao x vaohPAg®o
"Y'O is also sampled from a Gaussian, with m@&@®and standard deviatioA @ ® "YO

n°Yo x* "YGRA Z®"YO
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https://osf.io/j7md3/

i vYmu, = — .

"

Figure 6 An illustration of the generative model that produces afferdtings  J. Reproduced from
Pulcu et a(Pulcu et al., 2022)Affect ratingsoat time-point 0are sampled from a gaussian
distribution with mean(/median/mode§i 6 and standard deviatiofY'Q & 6 is itself sampled from

a gaussian distribution with standard deviatioa 6, which, in turn, is sampled from a gaussian
distribution with standard deviatio2a ¢°Y'Ois sampled from a gaussian distribution with standard

deviationv YO

The filter estimates the joint probability of the five parametér®i Y@ & B YRR 4 gat time

point & given the affect ratings up to that tirggoint @ ho B @ . The filter assumes that all

affect ratings from a given timpoint onwards are completely described by the joint distribution of
parameters at that timepoint. This is equivalent to assuming that the joint probability of parameters
at a given timepoint, ) '‘Q¢ "Q¢dépends only on the joint probability of parameters and observed

affect rating at the previous timpoint; respectively] Q¢ Q¢ andw
nQ¢ Q¢ & aoh a dQa BYaD Y@ hQé Qo
n Q& &is initialised as a flat distribution and updated between each affective observation. At each

time-point the model uses the affect score at that tirpeint to update its belief about the joint

distribution of parameters. Once it receives a data pdinipdates as follows.
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The model first updatethe joint probability distribution of parameters, given the observation at
time-pointd podzaAy3d . &8SaQ NMzZ SoY

no $Q&QEd Q QLo

) 0 QE o S
f o 5

The likelihoocbf the observation ab  p given the joint distributionab p i.e.n @ $Q& Q¢ o

is a function only ot 6 and"Y'Oand so the partially updated probability of the joint distribution

given the observation i.ef) Q¢ Q¢ g assumes thab & B "YandQda demain static, but
GKSe@ R2yQi® ¢KS LINPOYGRALE GAGH BmeRointodepdnd alriha 2 ya 2 T
observation ab p, the probability distribution of the respective parameter after time p and

the probability distributions ob & B "YADd Q& drespedively) afterd p. The next step of the

update is therefore to adjust the joint probability distribution to account for these dependencies. For
example, the probability distribution @ 6 before the observation at timg@oint dand after the
observation ab p depends on the observation at p (already accounted for above), the

probability distribution oftt 6just before the observation at timpoint0 p and also on the

probability digribution of 0 & qust before the observation at timpoint 0. The probability

distribution ford 6 given the probability distribution fob & 6is calculated by integrating

overd 6
Ndosad MAaodQao nao sv

The model performs the same operation for parameff®andd ¢ &8 SIF OK GAYS WAy G S3IN
the influence of the prior magnitudprobabilities of the respective parameter on the current

magnitudeprobabilities of that same parameter, in the sammanner as foé 6above.

N "YOs'YO h "YOQ"YO n "YOsv YO

noaosLao Qa6 Qua 6 n od 6 sQa 6

The resulting probability distributions are combined wiitle updates that resulted from the
affective observation described abote give the joint probability distribution of parameters, given
the most recent observation, accounting for the influence of each higher level parameter on the rate

of change of each resggtive lower level parameter:

N Qé "Qgrood N Q¢ Qeégwd &) 0 & 65 QG &) & 6 sL & 68) "YOsL YO
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This joint distribution is used to calculate the marginal probability distribution for each parameter. In
turn, these marginal distributions are used to calculate a point estimate for each parameter, for each

trial.

The filter sampled: 0in logit spaceand so, before | entered 6in any statistical analyses, | first

logit transformed thex 6values. The filter sampled all other parameters in log space and so | log
transformed them before | entered them into statistical analyses. The filter calcidatahie for

each parameter for each timpoint. For the purpose of extracting data to enter into statistical
analyses, | tool& 6to be the meartt 6across the entire timeseries, | took other parameters to be
the mean of the last 5 values of that parater in the timeseries. Regressions and correlations were
implemented in MatLab. Though the Bayesian filter uses 5 paraméteilSY® & B "YRRa Pl

restricted my analysis to only 3 parameteis@iY'® & ) This was because 1) Mypotheses do

not included Y& Qd& @nd 2) the PANAStimeSNA S&a Q O2y Gl AySR 4G Y2ad wmH

the task timeseries contained 41 affective reports per run. With this number of data paint¥,0

andQd @annot be precisely estimate

4.6 Methods; Regressingffective parametersagainstaffective responses to task eventi the
introduction to this chapter | stated thaY'@ould be thought to reflecthe immediate affective

impact of events, thab & @ould be thought to refleicthe extent to which the affective impact of
events persists and that 6 could be thought to reflecthe affective sefpoint (with the caveat that

& Ocan change over time whereas the affective-s@ A y (i, ard ko/iSuilikely to have a
relationship with the affective impact of events. drder to test this, talculated the association
between withintask mood variability parameters and affective responses to trial outcomes. | first
regressed affecteport scores against the precedingrial outcomes, withiasubject. The resulting
regression coefficients represent the dependency of reported affect on each of the 9 preceding trial
outcomes. | then averaged each group of 3 of these regression coefficients (participants reported
affectevéNBE o OGNRAFf &a0d ¢KS NBadzZ Ay3 o W @SNI ISR
each reported affect score on the events that took place between it and the previous affectseport
¢KSAaS | SN ISR NWva@dtkea dsadzgllectdl 5 h& indeperiighivari@les in
each of 3 subsequent betweesubject regressions in which the dependent variables were,
respectively, withikaskd 6,0 & @nd"Y Qs this should illustrate the relationship between each

parameter and the affecta consequence of task events
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4.7 Results Demographics and questionnaire scores

664 participants clicked on the prolific study link, of whom 339 completed the study.

Age Not known: 13 ; othe rest (326): 27.9yrdd: 9.216yrs

Sex Male: 193 (56.9%F.emale: 132 (38.9%); Not known: 14 (4.1%)
First Language English: 6%19.2%)Not Englib: 253 (74.6%)Not known: 21 (6.2%)
CESD Mean: 16.3; &1: 9.294

HPS Mean: 64.0; &l: 11.125

STAI (state) Mean: 38.1; &l: 11.483

STAI (trait) Mean: 44.5; &l: 11.561

TEPS Mean: 82.8; std10.614

Table 1.Participant demographics and initial questionnaire scores.

4.8 Results:The relationships between task affective parameters and affective responses to task

events

| regressedhffective parameters against affective responses to task eV@stsgescribed in section

4.6).1 found that taskY'Qs, as expected, associated with the immediate affective impact of task
events and that this association decreases monotonically fromemegent to more distant events.

This is consistent with the idea that@eflects the magnitude of the initial affective perturbation. |
found the opposite (and, again, expected) patterndoéo: 0 & ds not associated with the

immediate affectivampact of task events and is, insteassociated with the extent to which the
affective impact of task events persi$his association increases monotonically from more recent to
more distant events. This is consistent with the idea that deflectsthe rate at which affect

returns to baseline following an initial perturbation. | found that téaskis negatively associated

with the immediate response to task outcomes. This outcome is unexpected and it is unclear what it
signifies. Perhaps that a hig 6is associated with noreactivity to external events. However, this
NBadzZ § NBFOKS& aAayATAOI yOS 0 beinterpketedichdiiguslyd NB I R i K
This latterresult is not consistent with the conceptualW S E LJ2 v S yriiodldl, vhicR<bighests Q 0
that & 6should be independent of affective responses to events. Expectedly, there is no obvious
relationship betweerx 6and affective responses of different durations, as there was¥Y@and

va o.
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The dependency of mu on the affective impact of outcomes
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Figure 7. The relationshipdiween within-task affective parameters and affective responses to
within-task events Bars represent regression coefficients for the dependency ofdpsko (blue

bars),b) U & dred bars) ana) "Y' dgreen bars) on the affective impact of trial outcomes. In each

panel, the three bars represent (from left to right) the dependency of the relevant parameter on the
mean affective impact of sequentially preceding groups of 3 trials (therleftt bar/regession

coefficient: trials-1:3; the middle bar: trials4:6; the rightY 2 4 G 0 I -N¥ QG WA | £ BB | NB
coefficients and error bars are the standard error of the respective regression coefficient. Dashed

lines and asteriskabovebars signifythat the regression cefficient is significantly different from

zero (as measured by ddst). Dashed lines and asteridieowbars signify that the respective

coefficients are significantly different to each other (as measured byovenlapping 95%

confidence intervals).

