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Abstract 

Relatively little is known about the mechanism underlying major depressive disorder (MDD), 

necessitating the 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 analysis framework for leveraging the 

richness of (all manner of) psychiatric data. In this thesis I will use a reward processing framework 

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

My findings are from 2 studies. In the first study, I apply reinforcement learning models to 

behavioural and neuroimaging (functional magnetic resonance imaging; fMRI) data to investigate the 

effect of Pramipexole, a promising antidepressant, on behavioural and neural reward learning. The 

results of this study are reported in chapters 2 and 3. In chapter 2, I report on the behavioural 

findings from this study: Pramipexole specifically increases choice accuracy in the reward condition 

of a probabilistic instrumental learning task, with no effect in the loss condition. Behavioural 

modelling (alone) does not clearly arbitrate between potential underlying mechanisms. In Chapter 3, 

I report on the neuroimaging findings from this study: Pramipexole decreases the BOLD response to 

reward prediction errors in the ventromedial prefrontal cortex. Combined with the behavioural 

modelling, this finding indicates that Pramipexole enhances choice accuracy by reducing the decay of 

estimated values during reward learning. 

In the second study, I investigate the mechanisms underlying affective instability, an emerging area 

ƻŦ ƛƴǘŜǊŜǎǘ ƛƴ ŘŜǇǊŜǎǎƛƻƴ ǊŜǎŜŀǊŎƘΦ L ǊŜŎƻǊŘ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ŀŦŦŜŎǘƛǾŜ ǊŜǇƻǊǘǎ ŘǳǊƛƴƎ ŀƴ ƻƴƭƛƴŜ ǊŜǿŀǊŘ 

ƭŜŀǊƴƛƴƎ ǘŀǎƪΣ ŀƴŘ Ψƛƴ ǊŜŀƭ ƭƛŦŜΩ ǳǎƛƴƎ ŜȄǇŜǊƛŜƴŎŜ ǎŀƳǇƭƛng method (ESM). The results of this study are 

reported in chapters 4 and 5. Lƴ ŎƘŀǇǘŜǊ п L ǎŜǇŀǊŀǘŜƭȅ ŎƘŀǊŀŎǘŜǊƛǎŜ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ǘŀǎƪ ōŀǎŜŘ ŀƴŘ ǊŜŀƭ-

world affective profiles by applying a Bayesian filter to each dataset to calculate the parameter 

values that underlie participaƴǘǎΩ ƳŜŀƴ ŀŦŦŜŎǘΣ ǘƘŜ ŜȄǘŜƴǘ ǘƻ ǿƘƛŎƘ ǘƘŜƛǊ ŀŦŦŜŎǘ ŦƭǳŎǘǳŀǘŜǎ ŀǊƻǳƴŘ ǘƘƛǎ 

mean and the extent to which this mean changes over time. I then compare parameters from the 

two datasets and find that participaƴǘǎΩ ŀŦŦŜŎǘƛǾŜ ǇǊƻŦƛƭŜǎ ΨǿƛǘƘƛƴ-ǘŀǎƪΩ ǊŜŦƭŜŎǘ their affective profiles 

Ψƛƴ ǊŜŀƭ ƭƛŦŜΩΦ Lƴ /ƘŀǇǘŜǊ рΣ L ŜȄǇƭƻǊŜ ŀ ƭƛƴƪ ōŜǘǿŜŜƴ ǘƘŜ όōǊƻŀŘύ ǊŜƛƴŦƻǊŎŜƳŜƴǘ ƭŜŀǊƴƛƴƎ ŀǇǇǊƻŀŎƘ ǳǎŜŘ 

in chapters 2/3 and the topic of chapter 4: affective instability. Specifically, I test a previously 

proposed model that links reinforcement learning and affective instability. I find that the model is 

able to replicate participant reported (within-task) affect without fitting to participant affect. 

In sum, this thesis reports on a number of analyses that utilize computational modelling and a 

reward processing framework to link different types of data. If applied to clinical datasets, this 

approach may help to unpick the mechanisms underlying depression and its treatment. 
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Chapter 1: Thesis introduction 

Summary of thesis introduction: In this thesis I 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 being reward processing 

differences between MDD participants and HC (healthy controls). Therefore, the main topic 

addressed in the thesis introduction is whether there is compelling evidence for behavioural reward 

processing differences between MDD participants vs HC. This section (1.3) is based on a systematic 

review and meta-analysis that I published, with colleagues (Halahakoon et al., 2020). Following this, I 

will briefly outline other topics that frame the rest of the thesis, namely, the neural basis of reward 

processing, the use of computational modelling in psychiatry and the computational literature on 

reward processing in depression. I will then outline the background and motivation for each of the 

four data chapters that follow.  

 

1.1 Why study reward processing in depression? 

Depression is the leading cause of morbidity and mortality worldwide (Ferrari et al., 2013). 

Current therapeutic agents for depression are useful but limited (Casacalenda et al., 2002).  10-15% 

of depressed individuals do not respond, and 50-70% only partially respond to multiple 

pharmacological and psychological interventions όhΩwŜŀǊŘƻƴ ŀƴŘ !ƳǎǘŜǊŘŀƳΣ мффуύ. The imprecision 

of mental health nosology likely hinders the advancement of mechanistic 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, 2014)Φ ΨwŜǿŀǊŘ ǇǊƻŎŜǎǎƛƴƎΩΣ ǿƘƛŎƘ ƛǎ ǊŜƭŀǘƛǾŜƭȅ ǿŜƭƭ ŎƘŀǊŀŎǘŜǊƛǎŜŘ (McClure et 

al., 2004), has garnered increasing interest as a means of linking the two in depression (Treadway 

and Zald, 2011). A reward processing framework is especially useful for understanding symptoms 

related to motivation, such as reduced interest and activity (Husain and Roiser, 2018). These 

symptoms warrant better understanding as they are associated with poor psychosocial functioning 

(Vinckier et al., 2017), poorer prognosis at one year (Spijker et al., 2001), higher risk of suicide (Hall 

et al., 1999) and poor response to medication (Uher et al., 2012). 
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1.2 What is Reward Processing? 

Reward processing describes how an organism uses reinforcement-related perceptions to guide 

goal-directed behaviours (Smith and Delgado, 2015) and can be divided into a number of 

subcomponents. According to one conceptualisation (Husain and Roiser, 2018), reward processing 

proceeds according to the following sequence of cognitive operations. 1) Option generation: The 

generation of potentially rewarding behavioural options; 2) Decision making: Options are subjected 

to a cost-benefit evaluation, which balances the utility of potential rewards against associated costs, 

resulting in the selection of one of the options; 3) Anticipation: An anticipatory or preparatory phase 

associated with physiological arousal before the reward is obtained. 4) Action and effort: 

Engagement in action in order to obtain the reward goal. 5) Consummation: The hedonic impact 

arising from interacting with the reward goal (or alternatively, the frustration of an omitted 

outcome); 6) Reward Learning: Learning how to modify behaviour in future interactions with similar 

stimuli, using an update signal.  

Figure 1. Mechanisms underlying reward-based decision making. Reproduced from Husain and 

Roiser (Husain and Roiser, 2018). This flow diagram outlines the stages of reward processing 

described above. 

 

1.3 Reward processing in depression 

A number of studies have examined behavioural and neural reward/punishment processing in 

ŘŜǇǊŜǎǎƛƻƴΦ Lƴ ǘƘƛǎ ǎŜŎǘƛƻƴ L ŜȄǇƭƻǊŜ ǘƘŜ ǉǳŜǎǘƛƻƴΥ ΨŀǊŜ ǘƘŜǊŜ ǊŜǿŀǊŘ ǇǊƻŎŜǎǎƛƴƎ ŘƛŦŦŜǊŜƴŎŜǎ ōŜǘǿŜŜƴ 

MDD participants ŀƴŘ I/ΚΩ ¢ƘŜ Ƴŀƛƴǎǘŀȅ ƻŦ Ƴȅ ƭƛǘŜǊŀǘǳǊŜ ǊŜǾƛŜǿ ƛǎ ǇǊŜǎŜƴǘŜŘ ǳƴŘŜǊ ǘƘŜ ƘŜŀŘƛƴƎ ΨмΦп 

Are there reward processing ŘƛŦŦŜǊŜƴŎŜǎ ōŜǘǿŜŜƴ ŘŜǇǊŜǎǎŜŘ ƛƴŘƛǾƛŘǳŀƭǎ ŀƴŘ ƘŜŀƭǘƘȅ ŎƻƴǘǊƻƭǎΚΩ 

Some of the constraints I have placed on the scope of the review warrant explanation: 1) I have 

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

definitive answers to this question than neural findings (especially neural differences found in the 

absence of behavioural findings). I have however reviewed studies of neural reward processing in 

MDD that are relevant to this thesis in section 1.8Σ ΨǊŜƎƛƻƴǎ ƻŦ ƛƴǘŜǊŜǎǘΩ.  2) I have restricted the 
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review to non-social reward. I have done this because the data chapters in this thesis focus on non-

social reward and though there are many overlaps between social and non-social reward-processing, 

there are also important differences (Ruff and Fehr, 2014). Reviewing both literatures risks not 

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

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

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

to response to reward, and sufficiently out-with the focus of this thesis that I felt it reasonable to 

omit.  4) I have (for the most part) restricted my review to studies in which cases qualify as clinical 

a55Σ ŀŎŎƻǊŘƛƴƎ ǘƻ 5{a ƻǊ L/5 ŎǊƛǘŜǊƛŀ όŀǎ ƻǇǇƻǎŜŘ ǘƻ ŜΦƎΦ ŀ ΨƘƛƎƘ ŘŜǇǊŜǎǎƛǾŜ ǎȅƳǇǘƻƳǎΩ ƎǊƻǳǇύΦ L 

could alternatively have taken a more inclusive, (even cross-diagnostic) approach and explored 

reward processing and its relationship to depressive symptoms in general/subclinical populations, or 

even across categorical diagnoses. Arguably my approach is not in keeping with the ultimate goal of 

dimensional research (to move away from categorical diagnoses) and risks circularity. However, I 

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 MDD (i.e. sections 1.8: 

Ψregions of interestΩ ŀƴŘ мΦмлΥ ΨWhat does computational modelling tell us about depression?Ωύ L ƘŀǾŜ 

strayed outside of this boundary to include studies of e.g. low vs high depressive symptoms. 

 

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

Past studies of behavioural reward processing in depression fall into 4 categories; option valuation, 

reward bias, reward response vigour and reward learning. I summarise my findings in each category 

before reporting on my overall findings regarding reward processing in depression. 

Option Valuation: Part of subcomponent 2 from section 1.2 ŀōƻǾŜ όΨŘŜŎƛǎƛƻƴ ƳŀƪƛƴƎΩύΥ Option 

valuation describes the process by which individuals evaluate reward-related options when given 

explicit information about possible options (e.g. rewardΣ Ŏƻǎǘ ŀƴŘ ǇǊƻōŀōƛƭƛǘȅύΦ !ƴ ƛƴŘƛǾƛŘǳŀƭΩǎ ŎƘƻƛŎŜ 

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 reward) (Husain and Roiser, 2018). 

Option valuation can be measured using gambling tasks, for example the Cambridge gambling task 

(CGT) (Clark et al., 2011). In this task, HC generally modulate their bet-sizes based on reward 

probabilities more than MDD participants, (Clark et al., 2011; Murphy et al., 2001) though not always 

(Dombrovski et al., 2012). Other gambling tasks similarly show that depressed individuals show more 
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risk aversion than controls (Baek et al., 2017; Charpentier et al., 2017; Chung et al., 2017). One can 

alternatively investigate option valuation by measuring the amount of effort a person chooses to 

attempt (as opposed to the effort eventually taken) in order to obtain reward. The effort 

expenditure for reward task (Treadway et al., 2009) allows us to measures this and generally 

indicates that MDD participants decide to increase effort for increased reward less often than do HC. 

Effect sizes range from small (Yang et al., 2014) to medium (Subramaniapillai et al., 2019; Zou et al., 

2020) to large (Treadway et al., 2012), though a couple of studies show no effect (Wang et al., 2022; 

Yang et al., 2021). Overall, depressed individuals appear to have small, but significant differences to 

HC in option valuation such that they are less likely to choose to endure costs to obtain reward 

(Halahakoon et al., 2020). 

Reward Bias: Also thought to reflect subcomponent 2 from section 1.2 ŀōƻǾŜ όΨŘŜŎƛǎƛƻƴ ƳŀƪƛƴƎΩύΥ 

Reward bias is measured while individuals make difficult decisions (most often perceptual) that are 

rewarded asymmetrically, distinguishing this process from option valuation. Information relating to 

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

ƳŜŀǎǳǊŜΣ ŘŜǊƛǾŜŘ ŦǊƻƳ ǎƛƎƴŀƭ ŘŜǘŜŎǘƛƻƴ ǘƘŜƻǊȅΣ ǊŜŦƭŜŎǘǎ ŀƴ ƛƴŘƛǾƛŘǳŀƭΩǎ ǘŜƴŘŜƴŎȅ ǘƻ ŎƘƻƻǎŜ more 

frequently rewarded stimuli, regardless of perceptual accuracy (Pizzagalli et al., 2008b). Studies 

generally show moderate (Henriques and Davidson, 2000; Vrieze et al., 2013) or high (Lawlor et al., 

2019; Pizzagalli et al., 2008b) effect sizes, though a couple of studies show no effect (Liu et al., 2011; 

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

reward bias to HC such that their behaviour is less influenced by reward (Halahakoon et al., 2020). 

Reward Response Vigour: Part of subcomponent 2 above (action and effort): Reward response 

vigour (RRV) reflects the speed with which an individual executes an action in order to obtain a 

reward. The difference between this and option valuation is that RRV relates to the actual action 

taken, not simply the choice to take it. RRV has been assessed overwhelmingly by the monetary 

incentive delay task (MID) (Knutson et al., 2000). Here, RRV can be assessed by comparing the 

difference between reaction times in rewarded and non-rewarded conditions. RRV has also once 

been assessed, in a similar manner, using the cued reinforcement reaction time task (CRRTT) (Chase 

et al., 2010b). Overall, the MID (Admon et al., 2017; Arrondo et al., 2015; Carl et al., 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., 2014) and CRRTT (Chase et al., 2010b) suggest that MDD 

participants do not have differences in RRV to HC (Halahakoon et al., 2020), though some individual 

studies do show that MDD participants have lower RRV than HC (Carl et al., 2016; DelDonno et al., 

2019a; Pizzagalli et al., 2009; Sankar et al., 2019; Smoski et al., 2011; Takamura et al., 2017; Xie et al., 

2014). Adjacent to RRV, some tasks require participants to expend (physical or mental) effort for 
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reward. Grip force tasks can measure the former and show mixed results (Cathomas et al., 2021; 

Cléry-Melin et al., 2011), while one study showed a large (negative) effect of MDD on the willingness 

to exert physical effort (Cléry-Melin et al., 2011) the other showed no effect (Cathomas et al., 2021). 

MDD also appears to have a moderate (negative) effect on the willingness to exert cognitive effort 

(Ang et al., 2022, p.). 

Reward Learning: Subcomponent (6) from above, reward learning describes the process by which an 

individual uses feedback to change their behaviour over time, which is assumed to reflect the 

updating of value-expectations assigned to available behaviours (Husain and Roiser, 2018). This can 

be tested by a range of tasks. The most common is the Iowa 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 can be approximated by 

subtracting disadvantageous from advantageous deck choices. Effect sizes tend to be small 

ό!ƭŜȄƻǇƻǳƭƻǎ Ŝǘ ŀƭΦΣ нлмрΤ /Ŝƭƭŀ Ŝǘ ŀƭΦΣ нлмлΤ IŜƎŜŘǼǎ Ŝǘ ŀƭΦΣ нлмуΤ Wƻƭƭŀƴǘ Ŝǘ ŀƭΦΣ нлмсΣ нллрΤ wƛƴŀƭŘƛ Ŝǘ 

al., 2020; Saperia et al., 2019; Siqueira et al., 2021). One study yielded a medium (Gu et al., 2020) 

and another a high effect size (Must et al., 2006). Paradoxically, a couple of studies have reported 

better reward learning by MDD participants than HC (Deisenhammer 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.  These tasks yield a range of effect sizes, from negligible (Dezfouli et al., 2019; Moutoussis 

et al., 2018; Walsh et al., 2018) to small (Kumar et al., 2018; Liu et al., 2017; Reinen et al., 2021; 

Thoma et al., 2015) to medium (Hall et al., 2014; Nord et al., 2018) to large (Gradin et al., 2011; 

Herzallah et al., 2013) with one showing better learning by MDD participants than HC (Rothkirch et 

al., 2017). Overall, depressed individuals appear to have small but significant differences to HC in 

reward learning such that they tend to make less advantageous decisions (for the purpose of reward 

accumulation) in aggregate than HC (Halahakoon et al., 2020). 

 

1.5 Behavioural Reward Processing in Depression: Summary 

To summarise, patients with MDD appear to have small differences, relative to HCs, in option 

valuation and reward learning, moderate differences in reward bias and no significant differences in 

reward response vigour (Halahakoon et al., 2020). Overall, MDD participants appear to have small-

medium but significant differences to HCs in reward processing (Halahakoon et al., 2020). Some 

limitations of this review merit comment: I have grouped sometimes dissimilar measures in the same 

category. For example, option valuation contains studies that probe the effect of reward on the 
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willingness to exert effort (in 3 cases) and to take risks (in 6 cases). Additionally, it is not obvious 

what portion of the observed differences are due to medication effects. In the aforementioned 

meta-analysis (Halahakoon et al., 2020), colleagues and L ŘƛǾƛŘŜŘ ŘŜǇǊŜǎǎŜŘ ǎŀƳǇƭŜǎ ƛƴǘƻ ΨƳŜŘƛŎŀǘŜŘΩ 

ƻǊ Ψƴƻƴ-medicatedΩ samples 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 either overall or ǿƛǘƘƛƴ ŀƴȅ ǊŜǿŀǊŘ ǇǊƻŎŜǎǎƛƴƎ ǎǳōŎŀǘŜƎƻǊȅΦ IƻǿŜǾŜǊ ǘƘŜ ΨƳŜŘƛŎŀǘŜŘΩ 

samples were often not entirely medicated, used a variety of medications (even within-study) and at 

different doses, making this result difficult to interpret. Finally, studies reviewed above had an 

average sample size of N=33/group. Given summary effect 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% (two-tailed) (Halahakoon et al., 2020) suggesting that the vast 

majority of reviewed studies are under-powered. 

 

1.6 The neural basis reward processing 

The field of neural reward processing is vast and a comprehensive account is beyond the scope of 

this thesis introduction. Instead I briefly outline the neural architecture of, and role of dopamine in, 

reward processing (section 1.7). I then describe in greater detail three important reward processing 

regions (used as regions of interest in chapter 3), referring both to anatomical and functional 

differences in MDD and to the effects of Pramipexole (the drug examined in chapters 2 and 3) in 

these regions (section 1.8). 

 

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 cells (Yamamoto and Vernier, 2011), which 

project primarily to the caudate, putamen and frontal cortex (Haber and Knutson, 2010). The frontal 

cortex, also outputs long range (non-dopaminergic) projections to the caudate and putamen, which 

in turn project to the substantia nigra pars reticulate (SNpr) and the globus pallidus (GP) (Haber and 

Knutson, 2010). The SNpr and GP then project to the thalamus which, in turn projects back to the 

frontal cortex, primarily the motor cortex, (Haber and Knutson, 2010) forming a feedback loop. The 

striatonigral (direct) pathway, is rich in excitatory D1-like receptors and is thought to reinforce 

actions. The striatopallidal (indirect) pathway is rich in inhibitory D2-like receptors (Missale et al., 

1998) and is thought to suppress actions (Frank and Claus, 1996). The SNpr and GP also project back 
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to the VTA and SN bulbs, forming a second feedback loop (Haber and Knutson, 2010). This comprises 

the reward circuit, which integrates bottom up influences from the midbrain with top-down 

influences from the cortex, to guide reward-related action. 

The reward prediction error: One of the signals transmitted by these three dopaminergic VTA/SN 

ΨōǳƭōǎΩ is known as the Ψreward prediction errorΩ (RPE)(Schultz et al., 1997), which reports the 

difference between expected and received reward. Dopaminergic RPE activity is most accurately 

ƳƻŘŜƭƭŜŘ ōȅ ŀ Ŏƭŀǎǎ ƻŦ ǊŜƛƴŦƻǊŎŜƳŜƴǘ ƭŜŀǊƴƛƴƎ ŀƭƎƻǊƛǘƘƳǎ ƪƴƻǿƴ ŀǎ ΨǘŜƳǇƻǊŀƭ ŘƛŦŦŜǊŜƴŎŜΩ ƭŜŀǊƴƛƴƎ 

algorithms (Glimcher, 2011). In this class, the RPE signal reports the continuous updating of 

discounted future reward expectation, as opposed to the difference between expectation and 

outcome at the specific point of reward (non-/)delivery. This signal lies at the center of reward 

processing in the brain.  

Learning from the reward prediction error: Co-occurring 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 Kötter, 1995).  Neurons that produce movement remain active for a period 

of time after the production of the movement (Lau and Glimcher, 2007) and the subsequent 

presence or absence of dopamine (resulting from a positive or negative RPE) causes respectively LTP 

or LTD in the neuronal pathway that resulted in the +/-RPE (Glimcher, 2011). One prominent theory 

of basal ganglia function (Frank and Claus, 1996) proposes that this process of reinforcement occurs 

via two parallel and complementary pathways: phasic dopamine RPE signals stimulate D1-like 

receptors, which excites the direct pathway and reinforces the operations that preceded reward. 

Simultaneously they stimulate D2-like receptors, which inhibits the indirect pathway and again, 

effectively reinforces the preceding action (by electrochemically inhibiting this behaviorally 

inhibitory pathway) (Frank and Claus, 1996).  Tonic dopamine dips do the opposite, facilitating no-go 

learning (Frank and Claus, 1996). 

 

1.8 Regions of Interest 

In this section I will describe three key neural regions involved in reward processing and summarise 

the role these regions are believed to play. These three regions are 1) the orbitofrontal cortex, 2) the 

medial prefrontal cortex and 3) the ventral striatum. These three regions serve as ROIs in chapter 3, 

in which I investigate the effects of Pramipexole, a novel anti-depressant, on neural reward 

processing. 
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The orbitofrontal cortex (OFC) receives inputs from a wide array of brain regions including parts of 

the sensory cortex involved in reward consumption (Elliott et al., 2000). The OFC is thought to 

ǇǊƻŎŜǎǎ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ ŀ ŘƛǾŜǊǎŜ ǊŀƴƎŜ ƻŦ ǎǘƛƳǳƭƛ ŀƴŘ ŎƻƴǾŜǊǘ ƛƴŦƻǊƳŀǘƛƻƴ ŀōƻǳǘ ΨǿƘŀǘΩ ǎǘƛƳǳƭƛ 

ŀǊŜΣ ƛƴǘƻ ŀ ŎƻƳƳƻƴ ΨǊŜǿŀǊŘ ǾŀƭǳŜΩ (Rolls et al., 2020) and maintain reward outcome expectations in 

working/representational memory (Schoenbaum and Roesch, 2005). Projections from the OFC 

provide one of the main inputs to the ventral striatum (Haber and Knutson, 2010), exerting a top-

down effect on response selection (Frank and Claus, 1996). The OFC in MDD: OFC dysfunction is 

implicated in MDD (Rolls, 2021; Rolls et al., 2020). MDD participants appear to have lower OFC 

activity than HC during reward anticipation (Smoski et al., 2011) and higher OFC activity during 

reward feedback (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., 2009). The OFC and Pramipexole: Reward-outcome 

related OFC activity is increased by Pramipexole in individuals with tŀǊƪƛƴǎƻƴΩǎ ŘƛǎŜŀǎŜΤ ŀƴ ŜŦŦŜŎǘ ǘƘŀǘ 

is associated with greater (within task) risk taking (van Eimeren et al., 2009). In a group with (bipolar) 

depression, lower pre-treatment metabolic activity in the OFC predicted better symptom response 

to subsequent Pramipexole treatment, which in turn lowered metabolic activity within the OFC (Mah 

et al., 2011a) 

The receipt of Rewards increases activity in the ventromedial prefrontal cortex (vmPFC), a region 

that overlaps considerably with the OFC (Haber and Knutson, 2010). Within the vmPFC, the medial 

prefrontal cortex (mPFC), (which is distinct from the OFC), appears to respond to abstract (vs 

sensory) gain (Kim et al., 2006; Knutson et al., 2003; Kuhnen and Knutson, 2005). Direct 

electrophysiological recording during risky decision making (the IGT) demonstrates that mPFC 

neuronal activity correlates with positive RPEs (Oya et al., 2005). Likewise, blood-oxygen-level-

dependant (BOLD) recordings suggest that mPFC activity fulfills the necessary and sufficient 

conditions of RPE signaling (Rutledge et al., 2010) and optogenetic evidence demonstrates that 

elevated mPFC activity inhibits reward-related behaviour (Ferenczi et al., 2016). The mPFC in MDD: 

mPFC activity during reward receipt is altered in MDD (Knutson et al., 2008; Kumar et al., 2015) and 

the magnitude of mPFC thinning is commensurate with the number of MDD episodes an individual 

has experienced (Treadway et al., 2015). The mPFC and Pramipexole: Pramipexole reduces 

metabolic activity in Brodmann area 10p (which overlaps with the mPFC) in (bipolar) depression 

(Mah et al., 2011a) and increases rostral mPFC activity during probablistic reward feedback (Santesso 

et al., 2009). 