Conclusion/SummaryTasK'Y'Gs associated with the immediate impact of task events, which is
consistent with the idea that it reflects the magnitude of initial affective deflection from baseline.
Taskd & ds associated with thpersistent impact of task events, which is consistent with the idea
that it reflects the rate at which affect returns to baselingnexpectedly, tasé& 0is negatively

associated with the immediate impact of task events, it is unclear what this signifies.
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4.9 The relationship between corresponding tadlased and ESM affective parameters

My primary hypothesis is th&ayesian affective parameters within a short timeframe may reflect
corresponding parameters on a longer timeframe (which, if true, would contribute to the ecological
validity of the task based measures of affective variability using the Bayesian [filésxted this idea

by regressing ESM parameters against task parameters. If my hypothesis is correctasithin
parameters should specifically reflect corresponding parameters in the ESM dataset (i.@.&ESM
should depend specifically on tagkd; ESMb& 6should depend specifically on ta8& 6; ESMY'O
should depend specifically on tadsk(

0O ¢: 1 averagedx 6, 0a 6and”Y'@ach acrosgthe first runs ofthe two task sessions. | then
regressed ESM 6against taskx 6,0 & @nd™0. | found that ESM 6 was associated with tagk 6
andtask"Y'Qbut that the regression coefficient for tagko wassignificantly highethan for tasK'Y'Q
as illustrated in Figure 8. This is not exactly as predicted (asiEBNMas associated with task’Q
but the results suggest th&SMJ ¢ is mostassociated with taskl ¢. This is consistent with my

hypothesis.
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Figure 8. Dependency of ESMO on task parametersBars are regression coefficients from

regressing ESBI 0against taskx 6,0 & @nd"Y'OESMi 6is dependent on both task 6and task
"Y'OEror bars represent the standard error of the respective regression coefficient. Dashed lines and
asterisls above bars signify that the -&fficient is significantly different from zero (as measured by a
t-test). Dashed lines and asterisks below bars signify that the respective coefficients are significantly
different to each other: The lower 95% CI for theka Oregression coefficieris 0.2497 while the

upper 95% CI for th&¥'Qegression coefficient is 0.0384 so that the regression coefficient for task

a ois significantly larger than for taSk'O

o O ¢l averaged: 6, va 6and"Y'@ach across the two task sessions. | then regressedU&aSi
against taskx 6,0 @ @nd"Y'Qxs illustrated in Figure.9 found that ESMbO ¢ was specifically

associated with tasle ¢. This is consistent with my hypothesis.
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Figure 9. Dependency of ESHD ¢ on task parametersBars are regression coefficients from
regressing ESMa 6against taskt 6,0 a @nd"YOESMya 6is dependent specifically on task o.
Eror bars represent the standard error of the respective regression coefficient. Dashed lines and
asterisks above bars represent that theefficient is significantly different from zero (as measured

by a ttest).

{ ! averageds 6, 0G4 dand"Y'@ach across the two task sessions. | then regressed ESidainst
taskd 6,0 & @nd"Y'Qs illustrated in Figure 10found that ESM| pwas specifically associated

with taskq| jThis is consistent with my hypothesis.
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The dependency of ESM SD on task Parameters
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Figure 10. Dependency of ES|M ron task parametersBars are regression coefficients from
regressing ESNW'Gagainst taski 6,0 & @nd"Y'OESMYQGs dependent specifically on taskO

Eror bars represent the standard error of the respectiegnession coefficient. Dashed lines and
asterisks above bars represent that theefficient is significantly different from zero (as measured

by a ttest).

Conclusion/SummaryTask affect variables are specifically associated with their ESM counterparts
when controlling for other task variables. The only exception is E®Mhich was additionally

associated with tasky’'O

4.10 The relationships between ESM affective parameters and affective responses to task events

Having found a (mostly) specifissociation between task and ESM affective parameters | next
examined the direct relationship between ESM affective parameters and affective responses to trial
outcomes.In order to do so | repeated the analyses at the start of the results section, batieg
within-task affective parameters with equivalent ESM parameters. | hypothesized that the results

would follow the same basic pattern as for the withask affective parameters:

-ESM'Y'Qvould be associated with the immediatdfective impact oftask events and this

association would decreaseonotonically from more recent to more distant events.

-ESM0 & dvould be associated with the persisteaffective impact of task evenendthis

association would increasaonotonically from more recent tmore distant events.
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The dependency of mu on the affective impact of outcomes
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-ESM& 6would not show any clear pattern of association with either the immediate or persistent

impact of task events.
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Figure 11. The relationship between ESM affective parameters and affective responses to within

task eventsBars represent regression coefficients for the dependency of &%M (blue bars)b)

L G dred bars) ana) "Y'(green bars) on the affective impact of trial outcomes. In each panel, the

three bars represent (from left to right) the dependency of tielevant parameter on the mean

affective impact of sequentially preceding groups of 3 trials (thenhefst bar: trials1:3; the middle

bar: trials-4:6; the rightY 2 & {

0 F-N¥Yp@d WA | £ BE

NS NBINBaarzy 0287

standad error of the respective regression coefficient. Dashed lines and asterisks signify that the

regression ceefficient is significantly different from zero (as measured byest).

| found that the pattern of results for PANASOs similar to the pagrn of results for taskY OFirst,

PANASYGs significantly (and specifically) associated with the affective impact of recent trial events.

Second, the association of PANX®n task events decreases (numerically) monotonically from

more to less reent task events. Unlike with taSK'Qthis decrease is not statistically significant.

| found no significant association of PANA8 dvith the affectiveimpactof task events.

Interestingly, the regression coefficients increase monotonically (nwakdy) from more to less
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recent events, which malyint that PANA® & dnay be associated with the affective response to

more distant eventgi.e. it reflects the persistence affective responsgto task events).

The pattern of results for PANASOGis strikingly similar to that of PANABJand taskY'Q This was
unexpected and may signify that mean affect may be positively associated with emotional reactivity.
This is the opposite of what the withiask results suggeste&catter plots of ESK 06, "Y'@GndU & 6
versus each of tagk 6, "Y@nd0 & das well as accompanying correlation coefficients) are shown in

appendix14.

Conclusion/SummaryAs with taskY'QESMY Qs associated with the immediate impact of task
events, which is awsistent with the idea thatY'Gn everyday life reflects the magnitude of initial
affective deflections from baselinESMO & @oes not bear angignificantrelationship to the

duration of responses to task eventsSMi 6 shows the same pattern ofkaociations as ESMO

4 .11 Discussion

In this chapter | first tested the association betwdgayesiaraffective parameters and affége

responses taaskevents. Afective noise {Y'Qwas associated with the immediate affective impact of
events Affective volatility 0 & pwas associated with the persistenceaffiective responses. These
findings were consistent with the ideathaAfONS ¥t SOGa |y AYyAGALFE FFFSOGADE
baseline and thab & deflects the rate at which affeceturns to baselineAffectived éwas (just

about) significantly negatively associated with the immediate impact of task events. This finding was
not consistent withd oreflecting an affective sgpoint. | then attempted to link withistask affective
parameters to corresponding affective parameters in everyday@Gfmsistent with myypothesis,

9{ a & WNES-HOOand Y Quere respectively associated with tagkd, D& 6and"Y'Qeven
controlling for the other withirtask parameters. Finally | tested the direct relationship between ESM
parameters and withistask affective responsekfound that affective nois€ Y'pwas associated with

the immediate affectivémpact of eventswhich was consistent with my hypotheségound no

significant associations between affective volatilityd pand the persistence of affective responses.
ESM affective meafix 0) was associated with the immediate impact of task events. These two

findings are not consistent with my hypotheses.

The core finding in this chaptesthat each task parametds associated with gtcorresponding ESM
parameter. Thiss the case even controlling for other task parameters. In the cases of affective noise
("Y'®and volatility ¢ & § thisis aspecificassociation. Though ESM mean afféctyf is additionally

associated with task noiséY(]) theregression coefficient for tagkean affect § ¢) is significantly
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larger than for nois€Y'Qx Buildingupon previous work in the arg@g&oval et al., 2013) have drawn

a linkbetweenwithin taskand corresponding ES¥fective variability paramers. ESM does not
currently have a strong biological framework whereas the biology of reward processing is
comparativelybetter characterized. Linking the two may facilitatanslational channels between
reward learningand mood instability research. There are currently two strands of rexygasdessing
based explorations of affe¢Eldar et al., 2016; Eldar and Niv, 2015; Rutledge et al., 2B&#) lines

of research have investigated the relationship between striatal activity and reported (vtétbi)

I TFSOGADS DI NRFOAEA(GE oF ANIGRBQR finsthHS @ HAGHDS B NB LI2 NI
Eldar et a(Eldar and Niv, 201p)Rutledge et alifid that ventral striatal BOLD responsee

significantly correlated with triaby-trial changes in several internal model metrigaitledge et al.,
2014) Eldar inds that the magnitude of striatal responsese moreinfluenced by mood in those

with high HPScores (which are indicative of affective instabil{gldar and Niv, 2015The Rutledge
model of affect{Rutledge et al., 20143 essentially a sum of exponentially decaying affective
perturbations with separate parameters determining the magnitudenifal deflection and the
subsequent rate of decay. As this model is already known to reflect striatal a(ivutiedge et al.,
2014) one could e.gexplorethe effect of the rate of decay on striatal activity, and use the Bayesian

filter described here and in Pulcu et(®ulcu etal., 2022) 2 NXf I 4§ S G KA &0V dE&® LI NI AO.

Oneinterpretation of ESMaffective noise Y Qis that it represents the immediate arichnsient
affective impact of events while ESMlatility 0 & prepresents the persistent affective impact of
events. We cannot be sure of this from the E&\a. | asessed whethefwithin-task)affective

noise (Y Qandvolatility 0 & pare differentially dependandn the duration of affective responses to
events "Y'Gs dependent on the immediate affective impact of task events, and not on the more
persistent aféctive impaciof task events (decreasimgonotonically as trialsecede into the past).
Also as hypothesised, & ds not dependent on the immediataffective impact of task eventand
instead on the more persistemffective impacbf task eventgincreasingnonotonically as trials
recede into the past). These results are consistent with the interpretation that ESM affective noise
("Y'Qrepresents the immediate/ansient, and ESM volatility (& Hthe persistent affective impact of
events Theyare also looselyconsistent with the idea that affect can be described as a sum of
exponential affective decays witlf'Qeflecting initial affective deflections and & d@eflecting the
rate of return to affective baselindlot as hypothesized, withitaskd 0is (just about) negatively

associated with the immediate impact of task events.

| also assessed the association betwe&Mparameters and the duration of withitask affective
responsesAshypothesisedESMYGs directly associated wittihe immediate affective impact of

task events, and not on the more persistent affective impdask eventsAffective noise Y Qis
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somewhat analogous to affective instability anddely theoppositeof emotionalinertia, both of

which are relevanto depression(Eldesouky et al., 2018; Kuppens et al., 2012; Sperry et al.,.2020)
The current finding suggests that the underpinnings of ESM affective figi®eduld be probed by
rewardearning tasksl did not find a significant association between ESM affective volatility

and the persistence dffective responsedJnexpectedlyESMa 6 showedthe samepattern as ESM
"YOESMA 0ois directly associated witthe immediate affective impact of task events, and not on
the more persistent affective impacf task eventsThe associations decrease monotonically as task

events recede into the past. This finding is surprising, difficult to explain and warrantsagixpio

4.12 Limitations

Thischaper aimedto relate rewardprocessing task based measures to ESM mood dynamics. The
underlying motivatiorwas to ground depressierelated mood dynamics (as measured using ESM) in
the relatively well established field oéward processing, whidmas a betteicharacterizel
neurobiological basidn order to do so, | used a relatively new model of ESM affective variability
(Pulcu et al., 2022)While this model has shown some utility in characterizing mood dynamics in
BPAD and EUPD, it remains untestedifipolar depression. Therefore, itisclear how relevant

my results are for depression research specifically, particularly as | diderait a depressed

population.

Previous studiefind utility in decomposing affecEor example, compared to healtlagults,

depressed adults appear to have greater instability of specifinathativeaffect following
specificallypositiveevents(Thompson et al., 2012)hF @S G NBF G SR WIF FFSOGQ Fa |
measue. In doing so | have possilligushed over useful and interesting aspects of the dé&iar

example Leemput et al found that episodes of degsion were preceded hgcreased mutual

reinforcement of withinvalence emotions and increased mutual suppression of betwedence

emotions(van de Leemput et al., 2014uture studies that thaassess the underpinnings of

affective variability using the PANAS may wish to examine the dynamics of the various

subcomponents within the PANAS score.
4.13 Conclusion

Affective parameters can differentially capture the immediate vs persistent affectipadhof task
events in a reward learning task. These parameters are specifically associated with corresponding

ESM parameterBom everyday life This suggests that combining reward learning and ESM using
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Bayesian affect parameters provides a plausiblehmodtfor studying the reward processing

underpinnings of affective variability.
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Chapter 5:Does reinforcement learning underlie affect instability

5.1 Introduction

As outlined in the thesis introduction, there has been recent inteireshe connection between

affect ard RL. Several studies have demonstrated a link between RL measures of learning and
momentto-moment changes in reported affe@lain and Rutledge, 2022; Chew et al2 2Xeren

et al., 2022; Rutledge et al., 2014 these studies participants complete reward processing tasks,
during which time they additionally report affect using a visual analogue scale. Following behavioural
RL modelling, model metrics (suchRIBES) are inputted to separate models that generate a series of
affect scores, which are shown to correlate with participesptorted affect score¢Rutledge et al.,

2014) Given that affect appears to be linked to RL, it seems plausible that affective instability can be
expressed in terms of RL. Eldar and Niv have doifgldar and Niv, 2015proposing that affective
instability arises from a feedback loop between affect and learning such that affect modulates the
perception of outcomes, which{turn modulate affect, and so oftldar and Niv, 2015[ldar and

Niv found that affective instability in everyday life (as measured using the hypomanic personality
inventory)was associated with a withitask interaction between affect and learninghis is an

exciting result. Howeer, this is a nascent line of research and many questions remain unanswered.

Among these:
1. Testing the affecgenerating mechanism

-The model mechanism has so far been tested at a relatively coarse resolution (replicating one affect
report every 17 tils). Itsability to accurately replicate affect at a higher resolution is not yet
known (for example once every 3 trials, as is the case for another prominent RL model of affect

(Rutledge et al., 201%1)

-The model posits that affect is a (modified) weighted average of RPEs. In the original study, this
mechanism replicat participant affect, buthe to-be-explainedparticipant affect scores were
actually included with the choice data estimatethe model parametersilt is not yet known if the
posited mechanism can replicate participaatfect usingbehaviouralchoicedata alone (i.e.

without including theaffect scoresn the fitting procesk

- The model has been successfully tested in one task, howegeneralisability to other contexts

(e.g. other tasks) is not yet known
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2. Replicating the original key findings

-The key findings in the original study were that affective instability in everyday life (as measured by
the HPS) was assatéd with a withintaskinteraction between affect and learning, and that the

extent of affective instability was commensurate with the extent of this interacfldme association
betweenwithin-task affectlearning interactionand affective instabilityin everyday life hasot yet

been replicated.
Ly G4KA&a /KFLWGSNIL FdGSYLWG G2 FRRNBaa -gereidtaad |j dzS a i
mechanism on a separate reward learning task, using more frequent affect sampling and without

fitting to affect report data. then attempt to replicate the original key finding (the association

between affecearning interaction withirtask and affective instability in everyday Jife
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5.2 Methods and Results

Recruitment and demographics are as describe@hapter 4. The task used in this chapter is also

the same as that described in chapter 4, with some additions:

Figure 1. Task Descriptiohe task description and analysis in chapter 4 restligelf to the first

taskrun of each day. However, immediately following & initial run, participants complete(b) a

wheel of fortune (WoF) task as affect induction. The Woftained 22 balanced and ostensibly

equally probable outcomes (up to £120 points). Unknown to partiggpthe WoF outcomes were
deterministic: on one day, the participant won 100 point (that is, 100 points were added to

LJ- NI A OA Ldask scére); this Whsin®nded as a positive affect manipulation. On the other day,
the participant lost 100 point (it is, 100 points were subtracted from participants apialsk

scores); this was intended as a negative affect manipulation. This was counterbalanced across
participants. Following this, participants complete(tasecond run of the reward processing task

This second run was implemented in the same manner as the first run. Each run contained a unique

pair of tree colours withifparticipant.