The ventral striatum (VS) comprises loosely, the nucleus accumbens, olfactory tubercle and those 

regions of the caudate and putamen that lie rostral to the internal capsule (Haber 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/hypothalamus/periaqueductal gray/amygdala/nucleus basilis) (Haber and 

Knutson, 2010). The VS is reliably activated by reward, as opposed to arousal, and irrespective of 

reward-type (Blood and Zatorre, 2001; Elliott et al., 1997a; Martin-Sölch et al., 2001; Small et al., 

2003). VS activity convincingly reflects the magnitude and valence of RPEs (McClure et al., 2003; 

Pessiglione et al., 2006). The VS in MDD: A number of studies show that MDD participants have 

lower ventral striatal activity than HC during reward anticipation across a range of paradigms 

(Arrondo et al., 2015; Hägele et al., 2015; Stoy et al., 2012). A large number of studies show the same 

for reward receipt (Admon 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., 2007). Three meta-analyses report reduced VS during 

reward feedback in MDD participants vs HC (Keren et al., 2018; Ng et al., 2019; Zhang et al., 2013). 

The VS and Pramipexole: Pramipexole increases VS activity during reward anticipation and 

modulates prefrontal-striatal and insular-striatal connectivity (Ye et al., 2011). High baseline VS RPE 

signaling predicts greater clinical response to Pramipexole in MDD participants (Whitton et al., 2020). 

 

1.9 Computational Modelling in Depression 

Each data chapter in this thesis makes use of computational modelling. I first outline the potential 

use of theory-driven computational models before highlighting some of the limitations (or potential 

misuses) of these models and then finally summarising the behavioural computational literature on 

MDD. 

 

Why use computational modelling in psychiatric research? 

Computational psychiatry encompasses a vast array of data-driven and theory-driven methods. In 

three of four data chapters, I use a popular class of computational model (reinforcement learning 

(RL)) to model participant behaviour and (in one case) the BOLD signal. In the remaining data 

ŎƘŀǇǘŜǊΣ L ǳǎŜ ŀ ǊŜŎǳǊǎƛǾŜ .ŀȅŜǎƛŀƴ ŦƛƭǘŜǊ ǘƻ ƛƴŦŜǊ ǘƘŜ ǇŀǊŀƳŜǘŜǊǎ ǘƘŀǘ ŘŜǘŜǊƳƛƴŜ ƛƴŘƛǾƛŘǳŀƭǎΩ ŀŦŦŜŎǘƛǾŜ 

profile. Below, I briefly outline the case for using (theory-driven) computational models, particularly 

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 formal hypotheses 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 behaviour or 

physiology. Participant-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 processes by a) allowing the formation and testing of complex hypotheses and 

b) replacing broad concepts with narrower (hopefully more tractable) ones. For example, 

ƛƴǎǘŜŀŘ ƻŦ ΨŀƴƘŜŘƻƴƛŀΩΣ ŀ ǇŀǊǘƛŎƛǇŀƴǘ Ƴŀȅ ƘŀǾŜ Ψƭƻǿ ǊŜǿŀǊŘ ǎŜƴǎƛǘƛǾƛǘȅΩΣ ǿƘƛŎƘ ƛǎ ŘŜŦƛƴŜŘ 

precisely as the magnitude of a reward sensitivity parameter that determines aspects of 

learning and, downstream of this, behaviour (Chen et al., 2015). 

 

2) Computational modelling facilitates precise and biophysically plausible links between 

behaviour and neural activity (as reflected in e.g. the BOLD signal). RL models in 

particular cƭƻǎŜƭȅ ƳƻŘŜƭ ŘƻǇŀƳƛƴŜǊƎƛŎ ŀŎǘƛǾƛǘȅ ƛƴ ǘƘŜ ōǊŀƛƴΩǎ ǊŜǿŀǊŘ ǇǊƻŎŜǎǎƛƴƎ 

architecture (Schultz et al., 1997). Specifically, coordinated dopaminergic signals that 

originate in the ventral tegmental area reflect the RL belief update signal: the RPE. More 

generally, computational models facilitate links between different levels of description of 

brain function (Marr, 2010). 

 

Over-interpretation and over-generalization of computational modelling in psychiatric research 

The power of computational modelling is easily overstated. Its promise of precision tempts over-

generalisation and over-interpretation. 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 always hold (Eckstein et al., 2021). Over-interpretation in this 

context is the assumption that parameters represent specific cognitive/neural processes (Eckstein 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 signal (Schultz et al., 1997). But again, such strong assumptions do not always hold (Eckstein 
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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 et al highlighted the case of two very 

commonly used parameters which are sometimes interpreted as signifying quite different 

phenomena, but are mathematically identical (Huys et al., 2013).  In the reward learning literature, 

ǊŜǿŀǊŘǎκƻǳǘŎƻƳŜǎ ŀǊŜ ǎƻƳŜǘƛƳŜǎ ǎŎŀƭŜŘ ōȅ ŀ ΨǊŜǿŀǊŘ ǎŜƴǎƛǘƛǾƛǘȅΩ ǇŀǊŀƳŜǘŜǊΥ  

ὗ ὗ ‌rȢὙ ὗ  

Where the expected value ὗ of stimulus ί is updated by the reward-outcome Ὑ at each trial ὸ. The 

influence of Ὑ on ὗ is determined by the learning rate parameter ὥ (i.e. the rate at which new 

information updates ones beliefs) and the reward sensitivity parameter ”, which is often taken to 

reflect the subjective value of an objective unit of reward and has been linked to e.g. opioid 

signalling in the shell of the nucleus accumbens (Peciña and Berridge, 2005). 

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

and of all other stimuli. In the case of a 2-arm bandit this can be written as: 

ὖ
ρ

ρ Ὡὼὴ
♫

 

 Where ὖ  is the probability of choosing stimulus ί at trial ὸ which is determined by the (ὗ)-values 

of stimuli ί and ίᴂ ŀǎ ǿŜƭƭ ŀǎ ǘƘŜ ΨƛƴǾŜǊǎŜ ǘŜƳǇŜǊŀǘǳǊŜΩ ǇŀǊŀƳŜǘŜǊ ‍, which is often taken to reflect 

choice-determinism vs stochasticity or the tendency to explore vs exploit, and has been linked with 

e.g.  noradrenergic neuromodulation (Aston-Jones and Cohen, 2005). However ὗ ́ r so that 

changes in ‍ and r produce identical changes in behaviour. This means that identical between-group 

behavioural disparities can potentially be framed as arising from quite different underlying causes 

depending on how behaviour is modelled and the results interpreted. In chapter 3, I will explore the 

use of the BOLD signal in arbitrating between parameters (including ‍ and r) that produce similar, 

sometimes indistinguishable, behavioural results. 

 

1.10 What does computational modelling tell us about depression? 

The computational literature on depression does not clearly divide into conceptual categories like 

the reward processing literature in section 1.4. I have therefore instead categorised it by task-type: 

Those that require participants to 1) learn stable contingencies, 2) respond to varying contingencies, 

3) balance approach vs avoidance, 4) make risk-based decisions and 5) make timed reward-related 

responses. 
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Learning stable contingencies: In the depression literature, computational modelling is most 

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

behaviour is modelled using Q-learning models (Chase et al., 2010a; Kumar et al., 2018; Liu et al., 

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

studies found parameter differences between MDD participants and HC (Chase et al., 2010a; Gradin 

et al., 2011; Kumar et al., 2018; Liu et al., 2017). Ostensibly this suggests that there are no 

differences between MDD participants and HC in learning stable contingencies. However, in these 

tasks, asymptotic choice accuracy is largely equivalent to reward sensitivity (r)/decisions 

determinacy (‍). A couple of (non-computational) studies do show that MDD participants have lower 

asymptotic choice accuracy than HC in PILTS (Kumar et al., 2018; Walsh et al., 2018). In this sense, 

there is some evidence of reduced reward sensitivity/decision determinacy in MDD. Likewise, in a 

signal detection task, MDD participants were found to have lower reward sensitivity than HC (Huys 

et al., 2013)Φ ¢ƘŜ ǎŀƳŜ ǘŀǎƪ ŀŎŎƻǳƴǘǎ ŦƻǊ ǘƘŜ ƳŀƧƻǊƛǘȅ ƻŦ ǘƘŜ ΨǊŜǿŀǊŘ ōƛŀǎΩ subsection in section 1.4, 

ŀōƻǾŜΦ IŜǊŜΣ ǘƘŜ ΨǊŜǎǇƻƴǎŜ ōƛŀǎΩ όƛΦŜΦ ǘƘŜ ǇǊƻǇŜƴǎƛǘȅ ǘƻ ǊŜǇƻǊǘ ǎŜŜƛƴƎ ŀ ǊƛŎƘƭȅ ǊŜǿŀǊŘŜŘ ǎǘƛƳǳƭǳǎ 

regardless of which stimulus is actually presented) describes the behaviour produced by high reward 

sensitivity/decision determinacyΦ LŦ ǿŜ ŀǎǎǳƳŜ ǘƘŀǘ ŀ ƭƻǿ ΨǊŜǎǇƻƴǎŜ ōƛŀǎΩ ōȅ a55 participants 

equates to low reward sensitivity/decision determinacy, there is considerable evidence for low 

reward sensitivity/decision determinacy in MDD (Henriques and Davidson, 2000; Lawlor et al., 2019; 

McGovern et al., 2014; Pizzagalli et al., 2008b; Vrieze et al., 2013).  

Responding to varying contingencies: Two studies used reversal learning paradigms in MDD 

(Dombrovski et al., 2010; Mukherjee et al., 2020). One found that MDD participants had lower 

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

punishment condition, than HC. (Mukherjee et al., 2020).The other divided MDD participants into 

suicide attempters, ideators and non-ƛŘŜŀǘƻǊǎΦ a55 ǎǳƛŎƛŘŜ ŀǘǘŜƳǇǘŜǊǎ ƘŀŘ ŀ ƭƻǿŜǊ ΨƳŜƳƻǊȅΩ 

parameter than controls i.e. suicide ŀǘǘŜƳǇǘŜǊǎΩ ōŜƘŀǾƛƻǳǊ ǿŀǎ Ƴƻre influenced by recent feedback 

relative to their reinforcement history (Dombrovski et al., 2010). So both reversal learning paradigms 

yield positive but different results. One study examined how depressed and anxious individuals 

modulate their rate of learning in response the frequency with which stimulus-outcome 

contingencies changed (Gagne et al., 2020). This study used a volatility paradigm (where reward 

contingencies are sometimes stable and sometimes unstable) with reward and punishment, as well 

as shock and no-ǎƘƻŎƪ ŎƻƴŘƛǘƛƻƴǎΦ LƴŘƛǾƛŘǳŀƭǎ ǿƛǘƘ ŀ ƘƛƎƘ ΨƎŜƴŜǊŀƭ ŦŀŎǘƻǊΩ ǎƘŀǊŜd by depressed and 

anxious individuals had impaired learning rate modulation in response to volatility, regardless of 

condition. 
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Approach-avoidance: One study used an approach-avoidance paradigm with and without threat of 

shock. Here cases were heterogeneous, comprising participants with MDD 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) and a ƎǊŜŀǘŜǊ ƛƴŎǊŜŀǎŜ ƛƴ ǘƘƛǎ ǇŀǊŀƳŜǘŜǊ ŦǊƻƳ ǘƘŜ Ψƴƻ-ǘƘǊŜŀǘΩ ǘƻ ΨǘƘǊŜŀǘΩ 

condition, than HC (Mkrtchian et al., 2017). Speculatively, this finding is consistent with the 

diathesis-stress model of depression. 

Risk-based decision-making: 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 no differences in gambling behaviour between MDD participants and HC (Charpentier et al., 

2017; Chung et al., 2017). However, dividing MDD participants into suicide attempters and non-

attempters, a separate study found that, while non-attempters 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 non-attempters and controls (Baek et al., 2017). This is surprising as 

other (non-computational) studies suggest increased risk taking in suicide attempters (Ackerman et 

al., 2015, p.; Adams et al., 1973) which is more intuitive.  

Timed reward-related responses: A drift diffusion model was used to model MDD partiŎƛǇŀƴǘǎΩ and 

HCǎΩ responses in a flanker task. MDD participants had slower drift rates of both a reflexive 

mechanism that allowed flankers to bias responses, and of executive control, which overrode the 

reflexive mechanism to allow correct responses on incongruent trials (Dillon et al., 2015). MDD is 

known to be associated with executive dysfunction (Rock et al., 2014) and so the latter finding fits 

with the extant literature. It is difficult to know how to interpret the finding of slower reflexive drift 

rate. The authors suggest low tonic dopamine as a potential explanation for both the former and 

latter findings. Straying beyond current clinical MDD, one study applied drift diffusion modelling to 

those with current or past MDD and found that they had a lower drift rate than HC in a signal 

detection task (Vallesi et al., 2015). It would be interesting to investigate whether this result was 

driven by only 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 findings on MDD are few, diverse and sometimes contradictory. A recent 

meta-analysis attempted (Pike and Robinson, 2022) to summarise at least part of the literature. Their 

ƛƴƛǘƛŀƭ ΨŎƻƴǾŜƴǘƛƻƴŀƭΩ ƳŜǘŀ-analysis suggested patients had lower inverse temperatures than HC. 

TheƛǊ ǎǳōǎŜǉǳŜƴǘ ΨǎƛƳǳƭŀǘƛƻƴΩ ƳŜǘŀ-analysis found that patients had larger punishment learning 

rates (and slightly lower reward learning rates) than HC, with no meaningful difference in inverse 
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temperature. TƘƛǎ ŀǇǇǊƻŀŎƘ Ǌƛǎƪǎ ŎƻƴŦƭŀǘƛƴƎ ƴƻƳƛƴŀƭƭȅ ΨƛŘŜƴǘƛŎŀƭΩ parameters that could signify 

different things in different task contexts.  That is to say, it risks overgeneralisation as outlined by 

Eckstein et al. (Eckstein et al., 2021). Computational modelling currently tells us little about 

depression. However, modelling can inform/frame our interpretation of more widely replicated 

findings. The main takeaway from the above collection of results is that low reward 

sensitivity/decision determinacy probably accounts for low asymptotic choice accuracy in PILTS and 

low response bias in the signal detection task referenced above, that MDD participants appear to 

achieve. As MDD participants appear to have consistent, significant and substantially low response 

biases in signal detection tasks (Halahakoon et al., 2020), this suggests that they probably have low 

reward sensitivity/decision determinacy. 

 

1.11 The Effect of Pramipexole on 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 component of depressive 

pathophysiology (Belujon and Grace, 2017). Dopaminergic agents do not appear any more 

efficacious than serotonergic ones (Sinyor et al., 2010). However, 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 serotonin and noradrenaline) 

(Baker et al., 1992) while Bupropion prevents the reuptake of dopamine (as well as noradrenaline, 

serotonin and other neurotransmitters) from the synapse (Costa et al., 2019) and Quetiapine blocks 

D2-like receptors (Richelson and Souder, 2000). The anti-parkinsonian drug Pramipexole has 

garnered recent attention as a potential treatment for treatment resistant depression (Au-Yeung et 

al., 2022). Pramipexole agonises D2-like, primarily D3, receptors (Gerlach et al., 2003; Piercey, 1998). 

D3 receptors are found in the ventral (but not dorsal) striatum (Hall et al., 1996), which is thought to 

be central to the processing of rewards and implicated in the pathophysiology of depression (Höflich 

et al., 2019). Clinical evidence suggests a therapeutic effect of Pramipexole on depressive symptoms 

ƛƴ tŀǊƪƛƴǎƻƴΩǎ ŘƛǎŜŀǎŜ (Lemke et al., 2006) (which is characterized by degeneration of dopaminergic 

neurons) (Kouli et al., 2018). Evidence for the efficacy of Pramipexole in major depression is mixed 

and summarized in a systematic review (Tundo et al., 2019). To briefly summarize the clinical 

evidence: 

A randomized controlled trial found that 1.3mg/day of Pramipexole improves symptom measures in 

treatment resistant depression, but does not produce a clinical response over placebo (Cusin et al., 
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2013). In another study, MDD participants that had not responded to one antidepressant were 

randomised to receive escitalopram with or without Pramipexole нΦнр ƳƎ (Franco-Chaves et al., 

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

of the +Pramipexole group completed the study. Another study found that different doses of 

Pramipexole ƳƻƴƻǘƘŜǊŀǇȅ ȅƛŜƭŘŜŘ ŘƛŦŦŜǊŜƴǘ ƻǳǘŎƻƳŜǎ ƛƴ a55Υ лΦотрƳƎ ǿŀǎ ƛƴŜŦŦŜŎǘƛǾŜΣ м ƳƎ ǿŀǎ 

ŜŦŦŜŎǘƛǾŜ ŀƴŘ р ƳƎ ǿŀǎ ǇƻƻǊƭȅ ǘƻƭŜǊŀǘŜŘ (Corrigan et al., 2000). Two RCTs found a favourable effect 

of Pramipexole in bipolar depression (Goldberg et al., 2004; Zarate et al., 2004). A case-series 

(Fawcett et al., 2016) yielded compelling treatment effects of Pramipexole augmentation in 42 

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

therapy. In this case-series, the treatment dose ranged from 0.25-рƳƎ ǿƛǘƘ ŀ ƳŜŀƴ ƻŦ ϤнΦр ƳƎκŘŀȅΦ 

Almost half i.e. 20 of the patients remitted while 12 responded. The majority of remaining patients 

did not tolerate the drug. 

As outlined earlier in this chapter, there is some evidence that MDD participants have blunted 

responses to reward (Halahakoon et al., 2020). Given its promising (if mixed) clinical effects, one 

might expect Pramipexole to enhance reward response. Previous experimental studies (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., 2020) generally indicate that Pramipexole blunts rather than enhances 

ǇŀǊǘƛŎƛǇŀƴǘǎΩ ōŜƘŀǾƛƻǳǊŀƭ ǊŜǎǇƻƴǎŜǎ ǘƻ ǊŜǿŀǊŘ (Gallant et al., 2016; Murray et al., 2019; Pizzagalli et 

al., 2008a; Santesso et al., 2009). Studies that utilized a stimulus-response task (Gallant et al., 2016), 

a probabilistic instrumental learning task (Murray et al., 2019) and a signal detection task (Pizzagalli 

et al., 2008a) each suggested that Pramipexole ōƭǳƴǘŜŘ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ōŜƘŀǾƛƻǳǊŀƭ ǊŜǎǇƻƴǎŜǎ ǘƻ 

reward. Similarly, Pramipexole has been found to blunt the neural response to positive outcomes in 

reward sensitive brain regions such as the medial prefrontal cortex (mPFC), orbitofrontal cortex 

(OFC), striatal and dorsal anterior cingulate cortex (dACC) to a rewarding taste (McCabe et al., 2013) 

as well as 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 effect of a single dose of Pramipexole 

while sustained treatment is required to improve symptoms (Fawcett 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 auto-receptors, leading to reduced dopaminergic 

transmission, whereas sustained administration leads to auto-receptor down-regulation and 

enhanced transmission via agonism at post-synaptic D2-like receptors (Chen et al., 2005; Chernoloz 

et al., 2008; Grace, 1991; Willner et al., 1994). This suggests that the clinically relevant effects of 
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Pramipexole on reward learning are likely to become apparent only after sustained administration of 

the drug. A couple of studies have examined the effect of a course of Pramipexole in clinical 

populations, one in euthymic bipolar individuals (Burdick et al., 2014), another in individuals with 

tŀǊƪƛƴǎƻƴΩǎ ŘƛǎŜŀǎŜ (Bodi et al., 2009). In both cases, a sustained course of Pramipexole enhanced 

reward sensitivity. 

In Chapters 2 and 3, I will examine the effect of a sustained (2-week) course of Pramipexole on both 

behavioural (Chapter 2) and neural (Chapter 3) measures of reward learning in non-clinical 

participants. As registered in clinical trials.gov (https://clinicaltrials.gov/ct2/show/NCT03681509), I 

hypothesize that Pramipexole will induce the opposite pattern of reward-learning behaviour 

characteristic of depression and anhedonia, increasing asymptotic choice of stimuli associated with 

higher levels of reward by increasing subjective valuation of rewards (leading to increased BOLD to 

rewarding outcomes in reward sensitive areas of the brain such as the VS, OFC and mPFC) 

(Fouragnan et al., 2018). 

 

1.12 Linking 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 population (Broome et al., 2015). While 

fluctuations of affect are central to conditions such as bipolar disorder (Harrison et al., 2018), affect 

instability is also prevalent (>49%) in a wide range of psychiatric diagnoses (Marwaha et al., 2014, 

2013). Affect instability can predict the onset of ostensibly unrelated symptoms (e.g. auditory 

hallucinations) (Marwaha et al., 2014) and has been proposed as a candidate symptom dimension 

within the research domain criteria (RDoC) framework (Broome et al., 2015). There is reason to 

believe that affect instability is also relevant to depression. Data from the adult psychiatric morbidity 

survey 2007 suggests 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 self-report. There is reason to also be interested in 

prospective data: retrospective reports risk recall bias and affective instability appears nuanced i.e. it 

is not a unidimensional phenomenon (Kuppens et al., 2010). 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 depression in adolescents (Kuppens et al., 2012). While at the opposite end of 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 follow-up period (Eldesouky et al., 2018). Another study found that instability of 

negative affect predicts future depressive symptoms (Sperry et al., 2020). In 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 follow-up period. Importantly, 

neither emotional reactivity nor MDD course in this study were accounted for by the 

severity/duration of initial symptoms (Peeters et al., 2010). Likewise, fluctuations in negative affect 

appear to predict treatment response to CBT (Husen et al., 2016). Tracking affect dynamics also 

appears important in predicting suicidality: affect instability appears to increase the odds of suicidal 

thinking five-fold (Marwaha et al., 2013) and independently of depression severity (Bowen et al., 

2011). Additionally, the impact of impulsivity (an intuitively important factor) on suicidality is 

negated when affect instability is accounted for (Peters et al., 2016). 

MDD is a heterogeneous condition, suggesting that treatments may best target specific components 

rather than the full syndrome. Affect instability may serve as one such component (or ΨdimensionΩύ 

(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 results (Koval et al., 2013). For example, 

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

that it is associated with greater affective inertia (Koval et al., 2013). Koval et al have proposed that 

some of these seeming paradoxes result from three factors (quote): Ψa) dependencies between 

indices of affect dynamics; b) measurement of affect at different timescales; and c) the influence of 

ŜȄǘŜǊƴŀƭ ŜǾŜƴǘǎΦΩ  (Koval et al., 2013). In their 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 longer timescale 

(1 week) (Koval et al., 2013). Relating lab-based findings to ESM and using an autocorrelation model, 

this study found trend-level (i.e. p<0.07) positive correlations between ESM and lab-based measures 

for all but one dynamic measure. In chapter 4 I try to build on these findings. I assess the relationship 

ƻŦ ƛƴŘƛǾƛŘǳŀƭǎΩ ŀŦfective dynamics at a short vs long timescale and describe these affective dynamics 

ƛƴ ǘŜǊƳǎ ƻŦ ƛƴŘƛǾƛŘǳŀƭǎΩ ŀŦŦŜŎǘƛǾŜ ǊŜǎǇƻƴǎŜǎ ǘƻ ŜȄǘŜǊƴŀƭ ŜǾŜƴǘǎΦ L Řƻ ǎƻ ǳǎƛƴƎ ŀƴ ŀƭǘŜǊƴŀǘƛǾŜ ƳƻŘŜƭ ƻŦ 

affective dynamics (Pulcu and Browning, 2019). 

An alternative to auto-correlation: In a prominent model of affect (Kuppens et al., 2010), individuals 

have 1) an affective ΨǎŜǘ ǇƻƛƴǘΩ i.e. their baseline affective state, from which internal and external 

events 2) shift affect, causing (greater or lesser) affective variability, and to which 3) affect returns 

over time. The formal description of this affect model is complex (Kuppens et al., 2010). To state and 

illustrate my hypotheses, I instead (more crudely) conceive of affect as a sum of exponential decays, 
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which still allows inter-individual variation in the о ŎƻƳǇƻƴŜƴǘǎ ƻǳǘƭƛƴŜŘ ŀōƻǾŜ ƛΦŜΦ ǘƘŜ ƛƴŘƛǾƛŘǳŀƭǎΩ 

affective set point, the extent to which a given perturbation deviates affect from baseline and the 

rate at which affect returns to baseline.  

ὥὪὪὩὧὸίὩὸὴέὭὲὸὩὺὩὲὸὥȢὩȢ  

In this model, affect at time-point Ὕ is a weighted sum of affective deviations from baseline, caused 

by events at each time-point ὸ, up to and including time-point ὸ Ὕ. The value of ὥ determines the 

extent to which events deviate affect from baseline. The value of ὦ determines the rate at which 

affective deviations return to baseline. This is somewhat similar to a prominent model that uses RL 

measures to reproduce participant affect (Rutledge et al., 2014). For illustrative purposes, I have 

plotted four synthetic affective time-ǎŜǊƛŜǎ όŦƛƎǳǊŜ мύΦ hƴŜ ΨōŀǎŜƭƛƴŜΩ ŀŦŦŜŎǘƛǾŜ ǘƛƳŜ-series (black line), 

one with a high affective-ΨǎŜǘǇƻƛƴǘΩ όōƭǳŜ ƭƛƴŜύΣ ƻƴŜ ƛƴ ǿƘƛŎƘ ŜǾŜƴǘǎ ŎŀǳǎŜ ƎǊŜŀǘŜǊ ŘŜǾƛŀǘƛƻƴ ƛƴ ŀŦŦŜŎǘ 

όƎǊŜŜƴ ƭƛƴŜύ ŀƴŘ ƻƴŜ ƛƴ ǿƘƛŎƘ ŀŦŦŜŎǘ ǊŜǘǳǊƴǎ ǘƻ ōŀǎŜƭƛƴŜ ƳƻǊŜ ǎƭƻǿƭȅ όǇƛƴƪ ƭƛƴŜύΦ ¢ƘŜ όōƭŀŎƪύ ΨōŀǎŜƭƛƴŜΩ 

ŀƴŘ όōƭǳŜύ ΨƘƛƎƘΩ ŀŦŦŜŎǘƛǾŜ ǘƛƳŜ-series appear to fƭǳŎǘǳŀǘŜ ŀǊƻǳƴŘ ŦŀƛǊƭȅ ŎƻƴǎƛǎǘŜƴǘ ǊŜǎǇŜŎǘƛǾŜ ΨƳŜŀƴΩ 

affects (i.e. their affective set-ǇƻƛƴǘǎύΦ ¢ƘŜǎŜ ŦƭǳŎǘǳŀǘƛƻƴǎ ŎƻǳƭŘ ōŜ ǘƘƻǳƎƘǘ ƻŦ ŀǎ ΨƴƻƛǎŜΩΦ ¢ƘŜ όƎǊŜŜƴύ 

ΨǊŜŀŎǘƛǾŜΩ ƭƛƴŜ ŘƻŜǎ ǘƘŜ ǎŀƳŜΣ ōǳǘ ǿƛǘƘ ƭŀǊƎŜǊ ŦƭǳŎǘǳŀǘƛƻƴǎΦ hƴŜ ƳƛƎƘǘ Ŏŀƭƭ ǘƘŜ ƭŀǘǘŜǊ ŀŦŦŜŎǘƛǾŜ Ǉattern 

όƛƴ ǿƘƛŎƘ ŀŦŦŜŎǘ ŘŜǾƛŀǘŜǎ ǎǳōǎǘŀƴǘƛŀƭƭȅ ŦǊƻƳΣ ōǳǘ ǉǳƛŎƪƭȅ ǊŜǘǳǊƴǎ ǘƻΣ ŀ ŎƻƴǎƛǎǘŜƴǘ ƳŜŀƴύ ΨƴƻƛǎȅΩ ŀŦŦŜŎǘΦ 

¢ƘŜ όǇƛƴƪύ Ψǎƭƻǿ ŀŦŦŜŎǘƛǾŜ ǊŜǘǳǊƴΩ ƭƛƴŜ ŘƻŜǎ ƴƻǘ ŀǇǇŜŀǊ ǘƻ ŦƭǳŎǘǳŀǘŜ ŀǊƻǳƴŘ ŀ ŎƻƴǎƛǎǘŜƴǘ ƳŜŀƴΦ 

Instead, affect appears to fluctuate around a mean that itself changes over time. One might call this 

ŀŦŦŜŎǘƛǾŜ ǇŀǘǘŜǊƴ όƛƴ ǿƘƛŎƘ ƳŜŀƴ ŀŦŦŜŎǘ ŎƘŀƴƎŜǎ ƻǾŜǊ ǘƛƳŜύ ΨǾƻƭŀǘƛƭŜΩ ŀŦŦŜŎǘΦ 
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Figure 1. Illustrative affective time-series. External events perturb affect which then returns to 

baseline. The black line ǊŜǇǊŜǎŜƴǘǎ ŀ ΨōŀǎŜƭƛƴŜΩ ŀŦŦŜŎǘƛǾŜ ǘƛƳŜ-series. The blue line illustrates how the 

baseline time-series changes if the affective set-Ǉƻƛƴǘ ƛǎ ƘƛƎƘŜǊ ōǳǘ ƴƻǘƘƛƴƎ ŜƭǎŜ ŎƘŀƴƎŜǎΤ ΨƳŜŀƴΩ ŀŦŦŜŎǘ 

appears higher. The green line illustrates how the baseline time-series changes if each event perturbs 

affect to a greater extentΣ ōǳǘ ƴƻǘƘƛƴƎ ŜƭǎŜ ŎƘŀƴƎŜǎΤ ŀŦŦŜŎǘ ŀǇǇŜŀǊǎ ΨƴƻƛǎȅΩΦ ¢ƘŜ Ǉƛƴƪ ƭƛƴŜ ƛƭƭǳǎǘǊŀǘŜǎ 

how the baseline time-series changes if affect returns more slowly to baseline after being perturbed, 

but nothing else chanƎŜǎΤ ŀŦŦŜŎǘ ŀǇǇŜŀǊǎ ΨǾƻƭŀǘƛƭŜΩΦ Pulcu et al have recently proposed a model of 

ŀŦŦŜŎǘ ǾŀǊƛŀōƛƭƛǘȅ όŀ ǊŜŎǳǊǎƛǾŜ .ŀȅŜǎƛŀƴ ŦƛƭǘŜǊύ ǘƘŀǘ ŜǎǘƛƳŀǘŜǎ ŀŦŦŜŎǘƛǾŜ ΨƳŜŀƴΩΣ ΨǾƻƭŀǘƛƭƛǘȅΩ ŀƴŘ ΨƴƻƛǎŜΩ 

within a single framework (Pulcu et al., 2022) using participant affective reports.  
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Figure 2. Classification of affective variability. Reproduced from Pulcu et al (Pulcu et al., 2022). In the 

upper panel, the black line is a synthetic affective time-series. It is volatile at time 1-120 and 301-360, 

and noisy at time points 61-120 and 241-360. The green line in the upper panel is ǘƘŜ .ŀȅŜǎƛŀƴ ŦƛƭǘŜǊΩǎ 

belief about the ΨƳŜŀƴΩ affect at each time-ǇƻƛƴǘΦ ¢ƘŜ ŦƛƭǘŜǊΩǎ ŜǎǘƛƳŀǘŜ ƻŦ volatility (red line) and noise 

(blue line) are shown in the lower panel. 

 

Does affect at a smaller time-scale reflect affect at a larger time-scale?: 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 frequency. This is illustrated in Figure 3. 

At this shorter timescale, tƘŜ ΨƘƛƎƘ ǎŜǘ ǇƻƛƴǘΩ ǘƛƳŜ-series continues to look like the baseline time-

ǎŜǊƛŜǎ ǿƛǘƘ ŀ ƘƛƎƘŜǊ ΨƳŜŀƴΩ ŀŦŦŜŎǘΦ ¢ƘŜ ΨǊŜŀŎǘƛǾŜΩ ǘƛƳŜ-ǎŜǊƛŜǎ ŎƻƴǘƛƴǳŜǎ ǘƻ ƭƻƻƪ ƳƻǊŜ ΨƴƻƛǎȅΩ ǘƘŀƴ ǘƘŜ 

baseline time-ǎŜǊƛŜǎΦ ¢ƘŜ Ψǎƭƻǿ ǊŜǎŜǘΩ ǘƛƳŜ-ǎŜǊƛŜǎ ŎƻƴǘƛƴǳŜǎ ǘƻ ƭƻƻƪ ƳƻǊŜ ΨǾƻƭŀǘƛƭŜΩ ǘƘŀƴ ǘƘŜ ōŀǎŜƭƛƴŜ 

time-series.  
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Figure 3. Illustrative affective time-series on a short time-scale. Zooming in on a small proportion of 

affective time-ǎŜǊƛŜǎ ƛƴ ŦƛƎǳǊŜ м όƛƭƭǳǎǘǊŀǘŜŘ ōȅ ǘƘŜ ŦŀŘŜŘ ǎƻƭƛŘ ƭƛƴŜǎύΣ ǘƘŜ ΨƘƛƎƘ ǎŜǘ ǇƻƛƴǘΩ ǘƛƳŜ-series 

(dotted blue line) continues to look like the baseline time-series (dashed black line) with a higher 

ΨƳŜŀƴΩ ŀŦŦŜŎǘΦ ¢ƘŜ ΨǊŜŀŎǘƛǾŜΩ ǘƛƳŜ-ǎŜǊƛŜǎ όŘƻǘǘŜŘ ƎǊŜŜƴ ƭƛƴŜύ ŎƻƴǘƛƴǳŜǎ ǘƻ ƭƻƻƪ ƳƻǊŜ ΨƴƻƛǎȅΩ ǘƘŀƴ ǘƘŜ 

baseline time-ǎŜǊƛŜǎΦ ¢ƘŜ Ψǎƭƻǿ ǊŜǎŜǘΩ ǘƛƳŜ-series (dotted ǊŜŘ ƭƛƴŜύ ŎƻƴǘƛƴǳŜǎ ǘƻ ƭƻƻƪ ƳƻǊŜ ΨǾƻƭŀǘƛƭŜΩ 

than the baseline time-series. 

 

In other ǿƻǊŘǎΣ ƳŜŀǎǳǊƛƴƎ ŀ ǇŜǊǎƻƴΩǎ ŀŦŦŜŎǘƛǾŜ ŘȅƴŀƳƛŎǎ ƻƴ ŀ ǎƳŀƭƭ ǘƛƳŜ ǎŎŀƭŜ όǎǳŎƘ ŀǎ ŘǳǊƛƴƎ ŀ 

reward learning task) may lend insight into their affective dynamics on a larger timescale (such as in 

ESM data), as suggested by Koval et al (Koval et al., 2013). If this were the case it would be 

potentially useful as it connects ESM data (which currently has no biological framework) to the 

reward learning literature (which does) and so may allow for e.g. translational insights into the 

biology of affect instability. The recursive Bayesian filter described by Pulcu et al (Pulcu et al., 2022) 

can be used on ESM data and equally on affective reports during a reward learning task allowing for 

links to be drawn between within-task 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. I estimate 

ǇŀǊǘƛŎƛǇŀƴǘǎΩ ŀŦŦŜŎǘƛǾŜ ƳŜŀƴΣ Ǿƻƭŀǘƛƭƛǘȅ ŀƴŘ ƴƻƛǎŜ ǿƛǘƘƛƴ ŀ ǎƘƻǊǘ ǘƛƳŜŦǊŀƳŜ ǿƛǘƘ ŀ ƪƴƻǿƴ ŜǾŜƴǘ 

schedule (i.e. during the reward learning task) and a long timeframe with unknown events (ESM 

data) using the recursive Bayesian filter described above (Pulcu et al., 2022).  

I primarily assess whether affective parameters within the reward learning task reflect corresponding 

affective parameters in everyday life. I do so by regressing ESM affect parameters against within-task 

affect parameters. In a more exploratory analysis I test the association between affective parameters 

and the duration of affective responses to events in the relatively controlled setting of a reward 

learning task. 

 

1.13 Does reinforcement learning underlie affect instability (Introduction to chapter 5) 

In chapter 4 I 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 proximate to the 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 biological substrate but does not tend to concern itself with subjective 

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. behaviour). Nonetheless, 

reward-related 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). Researchers have begun to investigate within-task 

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 RL and the resultant trial-wise 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 affect (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 instability. Eldar and Niv have 

done just this (Eldar and Niv, 2015). Here, 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 
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RPEs and characterise affective instability as resulting from a positive feedback loop between affect 

and learning. Formally they describe affect ά at time ὸ as: 

                                                               Ὤ Ὤ ‏– Ὤ  

ά ÔÁÎÈὬ  

Where Ὤ is the weighted average of RPEs ‏ and – is the step-size parameter that determines the 

extent to which RPEs are discounted as they recede into the past. Affect, in turn, modulates RPEs by 

altering the perception of subsequent rewards. Specifically, affect (ά) is a power placed on the bias 

term Ὢ which influences the perception of outcomes, and therefore RPEs. Ὢ  effectively acts as a 

reward sensitivity term that changes according to current affect: 

‏ Ὢ ȢὙ ὗ 

This creates a feedback loop so that affect depends on RPEs and RPEs depend on affect. The nature 

of this feedback loop depends on the magnitude of the bias term Ὢ. If Ὢ is larger than 1, the feedback 

loop is positive, resulting in affect instability. 

 

Figure 4. Simulations of the interaction between learning and affect. Reproduced from Eldar and 

Niv (Eldar and Niv, 2015). The model was exposed to Ὑ ρπ for 500 iterations with a) Ὢ ǎŜǘ ǘƻ ΨмΩΦ 

The pink link represents affect (ά) and remains stable from quite early in the simulation. b) Ὢ set 

ƛƴǎǘŜŀŘ ǘƻ ΨмΦнΩΤ affect becomes unstable.  

 

In this study, participants that had stable affect in everyday life, as measured by the hypomanic 

personality questionnaire (HPS), were best described (within-task) by a model with Ὢ ŦƛȄŜŘ ŀǘ ΨмΩ όƛΦŜΦ 
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no affect-learning interaction) while those who had unstable affect in everyday life were best 

described by the full model (i.e. Ὢ as a free parameter). Furthermore, HPS scores correlated 

(positively) with the Ὢ value (i.e. affective instability is associated with a positive, not negative affect-

learning feedback loop) (Eldar and Niv, 2015). These findings suggest that affective instability is 

associated with positive feedback between affect and learning. This same modelling approach 

demonstrated that citalopram (a commonly used anti-depressant medication) enhanced the effect 

of positive affect induction on reward valuation in healthy volunteers (Michely et al., 2020). 

However, this is a nascent line of research and many questions remain unanswered. In this chapter I 

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. I use this data to explore 

9ƭŘŀǊ ŀƴŘ bƛǾΩǎ ƳƻŘŜƭ ƛƴ ŀ ƴǳƳōŜǊ ƻŦ ǿŀȅǎΥ 1) The model mechanism has so far been tested at a 

relatively coarse resolution. I test its ability to replicate affect at a resolution commensurate with 

another prominent RL model of affect (Rutledge et al., 2014)). 2) The model posits that affect is a 

(modified) weighted average of RPEs. In the original study, this mechanism replicated participant 

affect, but the to-be-explained participant affect scores were actually included with the behavioural 

data to estimate the model parameters. I instead test whether the posited mechanism can replicate 

participant affect using behavioural data alone. 3) The model has been successfully tested in one 

task. I test it in another. Finally I attempt to replicate the key original findings i.e. a) affective 

instability in everyday life (as measured by the HPS) is associated with a propensity toward an 

interaction between affect and learning and b) the extent of affective instability is commensurate 

with the extent of this interaction.  

 

1.14 Summary 

Depression is a prevalent and debilitating condition that warrants better treatments. Reward 

processing may facilitate better characterisation of MDD and its subtypes, which in turn should aid 

mechanistic MDD research. MDD participants appear to have reward processing differences to HC, 

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

but as yet unproven approach to characterising these differences. In this thesis I use computational 

modelling and a reward processing framework to investigate areas relevant to MDD and its 

treatment. In chapter 2 I characterise the effect of a 2-week course of Pramipexole, a novel 

ŀŘƧǳƴŎǘƛǾŜ ŀƴǘƛŘŜǇǊŜǎǎŀƴǘΣ ƻƴ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ōŜƘŀǾƛƻǳǊ ƛƴ ŀ ǊŜǿŀǊŘ ƭŜŀǊƴƛƴƎ ǘŀǎƪΦ Lƴ chapter 3, I relate 

findings from chapter н ǘƻ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ǘŀǎƪ-based neural (as reflected in BOLD) activity. In chapter 4 

L Ŧƛǘ ŀ ǊŜŎǳǊǎƛǾŜ .ŀȅŜǎƛŀƴ ŦƛƭǘŜǊ ǘƻ ǇŀǊǘƛŎƛǇŀƴǘǎΩ 9{a ŀƴŘ ǊŜǿŀǊŘ ƭŜŀǊƴƛƴƎ ǘŀǎƪ ŘŀǘŀΣ ƛƴ ƻǊŘŜǊ ǘƻ ǊŜƭŀǘŜ 
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the two. In chapter 5, I explore a recently described model of affect-production/affect-learning-

interaction. I assess whether I 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 affect).  
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Chapter 2: The effect of Pramipexole on behavioural reward processing 

 

2.1 Introduction 

As outlined in the thesis introduction, depressed individuals show reduced reward learning vs HC. 

Pramipexole (a D2-like receptor agonist) is a promising treatment for treatment resistant depression. 

Therefore one might expect Pramipexole to have the opposite effect of depression i.e. enhance 

reward learning. However, previous experimental studies (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., 

2020) of Pramipexole generally ƛƴŘƛŎŀǘŜ ǘƘŀǘ ƛǘ ōƭǳƴǘǎ ǊŀǘƘŜǊ ǘƘŀƴ ŜƴƘŀƴŎŜǎ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ōŜƘŀǾƛƻǳǊŀƭ 

responses to reward (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 that experimental studies have predominantly examined the effect of a single dose of 

Pramipexole while sustained treatment is required to improve symptoms (Fawcett 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 auto-receptors, leading to reduced 

dopaminergic transmission, whereas sustained administration leads to auto-receptor down-

regulation and enhanced transmission via agonism at post-synaptic D2-like receptors (Chen et al., 

2005; Chernoloz et al., 2008; Grace, 1991; Willner et al., 1994). This suggests that the clinically 

relevant effects of Pramipexole on reward learning are likely to become apparent only after 

sustained administration of the drug.  

In this Chapter, I will examine the effect of a sustained (2-week) course of Pramipexole on 

behavioural measures of reward learning in non-clinical participants. As registered in clinical 

trials.gov (https://clinicaltrials.gov/ct2/show/NCT03681509), I hypothesize that Pramipexole will 

induce the opposite pattern of reward-learning behaviour characteristic of depression and 

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

I then model participant behaviour using variants of a simple Rescorla-Wagner learning model, to try 

and discover the mechanism under any observed behavioural reward-learning effect of Pramipexole. 

Computational characterisation using reinforcement learning (RL) models has identified three 

distinct alterations of learning and decision-making process that may produce the behaviour 

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

ǘƘŜȅ Ƴŀȅ ǘǊŜŀǘ ǊŜǿŀǊŘǎ άŀǎ ƛŦέ ǘƘŜȅ ǿŜǊŜ ƻŦ ǊŜŘǳŎŜŘ ǾŀƭǳŜ (Huys et al., 2013), or their learned value 

estimates may decay to a greater degree over time (Collins and Frank, 2012). As registered in clinical 
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trials.gov (https://clinicaltrials.gov/ct2/show/NCT03681509), I hypothesize that Pramipexole will 

increase subjective valuation of rewards. 

 

                    

 

Figure 1; Simulated choice accuracy in a reward learning task. Depressed participants are observed 

to achieve lower asymptotic choice accuracy than healthy ones. This behaviour can be simulated 

using a Q-learning model. A reduced subjective value of rewards, a greater decay 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 the observed 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 

I conducted a randomized, placebo controlled experimental medicine study with a between-groups 

design. 42 non-clinical participants, between the age of 18 and 45, were randomized 1:1 to receive 

Pramipexole or placebo. Potential participants were excluded if they had ever been diagnosed with a 

psychiatric illness (determined using the SCID-5-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 to Pramipexole, had taken any recreational drugs in the last three months, regularly 

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 also excluded. 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 side-effects (tremor in one case and racing thoughts in the other; in 

both cases, side-effects stopped following discontinuation of placebo). 

 

 Pramipexole 

(n = 21; 10 male) 

Placebo 

(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 full-time education 16.8 (2.9) 17.5 (3.1) 

IQ estimate (Spot-the-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) 2.5 (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 (State-Trait 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 of the Pramipexole and Placebo 

ƎǊƻǳǇǎΣ ǇǊŜǎŜƴǘŜŘ ŀǎ ΨƳŜŀƴǎ όǎǘŀƴŘŀǊŘ ŘŜǾƛŀǘƛƻƴǎύΩ 

 

2.3 Methods: Study Design and Intervention 

From a starting dose of 0.25mg of Pramipexole salt, the dose was increased in 0.25mg increments 

every 3 days, reaching a dose of 1mg/day by day 10. Participants continued to take 1mg/day for 3-5 

days (until testing was completed). Following this, the dose was down-titrated over 3 days to avoid 

withdrawal effects. The apparent dose 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 12-15 of the intervention (one with fMRI data 

collection, one behavioural). In this chapter I will report on only the behavioural session results. I will 

then report on the fMRI session results in chapter 3. 
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Figure 2; study design. Following a screening session, participants underwent the pre-intervention 

behavioural testing session in which they performed the PILT task (described below). Participants 

received the first dose of Pramipexole/placebo at the end of this behavioural testing session. 

Between days 12-15 of the Pramipexole/placebo 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 the pre-intervention behavioural testing session. 

In this chapter I 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 Spot-the-word test (an estimate of IQ). At both behavioural testing 

sessions, participants completed the Befindlichkeitsskala (BFS), Positive and Negative Affect 

Schedule (PANAS), State-Trait Anxiety Inventory (STAI), Snaith-Hamilton Pleasure Scale (SHAPS), 

Temporal Experience of Pleasure Scale (TEPS), Oxford Happiness Questionnaire (OXH) and Impulsive-

Compulsive Disorders in Parkinson's Disease-Rating Scale (QUIP). At the post-intervention 

behavioural testing session, participants additionally completed a side-effects questionnaire.  

 

Questionnaire scores: No 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 score in the 

Pramipexole group (Table 2). Behavioural and neuroimaging analyses controlling for baseline TEPS 

anticipatory subscale scores are reported in the appendices 3 and 12. 
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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=0.51 

STAI state 28.9 (6.5) 27.8 (5.4) 28.6 (6.1) 29.1 (5.2) p=0.28 

BDI 1.9 (2.5) 2.9 (3.4) 2.8 (3.3) 2.7 (3.3) p=0.32 

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=0.73 

PANAS negative today 11.4 (2.0) 11.4 (1.7) 11.6 (1.7) 11.8 (2.4) p=0.55 

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=0.71 

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=0.61 

TEPS anticipatory 47.1 (6.1)* 44.6 (5.5) 42.1 (4.9)* 42.3 (5.4) P=0.38 

TEPS consummatory 38.1 (5.6) 37.5 (5.9) 37.3 (4.4) 36.8 (5.4) p=0.91 

OXH 134.8 (19.2) 138 (18.4) 132.4 (19.6) 132 (19.7) p=0.08 

QUIP 12.3 (8.3) 8.7 (8.5) 16.6 (11.2) 13.8 (10.4) p=0.33 

 

Table 2: Questionnaire scores before and after the intervention: Becks Depression Inventory (BDI), 

Befindlichkeitsskala (BFS), Positive and Negative Affect Schedule (PANAS), State-Trait Anxiety 

Inventory (STAI), Snaith-Hamilton Pleasure Scale (SHAPS), Temporal Experience of Pleasure Scale 

(TEPS), Oxford Happiness Questionnaire (OXH) and Impulsive-Compulsive Disorders in Parkinson's 

Disease-wŀǘƛƴƎ {ŎŀƭŜ όv¦LtύΦ {ŎƻǊŜǎ ŀǊŜ ǇǊŜǎŜƴǘŜŘ ŀǎ ΨƳŜŀƴǎ όǎǘŀƴŘŀǊŘ ŘŜǾƛŀǘƛƻƴǎύΩΦ !ǎǘŜǊƛǎƪǎ 

represent significant between-group, within-condition differences in questionnaire scores.  

 

2.5 Methods: Task 

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

described by Pessiglione et al (Pessiglione et al., 2006). The PILT is a 2-arm bandit task (Figure 3) with 

ƛƴǘŜǊƭŜŀǾŜŘ ΨǿƛƴΩ ŀƴŘ ΨƭƻǎǎΩ ǘǊƛŀƭǎΦ Lƴ ŜŀŎƘ ǘǊƛŀƭΣ ǘƘŜ ǇŀǊǘƛŎƛǇŀƴǘ ƛǎ ǇǊŜǎŜƴǘŜŘ ǿƛǘƘ ǘǿƻ ǎǘƛƳǳƭƛ ǿƘƛŎƘ 

have reciprocal probabilities (0.7 vs лΦоύ ƻŦ ŀ ΨǿƛƴΩ ƻǳǘŎƻƳŜ όҌϻлΦнлύ vs ŀ Ψƴƻ ǿƛƴΩ ƻǳǘŎƻƳŜ όϻлΦллύ ƛn 

ǊŜǿŀǊŘ ŎƻƴŘƛǘƛƻƴ ǘǊƛŀƭǎΣ ƻǊ ŀ ΨƭƻǎǎΩ ƻǳǘŎƻƳŜ ό-£0.20) vs ŀ Ψƴƻ ƭƻǎǎΩ ƻǳǘŎƻƳŜ όϻлΦллύ ƛƴ ƭƻǎǎ ŎƻƴŘƛǘƛƻƴ 

trials. Participants choose one of the two stimuli, following which they received visual feedback on 

the trial outcome and their current total earnings. Each block of the PILT consists of 30 reward trials 
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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 £1.50 of funds. 