This task is different from the original task on which the model was te@dhr and Niv2015) Two
differences are: 1) the original task had fixed stimtdugscome contingencies while the present task
has wandering contingencies (as described in chapter 4, Figure 5). 2) The original task had fixed
reward magnitudes, while in the presentstq reward magnitudes vary between trial and between

stimuli intratrial. Reward magnitudes here should not affect RPEs as reward magnitudes vary from
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trial to trial and are explicitly shown (and so are of no value in updating the expected value of
selecthg a given stimulus). However they are likely to affect choice. Given this, | tested 3 variants of
the original modelaltering the choice layer variously to take/not take account of the varying reward

magnitudes.

Model DescriptionsThe learning ratd ) updates theexpected value for each shape , after each
trial 0 using the reward prediction errotr for that trial, which is dependent on the perceived

value of the trial outcome’Y

Y is the trial outcome'YX & Y2RATFTASR 0@ ai.K8e infdieddiok OA LI y (i O
FFFSOG 2y LISNODSLIGAZVSINY AYIRA Y I SR ©dhdt ifq DIthEF O & S § ¢
participantexperiences a positive feedback loop between affect and positive outcomes,while

"Q Tleads to negative feedback between affect and positive outcomes”ang results in no

interaction).
Y Y 8Q
Affect a is determined bythe history of reward prediction errorsQ, modified to constraim to
mT a p
a OATE

"Ois updated in the same manner as thevalues (above) but using a different update parameter

QR -

0 values (i.emodel beliefs regardinthe value of stimu)iare then entered into a softmax function
to generate trialwise probabilities of selecting stimulusHerg is an inverse temperature
parameter and is the number of points/apples associated with a given stimulus on a giveri'trial (

is therefore not a free parameter).

p Q
| compared the model as originally described to two variants which attempt to accouritefor t

variability in available reward.
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Model 1ais the model described above withset to 1. This is the model as originally described
(Eldar and Niv, 2015)

Model 2ais the model described above withset to 1.
Model 3ais thefull model as described above.

These three models each assume a bidirectional dependence of affect and learning. In order to test
versions of each model in which affect depends on learning but not vice Vadditionally fitted

eachmodel with"Cset 1o 1: respectivelynodel 1b, 2band3b® ¢ KSaS o VYHRSE2RSO6 A OS
cannot test the affect generating mechanism as there is no principled way to constrain the affect

update parameter— without fitting the model to affect data.

Model Fitting: | calculated the full joint posterior probability of parameters for each model, for each
participant. Model choice probabilities were combined with participant choices to generatdyrial

trial likelihoods for the latter. The likelihoods were logged, summewss triad, exponentiated and
normalizedto generate posterior probabilities for each tested parameter combination, (given that
the participant is using the model in question). These probabilities were marginalized and the
resulting probability distribtions were weighted by the corresponding values of the parameter of
interest and summed to calculate the expected value of the parameter in question (again, given that

the participant used the model in question). | fitted models only to behaviour (andlsotaffect).

Model Comparisoni used 2 criteria to compare the model9:Model fit to behavioural data (using
the BIC), averaged acrassisand model subtypsi.e.the (no/)affectinteraction version2) In the
case of the affeeinteraction subtypesit was possible to additionally determine the affect
generated by each model. | correlated modenerated affect to participaateported affect across
all runs (i.e. taking into account inter as well as iftra changes in affect). It was not possitile
produce modelgenerated affect for the naffectinteraction version of each model without fitting

model affect to participant affect reports.
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Figure 2 (aBar chart illustrating the mean (SEM) model BICs (averaged across participants, model

subtype and run), accounting only for participant behaviour. Overlying scatter plots illustrate
AYRAGARIZEf LI NIAOALIY(GaQ .L/&ad az2R@fBarghakKlI R (KS 0
illustrating the mean (SEM) correlation between modeherated andarticipantreported affect,

across all runs (averaged across participants). Model 2a generated affect had the highest correlation

to participant reported affect acrossruts S NI @ Ay 3 & Ol GGSNJ L)X 2G4& Af € dzadn

BICs/affect correladns.

Figure 2a illustrates model fit to behavioural data (BICs). Model 2 and 3 (in which available
points/apples influence choice) fit participant behaviour considerably better than model 1 (in which
they do not). As illustrated in Figure 2a, moddmean BIC: 142.95) perfornmsarginallybetter than
model 3 (mean BIC: 144.36). As it was not possible to produce rgedetated affect for the no

affectA Yy 1 SN OG A2y GSNEA2Y 2F SI OK NM2RENIZOWLA DY Y LB SIBR.
each model (Figure 2b). Here too, Model 1fpanedworst. However, here, modelore

convincingly distinguished itself from model3gan affect correlations were respectivéty0.31
andR=0.25). It could be argued that this difference in mean particigamtodel affect correlation is
made less aavincing by the large range of correlations in both cases. Performing a paired samples t
test for the two sets of correlations, | find that meld>-generated affect has significantly higher
correlation toparticipant affect than model-§enerated affect(p=0.22*10~11).Overall, model 2

fitted behaviour and affect most closely.
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Mood

5.3 Testingthe affect-generating mechanism

Figure 2 illustrates how closely model 2 replicated reported affect. Generally the model replicated
reported affect well. Assessingfedt correlationwithin-runs, | find that in the pr&VoF runs, mean
modetlgenerated affect correlates to participant affect at R=0.44 (SEM: 0.020) in th&/@ivin,

and R=0.46 (SEM: 0.015) in thefvef-loss runs. These correlations are commensuraté it
prominent model of affec{Rutledge et al., 2014yhich achieves a mean welation of R=0.47 with 5
(vs 3 model parameters and after first optimising parameters by fitting the model to reported to
affect. As illustrated in figure 3, mode&-generated affecgenerally fits affect quite closely, but
dewviates considerably from reporteaffect in the post Woftoss run. In the latter case, meamodel

generated vs participanteported affectcorrelationis R=0.27.

Pre Win Run Post Win Run Pre Loss Run Post Loss Run

—

==
—_—
—
e

Trials

Figure 3. Plot of modegienerated affect (fitting only to behaviour) vs participant affeceports.
The solid blue line is mean model generated affect and the dashed black line is mean participant

affect reports. Vertical lines are SEM. All affect scores-amomed across runs.

5.4How accurate is the model, accounting for other contributais affect?

Though figure 3 shows a relatively convincing correlation between model genersigatticipant

reported affect, it could still be argued that affect depends instead on other factors and that, once
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those factors are accounted for, the model does little to explain affect. In order to test this, | first

regressed participant reported affect agaiistee measues on which affect could also deperid

trial outcomes (win/newin), 2) the number of apples wom win trials, and) (-)the number of

apples on the chosen tree in main trials. Here the effect of trial outcomes was significant

(p=0.0465) while the efcts of appleswon/nep 2y 6 SNB y20 O6LIAXnPMT hc O P L i
residuals to signify the portion of participargported affect scores that were not accounted for by

these independent variables. | regressed these residgdmat modelgenerated aféct. The

residuals were significantly dependent on model generated affect (mean ®&a64, sem0.0321;

singlesample ttest p=0.2742*[10215]). Model generated affect therefore recapitulates participant

reported affect to an extent that is not accoumtéor by immediatehe impact of tasloutcomes

Thissupports the validity of the post affectgenerating mechanism.

2.5

1.5

0.5

The dependency of participant affect
residuals on model-generated affect

Model-generated affect

Figure 4Bar chart illustrating the dependency of participaaported affecton modelgenerated
affect, accounting for trial outcomes (winfmd A y 0 X | LILJX S& 62y | yWiRtridlsLILX Sa W

Black vertical lines are SEMs. Overlying scatter plot illustiadiévidual participant betas.