Participants received their winnings from this task (up to a maximum of £30). 

 

 

 

Figure 3; Probabilistic Instrumental Learning Task (PILT). In each 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 reciprocal contingencies).  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 shapes that were 

associated with the high probability of win/no-loss.  

 

2.6 Methods: Model-Free Metric 

The behavioural measure of interest was choice accuracy, defined as the proportion of advantageous 

choices made i.e. choosing ǘƘŜ ǎǘƛƳǳƭǳǎ ǿƛǘƘ лΦт ǇǊƻōŀōƛƭƛǘȅ ƻŦ ΨǿƛƴΩ ƛƴ ǘƘŜ ǊŜǿŀǊŘ ŎƻƴŘƛǘƛƻƴ ƻǊ ǘƘŜ 

ǎǘƛƳǳƭǳǎ ǿƛǘƘ лΦт ǇǊƻōŀōƛƭƛǘȅ ƻŦ Ψƴƻ-ƭƻǎǎΩ ƛƴ ǘƘŜ ƭƻǎǎ ŎƻƴŘƛǘƛƻƴΦ I used choice accuracy in the second 

half of each block (within-condition) as this provides a close estimate of asymptotic choice (Harrison 

et al., 2016; Walsh et al., 2018) found to be associated with depression. This metric was entered into 

a repeated measures ANOVA (Pramipexole vs placebo; win condition vs loss condition; pre vs post-

intervention).  
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2.7 Results: Model Free Results 

Pramipexole Specifically Increases Asymptotic Choice of Rewarded Stimuli: I found 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 in the Pramipexole group 

[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. The Pramipexole and placebo groups did not differ significantly on reward or loss trial 

ŀŎŎǳǊŀŎȅ ŀǘ ōŀǎŜƭƛƴŜ όǇΩǎҐлΦпор ŀƴŘ лΦофр ǊŜǎǇŜŎǘƛǾŜƭȅύ ƻǊ Ǉƻǎǘ-ƛƴǘŜǊǾŜƴǘƛƻƴ όǇΩǎҐлΦмтф ŀƴŘ лΦотр 

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 sessions. (a-b) Learning curves depicting 

reward choice accuracy in the (a) pre-intervention and (b) post-intervention session. Green (pink) 

curves represent the placebo (Pramipexole) group. Error-bars represent SEM. The curves represent 

the proportion of participants who chose the advantageous shape (i.e. the shape associated with a 

тл҈ ǇǊƻōŀōƛƭƛǘȅ ƻŦ ǊŜŎŜƛǾƛƴƎ ŀ ΨǿƛƴΩ ƻǳǘŎƻƳŜύ ƛƴ ŀ ƎƛǾŜƴ ǘǊƛŀƭΦ όŎύ aŜŀƴ (SEM) pre-vs-post 

intervention change in reward/loss condition choice accuracy.  
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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 formalize the mechanistic question being addressed in this study. 

First a learning rule was used to update expectations about the association stimuli with the 

outcomes: 

ὗ ὗ ‌ ”Ὑ ὗ  

Here, ὗ  is the expectation about the value of shape ί on trial ὸ, Ὑ is the observed outcome (1 for 

positive outcome, 0 for negative outcome), ‌ is the learning rate used for condition Ὦ (i.e. win or 

loss condition) and ” is a reward sensitivity parameter for condition Ὦ. Expectations were initialized 

at ὗ πȢυ, and the unchosen option, ὗ , was updated with the reciprocal outcome. Following 

ǘƘƛǎΣ ǘƘŜ ƳƻŘŜƭΩǎ ŜȄǇŜŎǘŀǘƛƻƴǎ ŘŜŎŀȅŜŘ ōŀŎƪ ǘƻǿŀǊŘǎ ǘƘŜ ƛƴƛǘƛŀƭ ǾŀƭǳŜ ǿƛǘƘ ǘƘŜ ǊŀǘŜ ƻŦ ŘŜŎŀȅ 

controlled by a decay factor ‰ (Collins and Frank, 2012): 

ὗᴺὗ ‰ὗ ὗ  

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

ὖ
ρ

ρ Ὡὼὴ
 

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

participant choosing shape ί, ὖ , is determined by the difference in ὗ values.  

This model is over parameterized, the three parameters ”ȟ‰ and ‍ produce very similar effects on 

asymptotic choice (e.g. Figure 1) and therefore cannot be jointly estimated from participant 

behaviour. In order 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-

Type 
Model Parameters 

Value-Updating 
D

e
c
is

io
n
 

D
e

te
rm

in
a
c
y
 M

o
d
e

ls 1 н ǇŀǊŀƳŜǘŜǊǎΥ ʰΣ ʲ Non-Reciprocal Updating 

2 п ǇŀǊŀƳŜǘŜǊǎΥ ʰwinΣ ʰlossΣ ʲwinΣ ʲloss Non-Reciprocal Updating 

3 н ǇŀǊŀƳŜǘŜǊǎΥ ʰΣ ʲ Reciprocal Updating 

4 п ǇŀǊŀƳŜǘŜǊǎΥ ʰwinΣ ʰlossΣ ʲwinΣ ʲloss Reciprocal Updating 

R
e

w
a

rd
 S

e
n

s
it
iv

ity
 

M
o

d
e

ls
 

5 н ǇŀǊŀƳŜǘŜǊǎΥ ʰΣ r Non-Reciprocal Updating 

6 п ǇŀǊŀƳŜǘŜǊǎΥ ʰwinΣ ʰloss, rwin, rloss Non-Reciprocal Updating 

7 н ǇŀǊŀƳŜǘŜǊǎΥ ʰΣ r Reciprocal Updating 

8 п ǇŀǊŀƳŜǘŜǊǎΥ ʰwinΣ ʰloss, rwin, rloss Reciprocal Updating 

B
e

lie
f 
D

e
ca

y
  
  

 

M
o

d
e

ls
 

9 н ǇŀǊŀƳŜǘŜǊǎΥ ʰΣ f Non-Reciprocal Updating 

10 п ǇŀǊŀƳŜǘŜǊǎΥ ʰwinΣ ʰloss, fwin, floss Non-Reciprocal Updating 

11 н ǇŀǊŀƳŜǘŜǊǎΥ ʰΣ f Reciprocal Updating 

 12 п ǇŀǊŀƳŜǘŜǊǎΥ ʰwinΣ ʰloss, fwin, floss Reciprocal Updating 

 

Table 3. Models tested. I tested three model-ǘȅǇŜǎ όΨōŜƭƛŜŦ ŘŜŎŀȅΩΣ ΨǊŜǿŀǊŘ ǎŜƴǎƛǘƛǾƛǘȅΩ ŀƴŘ ΨŘŜŎision 

ŘŜǘŜǊƳƛƴŀŎȅΩύΦ ¢ƘŜȅ ǿŜǊŜ wŜǎŎorla-Wagner models modified by the addition of, respectively, decay, 

reward sensitivity, and inverse temperature parameters. All models utilized learning rate parameters 

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

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

values across both conditions. I also tested whether participants updated stimulus-values 

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

given trial. I expected that they would do so, as they were instructed that stimulus-outcome 

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

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

type, totaling 12 models. 
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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, given their chƻƛŎŜǎΦ 9ŀŎƘ ǇŀǊǘƛŎƛǇŀƴǘΩǎ ǇŀǊŀƳŜǘŜǊ ǾŀƭǳŜǎ 

were estimated as the expected value of the marginalised parameter distribution (Behrens et al., 

2007; Browning et al., 2015). ” and ‍ parameters were sampled in log space while ‌ and ‰ 

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

parameters. 

 

2.10 Methods: Model Selection 

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

best accounted for the changes seen in the Pramipexole group from the pre-to-post intervention 

ǎŜǎǎƛƻƴΦ IƻǿŜǾŜǊΣ L ŦƛǊǎǘ ǎŜǘ ƻǳǘ ǘƻ ŘŜǘŜǊƳƛƴŜ ǿƘƛŎƘ ΨǎǘǊǳŎǘǳǊŜΩ ƻŦ w[ ƳƻŘŜƭ ǘƻ ǳǎŜ όƛΦŜΦ ŎƻƴŘƛǘƛƻƴ-

specific vs independent parameters; reciprocal vs non-reciprocal updating). My a priori belief was 

that participants would utilize separate parameter values for the two conditions (as reflected in the 

hypothesis stated in the introduction to this chapter). I believed so because, clinically, Pramipexole 

appears to alter reward-related decision making seemingly independently of punishment-related 

decision making. I also believed a priori that participants update stimulus values reciprocally as they 

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

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

each structure across parameter-categories (reward sensitivity/decay/inverse temperature). Those 

models that utilized condition-ǎǇŜŎƛŦƛŎ ǇŀǊŀƳŜǘŜǊǎ ǇŜǊŦƻǊƳŜŘ ōŜǘǘŜǊ ǘƘŀƴ ǘƘƻǎŜ ǘƘŀǘ ŘƛŘƴΩǘ ŀƴŘ 

reciprocally updating models performed better than the non-reciprocally updating models. The 

AIC/BIC results confirmed my a priori belief that participants used separate, condition-specific, 

parameters and that they updated values reciprocally. 
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Figure 5. Average (a) BIC and (b) AIC scores for each model structure: 2 parameter models with 

non-reciprocal updating (models 1, 5 and 9), 4 parameter models with non-reciprocal 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 table 3 for model descriptions).  

 

I 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, these latter 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 models (mean AICs=260; mean BICs=274). 

 

Figure 6. Average (a) BIC and (b) AIC scores for each model within the winning structure-category 

i.e. the reciprocally updating 4 parameter model that utilised inverse temperatures (model 4) reward 

sensitivity parameters (model 8) and decay parameters (model 12).  Smaller AIC/BIC scores indicate a 

better model fit. AIC/BIC scores were calculated from log likelihoods that were summed across the 3 

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

participants. Scatter plots overlaying bar graphs depict corresponding individual AIC/BIC values. 
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Taking trial-ǿƛǎŜ ŎƘƻƛŎŜǎ ƎŜƴŜǊŀǘŜŘ ōȅ ŜŀŎƘ ƳƻŘŜƭ ǳǎƛƴƎ ƛƴŘƛǾƛŘǳŀƭ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ǇŀǊŀƳŜǘŜǊǎΣ L 

averaged these model-generated choices within group and condition to create learning curves for 

ŜŀŎƘ ƳƻŘŜƭ όŜǉǳƛǾŀƭŜƴǘ ǘƻ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ƭŜŀǊƴƛƴƎ ŎǳǊǾŜǎ ƛƴ CƛƎǳǊŜ пŀκō ŀōƻǾŜύΦ L ǇƭƻǘǘŜŘ ǘƘŜǎŜ 

learning curves against Pramipexole/placebo-ƎǊƻǳǇ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ŀŎǘǳŀƭ ƭŜŀǊƴƛƴƎ ŎǳǊǾŜǎ ŀƴŘ Ǿƛǎǳŀƭƭȅ 

assessed the fidelity of the model-generated learning curveǎ ǘƻ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ƭŜŀǊƴƛƴƎ ŎǳǊǾŜǎΦ ¢ƘŜ 

learning curves of those models that utilized condition-specific parameters appeared to have greater 

ŦƛŘŜƭƛǘȅ ǘƻ ǇŀǊǘƛŎƛǇŀƴǘ ƭŜŀǊƴƛƴƎ ŎǳǊǾŜǎ ǘƘŀƴ ǘƘƻǎŜ ǘƘŀǘ ŘƛŘƴΩǘΦ [ƛǘǘƭŜ ǎŜǇŀǊŀǘŜŘ ǘƘŜ ŀǇǇŀǊŜƴǘ ŦƛŘŜƭƛǘȅ ƻŦ 

learning curves generated using models that updated values reciprocally vs non-reciprocally. I 

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

illustrative purposes I have presented below 4 plots depicting participant learning 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 sensitivity model (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. 

!ǇǇǊƻȄƛƳŀǘŜƭȅ ŎƻƴŎŀǾŜ Ǉƭƻǘǎ ǊŜǇǊŜǎŜƴǘ ǊŜǿŀǊŘ ŎƻƴŘƛǘƛƻƴ ƭŜŀǊƴƛƴƎ ŎǳǊǾŜǎΣ ǘƘŀǘ ƛǎΣ ǘƛƳŜ ǎŜǊƛŜǎΩ 

depicting the proportion of participants/simulated-participants that chose the advantageous reward-

condition stimulus in a given trial. Approximately convex plots represent loss condition learning 

ŎǳǊǾŜǎΣ ǘƘŀǘ ƛǎΣ ǘƛƳŜ ǎŜǊƛŜǎΩ ŘŜǇƛŎǘƛƴƎ ǘƘŜ ǇǊƻǇƻǊǘƛƻƴ ƻŦ ǇŀǊǘƛŎƛǇŀƴǘǎκǎƛƳǳƭŀǘŜŘ-participants that 

chose the disadvantageous loss-condition stimulus in a given trial. Solid black lines represent 

participant choices while dotted lines represent model-generated choices. Choices generated by 

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

12 are red. Error-bars represent SEM. 
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Finally, as the increase in reward choice accuracy within the Pramipexole group was the most 

pertinent change across sessions, I assessed how accurately the models replicated this change. I 

generated reward-condition cƘƻƛŎŜǎ ǳǎƛƴƎ ŜŀŎƘ ƳƻŘŜƭ ŀƴŘ ƛƴŘƛǾƛŘǳŀƭ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ǇŀǊŀƳŜǘŜǊ ǾŀƭǳŜǎ 

for each session, for each respective model. As I did for the model-free analysis, I used the 

ǇǊƻǇƻǊǘƛƻƴ ƻŦ ΨŀŎŎǳǊŀǘŜΩ ŎƘƻƛŎŜǎ ƛƴ ǘƘŜ ƭŀǘǘŜǊ ƘŀƭŦ ƻŦ ŜŀŎƘ ōƭƻŎƪΦ L ǇƭƻǘǘŜŘ ǘƘŜ ŎƘŀƴƎŜ ƛƴ ǘhis metric 

across sessions for each model (Figure 8). Models that utilized condition-specific parameters appear 

to perform better than those that utilize condition-independent parameters. There appears to be 

little difference between those models that update values reciprocally and those that update values 

non-reciprocally. This analysis therefore supports my a priori belief regarding condition-specific-vs-

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

reciprocally updating models. 

 

 

Figure 8. Bar graphs depicting the change in model generated choice accuracy using pre-vs-post 

Pramipexole-group derived parameters. Bars represent mean (SEM) change in the reward-accuracy 

of model-generated choices utilising parameters values inferred for participants that took 

Pramipexole. Inverse temperature model results are coloured green, reward sensitivity models blue 

ŀƴŘ ŘŜŎŀȅ ƳƻŘŜƭǎ ǊŜŘΦ Ψ²ƛƴƴƛƴƎΩ ƳƻŘŜƭǎ ŀǊŜ ŦǊŀƳŜŘ ƛƴ ōƭŀŎƪ. Scatter plots overlaying bar graphs 

depict corresponding individual values.  
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In summary, I used positive and negative metrics to assess 12 models comprising 4 versions 

(reciprocal vs non-reciprocal updating; condition-specific vs independent parameter values) of 

models that each used one of three different parameter-types (inverse temperature/reward 

sensitivity/decay) along with learning rate parameters. Models containing condition specific 

ǇŀǊŀƳŜǘŜǊǎ ǇŜǊŦƻǊƳŜŘ ōŜǘǘŜǊ ǘƘŀƴ ǘƘƻǎŜ ǘƘŀǘ ŘƛŘƴΩǘΦ wŜŎƛǇǊƻŎŀƭƭȅ updating models performed 

marginally better than non-reciprocally updating models. I therefore used models 4, 8 and 12 

(described in Table 3) for the analyses below. Comparing models 4, 8 and 12, the inverse 

temperature (4) and reward sensitivity model (8) had slightly lower mean AIC and BIC scores than 

the decay model (12). All three models re-produce the effect of Pramipexole on reward accuracy to a 

comparable degree. All three models also reproduce participant learning curves to a comparable 

degree; though, 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 of Pramipexole May be Attributed to Increased Reward Sensitivity, Reduced 

Choice Stochasticity or Reduced Reward Value Decay: 

!ǎ ƻǳǘƭƛƴŜŘ ŀōƻǾŜΣ L ŦƛǘǘŜŘ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ōŜƘŀǾƛƻǳǊ ǘƻ ǘƘŜ winning versions of the reinforcement 

learning model described in the methods section; all three models were able to account for 

participant behaviour (see Figures 6-8).  

Entering (separately) reward sensitivity, inverse temperature and decay parameter values into 

respective repeated measures ANOVAs in the same manner as for the observed effect of 

Pramipexole (Pramipexole vs placebo; win condition vs loss condition; pre vs post-intervention), I 

find a significant group * valence * time interaction in each case: 1) Reward sensitivity: [F(1,38)=5.81 

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

Underlying these results, win condition reward sensitivity/inverse temperatures increased, and 

decay decreased, in the Pramipexole group after treatment όǇǎҖлΦлпΤ CƛƎǳǊŜ ф ŀ-c), with no 

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

όǇǎҗлΦомύΦ wŜǿŀǊŘ ǎŜƴǎƛǘƛǾƛǘȅκƛƴǾŜǊǎŜ ǘŜƳǇŜǊŀǘǳǊŜκŘŜŎŀȅ ŘƛŘ ƴƻǘ ŎƘŀƴƎŜ ƛƴ ŜƛǘƘŜǊ ǊŜǿŀǊŘ όǇǎҗлΦфлΤ 

Figure 9 a-cύ ƻǊ ƭƻǎǎ ŎƻƴŘƛǘƛƻƴ όǇǎҗлΦоуύ ƛƴ ǘƘŜ ǇƭŀŎŜōƻ group. The Pramipexole and placebo groups 

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

όǇΩǎҗлΦрсо ŀƴŘ лΦроо ǊŜǎǇŜŎǘƛǾŜƭȅύ ƻǊ Ǉƻǎǘ-ƛƴǘŜǊǾŜƴǘƛƻƴ όǇΩǎҗлΦлфл ŀƴŘ лΦофу ǊŜǎǇŜŎǘƛǾŜƭȅύΦ Therefore 
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the observed effect of Pramipexole on 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 

eiǘƘŜǊ ƎǊƻǳǇΣ ŀŎǊƻǎǎ ǎŜǎǎƛƻƴǎ όǇǎҗлΦнлύΦ [ƛƪŜǿƛǎŜΣ ǊŜǇŜŀǘŜŘ ƳŜŀǎǳǊŜǎ !bh±!ǎ ƻŦ ƭŜŀǊƴƛƴƎ ǊŀǘŜ 

parameters in each model showed no main effects or interactions that included group differences 

όǇǎҗлΦмлύΦ ¢ƘŜ Pramipexole and placebo groups did not differ significantly on reward or loss learning 

ǊŀǘŜǎ ŀǘ ōŀǎŜƭƛƴŜ όǇΩǎҗ0.7626 and 0.6981 respectively) or post-ƛƴǘŜǊǾŜƴǘƛƻƴ όǇΩǎҗлΦнрсу ŀƴŘ лΦмлрп 

respectively). 

                

Figure 9; Change in model parameters in the reward condition. The bar graphs show the pre-post 

intervention change when the (a) reward sensitivity, (b) inverse temperature, and (c) decay parameter 

were allowed to vary. The parameter changes illustrated here produced the pre-vs-post intervention 

model behaviour (in the reward condition) illustrated in figures 7 and 8. Green (pink) bars represent the 

placebo (Pramipexole) group. Error-bars represent SEM. Scatter plots overlaying bar graphs depict 

corresponding individual values. Asterisks represent significant (ps<0.05) pre-vs-post intervention change. 
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2.12 Discussion 

I investigated the effect of the dopamine D2-like receptor agonist Pramipexole on reward-related 

decision making in healthy volunteers. As predicted, a sub-acute course of Pramipexole (titrating to 

1mg/day) increased choice accuracy in the reward (but not loss) condition. Fitting three behavioural 

RL models (RS, IT and Decay), I found that all three recapitulated participant behaviour to a 

comparable degree.  

Pramipexole increased asymptotic choice of highly rewarded stimuli. This is in contrast to the 

majority of previous experimental studies of Pramipexole which 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 studies have generally administered a single low dose of Pramipexole. Translational 

studies suggest that acute administration reduces, whereas sustained administration enhances, 

dopamine transmission (Chen et al., 2005; Chernoloz et al., 2008; Grace, 1991; Willner et al., 1994). 

Human imaging studies also suggest dichotomous effects of acute vs sustained administration. 

Arterial spin labelling demonstrated an increased metabolic rate in depression-relevant brain 

regions, in healthy volunteers, following acute pramipexole administration (Michels et al., 2016) 

(approximated by local cerebral blood flow (Hoge et al., 1999)). In contrast, a positron emission 

tomography study demonstrated reduced metabolic rate in depression-relevant brain regions 

following sustained pramipexole administration in bipolar depression (Mah et al., 2011b) 

(approximated by uptake of a glucose analogue (Sokoloff et al., 1977)). This latter effect is diametric 

to that of unipolar and bipolar depression (Drevets, 1999; Mah et al., 2007). The current results are 

consistent with the few reward processing studies of patient groups in which longer treatment 

durations were used, and which also found an increase in reward choice following Pramipexole 

treatment (Bodi et al., 2009; Burdick et al., 2014). Together, these studies indicate that putatively 

post-synaptically acting, sustained dosing of Pramipexole acts to enhance reward learning.  

Depression is associated with reduced reward learning (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., 2006; Pizzagalli et al., 2005; Robinson and Chase, 2017; Steele et al., 2007; Vrieze 

et al., 2013).  Overall, therefore, the impact of Pramipexole on learning is opposite to that associated 

with depression and is consistent with the antidepressant effects of the drug (Cusin et al., 2013; 

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

Pramipexole had no effect on loss condition accuracy. This finding is consistent with previously 

reported effects of dopaminergic agents on the performance of healthy volunteers in probabilistic 

learning tasks (Eisenegger et al., 2014; Pessiglione et al., 2006). It has been speculated that, while the 



49 
 

win condition engages only appetitive processing, the loss condition may engage both appetitive and 

aversive processing (Pessiglione et al., 2006). This distinction is supported by the observation that 

ǇǳƴƛǎƘƛƴƎ ǎǘƛƳǳƭƛ ŀǇǇŜŀǊ ǘƻ ŜǾƻƪŜ ŘƛŦŦŜǊŜƴǘ ƴŜǳǊŀƭ ǊŜǎǇƻƴǎŜǎ ǘƘŀƴ Ψƴƻƴ-ǊŜǿŀǊŘƛƴƎΩ ǎǘƛƳǳƭƛΦ ¢Ƙŀǘ ƛǎΣ 

they evoke (phasic) aversive prediction errors which are different from positive or negative 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 Hikosaka, 2009). Interestingly, the relationship between reward vs punishment 

processing in depression appears similarly dichotomous to PramipexoleΩǎ ŜŦŦŜŎǘ ƻƴ ǊŜǿŀǊŘ Ǿǎ 

punishment learning: depressed individuals are clearly hyposensitive to reward (Halahakoon et al., 

2020), whereas the relationship between depression and punishment processing appears more 

complicated (Elliott et al., 1997; Eshel and Roiser, 2010). 

I fitted three models to the behaviorual data: RS, IT and decay. The RS model tested the hypothesis 

that Pramipexole increases the subjective value of outcomes, thereby amplifying the learned values 

of the stimuli. The decay model tested the hypothesis that Pramipexole reduces the 

forgetting/decaying of beliefs about stimulus values, consequently facilitating more advantageous 

choices. The IT model tested the hypothesis that Pramipexole does 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 all of them fitted and recapitulated 

ǇŀǊǘƛŎƛǇŀƴǘǎΩ ŎƘƻƛŎŜ ōŜƘŀǾƛƻǳǊ ŎƻƳǇŀǊŀōƭȅ ǿŜƭƭΦ tǊŜǾƛƻǳǎ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ŀƴŀƭȅǎŜǎ ƻŦ PramipexoleΩǎ 

effect have suggested an effect on learning rate (Huys et al., 2013) or no effect on any computational 

parameter (Murray et al., 2019). However, as stated above, a single low dose of Pramipexole is 

thought to inhibit phasic dopaminergic signaling (Piercey et al., 1996). In contrast, 14-day 

administration of Pramipexole increases tonic activity (Chernoloz et al., 2012). Consistent with my 

findings, high dose Sulpride (which is thought to reduce tonic dopamine activity) reduced accuracy 

and ITs in the reward, but not loss, condition in a task similar to the current one (Eisenegger et al., 

2014). This effect was driven by a subset of participants who had a genetically determined lower 

density of striatal D2 receptors (Eisenegger et al., 2014). Genetic determinants of D2 receptor 

density may also be relevant to the effect of Pramipexole in depression. 

The current study has a number of limitations. Most obviously, the population recruited were non-

clinical healthy participants. A non-clinical population was selected to reduce phenotypic variation 

among participants and thus enhance the sensitivity of this experimental medicine study to detect 

the pharmacological effects of Pramipexole. 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 trial of Pramipexole in which patients complete the PILT task before and after 
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initiating treatment with Pramipexole or placebo. Such a trial is currently underway (Au-Yeung et al., 

2022).  

 

2.13 Conclusion 

Using a 2-week course of Pramipexole titrated to 1mg/day, I find that Pramipexole enhances learning 

from rewards. Fitting three models (RS, IT and decay) to the behavioural data, I 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, I will attempt to arbitrate between the three models by using functional 

magnetic resonance imaging to examine PramipexoleΩǎ ŜŦŦŜŎǘ ƻƴ ƴŜǳǊŀƭ ǊŜǿŀǊŘ ǇǊŜŘƛŎǘƛƻƴ ŜǊǊƻǊǎΦ 
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Chapter 3: The effect of Pramipexole on neural reward processing 

 

3.1 Introduction 

In chapter 2 I found that a 2 week course of Pramipexole increased accuracy in the reward but not 

loss condition, in a PILT. I fitted three modes to the behavioural data and found that each explained 

the behavioural observations to a comparable degree. Though these models can produce very 

similar behavior, they make different predictions about how Pramipexole affects RPEs in the win 

condition. The RS model predicts that Pramipexole amplifies the value of a reward and therefore 

amplifies neural responses to rewards (e.g. win outcomes). The decay model predicts that 

Pramipexole attenuates neural responses to rewards as they are more expected (as a consequence 

of Pramipexole preventing the Q-value from decaying to baseline). The IT model predicts that 

Pramipexole 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 temperature parameters of the reinforcement learning model. 

Presumed Cause Free Parameter 

Effect on 

Asymptotic 

Choice 

Effect on 

Expectation 

Effect on 

Prediction 

Error 

A differential 

response to 

experienced reward 

Reward 

Sensitivity, ” 

Increased with 

increased reward 

sensitivity 

Increased with 

increased reward 

sensitivity 

Increased with 

increased 

reward 

sensitivity 

A differential rate of 

decay of learned 

expectations 

Decay 

parameter, ‰ 

Increased with 

decreased decay 

Increased with 

decreased decay 

Decreased with 

decreased 

decay 

A differential effect 

of learned values on 

decision probability 

Inverse 

temperature 

parameter, ‍ 

Increased with 

increased inverse 

temperature 

No effect No effect 
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Figure 1 a Recap of the model described in the previous chapter: Rewards, Ὑ, are combined with expectations, 

ὗ, in a learning rule and then fed into a decision rule. Distinct parameters modify each component of this 

process: a reward sensitivity parameter, ”, influences the effective size of experienced rewards, a decay 

parameter, ‰, 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, 

‍, influences the degree to which expectations are used to determine choices. b As 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 displayed here were generated by 

the learning and decision-ƳŀƪƛƴƎ ǊǳƭŜǎ ŘŜǎŎǊƛōŜŘ ƛƴ ΨŀΩ ǳǎƛƴƎ ŀ ” of 0.6, a ‰ 0.12, a ‍ of 10 and an ‌ of 0.1. 

Increases in either ” (blue line) or ‍ (green line) and decreases in ‰ (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, and thus can discriminate, between these processes. Panel c illustrates 

model expectations, ὗ. As can be seen, either increasing ” or decreasing ‰ causes an increase in expectations, 

whereas ‍, which influences decision-making rather than learning, does not change expectations (i.e. the 

green and black lines are identical). Panel d illustrates the prediction errors (PE) of the models, which are able 

to discriminate the three parameters. Again, changes in ‍ have no effect, whereas an increase in ” leads to 

increased PEs and a reduction in ‰ leads to decreased PEs.  
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In this chapter I attempt to arbitrate between these three hypotheses regarding the latent effect of 

Pramipexole driving the change in choice behaviour across sessions. In order to do so I need to 

ƳŜŀǎǳǊŜ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ƛƴǘŜǊƴŀƭ ƳƻŘŜƭ ǾŀǊƛŀōƭŜǎ ŘǳǊƛƴƎ ǘƘŜ ǘŀǎƪΦ ¢ƘŜǎŜ ƛƴǘŜǊƴŀƭ ǾŀǊƛŀōƭŜǎ όǊŜǿŀǊŘ 

expectations and RPEs) 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, 2010), as outlined in the 

overall thesis introduction. I will assess neural activity in three regions of interest (ROIs) within this 

circuit: 

1) The orbitofrontal cortex (OFC) is thought to maintain outcome expectations in 

working/representational memory (Schoenbaum and Roesch, 2005) and exert a top-down effect 

on response selection (Frank and Claus, 1996).  

2) The medial prefrontal cortex (mPFC) is thought to signal RPEs (Oya et al., 2005; Rutledge et al., 

2010). 

3) The ventral striatum (VS) is central to the reward circuit and activity within it convincingly reflects 

RPEs (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 activity (Rees et al., 2000). 

L ƛƴǾŜǎǘƛƎŀǘŜŘ ǇŀǊǘƛŎƛǇŀƴǘǎΩ .h[5 ŀŎǘƛǾƛǘȅ ŘǳǊƛƴƎ ǘŀǎƪ ŜƴƎŀƎŜƳŜƴǘ ǘƻ ŀǘǘŜƳǇǘ ǘƻ ŘƛǎŎƻǾŜǊ ǿƘƛŎƘ όƛŦ 

any) of the 3 models reflects PramipexoleΩǎ ƳƻŘǳƭŀǘƛƻƴ ƻŦ ǊŜǿŀǊŘ ǇǊƻŎŜǎǎƛƴƎ ǿƛǘƘƛƴ ǘƘŜ Ŏontext of 

the PILT task. As registered in clinical trials.gov (https://clinicaltrials.gov/ct2/show/NCT03681509), I 

hypothesized that Pramipexole would increase subjective valuation of rewards (leading to increased 

BOLD to rewarding outcomes in reward sensitive areas of the brain such as the VS, OFC and mPFC) 

(Fouragnan et al., 2018). 

 

3.2 Study Recap 

I outlined the study design in more detail in chapter 2. To recap, 42 participants were randomized to 

receive either Pramipexole or placebo. The Pramipexole group was titrated up to a dose of 1mg/day 

by day 10, which they continued to take for 3-5 days until testing was completed, and then down-

titrated till discontinuation. The apparent dose of the placebo was altered in the same manner. 

Participants performed the PILT before the intervention and then twice between days 12-15 of the 

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

In the fMRI session, participants played the PILT as described in chapter 2 with two differences. 

Instead of three runs, they played two runs. To allow for the timing constraints of the haemodynamic 

response, the task was slowed considerably. To increase design efficiency, the inter-trial period and 

the period between choice and outcome-presentation were jittered, as illustrated in figure 3.  

 

Figure 3. Probabilistic Instrumental Learning Task (PILT). In each 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 reciprocal contingencies).  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 shapes that were 

associated with the high probability of win/no-loss. In the fMRI scanner, participants completed 2 

runs of 60 trials each. The inter-ǘǊƛŀƭ ƛƴǘŜǊǾŀƭ όŘǳǊƛƴƎ ǿƘƛŎƘ ǘƛƳŜ ŀƴ ΨȄΩ ŀǇǇŜŀǊǎ ƻƴ ǘƘŜ ǎŎǊŜŜƴύ ǿŀǎ 

jittered using a flat distribution of 2-6 seconds. Likewise, an intra-trial interval, which occurred 

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

using a flat distribution of 2-5.5 seconds. 

 

3.4 MRI Image Acquisition 

MRI images were acquired at the Oxford Centre for Human Brain Activity (OHBA), University of 

Oxford, using a 3T Siemens Prisma scanner with a 32-channel head-coil.  T1-weighted structural 

images had a voxel resolution of 1mm isotropic. The echo time was 3.97 msec, repetition time was 

1900msec, flip angel was 8o and field of view was 192mm. BOLD Images were T2-weighted echo-

planar images. Sixty 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 of 52o, field of view of 216mm and the multiband 

acceleration factor was 6 interleaved. Fieldmaps were collected with echo 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 respiratory belt respectively. 

 

3.5 MRI Data analysis 

MRI data were analysed using FSL (FMRIB Software Library v6.0) tools. Data were pre-processed to 

reduce unwanted variability in the data. Pre-processing involved 1) removal of non-brain structures 

using BET (Smith, 2002), 2) motion correction using MCFLIRT (Jenkinson et al., 2002), 3) spatial 

smoothing with a Gaussian kernel of FWHM 5mm, 4) un-warping using fieldmaps and 5) high-pass 

temporal filtering with a cut-off of 60 seconds. Functional images were registered non-linearly to 

corresponding structural images via a high contrast functional image and BBR (Jenkinson et al., 2002; 

Jenkinson and Smith, 2001). Cardiac and Respiratory data were used to create 33 denoising 

regressors using PNM (Brooks et al., 2008). 

Task events were represented 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 presentation of win, no-win, loss or no-

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 presentation period for win vs. loss condition trials. Post-hoc analyses 

then compared expectation associated activity between the 1st vs 2nd half of trials in a block (i.e. 

when expectation should be low relative to when it should be high, Figure 1c).  The contrast between 

ΨǿƛƴΩ Ǿǎ Ψƴƻ-ǿƛƴΩ ƻǳǘŎƻƳŜǎΣ ŀƴŘ Ψƴƻ-ƭƻǎǎΩ Ǿǎ Ψƭƻǎǎ ƻǳǘŎƻƳŜǎΩ ǿŜǊŜ ǳǎŜŘ ŀǎ ǎƛƳǇƭŜ ƴƻƴ-model-based 

measures of prediction errors. I supplemented this analysis with three model-based analyses in 

which the estimated prediction errors from each of the three models (decay, beta and rho) 

respectively, were used as parametric regressors in place of the binary outcome regressors. In the 

model-based analyses, explanatory variables were: the presentation of stimuli (2s period during 

which stimuli were first presented) in win and loss trials, the presentation of outcomes (2s period 

during which outcomes were presented) in win-condition and loss-condition trials and win/loss 

condition RPEs, these were the same as the win/loss-condition outcome EVs but with demeaned 

RPEs as parametric modulators.  First-level 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 higher-level random-effects analysis which assessed the difference between the two 

groups. See appendices 6-8 for further details. 

The higher-level analyses were restricted to three anatomical ROIs: 

1) mPFC  (defined using the Harvard-Oxford Structural Atlas library (Desikan et al., 2006))  

2) OFC (defined using the Harvard-Oxford Structural Atlas library (Desikan et al., 2006))  

3) Ventral Striatum (defined using the Oxford-GSK-Imanova Structuralςanatomical Striatal Atlas 

(Tziortzi et al., 2014)).  

Group level inference was performed using the FSL nonparametric permutation tool (Randomise) 

with 5000 permutations, threshold free cluster enhancement method and family-wise error 

correction (p<0.05). 

 

3.6 Results: Model Free Analysis; Anticipation 

Pramipexole Increases 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 receiving Pramipexole relative to placebo 

in the OFC ROI (Figure 4). This is consistent with the RS or Decay models, but not the IT model. There 

were no significant clusters for this contrast in the mPFC or VS ROIs.  
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Fig 4. Model Free Analysis: Anticipation The red-yellow coloured area represents the cluster of 

significantly increased activity in the Pramipexole vs placebo group in the OFC ROI during win-

anticipation > loss-anticipation. Areas of significantly increased activity are threshold free cluster 

enhancement corrected with a family-wise error cluster significance level of p Җ 0.05. (b) Parameter 

estimates extracted from the area of significantly increased activity in Fig 4a associated with win-

anticipation, loss-anticipation and win-anticipation > loss-anticipation. Green (pink) bars represent 

the placebo (Pramipexole) group. Error-bars represent SEM. Scatter plots overlaying bar graphs 

depict corresponding individual parameter estimates. 

 

Pramipexole Increases BOLD Signal during Anticipation of Rewards across trials 

To probe this result, I examined the development of win and loss expectations during the task 

blocks. As illustrated in Figure 1c, expectations develop as learning proceeds. I captured this process 

by subtracting the response to stimuli in the first half of trials (trial 1-15) from the latter half (trials 

16-30) separately for reward and loss trials. There was no significant group (Pramipexole vs 

placebo)*trial( 1-15 vs 16-30)*condition (reward anticipation vs loss anticipation) interaction. Within 

the reward condition, participants receiving Pramipexole had greater increase in activity across the 

block than those receiving placebo in the OFC ROI (Peak voxel x=30, y=76, z=36; voxel size:57; 

p=0.019) (Figure 5a-b). There were no clusters for this contrast within mPFC or VS ROIs, nor for the 

OFC/mPFC/VS ROIs during loss stimulus presentation. On the surface, this result is consistent with 

Pramipexole causing an increase of reward sensitivity or reduction in reward expectation decay, as 

both processes lead to increased reward expectation (Figure 1d). It is not consistent with an increase 

in inverse temperature, which does not require a change in expectations. However examining 

activity within this area in the 1st and 2nd half of trials separately, the placebo group had relatively 

high activity in the 1st half of trials, which dropped considerably in the 2nd half of trials, while the 

Pramipexole group had comparable activity in the two halves. While it can be difficult to 



58 
 

straightforwardly interpret extracted signal effects from functionally defined clusters, it is not 

obvious that the overall interaction signifies an increase in expectation by the Pramipexole group 

over time. 

 

 

Fig 5. Post-Hoc Analysis: Win-Anticipation. (a) The (red-yellow) coloured area represents the cluster 

of significantly increased activity in the Pramipexole vs placebo group in the OFC ROI during win-

anticipation in the 2nd half > 1st half of win-condition trials. Areas of significantly increased activity 

are threshold free cluster enhancement corrected with a family-wise error cluster significance level 

of p Җ 0.05. (b) parameter estimates extracted from the area of significantly increased activity in 5a 

associated with win-anticipation in the 1st half, 2nd half, and 2nd half > 1st half of win-condition trials. 

green (pink) bars represent the placebo (Pramipexole) group. Error-bars represent SEM. Scatter plots 

overlaying bar graphs depict corresponding individual parameter estimates. 

 

3.7 Results: Model Free Analysis; Outcome 

Pramipexole Decreases 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 the Pramipexole group relative to the placebo group in the mPFC ROI 

(Figure 6a-b). Pramipexole did not influence activity in loss relative to no-loss trials, or in the OFC or 

VS ROIs. 
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Fig 6. Model Free Analysis: Outcome (a) The (blue) coloured area represents the cluster of significantly 

decreased activity in the Pramipexole vs placebo group in the mPFC ROI associated with win-outcomes > 

no-win-outcomes. Areas of significantly decreased activity are threshold free cluster enhancement 

corrected with a family-wise error cluster significance level of p Җ 0.05. (b) Parameter estimates extracted 

from the area of significantly decreased activity in Fig 6a associated with win-outcomes, no-win-

outcomes, and win-outcomes > no-win-outcomes. Green (pink) bars represent the placebo (Pramipexole) 

group. Error-bars represent SEM. Scatter plots overlaying bar graphs depict corresponding individual 

parameter estimates. 

 

3.8 Results: Model Based Analysis; Comparing Reward Sensitivity, Inverse Temperature and Decay 

Models 

¢ƻ ŎƻƴŦƛǊƳ ǘƘŜ ŀōƻǾŜ ǊŜǎǳƭǘΣ L ŦƛǘǘŜŘ ŜŀŎƘ ƳƻŘŜƭ όw{Σ L¢Σ 5ŜŎŀȅύ ǘƻ ŜŀŎƘ ǇŜǊǎƻƴΩǎ ƛƳŀƎƛƴƎ ǎŜǎǎƛƻƴ 

behavioural data. I then extracted RPEs for each model, for each person and used them as 

parametric regressors for 3 separate model-based analyses (RS, IT, Decay).  

 

Pramipexole Increases 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 receiving Pramipexole relative to placebo in the OFC ROI (Figure 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 ROIs. 
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Fig 7. Model based fMRI (expectation) results: (a,c,e) Win-anticipation > loss-anticipation contrast 

from the (a) decay-model based analysis (c) beta-model based analysis and (e) rho model based 

analysis. The red-yellow coloured areas represent the cluster of significantly increased activity in the 

Pramipexole vs placebo group in the OFC ROI. Areas of significantly increased activity are threshold 

free cluster enhancement corrected with a family-wise error cluster significance level of p Җ 0.05. 

(b,d,f) Parameter estimates extracted from the area of significantly increased activity in Fig 7 a, c and 

e respectively, associated with win-anticipation, loss-anticipation and win-anticipation > loss-

anticipation. Green (pink) bars represent the placebo (Pramipexole) group. Error-bars represent 

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

Win-condition RPEs were reduced in the Pramipexole group relative to the placebo in the mPFC ROI 

(Figure 8) in all three model based results. This is consistent with internal decay-model mechanisms, 

but not internal RS or IT-model mechanisms, as illustrated in figure 1. 

 

Fig 8. Model based fMRI (outcome) results: (a,c,e) Win-condition RPE contrasts from the (a) decay-

model based analysis (c) beta-model based analysis and (e) rho-model based analysis. The (blue) 

coloured area represents the cluster of significantly decreased activity in the Pramipexole vs placebo 

group for win-condition RPEs in the mPFC ROI. Areas of significantly decreased activity are threshold 

free cluster enhancement corrected with a family-wise error cluster significance level of p Җ 0.05. 

(b,d,f) Parameter estimates extracted from the areas of significantly decreased activity in Fig 8 a, c 

and e respectively, associated with win-condition RPEs. Green (pink) bars represent the placebo 

(Pramipexole) group. Error-bars represent SEM. Scatter plots overlaying bar graphs depict 

corresponding individual parameter estimates. 
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3.9 Discussion 

As demonstrated in Chapter 2, Pramipexole treatment may increase asymptotic reward choice by a 

number of distinct cognitive mechanisms. It is not possible to arbitrate between these mechanistic 

hypotheses using choice behaviour from the PILT task alone. I 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 I inferred the internal processes that might underlie the 

observed behaviour. Pramipexole enhances (OFC) BOLD activity during the anticipation of rewarded 

trials and suppresses the (mPFC) BOLD response to win outcomes. This suggests that it enhances 

reward learning by reducing the decay 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; Halahakoon et al., 2020; Husain and Roiser, 2018). 

During reward-anticipation (vs loss-anticipation), Pramipexole increased activity in the OFC ROI. I 

infer from this contrast that Pramipexole amplifies 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 expectation (Moorman and Aston-Jones, 2014; Schoenbaum et al., 1998; Tremblay and 

Schultz, 1999) and is altered in depression (Forbes et al., 2006; Xie et al., 2021). The Decay and RS 

models attribute the behavioural effect of Pramipexole to its effect on the Q value, which represents 

ǘƘŜ ΨŜȄǇŜŎǘŜŘ ǾŀƭǳŜΩ ƻŦ ŀ ǎǘƛƳǳƭǳǎΦ .ȅ ŎƻƴǘǊŀǎǘΣ Pramipexole has no effect on the Q value in the IT 

model. A significant between-group contrast to reward (vs loss) 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 of rewards (Oldham et al., 2018). 

I found that the Pramipexole group 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 of trials, relative to the Pramipexole 

group. Probing the within trial-half contrasts, the placebo group activity was far higher than the 

Pramipexole group in first half of trials (within condition/run) and fell to below the level of activity in 

the Pramipexole group in the second half. Although extracted signal effects from functionally defined 

clusters should be interpreted cautiously, it is not obvious that the overall interaction signifies an 

increase in expectation by the Pramipexole group over time. It is also not 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.g. an inverse temperature effects). Therefore there is some ambiguity about what 

this result signifies.  

Pramipexole reduced the response to win (vs no-win) outcomes and reward prediction errors in the 

mPFC. Activity in the mPFC reflects RPEs (Fouragnan et al., 2018; Rutledge et al., 2010) and anterior 

vmPFC activity correlates with experienced value in simple choice tasks (Haber and Knutson, 2010; 

Smith et al., 2010). In a previous EEG study utilizing a signal detection task, Pramipexole amplified 

mPFC activity during (positive) outcomes (Santesso et al., 2009). Though we find the opposite, the 

two findings may be consistent with each other, as we use a regime of Pramipexole that 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 reduced BOLD response to 

rewarding outcomes (Greenberg et al., 2015; Huys and Browning, in press; Kumar et al., 2008; 

Pizzagalli et al., 2009; Rupprechter et al., 2020), which 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., 2006; Pizzagalli et al., 2005; 

Robinson and Chase, 2017; Steele et al., 2007; Vrieze et al., 2013) is the result of a lower effective 

value of rewards rather than a difference in decay of value estimates. The current findings indicate 

that Pramipexole does not 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 response to Pramipexole in depression seems to be higher in patients 

with intact, rather than impaired, baseline reward learning (Whitton et al., 2020). Specifically, as 

Pramipexole does 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. 

PramipexoleΩǎ ŜŦŦŜŎǘ ƻƴ ŘŜŎŀȅ Ƴŀȅ ǇƻǘŜƴǘƛŀƭƭȅ ŜȄǇƭŀƛƴ Pramipexole-induced compulsivity (Kolla et al., 

2010) due to (mal-adaptively) persistent salience of previously rewarding stimuli/activities. This is 

compatible with reports, by patients suffering from Pramipexole-induced compulsive disorders, of 

persistent pre-occupation with rewarding activities even in the absence of obvious cues (Murphy et 

al., 2021). It is not obvious how Pramipexole might 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 availability of -hamino-3-

hydroxy-5-methyl-isoxazole-4-propionic acid receptors (AMPAr)(Dong et al., 2015). Exposure to the 

D-2 like receptor agonist Quinpirole alters surface availability of AMPAr in the striatum (Ferrario et 

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

(Pezze et al., 2007). Speculatively, it is possible that Pramipexole might act via a similar mechanism. 
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It could be argued that ǘƘŜ ΨŘŜŎŀȅΩ ƛǎ ǎƛƳƛƭŀǊ ǘƻ working memory (Arnsten et al., 2015). Previous 

modelling work has demonstrated that simple learning tasks are often solved using a mixture of 

working memory and reinforcement learning based processes, with working memory acting to 

reduce prediction error responses by maintaining representations of current value (Collins and 

Frank, 2018). The observed effect of Pramipexole may 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 reward-

specific effect as found here. It is therefore necessary to evoke some form of valence-specific 

working memory effect to explain the current findings. Ultimately, the potential role of working 

memory in the effect of Pramipexole would best be tested by manipulating memory load during 

learning (Collins and Frank, 2012).  

 

3.10 Limitations 

There were no between-group behavioural differences in the imaging session (reported in appendix 

4). It is unclear why we see no behavioural effect in the imaging session while we observe a marked 

effect across behavioural sessions. 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 may have resulted in a 

lower signal-to-noise ratio in the latter relative to the former.  Lastly, as the imaging session took 

place before the post-intervention behavioural session, it is possible that the participants were not 

exposed to the maximum dose of Pramipexole for long enough by the time of the imaging session, to 

produce a significant behavioural result.  

I have not accounted for the possibility that Pramipexole may have an effect on the BOLD signal 

independent of neural activity. Arterial spin labelling was carried out during the same fMRI session 

and demonstrated that Pramipexole did not influence resting brain perfusion or global perfusion; 

these finds are reported elsewhere (Martens et al., 2021).  

 

3.11 Conclusion 

A 2-week course of Pramipexole enhanced asymptotic choice of highly rewarded stimuli, while 

reducing the neural response to rewarding outcomes. These results indicate that Pramipexole 

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:  Linking mood variability at different time scales 

 

4.1 Introduction 

Mood variability is an important aspect of major depressive disorder (MDD), playing roles in both 

aetiology and prognosis (Bowen et al., 2013; Marwaha et al., 2013; Peters et al., 2016).  

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 a unidimensional (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 manner (Koval et 

al., 2013). If such a nuanced analysis of ESM data could be linked to affective dynamics during 

reward learning (which has a stronger biological framework than ESM) it may allow for e.g. 

translational insights into the biology of affect instability. Koval et al have previously tried to link lab 

based affective measures (emotional reactions to film clips), obtained during a short controlled 

schedule of events with experience sampling method (ESM) over a longer timescale (1 week) (Koval 

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

correlations between ESM and lab-based measures for all but one dynamic measure.  