Summary:The affect generating mechem in the Eldar/Niv model is able &@curately replicate

affect at aconsiderabljhigher resolution than tat at which it was originally tested (ever{# 8s ~11
trial), in a separate task to that in which it was originally tested. The mechanism appaat to the
extent that it is able to recapitulate the influence of RPEs on participant affect aisipgehavioural

RPEs, withoutlsobeing fitted affect data. Even under these relatively stringent conditions, it is able
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to capture participant affeceéven after accounting for trial outcomeshe model therefore seems to
be able to capture the influence of learning on affect. However it is not able to account for the
effects of prior affect induction, suggesting that it cannot capture the effect dife of effect of)

affect on learning.

5.5Replicating the original resultpreliminary model fitting

In the original study, Eldar and Niv compared model fit for their full moQ@a(a free parameter) vs
one without affect interaction”Q p), showingthat those with high HPS scores were better
described by the full model while those with low HPS scores were better described by the model
without affectlearning interaction. It is not possible to produce affect with the latter model without
fitting the model to affective data (or without choosing an arbitrary affect update tetrttjerefore

first fitted affect to participant affecteports in the manner described by Eldar and (fEkdar and

Niv, 2015)

The likelihood 0 of the participant reported affect score® 6 @iven each combination of model

parameter values s calculated for each triab as:
OLo® 00
Where
6 Q 3

In which 0 ¢ 'Qs0 is the modelgenerated affecscore given a particular set of model parameter

values , zscored across runs and

where @1 s the zscore of each affeetating 1 that the participant can make, given the mean
YR &idl yRINR RS@ALl (A 2eporta€rosdamirs. LI NI AOALI yiQa | FFS

| then fitted models to participant data as described above, but instead of summing over log
likelihoods of only choice behaviour, | atilsially summed over reported affe¢as Eldar and Niv
did).

Models tested Despite model fitting, the previous winning models (2a/b) were still unable to

reproduce the postWoFloss affective timeseries (see Figure 5). | therefore additionally considered
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variants of the model. All variants were identical to the winning model above with respect to
learning and choice, varying only with respect to affect generation. As before, each variant was fitted

both with and without affect interaction.
Model 2.1:The wnning model from the model comparison above.

Model 2.2:Model 2.1, plus an additional parameter NS LINBa Sy G Ay 3 LI NOAOA LN yia
NELINBaAaSYiSR a |y Xy fafiesth 8 3 VREAOSKXATSREOY DK NBAES& o
KAad2880 Ot dz

Q 1

Model 2.3:Model 2.1 with separate affect updates rates for positive and negative trial outcaines;

denotes outcome typewin/no-win).
0 Q1

Model 2.4:Model 2.1 with the additional parameters from Model 2.2 and 2.3.

Model fitting results are illustrated in Figure 5.
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Figure 5 (aBar chart illustrating mean (SEM) model BICs (averaged across participants, medel sub
Gl yR NHzy0O® az2RSt Hdmo KFEIR G4KS O0YFNHAYFff&o0
Model 2.4b(285.90).(b) Bar chart illustrating the mean (SEM) correlations between model

generated and participaateported affect, across all runs (averaged across participants). Affect
generated by Model 2.4a/b had the highest correlation to participant reported affect acuoss
h@dSNIeAy3d a0l GGSNI LI 20a Aftfdz2aGNIGS AYRADARdZ f

Importantly Models 2.4(a/b) reproduce pe8tYoFloss affect more accurately than the other models,

as illustrated in Figure 7.
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Figure 7 (a). Plot of modeajeneraid affect vs participant affecteports. Solid coloured lines are
the mean affect generated by each model; thested black line is mean reported participant affect

score Vertical lines are SEM. All affect scores eseared across rurfb) This is the ame as @ but

displaying only the postVoFloss run. Models 2.4a/leproduce postWoFloss affect more

accurately than the other models.

Model 2.1(a and b) had the lowest BICs of theaftect-interaction and affecinteraction models
respectively. Howevethey were only marginally lower than the Model 2.4 equivalents (~2 units in

each case). Model 2.4 had the best affect correlation across runs (0.472). Crucially, visual inspection

of the affect plots showed that model 2(4 and b) were considerably bettat reproducing the

effect of the Wofloss on subsequent affect reports than the other models. | therefore took the
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model 2.4a/b pair to be the winning pair of modeléodel 2.4b had} parameters: A behavioural
learning rate parameter (), an initialaffect parameter {) andtwo affect updates rates
- 7 ). Model 2.4a additionally had affectf ST Ny Ay 3 Ay i SNOtOtitdl 2 y Q LI- NI

parameters.

Replicating the original resuitDoes an interaction between affect and learningnderlie affective
instability?

In their study, Eldar and Niv demstrated that an interaction between affect and learning was
associated wittaffective instabilityin everyday life They did sty comparinghe full model(with "Q
as a free parameter, which allows faifect-learning interaton) vs a restricted moddivith "Q p,
which does not allow foaffect-learning interation) usinglogio Bayes factorsTheyshowedthat
participants with high HPS scores (which signify redaifective instability) were better described
by the full modelwhile those with low HPS scor@sghich signify relative affective stdiby) were
better described byQ p.

| calculated log Bayes factors for the winning pair of models: Model 2.4a (iickvlfls a free
parameter)vsModel 2.4b (in whicAQ p) for each person and ruhthencorrelated theBayes

factors with HPS scorelsfound no significant correlations between HPS and Bayes factors overall or
in any condition/run. It is possible that those with affective instability might show more of a affect
learning interaction following affect induction and that there may be &edihtial effect of positive

vs negative affect induction. | therefore conducted a repeated measAREGOVA (Pres-Post WoF,

Win-vsLoss) with HPS score as avamiate.l found no significant main effects or interactions.

Eldar and Niv also demonstratéttht the magnitude of théQparameter in the full model correlated
AAAYATFAOIyGt e gAGK LI NIAOALI y G a&4feaning iterdctvd NEaA @ ¢ K
within-task correlated with the extent of affective instability in everyday lifeund no significant

correlations between HPS affvalues,overall or in any condition/run. As with tHego Bayes

factors, | conducted a repeated measuCOVA (PresPost WoF, WivsLoss) adding HPS score

as a cevariate, in order to test whetheaffectively unstable individuals might reveal a propensity for

affect instability following affect induction. This analysis revealed a main effect of Run F(337)= 4.632
p=0.032 and a Run*HPS interaction F(337)= 4.514 p=0.034. This latter findings appesuk foom
verysmall(no’la A AYATFTAOF YUT LEAXNDPIHNUL L2 8VAlied pted/oFOshdNINEB £ | (0 A
verysmall(noli A Ay AFAOFI YIT Llaxnodmpn0 Yy S Dialies @oSWaB2 NNBt I (0 A
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This result does not support the idea thatectively unstable individuals have greater affect

instability following affect induction.

Summary:l was unable to replicate the original findings regarding affeatning interaction and

affective instability in a separate reward learning task.

5.6 Discussion

In this Chapter | have explored an existing RL model of df#tar and Niv, 2015Dverall, the

model was able to accurately replicate participant reported affect in a task on which it had not
previously been testedlhis is the first time that the model has replicated frequent affect reports
(once every 3 vs ~17 trials). In runs without prior affect induction, mgdekrated affect correlated
with participant affect to an extent commensurate with another prominentdalbof affect

(Rutledge et al., 2014The model was able to do sdtlout fitting to participant affect. The model
was unable to replicate affect in the pedtoFloss run without fitting to participant affect. | was not
able to replicate the original key finding: affective instability in real life was not associated with

affectlearning interaction in this sample.

The affectlearning interaction model used in this study has previously been used to stuinplaet

of affect on learningEldar and Niv, 2015; Michely et al., 20283 they were not foced on giving a
detailed account of learning oaffect, these studies recorded participant affect scores every1816
trials. Studies that instead focus on the momdmytmoment impact of learning on affe¢Blain and
Rutledge, 2022; Chew et al., 2021; Keren et al., 2022; Rutledge et al.r@€dm) participant affect
scores more frequently (every -@trials). In the present study, using frequent affect reporting
(every 3 trials) | have tested the &tyi of the affectlearning interaction model to account for
momentby-moment variation of participant affect. In runs without prior affect induction, the model
produced intrarun affect correlationghat were commensurate with those produced by a more
commonly used model of the impact of learning on affé@kain and Rutledge, 2022; Chew et al.,
2021; Keren et al., 2022; Rutledge et al., 20While the latter model was fitted to affect, the
present nodel was not, and was instead fitted only to behaviour. Furthermore, the present model
used only 3 (vs 5) motiparameters. As such the Eld&iy model appears a promising means of
linking RL, which has a relatively well characterized neural implemen{@iimcher, 2011 )and

affect, which is highly (sedfvidently) releant to affective disorder research.

L 6SatSR GKS Y2RStQa OFLIOAGE G2 | OOdzNY G St @

model fitting was restricted to only behaviour and not also affect. As far as | am aware, this is the
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first time any model has been shown to produce an accurate affective-ienies, without first

fitting to affect. This is important as it removes the circularity inherent in reproducing adaries

by fitting to thattimed SNA Sa ® { SO2y R (tkeSarticpdRtaffett vasltestddt A G &
after accounting for the immediate impact of factors that may alter affect, and to which model
generated affect likely correlates. Again, to my knowledge, this is the first time the fidelity of model
generated affect has been tested to this extent. Third, #ies done on the entire affective time

series (across all runs as a whole, two of which were post affect induction) asempfo intrarun

(within whichcorrelations were generally higher). All of this serves to validate the basic affect

generating mechasm: affect can be described as a weighted sum of RPEs.

Without fitting to participant affect, the model was unable to replicate affect in the pUstloss
run. This appears to be because the WalSs had a significant andrpistent impact on affect, but
very little (arguably no) impactobehaviour/performancésee Appendi®0). This suggests that
affect does not impact the perception of rewards (in a manner that impacts relearting

behaviour). | subsequently tried to formally test whether an intei@tbetween affect and reward

perception underlies affective instability (i.e. | tried to replicate the original finding by Eldar and Niv).

| did not find affective instability in everyday life to be associated with an interaction between affect
and learning. Rather, | did not find affective instability in everyday life to be associated with an
interaction between affect and learnirig the current taskThis task may not have been ideal for

asking this particular question, as discussed below in the liipitatsection.

5.7 Limitations

Reward magnitudes (i.e. the number of available apples) varied inter and intra trial and impacted
behaviour (as reflected in the poor fit of Models la/bghose to account for the effect of apples in
the choice (softmaxplyer (by replacing the inverse temperature with the number of apples on each
tree). Arguably, | could equallyave accounted for the effect of the apples in the learning lalyer.
assumed that the number ofvailable apples would not impact thev@lueas he number of

available apples were explicitly shown and not related to previous trials. | therefore deoided

them in the choice layeiThis means that the number of apples does not directly impact affect in my
model. This choice is supported tige d the regression# this chapter, whicldemonstrates that
participant affect depended on whether they won/did not win the trial, but not on the number of

apples won/not won.
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In the current task, reward contingencies wander across trials (making it hardely on learned
stimulus valuesandcan differ greatly between stimuli within trials. This combination of task
characteristics appears to incentivize participants to weigh reward magnitude heavily in their
decision making (as evidenced by the success of the model that replaces the imvepsgature
parameter with reward magnitudesiReward magnitudes here play an identical rolé@ in
determining choice probabilitye. in the models}Q is effectively reward sensitivity and reward
magnitudes are inverse temperatures, two measurest thave identical effects on choice
probability. Therefore, variable reward magnitudes may obscure any préQestgnal This task is
therefore not ideal for answering this questioh future study may wish to repeat this investigation
using a task bedr suited to elicit this effect, if presefEldar and Niv, 2015)

5.8 Conclusion

Affect is a dimension of experience that is (like any dimension of subjective experience) not directly
amenable to scientific study, and yet is ttxeix of affective disorder research. RPEs, by contrast,
have a well characterized neural implementation. This chapter demonstrates that affect reports
(presumably a reasonable proxy for subjective affeat) be modelled as a weighted sum of RPEs, by
a mocel that is blind to the affect repts themselvesThis chapter does not find evidence for an
interaction between affect and learning, however, the present task had a limited ability to test this
idea. Future studies should further explore the link betw®&Es and affect, and continue to test

the interaction between affect and learning.
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Chapter 6: General Discussion

6.1 Assessment of the results reported in this thesis

In this thesis | used computational modelling and, in particular, reinforcement learning, to study

aspects of cognition and affect that are relevéamtMDD.

In chapter 2l investigated the effect of a (clinidalrelevant) ~2 week course Bfamipexole
onrewardrelated decision making in healthy volunteefs. hypothesized, a stdrute course of
Pramipexolencreased choice accuracy in the reward (but not loss) condifigpectedly,
behavioural computational modelling did not clearly arbitrate betwéeamthree proposed
mechanisms underlyinBramipexol&@ effect on reward choice accuracy: 1) increased reward
sensitivity, 2) increased choice determinacy and 3) decreased belief decay. Each of the three models

were able to recapitulate participant behaviouitivcomparable fidelity.

In chapter 3l attempted to arbitrate between the models in chaptening fMRI. | gauged
activity in areas of the brain associated with reward procegdiming the presentation of task
stimuli and the receipt of trial outcomesJsing this activity | inferred the internal processes that
might underlie the observed behaviolRramipexoleenhances BOLD activity during the anticipation
of rewarded trials and suppress BOLD RPE activitjhis suggests that it enhances reward lezgni

by reducing the decay of value estimates

In chapter 4l tested the association between within &4 { yRT SF2Bd I{ a0  FFSOGA O
foundthatS I OK 2 F (K S THEKNS § TBNESMPGESMIG NANYESH S Pldere O

associated with the corresponding withiask parameter, even controlling for other withiask

parameters.This result suggests that affective dynamics in everyday life are reflected in affective

dynamics during reward learning tasks. This requires e but if it is found to be robust, it

might suggest that reward learning tasks are an ecologically tealidor studying affective

instability.

Chapter Sexplored dink between two seemingly disparate areas: 1) behaviourah@l2a

subjective affect. Specificallyexplored an existing RL model of affective instalitgar and Niv,

2015) The model was able to replicate participant reported affect in a task on which it had not

previously been testedat a finer granularity than it had previously been tested (once every 3 vs ~17

trials), to an extent commensurate with another prominent model of af{€uitledge et al., 2014)
gAOK2dzd FAGGAY3I G2 LINIGAOALIYy(d FFFSOGD 1 26SOSNE
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finding (i.e. that affective instabilitin real life was associated with affdetarning interactiorwithin-

task.

6.2 General conclusions from the thesis

In chapter 2 Pramipexoleaises the choice probability asymptdte. the impact ofPramipexoleon
learningis opposite to that of MDFAdmMon et al., 2015; Foti et al., 2014; Hall et al., 2014; Johnston
et al., 2015; Knutson et al., 2008; Redlich et al., 2015; Remijnse et al., 2009; Robinson et al., 2012;
Saterthwaite et al., 2015; Smoski et al., 2009; Steele et al., 2007} iTonsistent with

Pramipexol®@a | y (i A RS LIS#ia &t hly 2013 Favk&t6tial., 2016; Tuetal., 2019)
However MDD participantshave blunted reward predictions erro¢ddmon et al., 2015; Foti et al.,
2014; Hall et al., 2014; Johnston et al., 2015; Kowet al., 2008; Redlich et al., 2015; Remijnse et

al., 2009; Robinson et al., 2012; Satterthwaite et al., 2015; Smoski et al., 2009; Steele et al., 2007)
This siggests that blunted behavioal response to reward in MDD apeobably due to reduced

reward sendlivity. The neuroimaging results anapter 3suggest thaPramipexolalecreases value
decay(rather than increasingeward sensitivity) Thisimplies thatPramipexoledoes not remediate
reward processing impairment in depression, rather it comjppées for it.It also implies that
Pramipexol®@a G NBFGYSyid STFFSOUG YIre& NBIdANB AydlF OG NBgl
preservation presumably requiresadequate preexisting capacity to represent value). This is
consistent with finding by Whitton and colleagues: a 6 week coursBraimipexolebenefitted those

depressed individuals with intact pietervention reward sensitivitfWhitton et al., 202Q)

In chapter 4Bayesian affective dynamic parametérseveryday life are reflected Bayesian

affective dynamic parameteduringarewardlearningtask This suggests tha¢ward learning tasks

may bean ecologically valid way of studyiaffective instability While chapter 5suggests thaaffect

might be accurately modelled usiogly participant behaviour, strengthenine tie between

subjective affect and objectiveehavior thatwasA YL A SR o6& 9t RI NJ I(Bfdar b A @Qa 2
and Niv, 2015)If this pair of findings is accurate/robust, they nmyggestatranslational channel

between animal behaviouraésearch, which studies the biological implementation of reward

learning in detajland ESM affect data, which is more proximate to human experience, but not as

amenable to detailed biological investigation.
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6.3 Are computationalmodels useful in undestanding depression and its treatmeft

Computational modelling most commonly purports to help us understand mental disorder by
modelling the algorithmic layer which is thought to mediate the effect of implementation (e.g.

neural activity) on output (e.gask stimulus choicdMarr and Poggio, 1976More broadly,
computational models allow us to explore aspeof data that are not amenable to more traditional
statistical analysis (e.g. distinguishing affective volatility from affective iBigeu et al., 2022)In

this thesis, computational models have shown utility in helping to couple different levels of analysis.