In a recent paper, Pulcu et al (Pulcu et al., 2022) have proposed a model (a Bayesian filter) that 

ǇŀǊǎŜǎ 9{a Řŀǘŀ ƛƴǘƻ ΨƳŜŀƴ ŀŦŦŜŎǘΩΣ ΨǾƻƭŀǘƛƭƛǘȅΩ ŀƴŘ ΨƴƻƛǎŜΩΦ ¢ƘŜ ǘŜǊƳ ŀŦŦŜŎǘƛǾŜ ΨƴƻƛǎŜΩ (ὛὈ) describes 

affective fluctuations around a stable mean (άόύ ǿƘƛƭŜ ǘƘŜ ǘŜǊƳ ŀŦŦŜŎǘƛǾŜ ΨǾƻƭŀǘƛƭƛǘȅΩ όὺάό) describes 

apparent changes in the mean affect (άό) over time. This model can be applied to affective time-

series measured at a large time-scale (such as ESM data) and, equally, at a small time-scale (such as a 

series of affective reports during a reward learning task). As with the study by Koval et al. (Koval et 

al., 2013)Σ ƛƴŘƛǾƛŘǳŀƭǎΩ .ŀȅŜǎƛŀƴ ŀŦŦŜŎǘƛǾŜ ǇŀǊŀƳŜǘŜǊǎ (άό, ὺάό, ὛὈ) at a short time-frame (e.g. 

during a reward learning task) may lend insight into their affective parameters at a longer time frame 

(e.g. ESM). This idea is illustrated below in figure 1 which shows that affective parameters acquired 

from a small portion (3%) of affective time-series, generally appear to correlate with equivalent 

parameters acquired from the full time-series. 
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Figure 1. Bayesian filter parameters; Short time-frame vs Long time-frame. I used a randomly 

generated reward schedule (100,000 time-points consisting of 99%=0, 1%=1, 1%=-1) to generate 27 

ΨaffectiveΩ time-series using the formula described in the thesis introduction* with each combination 

of parameters from 3 affective set-points (-4, 0, 4), 3 deflection magnitudes (1, 2, 3) and 3 decay 

rates (0.5, 1.25, 2). I then sampled 100 evenly spaced data-points from each time series and passed 

these through the Bayesian filter described by Pulcu et al (Pulcu et al., 2022) (and described below in 

the methods section). To create ΨǎƘƻǊǘ ǘƛƳŜ-ŦǊŀƳŜΩ ŀŦŦŜŎǘƛǾŜ ǘƛƳŜ-series, I extracted 100 evenly 

spaced data-points from a small randomly and independently selected (3%) portion of each of the 27 

affective time-series described above. ¢ƘŜǎŜ ΨǎƘƻǊǘ-ǘƛƳŜŦǊŀƳŜΩ ŀŦŦŜŎǘƛǾŜ ǘƛƳŜ-series were then 

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

corresponding parameters froƳ ǘƘŜ ǊŜǎǇŜŎǘƛǾŜ ΨŦǳƭƭ ǘƛƳŜ-ǎŜǊƛŜǎΩΦ !ǎ ƛƭƭǳǎǘǊŀǘŜŘ ƛƴ ǘƘŜ ǘƘǊŜŜ ǇŀƴŜƭǎΣ 

parameters acquired at a relatively high (~33 times) sampling frequency during a short time period 

(3% of the full time-series), correlated with those acquired at a relatively low sampling frequency 

during a long time-ǇŜǊƛƻŘΦ !ƭƭ ƻǘƘŜǊ ŎƻǊǊŜƭŀǘƛƻƴǎ ōŜǘǿŜŜƴ ΨǎƘƻǊǘ-ǘƛƳŜŦǊŀƳŜΩ ŀƴŘ ΨŦǳƭƭ ǘƛƳŜ-ǎŜǊƛŜǎΩ 

parameters were non-ǎƛƎƴƛŦƛŎŀƴǘ όǇǎҗлΦлртмύ ōŀǊ ǘƘŜ ŎƻǊǊŜƭŀǘƛƻƴ ōŜǘǿŜŜƴ ΨǎƘƻǊǘ-ǘƛƳŜŦǊŀƳŜΩ ὺάό 

ŀƴŘ ΨŦǳƭƭ ǘƛƳŜ-ǎŜǊƛŜǎΩ ὛὈ (p=0.0201). 

*This formula is: 

ὥὪὪὩὧὸίὩὸὴέὭὲὸὩὺὩὲὸὥȢὩȢ  

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

time-point ὸ, up to and including time-point ὸ Ὕ. The value of ὥ determines the extent to which events 

deviate affect from baseline. The value of ὦ determines the rate at which affective deviations return to 
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baseline. This is an attempt to crudely approximate a theory of affect put forward by Kuppens et al (Kuppens 

et al., 2010) which suggests that individuals 1) have a ΨōŀǎŜƭƛƴŜΩ affective set-point from which 2) affect gets 

deflected by internal or external events and to which affect 3) returns over time. The three components in 

this affective model (i.e. affective set-point, initial deflection and return to baseline) plausibly loosely 

differentially relate to the parameters άό, ὛὈ and ὺάό respectively such that: 1) A high/low baseline 

affective set-point is somewhat analogous to high/low άό. 2) Large/small initial affective deflections from 

baseline are somewhat analogous to ƳƻǊŜκƭŜǎǎ ΨƴƻƛǎȅΩ ŀŦŦŜŎǘ όƛΦŜΦ ŀ ƭŀǊƎŜǊ ƻǊ ǎƳŀƭƭŜǊ ὛὈ). 3) Least intuitively, 

the rate at which affect returns to baseline might relate to ΨǾƻƭŀǘƛƭƛǘȅΩΦ Fast/slow return to baseline is 

somewhat analogous to ƭŜǎǎκƳƻǊŜ ΨǾƻƭŀǘƛƭŜΩ affect (i.e. lower/higher ὺάό). This is loosely illustrated in figure 

2. The biggest caveat here is that in the ŜȄǇƻƴŜƴǘƛŀƭ ŘŜŎŀȅ ƳƻŘŜƭΣ ǘƘŜ ŀŦŦŜŎǘƛǾŜ ΨǎŜǘ-ǇƻƛƴǘΩ ƛǎ όōȅ ŘŜŦƛƴƛǘƛƻƴύ 

set, while in the Bayesian analysis, άό can change over time. 

 

 

 

Figure 2. Illustration of the effect of exponential decay components on Bayesian filter parameters. 

As illustrated in the 3 panels above, ǘƘŜ ŦƛƭǘŜǊΩǎ ŜǎǘƛƳŀǘŜŘ άό appears to generally increase as the 

ŀŦŦŜŎǘƛǾŜ ǎŜǘ Ǉƻƛƴǘ ƛƴŎǊŜŀǎŜǎΣ ǘƘŜ ŦƛƭǘŜǊΩǎ ŜǎǘƛƳŀǘŜŘ ὛὈ appears to generally increase as the initial 

ŘŜŦƭŜŎǘƛƻƴ ƛƴŎǊŜŀǎŜǎ ŀƴŘ ǘƘŜ ŦƛƭǘŜǊΩǎ ŜǎǘƛƳŀǘŜŘ ὺάό appears to generally increase as the decay rate 

decreases. 

 

In this chapter I primarily assess whether affective parameters within the reward learning task reflect 

corresponding affective parameters in everyday life. I do so by regressing ESM affect parameters 

against within-task affect parameters. 
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In a more exploratory analysis I test the association between affective parameters and the duration 

of affective responses to events in the relatively controlled setting of a reward learning task. 

Specifically, I assess whether a) affective noise (ὛὈ) depends on the immediate affective impact of 

events (which is somewhat analogous to the initial deflection), whether b) affective volatility (ὺάό) 

depends on the extent to which the affective responses persist (which is somewhat analogous the 

rate of affective decay), and whether c) affective mean (άό) has no such relationship with the 

immediate or persistent impact of events (as it is roughly the affective set-point). Finally I test 

whether affective parameters in everyday life directly reflect these proxies to components of the 

hypothetical exponential decay model. I do so by repeating analyses a, b and c, substituting ESM 

parameters for within-task 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 I explore whether the immediate affective impact of events (a proxy for the 

Ψƛƴƛǘƛŀƭ ŀŦŦŜŎǘƛǾŜ ŘŜŦƭŜŎǘƛƻƴΩύ ǳƴŘŜǊƭƛŜǎ ŀŦŦŜŎǘƛǾŜ ΨƴƻƛǎŜΩΤ the persistent affective impact of events (a 

ǇǊƻȄȅ ŦƻǊ ǘƘŜ ΨǊŀǘŜ ƻŦ ŀŦŦŜŎǘƛǾŜ ŘŜŎŀȅΩύ ǳƴŘŜǊƭƛes affective volatility; mean affect does not depend on 

the affective impact of events (as it would not, if it reflected the affective set-point). 
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4.2 Methods; Recruitment and Study Design: 664 Participants were recruited through the online 

platform Prolific (prolific.co), of whom 339 completed the study. I asked participants to join the 

ǎǘǳŘȅ ƻƴƭȅ ƛŦ ǘƘŜȅ ƘŀŘ ƴƻ ǇǎȅŎƘƛŀǘǊƛŎ ƘƛǎǘƻǊȅΣ ǿŜǊŜ ŀƎŜŘ җмуȅǊǎ ŀƴŘ ǎǇƻƪŜ ŦƭǳŜƴǘ 9ƴƎƭƛǎƘΦ Upon 

clicking the study link, participants were directed to MetricWire (metricwire.com), a digital health 

research platform, where they were instructed on how to download 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 Studies-Depression 

(Radloff, 1977), the Hypomanic Personality Scale (Eckblad and Chapman, 1986) the State and Trait 

Anxiety Inventory (Spielberger et al., 1983) and the Temporal Experience of Pleasure Scale (Gard et 

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

Scale (PANAS) questionnaires (Watson et al., 1988) per day for 20 days (120 questionnaires in total) 

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

adjectives matched their current affective state on a 5-Ǉƻƛƴǘ [ƛƪŜǊǘ ǎŎŀƭŜ όŦǊƻƳ ΨǾŜǊȅ ǎƭƛƎƘǘƭȅΣ ƻǊ ƴƻǘ ŀǘ 

ŀƭƭΩ ǘƻ ΨŜȄǘǊŜƳŜƭȅΩ). Ten of these adjectƛǾŜǎ ƘŀŘ ǇƻǎƛǘƛǾŜ ǾŀƭŜƴŎŜ όŜΦƎΦ ΨŜƴǘƘǳǎƛŀǎǘƛŎΩύ ŀƴŘ мл ƘŀŘ 

negative valence (e.g. afraid). Participants had a 2hr window in which to complete each of the 6 daily 

PANAS questionnaires (9-мм ŀƳΣΧΧΦт-9pm). Within each time-window, 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 the Gorilla online task platform where they completed a 

reward learning task on two separate days within this 20-day period. 
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Figure 4 a) 664 Participants were recruited through the online platform, Prolific.  b) Participants used 

the MetricWire app to answer a number of initial questionnaires and then c) 90-120 PANAS 

questionnaires, which they received 6 times a day, for 20 days. d) Participants used the Gorilla online 

task platform to complete e) a reward processing task on two separate days within the 20-day 

period. This task is described below. f) 339 Participants completed the study. 

 

4.3 Methods; Online Reward Processing Task: Participants completed the online reward processing 

task (illustrated in figure 5) on two separate days. They completed two runs of the task on each day. 

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

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

one of two 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 three positions (left, middle, right). Each 

ǘǊŜŜ όƛŘŜƴǘƛŦƛŀōƭŜ ōȅ ƛǘǎ ŎƻƭƻǳǊύ ǿŀǎ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ ŀ ǇǊƻōŀōƛƭƛǘȅ ƻŦ ΨǿƛƴƴƛƴƎΩ ŀǇǇƭŜǎΦ ¢ƘŜǎŜ 

probabilities were unknown to the participants and varied across the run. Participants were 

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

apples they won. Participants chose one tree per trial by using either the mouse or an arrow-key. A 

ΨǿƛƴΩ ƻǳǘŎƻƳŜ ǘǊƛƎƎŜǊŜŘ ŀ ŎŀǎƘ ǊŜƎƛǎǘŜǊ ǎƻǳƴŘ ŀƴŘ ǘƘŜ ŀǇǇŜŀǊŀƴŎŜ ƻŦ ŀ ƴǳƳōŜǊΣ ǎƛƎƴƛŦȅƛƴƎ ǘhe 

number of apples won (within-ǘǊƛŀƭύΦ ! Ψƴƻ-ǿƛƴΩ ƻǳǘŎƻƳŜ ǘǊƛƎƎŜǊŜŘ ŀƴ ΨŜǊǊƻǊΩ ǎƻǳƴŘ ŀƴŘ ǘƘŜ 

ŀǇǇŜŀǊŀƴŎŜ ƻŦ ŀ ŎǊƻǎǎ ƻǾŜǊ ǘƘŜ ŎƘƻǎŜƴ ǘǊŜŜΦ ! ΨǊǳƴƴƛƴƎ ǘƻǘŀƭΩ ǿŀǎ ƪŜǇǘ ŀǘ ǘƘŜ ōƻǘǘƻƳ ƻŦ ǘƘŜ ǎŎǊŜŜƴ 

and updated by 0.25 points for each apple won. Stimulus-outcome contingencies (illustrated in 

Figure 5b) varied over time, jumping reciprocally ±0.5 on three occasions and, additionally, ±0.15 

non-reciprocally every 19-29 trials; underlying contingencies remained between 0.25-0.75 

throughout the task; stimulus contingencies were anti-correlated. Participants were 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 task. After every third trial of the task, participants answered the question 

άƘƻǿ ŀǊŜ ȅƻǳ ŦŜŜƭƛƴƎ ǊƛƎƘǘ ƴƻǿΚέ ōȅ ǎŜlecting one of 9 faces (extremely unhappy to extremely 

happy) from the self-assessment mannequin (Bradley and Lang, 1994). 

 

 

 

Figure 5: a) In each trial, participants chose one of two coloured trees to try and win apples. b) Each 

tree was associated with a probability of winning apples, which were unknown to participants, varied 

within-run and were anti-correlated (as described in the main text) c) After every third trial of the 

ǘŀǎƪΣ ǇŀǊǘƛŎƛǇŀƴǘǎ ŀƴǎǿŜǊŜŘ ǘƘŜ ǉǳŜǎǘƛƻƴ άƘƻǿ ŀǊŜ ȅƻǳ ŦŜŜƭƛƴƎ ǊƛƎƘǘ ƴƻǿΚέ ōȅ ǎŜƭŜŎǘƛƴƎ a face from 

the self-assessment mannequin (Bradley and Lang, 1994). 

 

4.4 Methods; Reimbursement: Participants received £20 reimbursement if they completed the 

ǎǘǳŘȅΦ ¢Ƙŀǘ ƛǎΣ ƛŦ ǘƘŜȅ ŀƴǎǿŜǊŜŘ җфл tANAS questionnaires and completed the online task on both 

ŘŀȅǎΣ Ǉƭǳǎ ŀƴ ŀŘŘƛǘƛƻƴŀƭ ϻр ƛŦ ǘƘŜȅ ŀƴǎǿŜǊŜŘ җммл t!b!{ ǉǳŜǎǘƛƻƴƴŀƛǊŜǎΦ tŀǊǘƛŎƛǇŀƴǘǎ ŘƛŘ ƴƻǘ ǊŜŎŜƛǾŜ 

monetary reimbursement for the points won in the task. 
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4.5 Methods; Bayesian Filter: I utilized a previously described Bayesian filter (Pulcu et al., 2022) to 

estimate the causal process that generated reported affect. The code for this filter can be found at 

https://osf.io/j7md3/ 

The filter assumes that reported affect ώ, at time-point ὸ, is generated from a Gaussian distribution 

with mean άό and standard deviation ÅØÐὛὈ.  

ώﬞͯ άόȟÅØÐὛὈ  

Differences between current and prior affect might be due to the width of this distribution (affective 

noise; ὛὈ) or due to a change in the mean (άό) of the distribution. άό  is sampled from a 

Gaussian distribution with mean άό and standard deviation ÅØÐὺάό. Therefore, the extent to 

the which the mean changes over time is determined by the volatility parameter, ὺάό. 

ὴάό ﬞͯ άόȟÅØÐὺάό  

ὺάό and ὛὈ can themselves change over time, in the same manner as άό. ὺάό  is itself sampled 

from a Gaussian with mean ὺάό and standard deviation ÅØÐὯάό. 

ὴὺάό ﬞͯ ὺάόȟÅØÐὯάό  

ὛὈ  is also sampled from a Gaussian, with mean ὛὈ and standard deviation ÅØÐὺὛὈ. 

ὴὛὈ ﬞͯ ὛὈȟÅØÐὺὛὈ 

 

https://osf.io/j7md3/
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Figure 6. An illustration of the generative model that produces affect ratings (◐◄). Reproduced from 

Pulcu et al (Pulcu et al., 2022).  Affect ratings ώ at time-point ὸ are sampled from a gaussian 

distribution with mean(/median/mode) άό and standard deviation ὛὈ. άό is itself sampled from 

a gaussian distribution with standard deviation ὺάό, which, in turn, is sampled from a  gaussian 

distribution with standard deviation Ὧάό. ὛὈ is sampled from a gaussian distribution with standard 

deviation ὺὛὈ. 

 

The filter estimates the joint probability of the five parameters άόȟὛὈȟὺάόȟὺὛὈȟὯάό, at time 

point ὸ: given the affect ratings up to that time-point ώȟώȟȣώ . The filter assumes that all 

affect ratings from a given time-point onwards are completely described by the joint distribution of 

parameters at that time-point. This is equivalent to assuming that the joint probability of parameters 

at a given time-point, ὴὮέὭὲὸ, depends only on the joint probability of parameters and observed 

affect rating at the previous time-point; respectively ὴὮέὭὲὸ and ώ . 

ὴὮέὭὲὸὴάόȟὺάόȟὯάόȟὛὈȟὺὛὈ ȿώ ȟὮέὭὲὸ 

ὴὮέὭὲὸ is initialised as a flat distribution and updated between each affective observation. At each 

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

distribution of parameters. Once it receives a data point, it updates as follows.  
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The model first updates the joint probability distribution of parameters, given the observation at 

time-point ὸ ρ όǳǎƛƴƎ .ŀȅŜǎΩ ǊǳƭŜύΥ 

ὴὮέὭὲὸ ȿ ώ
ὴώ  ȿ ὮέὭὲὸȢὴὮέὭὲὸ

ὴώ
 

The likelihood of the observation at ὸ ρ given the joint distribution at ὸ ρ  i.e.  ὴώ  ȿ ὮέὭὲὸ 

is a function only of άό and ὛὈ and so the partially updated probability of the joint distribution 

given the observation i.e.  ὴὮέὭὲὸ ȿ ώ  assumes that ὺάόȟὺὛὈ and Ὧάό remain static, but 

ǘƘŜȅ ŘƻƴΩǘΦ ¢ƘŜ ǇǊƻōŀōƛƭƛǘȅ ŘƛǎǘǊƛōǳǘƛƻƴǎ ƻŦ άόȟὛὈ and ὺάό  at time-point ὸ depend on the 

observation at ὸ ρ, the probability distribution of the respective parameter after time ὸ ρ and 

the probability distributions of ὺάόȟὺὛὈand Ὧάό (respectively) after ὸ ρ. The next step of the 

update is therefore to adjust the joint probability distribution to account for these dependencies. For 

example, the probability distribution of άό before the observation at time-point ὸ and after the 

observation at ὸ ρ depends on the observation at ὸ ρ (already accounted for above), the 

probability distribution of άό just before the observation at time-point ὸ ρ and also on the 

probability distribution of ὺάό just before the observation at time-point ὸ. The probability 

distribution for άό given the probability distribution for ὺάό is calculated by integrating 

over άό . 

ὴάό ȿ άό ȟὺάό Ὠάό ὴάό ȿ ὺάό  

The model performs the same operation for parameters ὛὈ, and ὺάόΣ ŜŀŎƘ ǘƛƳŜ ΨƛƴǘŜƎǊŀǘƛƴƎ ƻǳǘΩ 

the influence of the prior magnitude-probabilities of the respective parameter on the current 

magnitude-probabilities of that same parameter, in the same manner as for άό above.  

ὴὛὈ ȿ ὛὈ ȟὺὛὈ ὨὛὈ  ὴὛὈ ȿ ὺὛὈ 

ὴὺάό ȿ ὺάόȟὯάό Ὠὺάό ὴὺάό ȿ Ὧάό 

The resulting probability distributions are combined with the updates that resulted from the 

affective observation described above to 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 respective lower level parameter:   

ὴὮέὭὲὸ ȿ ώ ὴὮέὭὲὸ ȿ ώ Ȣὴὺάό ȿ ὯάόȢὴάό ȿ ὺάόȢὴὛὈ ȿ ὺὛὈ 
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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 άό in logit space and so, before I entered άό in any statistical analyses, I first 

logit transformed the άό values. The filter sampled all other parameters in log space and so I log 

transformed them before I entered them into statistical analyses. The filter calculates a value for 

each parameter for each time-point. For the purpose of extracting data to enter into statistical 

analyses, I took  άό to be the mean άό across the entire time-series, I took other parameters to be 

the mean of the last 5 values of that parameter in the time-series. Regressions and correlations were 

implemented in MatLab. Though the Bayesian filter uses 5 parameters (άόȟὛὈȟὺάόȟὺὛὈȟὯάό) I 

restricted my analysis to only 3 parameters (άόȟὛὈȟὺάό). This was because 1) My hypotheses do 

not include ὺὛὈ or Ὧάό and 2) the PANAS time-ǎŜǊƛŜǎΩ ŎƻƴǘŀƛƴŜŘ ŀǘ Ƴƻǎǘ мнл ŀŦŦŜŎǘƛǾŜ ǊŜǇƻǊǘǎ ŀƴŘ 

the task time-series contained 41 affective reports per run. With this number of data points, ὺὛὈ 

and Ὧάό cannot be precisely estimated. 

 

4.6 Methods; Regressing affective parameters against affective responses to task events: In the 

introduction to this chapter I stated that ὛὈ could be thought to reflect the immediate affective 

impact of events, that ὺάό could be thought to reflect the extent to which the affective impact of 

events persists and that άό could be thought to reflect the affective set-point (with the caveat that 

άό can change over time whereas the affective set-Ǉƻƛƴǘ ŎŀƴΩǘύ, and so is unlikely to have a 

relationship with the affective impact of events. In order to test this, I calculated the association 

between within-task mood variability parameters and affective responses to trial outcomes. I first 

regressed affect-report scores against the preceding 9 trial outcomes, within-subject. The resulting 

regression coefficients represent the dependency of reported affect on each of the 9 preceding trial 

outcomes. I then averaged each group of 3 of these regression coefficients (participants reported 

affect eveǊȅ о ǘǊƛŀƭǎύΦ ¢ƘŜ ǊŜǎǳƭǘƛƴƎ о ΨŀǾŜǊŀƎŜŘ ǊŜƎǊŜǎǎƛƻƴ ŎƻŜŦŦƛŎƛŜƴǘǎΩ ǊŜǇǊŜǎŜƴǘ ǘƘŜ ŘŜǇŜƴŘŜƴŎŜ ƻŦ 

each reported affect score on the events that took place between it and the previous affect reports. 

¢ƘŜǎŜ ŀǾŜǊŀƎŜŘ ǊŜƎǊŜǎǎƛƻƴ ŎƻŜŦŦƛŎƛŜƴǘǎΩ were then used collectively as the independent variables in 

each of 3 subsequent between-subject regressions in which the dependent variables were, 

respectively, within-task άό, ὺάό and ὛὈ as this should illustrate the relationship between each 

parameter and the affective 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 ; of the rest (326): 27.9yrs std: 9.216yrs 

Sex Male: 193 (56.9%); Female: 132 (38.9%); Not known: 14 (4.1%) 

First Language English: 65 (19.2%); Not English: 253 (74.6%); Not known: 21 (6.2%) 

CESD Mean: 16.3; std: 9.294 

HPS Mean: 64.0; std: 11.125 

STAI (state) Mean: 38.1; std: 11.483 

STAI (trait) Mean: 44.5; std: 11.561 

TEPS Mean: 82.8; std: 10.614 

 

Table 1. Participant demographics and initial questionnaire scores. 

 

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

events 

I regressed affective parameters against affective responses to task events (as described in section 

4.6). I found that task ὛὈ is, as expected, associated with the immediate affective impact of task 

events and that this association decreases monotonically from more recent to more distant events. 

This is consistent with the idea that ὛὈ reflects the magnitude of the initial affective perturbation. I 

found the opposite (and, again, expected) pattern for ὺάό: ὺάό is not associated with the 

immediate affective impact of task events and is, instead, associated with the extent to which the 

affective impact of task events persist. This association increases monotonically from more recent to 

more distant events. This is consistent with the idea that ὺάό reflects the rate at which affect 

returns to baseline following an initial perturbation. I found that task άό is negatively associated 

with the immediate response to task outcomes. This outcome is unexpected and it is unclear what it 

signifies. Perhaps that a high άό is associated with non-reactivity to external events. However, this 

ǊŜǎǳƭǘ ǊŜŀŎƘŜǎ ǎƛƎƴƛŦƛŎŀƴŎŜ ōȅ ŀ ƘŀƛǊΩǎ ōǊŜŀŘǘƘ όǇҐлΦлпосύ ŀƴŘ ǎƻ ǎƘƻǳƭŘ be interpreted cautiously. 

This latter result is not consistent with the conceptual όΨŜȄǇƻƴŜƴǘƛŀƭ ŘŜŎŀȅΩύ model, which suggests 

that άό should be independent of affective responses to events. Expectedly, there is no obvious 

relationship between άό and affective responses of different durations, as there was for ὛὈ and 

ὺάό. 
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Figure 7. The relationship between within-task affective parameters and affective responses to 

within-task events. Bars represent regression coefficients for the dependency of task a) άό (blue 

bars), b) ὺάό (red bars) and c) ὛὈ (green 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 (the left-most bar/regression 

coefficient: trials -1:3; the middle bar: trials -4:6; the right-Ƴƻǎǘ ōŀǊΥ ΨǘǊƛŀƭǎ -тΥфΩύΦ .ŀǊǎ ŀǊŜ ǊŜƎǊŜǎǎƛƻƴ 

coefficients and error bars are the standard error of the respective regression coefficient. Dashed 

lines and asterisks above bars signify that the regression co-efficient 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 (as measured by non-overlapping 95% 

confidence intervals). 