This allovg us to reach conclusions that any one level of analysis on itshoigit not.

In Chapters 2 and 3, computational models allowed me to couple the eff€raafipexoleon PILT
performance with is effect on neural activity, in a relatively rigorous manfisrapplying Qearning
algorithms to the former, and using the resulting RPEs to model BOLD activity the latter.) In Chapter
4, applying a Bayesian filter to affect reports allowed me to parse affect into 1) mean affect, 2) short
affective fluctuations (oise) and 3) sustained affective perturbations (volatility). This allowed me to
discover specific associations between mean affect/volatility/noise during a retaakdand the
respective constructs in real life (using ESM dateChapter 5, a slightly edified application of an
existing model allowed me to recapitulate participant affect using only participant behaviour and
task outcomes, lending further weight to the already purported connection between RL and affect
(Eldar et al., 2016)

In summary, the chapters in this thesis draw links from neural activity to reward learning behaviour
(in chapters 2 and 3), from reward learning behaviauwithin-task affect (in chapter 5) and from
within task affect to affect in everyday life (in chapter 4). Hiigs atthe intriguing possibility that
all of these different levels may potentially one day be linked together, from neural activity te¢ affec

in everyday life.

6.4 Outstanding questions

The present results suggest several potential followlines of enquiryFollowing on from Chapters

2 and 3: does value preservation medi®@amipexol®d STFFSOG 2y RSLINBaaiz2yKk
in the context of a randomized controlled trial (RCT). Such an RCT is currently ungar¥aying et
al.,2022) Another followup questions is: If a dopaminergic agent, sucP@snipexoledoes not

remediate reward sensitivity, what might? Reward sensitivitycfmrsummatorhedonic capacity) is

linked to opioid activityTreadway and Zald, 201 Berhaps novel opioid agents will have some

utility in directly remediating low reward sensitivity in M@Browne et al., 2022; Elias et al., 2022)
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Speculatively, framingramipexoleas preserving value estimates could egfre some previous
seemingly paradoxical findings. For examplemipexolecaused riskier choiemakingbut

(seemingly) paradoxicallgecreased rostral basal ganglia/midbrain responses to high (Riba et

al., 2008) Framed as decay reductioAramipexoléoth increased risky choiemaking and reduced
rostral basal ganglia/midbrain responses by presgywalue estimates. Future studies may also find
that reframingPramipexol® & SFFSOG Ay GKAA YIYYSN YI &heNBaz2f @S
Bayesian filter used in Chapter 4 has previously shown that Lithium therapy specifically reduces
volatility of positive affec{Pulcu et al., 202). An RCT is currently underway testing the effect of
Pramipexoleon Bipolar depressio(PAXBD)(Azim et al., 2021)f participantSESM data were
obtained,applyingthe same filteicould help answer the question: doPsamipexoleeduce

volatility of negatve affect in bipolar depression? Or does it, instead, have a countervailing effect on
some aspect gpositive affect. Incorporating the methods from Chapter 5, and asking participants in
PAXBD(Azim et al., 2021tp perform a reward learning task, we could ask: is any observed effect of
Pramipexoleon volatility ofnegativeaffect associated with a reductiaf the magnitude of the RL
negative affective reactiwtparameter{ ). We could likewise ask(a separate RCT): is the
observed effect of Lithium on volatility pbsitiveaffect (Pulcu et al., 2022ssociated with a

reductionof the magnitude of the Rpositiveaffective reactivity parameter{ )?

6.5 Limitations

Thisthesis has several limitations. First, the thesis tries to answer questitevsare to depression
usingentirely nonclinical poplations One questiorthat arises from this choe iswhether the
results are generalizabte clinical populatios. However,and in keeping with the RDOC framework
(Cuthbert, 2014)mental health symptoms are arguablg@ntinuum.We can therefore gather
potentially valuable insights into mental health symptoms from heatibyulations. Norclinical
studiesaretherefore a reasonable first line in the investigation of mental health phenomena. These
studies willneed to be followed up by clinical wor&econd, this thesis assuntbat artificial ¢rivial)
cognitive tasks capNR2 6 S LXeal wosthEagaitiRe functioninge.g.PILTperformancecan give
insights intohow people actually learn about portant events). This ia limitation in the field
generally Thereis evidence that such tasks can evidence pinesenceof differences between
depressed and healthy individugldalahakoon et al., 2020 is arguably reasonable to thinkat
such tasks can give us insight into tiegure of these differenceslso(Halahakoon et al., 2020)

Chapter 4, which compares mood parameters in ESM with task data, has attempted to address this
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guestion but it isalsoimportant to assesghe relationship between taskased measureand real

world (e.g. functional) outcomes.

6.6 Conclusion

In this thesis | studied a number of areas relevant to depression using computational methods,
particularly RL. In Chapters 2 and 3, | investigated the effect of a promising antidepressant on neural
and behavioural reward learning, finding tHatamipexolencreases reward accuracy by preserving
value estimates. In Chapter 4 | investigated the relationship between affective dynamics in a reward
learning task and those in everyday life, finding that witsisk affective mean, volatility and noise

are specitally associated with corresponding parameters in everyday life. In Chapter 5 | explored an
existing model of affect, finding that the model was able to replicate affect at a finer granularity than
previously tested and with reasonable fidelity, even wiigied only to behaviour. | did not find an
association between affective instability and meledrning interactia in the current sample. This

thesis adds to the growing body of work thaiggiestshe potential utility of computational methods

in psychi#ric research.
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Appendices

Chapter 2

Appendix 1: Accounting for all trials in the behavioural sessions

In chapter 2, | calculated modfrtee behaviouraNB & dzf 6 & dza Ay 3 LI NGAOALI yiaQ
second half of trials. This was because the focusaifahalysis was the effect &framipexoleon
asymptotic choice accuracowever, it could be argued tahutting off halfthe trials isanarbitrary

choice Includingall trials in the analysis, the pattern of results remains the same:

The group*valence*session interaction remains significant [F(1,38)=7.572 p=0.009]. The increase in
Pramipexolegroup reward condition accuracy across sessions rensagmgicant [t(20)=2.705
p=0.014)]. The change Rramipexoleggroup loss condition accuracy across sessions, as well as the

change in placebo group reward and loss accuracy remainbra Yy A TA Ol y i o6+ £ Llaxn ®

Appendix 2 Win-Stay Lose Shift Analysis

To check for the possibility th&ramipexolesimply changed a tendency to stay/shift after a

win/loss, | performed a wistay loseshift analysis. In other words, | investigated the effect of the
previous (relevant) outcome on choices in each trial. Thasuee of interest was the probability of
choosing the same stimulus as in the previous trial (within comjitiinned by the outcome of the

(previous) trial.

A repeated measures ANOVA for Condition (Reward vs Punishment), Outctiragreceding trial
(Positive vs Negative) by Session (Rriervention vs Posintervention) by GroupRramipexolevs
Placebo) yielded no significant main effects or interactions that included group, either in the second

half of trials (ps>0.161) or for all trials (ps>0.191).
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Appendix 3:The effect of adding baseline TEPS anticipatory subscale scores as a covariate

By chance, at the initial testing session, the two groups differed significantly in the anticipatory
adzo0 a0l tS 2F GKS ¢9t{ [dzSadA2yylIANB® L IIRRSR AYR

the main behavioural analyses:

After adding baselinanticipatory TEPS stdzores as a covariate, the group*condition*behavioural

session interaction remained significant: F(1,37)=8.59 p=0.006.