 

Conclusion/Summary: Task ὛὈ is 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. 

Task ὺάό is associated with the persistent impact of task events, which is consistent with the idea 

that it reflects the rate at which affect returns to baseline. Unexpectedly, task άό is 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 task-based and ESM affective parameters 

My primary hypothesis is that Bayesian 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 filter). I tested this idea 

by regressing ESM parameters against task parameters. If my hypothesis is correct, within-task 

parameters should specifically reflect corresponding parameters in the ESM dataset (i.e. ESM άό 

should depend specifically on task άό; ESM ὺάό should depend specifically on task ὺάό; ESM ὛὈ 

should depend specifically on task ὛὈ). 

 

□◊: I averaged άό, ὺάό and ὛὈ each across (the first runs of) the two task sessions. I then 

regressed ESM άό against task άό, ὺάό and ὛὈ. I found that ESM άό was associated with task άό 

and task ὛὈ, but that the regression coefficient for task άό was significantly higher than for task ὛὈ, 

as illustrated in Figure 8. This is not exactly as predicted (as ESM άό was associated with task ὛὈ) 

but the results suggest that ESM □◊ is most associated with task □◊. This is consistent with my 

hypothesis. 

 

 

 

 



79 
 

                                

Figure 8. Dependency of ESM □◊ on task parameters. Bars are regression coefficients from 

regressing ESM άό against task άό, ὺάό and ὛὈ. ESM άό is dependent on both task άό and task 

ὛὈ. Error bars represent the standard error of the respective regression coefficient. Dashed lines and 

asterisks above bars signify that the co-efficient 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 the task άό regression coefficient is 0.2497 while the 

upper 95% CI for the ὛὈ regression coefficient is 0.0384 so that the regression coefficient for task 

άό is significantly larger than for task ὛὈ. 

 

○□◊: I averaged άό, ὺάό and ὛὈ each across the two task sessions. I then regressed ESM ὺάό 

against task άό, ὺάό and ὛὈ as illustrated in Figure 9. I found that ESM ○□◊ was specifically 

associated with task ○□◊. This is consistent with my hypothesis. 
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Figure 9. Dependency of ESM ○□◊ on task parameters. Bars are regression coefficients from 

regressing ESM ὺάό against task άό, ὺάό and ὛὈ. ESM ὺάό is dependent specifically on task ὺάό. 

Error bars represent the standard error of the respective regression coefficient. Dashed lines and 

asterisks above bars represent that the co-efficient is significantly different from zero (as measured 

by a t-test).  

 

╢╓: I averaged άό, ὺάό and ὛὈ each across the two task sessions. I then regressed ESM ὛὈ against 

task άό, ὺάό and ὛὈ as illustrated in Figure 10. I found that ESM ╢╓ was specifically associated 

with task ╢╓. This is consistent with my hypothesis. 
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Figure 10. Dependency of ESM ╢╓ on task parameters. Bars are regression coefficients from 

regressing ESM ὛὈ against task άό, ὺάό and ὛὈ. ESM ὛὈ is dependent specifically on task ὛὈ. 

Error bars represent the standard error of the respective regression coefficient. Dashed lines and 

asterisks above bars represent that the co-efficient is significantly different from zero (as measured 

by a t-test).  

 

Conclusion/Summary: Task affect variables are specifically associated with their ESM counterparts 

when controlling for other task variables.  The only exception is ESM άό which was additionally 

associated with task ὛὈ. 

 

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

Having found a (mostly) specific association between task and ESM affective parameters I next 

examined the direct relationship between ESM affective parameters and affective responses to trial 

outcomes. In order to do so I repeated the analyses at the start of the results section, but replacing 

within-task affective parameters with equivalent ESM parameters.  I hypothesized that the results 

would follow the same basic pattern as for the within-task affective parameters:  

-ESM ὛὈ would be associated with the immediate affective impact of task events and this 

association would decrease monotonically from more recent to more distant events. 

-ESM ὺάό would be associated with the persistent affective impact of task events and this 

association would increase monotonically from more recent to more distant events. 
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-ESM άό would not show any clear pattern of association with either the immediate or persistent 

impact of task events. 

 

 

Figure 11. The relationship between ESM affective parameters and affective responses to within-

task events. Bars represent regression coefficients for the dependency of ESM a) άό (blue bars), b) 

ὺάό (red bars) and c) ὛὈ (green 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 (the left-most bar: trials -1:3; the middle 

bar: trials -4:6; the right-Ƴƻǎǘ ōŀǊΥ ΨǘǊƛŀƭǎ -тΥфΩύΦ .ŀǊǎ ŀǊŜ ǊŜƎǊŜǎǎƛƻƴ ŎƻŜŦŦƛŎƛŜƴǘǎ ŀƴŘ ŜǊǊƻǊ ōŀǊǎ ŀǊŜ ǘƘŜ 

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

regression co-efficient is significantly different from zero (as measured by a t-test). 

 

I found that the pattern of results for PANAS ὛὈ is similar to the pattern of results for task ὛὈ. First, 

PANAS ὛὈ is significantly (and specifically) associated with the affective impact of recent trial events. 

Second, the association of PANAS ὛὈ on task events decreases (numerically) monotonically from 

more to less recent task events. Unlike with task ὛὈ, this decrease is not statistically significant.  

I found no significant association of PANAS ὺάό with the affective impact of task events. 

Interestingly, the regression coefficients increase monotonically (numerically) from more to less 
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recent events, which may hint that PANAS ὺάό may be associated with the affective response to 

more distant events (i.e. it reflects the persistence of affective responses to task events). 

The pattern of results for PANAS άό is strikingly similar to that of PANAS ὛὈ (and task ὛὈ). This was 

unexpected and may signify that mean affect may be positively associated with emotional reactivity. 

This is the opposite of what the within-task results suggested. Scatter plots of ESM άό, ὛὈ and ὺάό 

versus each of task άό, ὛὈ and ὺάό (as well as accompanying correlation coefficients) are shown in 

appendix 14. 

Conclusion/Summary: As with task ὛὈ, ESM ὛὈ is associated with the immediate impact of task 

events, which is consistent with the idea that ὛὈ in everyday life reflects the magnitude of initial 

affective deflections from baseline. ESM ὺάό does not bear any significant relationship to the 

duration of responses to task events. ESM άό shows the same pattern of associations as ESM ὛὈ. 

 

4.11 Discussion 

In this chapter I first tested the association between Bayesian affective parameters and affective 

responses to task events. Affective noise (ὛὈ) was associated with the immediate affective impact of 

events. Affective volatility (ὺάό) was associated with the persistence of affective responses. These 

findings were consistent with the idea that ὛὈ ǊŜŦƭŜŎǘǎ ŀƴ ƛƴƛǘƛŀƭ ŀŦŦŜŎǘƛǾŜ ŘŜŦƭŜŎǘƛƻƴ ŦǊƻƳ ƻƴŜΩǎ 

baseline and that ὺάό reflects the rate at which affect returns to baseline. Affective άό was (just 

about) significantly negatively associated with the immediate impact of task events. This finding was 

not consistent with άό reflecting an affective set-point. I then attempted to link within-task affective 

parameters to corresponding affective parameters in everyday life. Consistent with my hypothesis, 

9{a όΨǊŜŀƭ-ƭƛŦŜΩύ άό, ὺάό and ὛὈ were respectively associated with task άό, ὺάό and ὛὈ, even 

controlling for the other within-task parameters. Finally I tested the direct relationship between ESM 

parameters and within-task affective responses. I found that affective noise (ὛὈ) was associated with 

the immediate affective impact of events, which was consistent with my hypotheses. I found no 

significant associations between affective volatility (ὺάό) and the persistence of affective responses. 

ESM affective mean (άό) was associated with the immediate impact of task events. These two 

findings are not consistent with my hypotheses. 

The core finding in this chapter is that each task parameter is associated with its corresponding ESM 

parameter. This is the case even controlling for other task parameters. In the cases of affective noise 

(ὛὈ) and volatility (ὺάό), this is a specific association. Though ESM mean affect (άό) is additionally 

associated with task noise (ὛὈ), the regression coefficient for task mean affect (άό) is significantly 
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larger than for noise (ὛὈ). Building upon previous work in the area (Koval et al., 2013), I have drawn 

a link between within task and corresponding ESM affective variability parameters. ESM does not 

currently have a strong biological framework whereas the biology of reward processing is 

comparatively better characterized. Linking the two may facilitate translational channels between 

reward learning and mood instability research. There are currently two strands of reward-processing 

based explorations of affect (Eldar et al., 2016; Eldar and Niv, 2015; Rutledge et al., 2014). Both lines 

of research have investigated the relationship between striatal activity and reported (within-task) 

ŀŦŦŜŎǘƛǾŜ ǾŀǊƛŀōƛƭƛǘȅ όŀǎ ǿŜƭƭ ŀǎ ǎǳƳƳŀǊȅ ǊŜǇƻǊǘǎ ƻŦ ΨǊŜŀƭ-ǿƻǊƭŘΩ ŀŦŦŜŎǘƛǾŜ instability in the case of 

Eldar et al (Eldar and Niv, 2015)). Rutledge et al find that ventral striatal BOLD responses are 

significantly correlated with trial-by-trial changes in several internal model metrics (Rutledge et al., 

2014). Eldar finds that the magnitude of striatal responses are more influenced by mood in those 

with high HPS scores (which are indicative of affective instability) (Eldar and Niv, 2015). The Rutledge 

model of affect (Rutledge et al., 2014) is essentially a sum of exponentially decaying affective 

perturbations with separate parameters determining the magnitude of initial deflection and the 

subsequent rate of decay. As this model is already known to reflect striatal activity (Rutledge et al., 

2014), one could e.g. explore the effect of the rate of decay on striatal activity, and use the Bayesian 

filter described here and in Pulcu et al (Pulcu et al., 2022) ǘƻ ǊŜƭŀǘŜ ǘƘƛǎ ǘƻ ǇŀǊǘƛŎƛǇŀƴǘǎΩ 9{a ὺάό.  

One interpretation of ESM affective noise (ὛὈ) is that it represents the immediate and transient 

affective impact of events while ESM volatility (ὺάό) represents the persistent affective impact of 

events. We cannot be sure of this from the ESM data. I assessed whether (within-task) affective 

noise (ὛὈ) and volatility (ὺάό) are differentially dependant on the duration of affective responses to 

events. ὛὈ is dependent on the immediate affective impact of task events, and not on the more 

persistent affective impact of task events (decreasing monotonically as trials recede into the past). 

Also as hypothesised, ὺάό is not dependent on the immediate affective impact of task events, and 

instead on the more persistent affective impact of task events (increasing monotonically as trials 

recede into the past). These results are consistent with the interpretation that ESM affective noise 

(ὛὈ) represents the immediate/transient, and ESM volatility (ὺάό) the persistent affective impact of 

events. They are also loosely consistent with the idea that affect can be described as a sum of 

exponential affective decays with ὛὈ reflecting initial affective deflections and ὺάό reflecting the 

rate of return to affective baseline. Not as hypothesized, within-task άό is (just about) negatively 

associated with the immediate impact of task events. 

I also assessed the association between ESM parameters and the duration of within-task affective 

responses. As hypothesised, ESM ὛὈ is directly associated with the immediate affective impact of 

task events, and not on the more persistent affective impact of task events. Affective noise (ὛὈ) is 
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somewhat analogous to affective instability and loosely the opposite of emotional inertia, both of 

which are relevant to depression (Eldesouky et al., 2018; Kuppens et al., 2012; Sperry et al., 2020). 

The current finding suggests that the underpinnings of ESM affective noise (ὛὈ) could be probed by 

reward-learning tasks. I did not find a significant association between ESM affective volatility (ὺάό) 

and the persistence of affective responses. Unexpectedly, ESM άό showed the same pattern as ESM 

ὛὈ: ESM άό is directly associated with the immediate affective impact of task events, and not on 

the more persistent affective impact of task events. The associations decrease monotonically as task 

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

 

4.12 Limitations 

This chapter aimed to relate reward-processing task based measures to ESM mood dynamics. The 

underlying motivation was to ground depression-related mood dynamics (as measured using ESM) in 

the relatively well established field of reward processing, which has a better characterized 

neurobiological basis. In order to do so, I 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 untested for unipolar depression. Therefore, it is unclear how relevant 

my results are for depression research specifically, particularly as I did not recruit a depressed 

population. 

Previous studies find utility in decomposing affect. For example, compared to healthy adults, 

depressed adults appear to have greater instability of specifically negative affect following 

specifically positive events (Thompson et al., 2012). I hŀǾŜ ǘǊŜŀǘŜŘ ΨŀŦŦŜŎǘΩ ŀǎ ŀ ǳƴƛŘƛƳŜƴǎƛƻƴŀƭ 

measure. In doing so I have possibly brushed over useful and interesting aspects of the data.  For 

example, Leemput et al found that episodes of depression were preceded by increased mutual 

reinforcement of within-valence emotions and increased mutual suppression of between-valence 

emotions (van de Leemput et al., 2014). Future studies that that assess 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 affective impact of task 

events in a reward learning task. These parameters are specifically associated with corresponding 

ESM parameters from everyday life. This suggests that combining reward learning and ESM using 
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Bayesian affect parameters provides a plausible method for 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 interest in the connection between 

affect and RL. Several studies have demonstrated a link between RL measures of learning and 

moment-to-moment changes in reported affect (Blain and Rutledge, 2022; Chew et al., 2021; Keren 

et al., 2022; Rutledge et al., 2014).  In 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 (such as RPEs) are inputted to separate models that generate a series of 

affect scores, which are shown to correlate with participant-reported affect scores (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 done so (Eldar and Niv, 2015), proposing that affective 

instability arises from a feedback loop between affect and learning such that affect modulates the 

perception of outcomes, which in-turn modulate affect, and so on (Eldar and Niv, 2015). Eldar and 

Niv found that affective instability in everyday life (as measured using the hypomanic personality 

inventory) was associated with a within-task interaction between affect and learning. This is an 

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

Among these:  

1. Testing the affect-generating mechanism 

-The model mechanism has so far been tested at a relatively coarse resolution (replicating one affect 

report every 17 trials). Its ability 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., 2014)). 

-The model posits that affect is a (modified) weighted average of RPEs. In the original study, this 

mechanism replicated participant affect, but the to-be-explained participant affect scores were 

actually included with the choice data to estimate the model parameters. It is not yet known if the 

posited mechanism can replicate participant affect using behavioural choice data alone (i.e. 

without including the affect scores in the fitting process). 

- The model has been successfully tested in one task, however its generalisability 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 associated with a within-task interaction between affect and learning, and that the 

extent of affective instability was commensurate with the extent of this interaction. The association 

between within-task affect-learning interaction and affective instability in everyday life has not yet 

been replicated.  

Lƴ ǘƘƛǎ /ƘŀǇǘŜǊ L ŀǘǘŜƳǇǘ ǘƻ ŀŘŘǊŜǎǎ ǘƘŜǎŜ ǉǳŜǎǘƛƻƴǎΦ L ŦƛǊǎǘ ǘŜǎǘ 9ƭŘŀǊ ŀƴŘ bƛǾΩǎ ōŀǎƛŎ ŀŦŦŜŎǘ-generating 

mechanism on a separate reward learning task, using more frequent affect sampling and without 

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

between affect-learning interaction within-task and affective instability in everyday life). 
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5.2 Methods and Results 

Recruitment and demographics are as described in Chapter 4. The task used in this chapter is also 

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

 

 

Figure 1. Task Description. The task description and analysis in chapter 4 restricted itself to the first 

task-run of each day. However, immediately following the (a) initial run, participants completed (b) a 

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

equally probable outcomes (up to ±120 points). Unknown to participants the WoF outcomes were 

deterministic: on one day, the participant won 100 point (that is, 100 points were added to 

ǇŀǊǘƛŎƛǇŀƴǘǎΩ ŀǇǇƭŜ-task score); this was intended as a positive affect manipulation. On the other day, 

the participant lost 100 point (that is, 100 points were subtracted from participants apple-task 

scores); this was intended as a negative affect manipulation. This was counterbalanced across 

participants. Following this, participants completed a (c) second 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 within-participant.  

 

This task is different from the original task on which the model was tested (Eldar and Niv, 2015). Two 

differences are: 1) the original task had fixed stimulus-outcome 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 present task, reward magnitudes vary between trial and between 

stimuli intra-trial. 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 

selecting a given stimulus). However they are likely to affect choice. Given this, I tested 3 variants of 

the original model, altering the choice layer variously to take/not take account of the varying reward 

magnitudes. 

Model Descriptions: The learning rate (‌) updates the expected value for each shape ὗ , after each 

trial ὸ using the reward prediction error ‏ for that trial, which is dependent on the perceived 

value of the trial outcome Ὑ . 

ὗ ὗ ‏‌  

‏ Ὑ ὗ 

Ὑ  is the trial outcome ὙΣ ŀǎ ƳƻŘƛŦƛŜŘ ōȅ ǘƘŜ ǇŀǊǘƛŎƛǇŀƴǘΩǎ ŀŦŦŜŎǘ ά . The influence of 

ŀŦŦŜŎǘ ƻƴ ǇŜǊŎŜǇǘƛƻƴ ƛǎ ƳŜŘƛŀǘŜŘ ōȅ ŀ ΨŀŦŦŜŎǘ-ƭŜŀǊƴƛƴƎ ƛƴǘŜǊŀŎǘƛƻƴΩ ǇŀǊŀƳŜǘŜǊ Ὢ so that if Ὢ ρ the 

participant experiences a positive feedback loop between affect and positive outcomes, while ρ

Ὢ π leads to negative feedback between affect and positive outcomes (and Ὢ ρ results in no 

interaction).  

Ὑ ὙȢὪ  

Affect ά  is determined by the history of reward prediction errors Ὤ, modified to constrain ά to 

π ά ρ 

ά ÔÁÎÈ Ὤ  

Ὤ is updated in the same manner as the ὗ values (above) but using a different update parameter 

–. 

Ὤ Ὤ ‏–  

ὗ values (i.e. model beliefs regarding the value of stimuli) are then entered into a softmax function 

to generate trial-wise probabilities of selecting stimulus ί. Here ‍ is an inverse temperature 

parameter and ” is the number of points/apples associated with a given stimulus on a given trial (” 

is therefore not a free parameter). 

ὖί
ρ

ρ Ὡ
Ȣ Ȣ

 

I compared the model as originally described to two variants which attempt to account for the 

variability in available reward.  
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Model 1a is the model described above with ” set to 1. This is the model as originally described 

(Eldar and Niv, 2015). 

Model 2a is the model described above with ‍ set to 1.  

Model 3a is the full 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 versa, I additionally fitted 

each model with Ὢ set to 1: respectively model 1b, 2b and 3bΦ ¢ƘŜǎŜ о ƳƻŘŜƭǎ όƛΦŜΦ ǘƘŜ ΨbΩ ƳƻŘŜƭǎύ 

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: I calculated the full joint posterior probability of parameters for each model, for each 

participant. Model choice probabilities were combined with participant choices to generate trial-by-

trial likelihoods for the latter. The likelihoods were logged, summed across trials, exponentiated and 

normalized to 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 distributions 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). I fitted models only to behaviour (and not also affect).  

Model Comparison: I used 2 criteria to compare the models: 1) Model fit to behavioural data (using 

the BIC), averaged across runs and model subtypes i.e. the (no/)affect-interaction version. 2) In the 

case of the affect-interaction subtypes, it was possible to additionally determine the affect 

generated by each model. I correlated model-generated affect to participant-reported affect across 

all runs (i.e. taking into account inter as well as intra-run changes in affect). It was not possible to 

produce model-generated affect for the no-affect-interaction version of each model without fitting 

model affect to participant affect reports. 
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Figure 2 (a) Bar chart illustrating the mean (SEM) model BICs (averaged across participants, model 

sub-type and run), accounting only for participant behaviour. Overlying scatter plots illustrate 

ƛƴŘƛǾƛŘǳŀƭ ǇŀǊǘƛŎƛǇŀƴǘǎΩ .L/ǎΦ aƻŘŜƭ н ƘŀŘ ǘƘŜ όƳŀǊƎƛƴŀƭƭȅύ ƭƻǿŜǎǘ ΨōŜƘŀǾƛƻǳǊŀƭΩ .L/Φ (b) Bar chart 

illustrating the mean (SEM) correlation between model-generated and participant-reported affect, 

across all runs (averaged across participants). Model 2a generated affect had the highest correlation 

to participant reported affect across runs. hǾŜǊƭȅƛƴƎ ǎŎŀǘǘŜǊ Ǉƭƻǘǎ ƛƭƭǳǎǘǊŀǘŜ ƛƴŘƛǾƛŘǳŀƭ ǇŀǊǘƛŎƛǇŀƴǘǎΩ 

BICs/affect correlations. 

 

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, model 2 (mean BIC: 142.95) performs marginally better than 

model 3 (mean BIC: 144.36). As it was not possible to produce model-generated affect for the no-

affect-ƛƴǘŜǊŀŎǘƛƻƴ ǾŜǊǎƛƻƴ ƻŦ ŜŀŎƘ ƳƻŘŜƭΣ L ŎƻƳǇŀǊŜŘ ŀŦŦŜŎǘ ƻƴƭȅ ŦƻǊ ΨŀŦŦŜŎǘ-ƛƴǘŜǊŀŎǘƛƻƴΩ ǾŜǊǎƛƻƴǎ ƻŦ 

each model (Figure 2b). Here too, Model 1 performed worst. However, here, model 2 more 

convincingly distinguished itself from model 3 (mean affect correlations were respectively R=0.31 

and R=0.25). It could be argued that this difference in mean participant-vs-model affect correlation is 

made less convincing by the large range of correlations in both cases. Performing a paired samples t-

test for the two sets of correlations, I find that model 2-generated affect has a significantly higher 

correlation to participant affect than model 3-generated affect, (p=0.22*10 -̂11). Overall, model 2 

fitted behaviour and affect most closely. 
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5.3 Testing the affect-generating mechanism 

Figure 2 illustrates how closely model 2 replicated reported affect. Generally the model replicated 

reported affect well. Assessing affect correlation within-runs, I find that in the pre-WoF runs, mean 

model-generated affect correlates to participant affect at R=0.44 (SEM: 0.020) in the pre-Wof-win, 

and R=0.46 (SEM: 0.015) in the pre-Wof-loss runs. These correlations are commensurate with a 

prominent model of affect (Rutledge et al., 2014) which achieves a mean correlation 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, model-2a-generated affect generally fits affect quite closely, but 

deviates considerably from reported affect in the post WoF-loss run. In the latter case, mean model-

generated vs participant-reported affect correlation is R=0.27. 

 

 

Figure 3. Plot of model-generated affect (fitting only to behaviour) vs participant affect-reports. 

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 are z-scored across runs.  

 

5.4 How accurate is the model, accounting for other contributors to affect? 

Though figure 3 shows a relatively convincing correlation between model generated vs participant 

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, I first 

regressed participant reported affect against three measures on which affect could also depend: 1) 

trial outcomes (win/no-win), 2) the number of apples won in win trials, and 3) (-)the number of 

apples on the chosen tree in no-win trials. Here the effect of trial outcomes was significant 

(p=0.0465) while the effects of apples won/not-ǿƻƴ ǿŜǊŜ ƴƻǘ όǇǎҗлΦмтфсύΦ L ǘƻƻƪ ǘƘŜ ǊŜǎǳƭǘƛƴƎ 

residuals to signify the portion of participant-reported affect scores that were not accounted for by 

these independent variables. I regressed these residuals against model-generated affect. The 

residuals were significantly dependent on model generated affect (mean beta: 0.2764, sem: 0.0321; 

single-sample t-test p=0.2742*[10-̂15]). Model generated affect therefore recapitulates participant 

reported affect to an extent that is not accounted for by immediate the impact of task outcomes. 

This supports the validity of the posited affect-generating mechanism. 

 

Figure 4 Bar chart illustrating the dependency of participant-reported affect on model-generated 

affect, accounting for trial outcomes (win/no-ǿƛƴύΣ ŀǇǇƭŜǎ ǿƻƴ ŀƴŘ ŀǇǇƭŜǎ Ψƴƻǘ ǿƻƴΩ ƛƴ ƴƻ-win trials. 

Black vertical lines are SEMs. Overlying scatter plot illustrates individual participant betas. 

 

Summary: The affect generating mechanism in the Eldar/Niv model is able to accurately replicate 

affect at a considerably higher resolution than that at which it was originally tested (every 3rd vs ~17th 

trial), in a separate task to that in which it was originally tested. The mechanism appears valid to the 

extent that it is able to recapitulate the influence of RPEs on participant affect using only behavioural 

RPEs, without also being fitted affect data. Even under these relatively stringent conditions, it is able 
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to capture participant affect even after accounting for trial outcomes. The 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 of (or lack of effect of) 

affect on learning.  