Likewise, the group*condition*behaviourakession interaction for computational parameter values

remained signitiant:
Inverse temperature parameter [F(1,37)=5.521 p=0.024]
Reward sensitivity parameter [F(1,37)=5.521 p=0.024]

Decay parameter [F(1,37)=6.332 p=0.016].

Chapter 3

Appendix 4: Behavioural results, fMRI session

There are no significant reward/loss acowyalifferences between the pratervention behavioural

session and imaging session:

The main behavioural finding presented in Chapter 2 was a significant group*valencejpost
intervention-behaviouralsession interaction for choice accuracy. | did ¢lggivalent analysis for the
pre-intervention behavioural session vs the pastervention imaging session and found no such
group*valence*preinterventionvsimagingsession interaction for choice accuracy [F(1,38)=10.517
p=0.096].

Nor did | find any sigficant changes in reward/loss condition accuracy across sessions in either

ANRdzL) 6Lttt LlAaxndnyc d0

| found no significant group*valence*(piaterventionvsimagingsession interactions for reward
sensitivity, decay or decision determinacy parameterd@lx n doncdpv X Yy 2NJ | yé aArayair
gAykt2aa GNARFE LI NFYSGSNI @FtdzSa | ONRaa aSaaizya
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LYGSNBadAy3atesz I RRAY3I AYyRA DA R dzvariaieQieldet asiyhificaitS ¢ 9t {
group*condition* preinterventionvsfMRIsession interaction for choice accuracy [F(1,38)=4.457 p=0.042].
The group*condition*preinterventionvsfMRIEsession interactions for computational parameter values
(inverse temperature parameter, reward sensitivity parameter and decagrpeters) remained non
AAAYATFAOI YOG oLIAXNDOMCTOD

Appendix5: Model Free Analysis;sing the default highpass filter

In fMRI preprocessing | used a higfass filter cutoff of 60 seconds. This is within the
recommendations in the FSL user guildiggs://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FEAT/UserGuifél ¥ 2 NJ
eventNE f 6 SR RSAAIAYaAXPDPGKS Odzi 2 F T Havevyr, the ddfdultGeat t & 0 S

high-pass filter cutoff is 1009and | am told this is a more typically used-off). As a sanity check, |
have repeated the main (modélee, all trials) analysis using a higass filter cuioff of 100s. My

findings are as follows:

1) Using a higipass filter cutoff of 60s, BOLD actvituring reward anticipation in the R OFC
was increased in participants receiviBgamipexoleelative to placeboReanalyzing with a
cut-off of 100s, this result is no longer significant.

2) Using a higipass filter cutoff of 60s, BOLD activity in the mPFENJ Wg Ay Q 2-dzi 02 YSa
GAYQ 2dzi02YS&0X 61 & AYONBIFI&ASR Ay LI NIAOALI yiG:
PramipexoleReanalyzingwith a cut-off of 100s, this result remains significai@47
voxels) Additionally the same contrast is now siificant in a small area in the R OFC (13
voxels).

3) The reanalysis yielded no additional significant betweegroup contrasts.
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Appendix 6 Model free analysis, individual level design

| used 6 explanatory variables in the main mefleé analysis:

1,2) Win, LossAnticipation: Two-second periods in which stimuli were presented (before choices

could be made) in witoss-condition trials.

3,4,5,6) Win, No-Win, Loss, Nd_ossOutcome:Two-second periods in whh win/win-condition

neutralloss-conditon neutrallossoutcomes were presented.

There were 14 Individudével contrasts in the main model free analysis:

Contrast Win Loss Win No-Win Loss No-Loss
Anticipation | Anticipation | Outcome | Outcome | Outcome | Outcome
Win Anticipation 1 0 0 0 0 0
LossAnticipation 0 1 0 0 0 0
Win Outcome 0 0 1 0 0 0
No-Win Outcome 0 0 0 1 0 0
Loss Outcome 0 0 0 0 1 0
No-Loss Outcome 0 0 0 0 0 1
Win Antlc!p_atlo_n > 1 1 0 0 0 0
Loss Anticipation
Loss Anticipation >
Win Anticipation & 1 0 0 0 0
Win Outcome >
No-Win Outcome 0 0 1 = 0 0
No-Win Outcome >
Win Outcome 0 0 = 1 0 0
Loss Outcome >
No-Loss Outcome 0 0 0 0 1 <
No-Loss Outcome > 0 0 0 0 1 1
Loss Outcome
Win Outcome > 0 0 1 0 1 0
Loss Outcome
Loss Outcome > 0 0 1 0 1 0

Win Outcome
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Appendix 7 Model based Analyses, individual level design

| used 6 explanatory variables in the motlelsed analysis:

1,2) Win, LossAnticipation: Two-second periods in which stimuli were presented (before choices

could be made) in witoss-conditiontrials.

3, 4) Win, LosLondition OutcomeTwao-second periods in which win conditidoss condition

outcomes were presented.

5, 6) Win, LossCondition RPEsThe timings are the same as for EVs, 3idt with within-participant,

trial-wise RPEas parametrianodulators.

There were 12 Individudével contrasts in the main model based analysis:

Win Loss Win- Loss Win- Loss
Contrast Anticioation | Anticioation Condition | Condition | Condition | Condition
P P Outcome | Outcome RPEs RPEs
Win Anticipation 1 0 0 0 0 0
LossAnticipation 0 1 0 0 0 0
Win-Condition Outcome 0 0 1 0 0 0
LossCondition Outcome 0 0 0 1 0 0
Win-Condition RPEs 0 0 0 0 1 0
LossCondition RPEs 0 0 0 0 0 1
Win Anticipation >
Loss Anticipation 1 - 0 0 0 0
Loss Anticipation >
Win Anticipation = 1 0 0 0 0
Win-Condition Outcome >
LossCondition Outcome 0 0 1 = 0 0
LossCondition Outcome >
Win-Condition Outcome 0 0 = 1 0 0
Win-Condition RPEs >
LossCondition RPEs 0 0 0 0 1 =
LossCondition RPEs > 0 0 0 0 1 1

Win-Condition RPEs
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Appendix 8 Grouplevel Design

In both the modelfree/based analyses, Individudkvel outputs were averaged across runs and

entered into group analyses. Model free/based group analyses were identical in design.
There were2 group level explanatory varibds:
1) PramipexoleGroup: The participant was randomized to receRemipexole

2) Placebo Grouprhe participant was randomized to receive placebo.

There were @roup level contrasts:

Contrast PramipexoleGroup | Placebo Group
Group Mean 1 1
PramipexoleGroup 1 0
Placebo Group 0 1
PramipexoleGroup > 1 1
Placebo Group
Placebo Group > 1 1
PramipexoleGroup
Negative Group Mean -1 -1
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Appendix 9 fMRI results, decay model
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Fig Al. Model based fMRI (outcome) resul®ecay model contrasts fga) Win-condition RPES;
mPFC R@t) Win-condition RPEs > Lessndition RPEs; OFC ROI é)dVin-condition RPEs > Less
condition RPEs; mPFC Rk (blue) coloured area represents clusters of significantly decreased
activity in the Pramipexoless placebo groupAreas of significantly decreased activity are threshold
free cluster enhancement corrected with a farilyse error cluster significance levelpH{.05.
(b,d,f) Parameter estimates extracted from the areas of signifilyadecreased activity iRig Al a, ¢
ande respectivelyGreen (pink) bars represent the placelfvygmipexolé group. Errotbars

represent SEM. Scatter plots overlaying bar graphs depict corresponding individual parameter

estimates.
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Appendix 10 fMRIresults, inverse temperature model
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Fig A2. Model based fMRI (outcome) result$:model contrasts fofa) Win-condition RPEs; mPFC
ROI(c) Win-condition RPEs > Lessndition RPEs; OFC ROI éjdVin-condition RPES > Less
condition RPEs; mPFC RiDke blue) coloured area represents clusters of significantly decreased
activity in thePramipexoless placebo groupAreas of significantly decreased activity are threshold
free cluster enhancement corrected with a farilyse error cluster significance levadlp X.05.
(b,d,f) Parameter estimates extracted from the areas of significantly decreased actitity &2 a, ¢
anderespectivelyGreen (pink) bars represent the placelBfygmipexol group. Errobars

represent SEM. Scatter plots overlaying gephs depict corresponding individual parameter

estimates.

115



Appendix 11 fMRI results, reward sensitivity model

The figure description is on the next page.
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