 

5.5 Replicating the original result: preliminary model fitting 

In the original study, Eldar and Niv compared model fit for their full model (Ὢ as a free parameter) vs 

one without affect interaction (Ὢ ρ), showing that 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 affect-learning 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 term). I therefore 

first fitted affect to participant affect-reports in the manner described by Eldar and Niv (Eldar and 

Niv, 2015).  

The likelihood ὒ of the participant reported affect scores ὖὸὃ given each combination of model 

parameter values    is calculated for each trial ὸ as: 

ὒὖὸὃ ȿ  ὄȿὅ 

Where 

ὄ Ὡ   ȿ  

In which ὓέὨὃȿ   is the model-generated affect-score given a particular set of model parameter 

values   , z-scored across runs and 

ὅ Ὡ   

where ὤὴ  is the z-score of each affect-rating ὴ that the participant can make, given the mean 

ŀƴŘ ǎǘŀƴŘŀǊŘ ŘŜǾƛŀǘƛƻƴ ƻŦ ǘƘŜ ǇŀǊǘƛŎƛǇŀƴǘΩǎ ŀŦŦŜŎǘ-reports across runs. 

I then fitted models to participant data as described above, but instead of summing over log 

likelihoods of only choice behaviour, I additionally summed over reported affect (as Eldar and Niv 

did). 

Models tested: Despite model fitting, the previous winning models (2a/b) were still unable to 

reproduce the post-WoF-loss affective timeseries (see Figure 5). I 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 winning model from the model comparison above. 

Model 2.2: Model 2.1, plus an additional parameter † ǊŜǇǊŜǎŜƴǘƛƴƎ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ƛƴƛǘƛŀƭ ŀŦŦŜŎǘΣ 

ǊŜǇǊŜǎŜƴǘŜŘ ŀǎ ŀƴ ƛƴƛǘƛŀƭ Ψwt9 ƘƛǎǘƻǊȅΩ ǾŀƭǳŜ Ὤ , (affect ά ƛǎ ŘŜǘŜǊƳƛƴŜŘ ŜƴǘƛǊŜƭȅ ōȅ ǘƘŜ Ψwt9-

ƘƛǎǘƻǊȅΩ Ǿŀƭǳe Ὤ). 

Ὤ † 

Model 2.3: Model 2.1 with separate affect updates rates for positive and negative trial outcomes; ὼ 

denotes outcome type (win/no-win). 

Ὤ Ὤ – ‏  

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 (a) Bar chart illustrating mean (SEM) model BICs (averaged across participants, model sub-

ǘȅǇŜ ŀƴŘ ǊǳƴύΦ aƻŘŜƭ нΦмō ƘŀŘ ǘƘŜ όƳŀǊƎƛƴŀƭƭȅύ ƭƻǿŜǎǘ ΨōŜƘŀǾƛƻǳǊŀƭΩ .L/ όнуоΦфпύ ŦƻƭƭƻǿŜŘ ŎƭƻǎŜƭȅ ōȅ 

Model 2.4b (285.90). (b) Bar chart illustrating the mean (SEM) correlations between model-

generated and participant-reported affect, across all runs (averaged across participants). Affect 

generated by Model 2.4a/b had the highest correlation to participant reported affect across runs. 

hǾŜǊƭȅƛƴƎ ǎŎŀǘǘŜǊ Ǉƭƻǘǎ ƛƭƭǳǎǘǊŀǘŜ ƛƴŘƛǾƛŘǳŀƭ ǇŀǊǘƛŎƛǇŀƴǘǎΩ .L/ǎκŀŦŦŜŎǘ ŎƻǊǊŜƭŀǘƛƻƴǎΦ 

 

Importantly Models 2.4(a/b) reproduce post-WoF-loss affect more accurately than the other models, 

as illustrated in Figure 7. 
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Figure 7 (a). Plot of model-generated affect vs participant affect-reports. Solid coloured lines are 

the mean affect generated by each model; the dashed black line is mean reported participant affect 

score. Vertical lines are SEM. All affect scores are z-scored across run. (b) This is the same as 7a but 

displaying only the post-WoF-loss run. Models 2.4a/b reproduce post-WoF-loss affect more 

accurately than the other models. 

Model 2.1 (a and b) had the lowest BICs of the no-affect-interaction and affect-interaction models 

respectively. However they 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 (a and b) were considerably better at reproducing the 

effect of the Wof-loss on subsequent affect reports than the other models. I therefore took the 
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model 2.4a/b pair to be the winning pair of models. Model 2.4b had 4 parameters: A behavioural 

learning rate parameter (‌), an initial affect parameter (†) and two affect updates rates 

(– Ⱦ ). Model 2.4a additionally had an affect-ƭŜŀǊƴƛƴƎ ƛƴǘŜǊŀŎǘƛƻƴΩ ǇŀǊŀƳŜǘŜǊ Ὢ to total 5 

parameters. 

 

Replicating the original result: Does an interaction between affect and learning underlie affective 

instability? 

 In their study, Eldar and Niv demonstrated that an interaction between affect and learning was 

associated with affective instability in everyday life. They did so by comparing the full model (with Ὢ 

as a free parameter, which allows for affect-learning interaction) vs a restricted model (with Ὢ ρ, 

which does not allow for affect-learning interaction) using log10 Bayes factors. They showed that 

participants with high HPS scores (which signify relative affective instability) were better described 

by the full model, while those with low HPS scores (which signify relative affective stability) were 

better described by Ὢ ρ. 

I calculated log10 Bayes factors for the winning pair of models: Model 2.4a (in which Ὢ is a free 

parameter) vs Model 2.4b (in which Ὢ ρ) for each person and run. I then correlated the Bayes 

factors with HPS scores. I found 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 a differential effect of positive 

vs negative affect induction. I therefore conducted a repeated measures ANCOVA (Pre-vs-Post WoF, 

Win-vs-Loss) with HPS score as a co-variate. I found no significant main effects or interactions.  

Eldar and Niv also demonstrated that the magnitude of the Ὢ parameter in the full model correlated 

ǎƛƎƴƛŦƛŎŀƴǘƭȅ ǿƛǘƘ ǇŀǊǘƛŎƛǇŀƴǘǎΩ It{ ǎŎƻǊŜǎΦ ¢Ƙŀǘ ƛǎ ǘƻ ǎŀȅΣ ǘƘŜ ŜȄǘŜƴǘ ƻŦ ŀŦŦŜŎǘ-learning interaction 

within-task correlated with the extent of affective instability in everyday life. I found no significant 

correlations between HPS and Ὢ values, overall or in any condition/run. As with the log10 Bayes 

factors, I conducted a repeated measures ANCOVA (Pre-vs-Post WoF, Win-vs-Loss) adding HPS score 

as a co-variate, in order to test whether affectively 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 appears to result from 

very small (non-ǎƛƎƴƛŦƛŎŀƴǘΤ ǇǎҗлΦпнпύ ǇƻǎƛǘƛǾŜ ŎƻǊǊŜƭŀǘƛƻƴǎ ōŜǘǿŜŜƴ It{ ŀƴŘ Ὢ values pre-WoF, and 

very small (non-ǎƛƎƴƛŦƛŎŀƴǘΤ ǇǎҗлΦмрпύ ƴŜƎŀǘƛǾŜ ŎƻǊǊŜƭŀǘƛƻƴǎ ōŜǘǿŜŜƴ It{ ŀƴŘ Ὢ values post-WoF. 
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This result does not support the idea that affectively unstable individuals have greater affect 

instability following affect induction. 

Summary: I was unable to replicate the original findings regarding affect-learning interaction and 

affective instability in a separate reward learning task. 

 

5.6 Discussion 

In this Chapter I have explored an existing RL model of affect (Eldar and Niv, 2015). Overall, the 

model was able to accurately replicate participant reported affect in a task on which it had not 

previously been tested. This is the first time that the model has replicated frequent affect reports 

(once every 3 vs ~17 trials). In runs without prior affect induction, model-generated affect correlated 

with participant affect to an extent commensurate with another prominent model of affect 

(Rutledge et al., 2014). The model was able to do so without fitting to participant affect. The model 

was unable to replicate affect in the post-WoF-loss run without fitting to participant affect. I was not 

able to replicate the original key finding: affective instability in real life was not associated with 

affect-learning interaction in this sample.  

The affect-learning interaction model used in this study has previously been used to study the impact 

of affect on learning (Eldar and Niv, 2015; Michely et al., 2020). As they were not focused on giving a 

detailed account of learning on affect, these studies recorded participant affect scores every ~16-18 

trials. Studies that instead focus on the moment-by-moment impact of learning on affect (Blain and 

Rutledge, 2022; Chew et al., 2021; Keren et al., 2022; Rutledge et al., 2014) record participant affect 

scores more frequently (every ~2-4 trials). In the present study, using frequent affect reporting 

(every 3 trials) I have tested the ability of the affect-learning interaction model to account for 

moment-by-moment variation of participant affect. In runs without prior affect induction, the model 

produced intra-run affect correlations that were commensurate with those produced by a more 

commonly used model of the impact of learning on affect (Blain and Rutledge, 2022; Chew et al., 

2021; Keren et al., 2022; Rutledge et al., 2014). While the latter model was fitted to affect, the 

present model was not, and was instead fitted only to behaviour. Furthermore, the present model 

used only 3 (vs 5) model parameters. As such the Eldar/Niv model appears a promising means of 

linking RL, which has a relatively well characterized neural implementation (Glimcher, 2011), and 

affect, which is highly (self-evidently) relevant to affective disorder research. 

L ǘŜǎǘŜŘ ǘƘŜ ƳƻŘŜƭΩǎ ŎŀǇŀŎƛǘȅ ǘƻ ŀŎŎǳǊŀǘŜƭȅ ǊŜǇƭƛŎŀǘŜ ŀŦŦŜŎǘ ǳƴŘŜǊ ǊŜƭŀǘƛǾŜƭȅ ǎǘǊƛƴƎŜƴǘ ŎƻƴŘƛǘƛƻƴǎΦ CƛǊǎǘΣ 

model fitting was restricted to only behaviour and not also affect. As far as I am aware, this is the 
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first time any model has been shown to produce an accurate affective time-series, without first 

fitting to affect. This is important as it removes the circularity inherent in reproducing a time-series 

by fitting to that time-ǎŜǊƛŜǎΦ {ŜŎƻƴŘΣ ǘƘŜ ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ ǘƻ ŎŀǇture participant affect was tested 

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, this was done on the entire affective time-

series (across all runs as a whole, two of which were post affect induction) as opposed to intra-run 

(within which correlations were generally higher). All of this serves to validate the basic affect 

generating mechanism: affect can be described as a weighted sum of RPEs. 

Without fitting to participant affect, the model was unable to replicate affect in the post-WoF-loss 

run. This appears to be because the WoF-Loss had a significant and persistent impact on affect, but 

very little (arguably no) impact on behaviour/performance (see Appendix 20). This suggests that 

affect does not impact the perception of rewards (in a manner that impacts reward-learning 

behaviour). I subsequently tried to formally test whether an interaction between affect and reward-

perception underlies affective instability (i.e. I tried to replicate the original finding by Eldar and Niv). 

I did not find affective instability in everyday life to be associated with an interaction between affect 

and learning. Rather, I did not find affective instability in everyday life to be associated with an 

interaction between affect and learning in the current task. This task may not have been ideal for 

asking this particular question, as discussed below in the limitations section.  

 

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 1a/b). I chose to account for the effect of apples in 

the choice (softmax) layer (by replacing the inverse temperature with the number of apples on each 

tree). Arguably, I could equally have accounted for the effect of the apples in the learning layer. I 

assumed that the number of available apples would not impact the Q-value as the number of 

available apples were explicitly shown and not related to previous trials. I therefore decided to use 

them in the choice layer. This means that the number of apples does not directly impact affect in my 

model. This choice is supported by one of the regressions in this chapter, which demonstrates 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 harder to rely on learned 

stimulus values) and can 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 inverse temperature 

parameter with reward magnitudes). Reward magnitudes here play an identical role to Ὢ  in 

determining choice probability i.e. in the models, Ὢ  is effectively reward sensitivity and reward 

magnitudes are inverse temperatures, two measures that have identical effects on choice 

probability. Therefore, variable reward magnitudes may obscure any present Ὢ  signal. This task is 

therefore not ideal for answering this question. A future study may wish to repeat this investigation 

using a task better suited to elicit this effect, if present (Eldar 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 the crux 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 affect) can be modelled as a weighted sum of RPEs, by 

a model that is blind to the affect reports themselves. This 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 between RPEs 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 I used computational modelling and, in particular, reinforcement learning, to study 

aspects of cognition and affect that are relevant to MDD. 

In chapter 2 I investigated the effect of a (clinically relevant) ~2 week course of Pramipexole 

on reward-related decision making in healthy volunteers. As hypothesized, a sub-acute course of 

Pramipexole increased choice accuracy in the reward (but not loss) condition. Expectedly, 

behavioural computational modelling did not clearly arbitrate between the three proposed 

mechanisms underlying PramipexoleΩs 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 behaviour with comparable fidelity.  

In chapter 3 I attempted to arbitrate between the models in chapter 2, using fMRI. I gauged 

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 I inferred the internal processes that 

might underlie the observed behaviour. Pramipexole enhances BOLD activity during the anticipation 

of rewarded trials and suppresses BOLD RPE activity. This suggests that it enhances reward learning 

by reducing the decay of value estimates. 

In chapter 4 I tested the association between within-ǘŀǎƪ ŀƴŘ ΨǊŜŀƭ-ƭƛŦŜΩ ό9{aύ ŀŦŦŜŎǘƛǾŜ ǇŀǊŀƳŜǘŜǊǎΦ  L 

found that ŜŀŎƘ ƻŦ ǘƘŜ ǘƘǊŜŜ ΨǊŜŀƭ-ƭƛŦŜΩ ŀŦŦŜŎǘƛǾŜ ǇŀǊŀƳŜǘŜǊǎ όESM άό, ESM ὺάό and ESM ὛὈ) were 

associated with the corresponding within-task parameter, even controlling for other within-task 

parameters. This result suggests that affective dynamics in everyday life are reflected in affective 

dynamics during reward learning tasks. This requires replication but if it is found to be robust, it 

might suggest that reward learning tasks are an ecologically valid tool for studying affective 

instability. 

Chapter 5 explored a link between two seemingly disparate areas: 1) behavioural RL and 2) 

subjective affect. Specifically, I explored an existing RL model of affective instability (Eldar and Niv, 

2015). The model was able to replicate participant reported affect in a task on which it had not 

previously been tested, at a finer granularity than it had previously been tested (once every 3 vs ~17 

trials), to an extent commensurate with another prominent model of affect (Rutledge et al., 2014), 

ǿƛǘƘƻǳǘ ŦƛǘǘƛƴƎ ǘƻ ǇŀǊǘƛŎƛǇŀƴǘ ŀŦŦŜŎǘΦ IƻǿŜǾŜǊΣ L ǿŀǎ ǳƴŀōƭŜ ǘƻ ǊŜǇƭƛŎŀǘŜ 9ƭŘŀǊ ŀƴŘ bƛǾΩǎ ƻǊƛƎƛƴŀƭ ƪŜȅ 
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finding (i.e. that affective instability in real life was associated with affect-learning interaction within-

task). 

 

6.2 General conclusions from the thesis 

In chapter 2, Pramipexole raises the choice probability asymptote i.e. the impact of Pramipexole on 

learning is opposite to that of MDD (Admon 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., 2007). This is consistent with 

PramipexoleΩǎ ŀƴǘƛŘŜǇǊŜǎǎŀƴǘ ŜŦŦŜŎǘ (Cusin et al., 2013; Fawcett et al., 2016; Tundo et al., 2019). 

However, MDD participants have blunted reward predictions errors (Admon 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., 2007). 

This suggests that blunted behavioural response to reward in MDD are probably due to reduced 

reward sensitivity. The neuroimaging results in chapter 3 suggest that Pramipexole decreases value 

decay (rather than increasing reward sensitivity). This implies that Pramipexole does not remediate 

reward processing impairment in depression, rather it compensates for it. It also implies that 

PramipexoleΩǎ ǘǊŜŀǘƳŜƴǘ ŜŦŦŜŎǘ Ƴŀȅ ǊŜǉǳƛǊŜ ƛƴǘŀŎǘ ǊŜǿŀǊŘ ǎŜƴǎƛǘƛǾƛǘȅ όŀǎ ǘƘŜ ŜŦŦŜŎǘ ƻŦ ƛƴŎǊŜŀǎŜŘ ǾŀƭǳŜ 

preservation presumably requires an adequate pre-existing capacity to represent value). This is 

consistent with findings by Whitton and colleagues: a 6 week course of Pramipexole benefitted those 

depressed individuals with intact pre-intervention reward sensitivity (Whitton et al., 2020). 

In chapter 4 Bayesian affective dynamic parameters in everyday life are reflected in Bayesian 

affective dynamic parameters during a reward learning task. This suggests that reward learning tasks 

may be an ecologically valid way of studying affective instability. While chapter 5 suggests that affect 

might be accurately modelled using only participant behaviour, strengthening the tie between 

subjective affect and objective behavior that was ƛƳǇƭƛŜŘ ōȅ 9ƭŘŀǊ ŀƴŘ bƛǾΩǎ ƻǊƛƎƛƴŀƭ ŦƛƴŘƛƴƎǎ (Eldar 

and Niv, 2015).  If this pair of findings is accurate/robust, they may suggest a translational channel 

between animal behavioural research, which studies the biological implementation of reward 

learning in detail, and 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 computational models useful in understanding depression and its treatment? 

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.g. task stimulus choice) (Marr and Poggio, 1976). More broadly, 

computational models allow us to explore aspects of data that are not amenable to more traditional 

statistical analysis (e.g. distinguishing affective volatility from affective noise (Pulcu et al., 2022)). In 

this thesis, computational models have shown utility in helping to couple different levels of analysis. 

This allows us to reach conclusions that any one level of analysis on its own might not. 

In Chapters 2 and 3, computational models allowed me to couple the effect of Pramipexole on PILT 

performance with its effect on neural activity, in a relatively rigorous manner (by applying Q-learning 

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 (noise) and 3) sustained affective perturbations (volatility). This allowed me to 

discover specific associations between mean affect/volatility/noise during a reward-task and the 

respective constructs in real life (using ESM data). In Chapter 5, a slightly modified 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 behaviour to within-task affect (in chapter 5) and from 

within task affect to affect in everyday life (in chapter 4). This hints at the intriguing possibility that 

all of these different levels may potentially one day be linked together, from neural activity to affect 

in everyday life. 

 

6.4 Outstanding questions 

The present results suggest several potential follow-un lines of enquiry. Following on from Chapters 

2 and 3: does value preservation mediate PramipexoleΩǎ ŜŦŦŜŎǘ ƻƴ ŘŜǇǊŜǎǎƛƻƴΚ ¢Ƙƛǎ ƛǎ ōŜǎǘ ŀƴǎǿŜǊŜŘ 

in the context of a randomized controlled trial (RCT). Such an RCT is currently underway (Au-Yeung et 

al., 2022). Another follow-up questions is: If a dopaminergic agent, such as Pramipexole, does not 

remediate reward sensitivity, what might? Reward sensitivity (or consummatory hedonic capacity) is 

linked to opioid activity (Treadway and Zald, 2011). Perhaps novel opioid agents will have some 

utility in directly remediating low reward sensitivity in MDD (Browne et al., 2022; Elias et al., 2022). 
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Speculatively, framing Pramipexole as preserving value estimates could reframe some previous 

seemingly paradoxical findings. For example, Pramipexole caused riskier choice-making but 

(seemingly) paradoxically, decreased rostral basal ganglia/midbrain responses to high gains (Riba et 

al., 2008). Framed as decay reduction: Pramipexole both increased risky choice-making and reduced 

rostral basal ganglia/midbrain responses by preserving value estimates. Future studies may also find 

that reframing PramipexoleΩǎ ŜŦŦŜŎǘ ƛƴ ǘƘƛǎ ƳŀƴƴŜǊ Ƴŀȅ ǊŜǎƻƭǾŜ ǎŜŜƳƛƴƎƭȅ ǇŀǊŀŘƻȄƛŎŀƭ ǊŜǎǳƭǘǎΦ The 

Bayesian filter used in Chapter 4 has previously shown that Lithium therapy specifically reduces 

volatility of positive affect (Pulcu et al., 2022). An RCT is currently underway testing the effect of 

Pramipexole on Bipolar depression (PAX-BD) (Azim et al., 2021). If participantsΩ ESM data were 

obtained, applying the same filter could help answer the question: does Pramipexole reduce 

volatility of negative affect in bipolar depression? Or does it, instead, have a countervailing effect on 

some aspect of positive affect. Incorporating the methods from Chapter 5, and asking participants in 

PAX-BD (Azim et al., 2021) to perform a reward learning task, we could ask: is any observed effect of 

Pramipexole on volatility of negative affect associated with a reduction of the magnitude of the RL 

negative affective reactivity parameter (– ). We could likewise ask (in a separate RCT): is the 

observed effect of Lithium on volatility of positive affect (Pulcu et al., 2022) associated with a 

reduction of the magnitude of the RL positive affective reactivity parameter (– )? 

 

6.5 Limitations 

This thesis has several limitations. First, the thesis tries to answer questions relevant to depression 

using entirely non-clinical populations. One question that arises from this choice is whether the 

results are generalizable to clinical populations. However, and in keeping with the RDOC framework 

(Cuthbert, 2014), mental health symptoms are arguably a continuum. We can therefore gather 

potentially valuable insights into mental health symptoms from healthy populations. Non-clinical 

studies are therefore a reasonable first line in the investigation of mental health phenomena. These 

studies will need to be followed up by clinical work. Second, this thesis assumes that artificial (trivial) 

cognitive tasks can pǊƻōŜ ǇŀǘƛŜƴǘǎΩ real world cognitive functioning (e.g. PILT performance can give 

insights into how people actually learn about important events). This is a limitation in the field 

generally. There is evidence that such tasks can evidence the presence of differences between 

depressed and healthy individuals (Halahakoon et al., 2020); it is arguably reasonable to think that 

such tasks can give us insight into the nature of these differences also (Halahakoon et al., 2020). 

Chapter 4, which compares mood parameters in ESM with task data, has attempted to address this 
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question, but it is also important to assess the relationship between task-based measures and real 

world (e.g. functional) outcomes. 

 

6.6 Conclusion 

In this thesis I studied a number of areas relevant to depression using computational methods, 

particularly RL. In Chapters 2 and 3, I investigated the effect of a promising antidepressant on neural 

and behavioural reward learning, finding that Pramipexole increases reward accuracy by preserving 

value estimates. In Chapter 4 I investigated the relationship between affective dynamics in a reward 

learning task and those in everyday life, finding that within-task affective mean, volatility and noise 

are specifically associated with corresponding parameters in everyday life. In Chapter 5 I 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 when fitted only to behaviour. I did not find an 

association between affective instability and mood-learning interaction in the current sample. This 

thesis adds to the growing body of work that suggests the potential utility of computational methods 

in psychiatric research. 

 

 

 

 

 

 

 

 

 



108 
 

Appendices 

 

Chapter 2 

 

Appendix 1: Accounting for all trials in the behavioural sessions 

In chapter 2, I calculated model-free behavioural ǊŜǎǳƭǘǎ ǳǎƛƴƎ ǇŀǊǘƛŎƛǇŀƴǘǎΩ ŎƘƻƛŎŜ ŀŎŎǳǊŀŎȅ ƛƴ ǘƘŜ 

second half of trials. This was because the focus of that analysis was the effect of Pramipexole on 

asymptotic choice accuracy. However, it could be argued taht cutting off half the trials is an arbitrary 

choice. Including all 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 

Pramipexole group reward condition accuracy across sessions remains significant [t(20)=2.705  

p=0.014)]. The change in Pramipexole group loss condition accuracy across sessions, as well as the 

change in placebo group reward and loss accuracy remain non-ǎƛƎƴƛŦƛŎŀƴǘ όŀƭƭ ǇǎҗлΦмтнύΦ 

 

Appendix 2: Win-Stay Lose Shift Analysis 

To check for the possibility that Pramipexole simply changed a tendency to stay/shift after a 

win/loss, I performed a win-stay lose-shift analysis. In other words, I investigated the effect of the 

previous (relevant) outcome on choices in each trial. The measure of interest was the probability of 

choosing the same stimulus as in the previous trial (within condition) binned by the outcome of the 

(previous) trial. 

A repeated measures ANOVA for Condition (Reward vs Punishment), Outcome in the preceding trial 

(Positive vs Negative) by Session (Pre-Intervention vs Post-Intervention) by Group (Pramipexole vs 

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 

ǎǳōǎŎŀƭŜ ƻŦ ǘƘŜ ¢9t{ ǉǳŜǎǘƛƻƴƴŀƛǊŜΦ L ŀŘŘŜŘ ƛƴŘƛǾƛŘǳŀƭǎΩ ōŀǎŜƭƛƴŜ ¢9t{ ŀƴǘƛŎƛǇŀǘƻǊȅ ǎǳōǎŎŀƭŜ ǎŎƻǊŜǎ ǘƻ 

the main behavioural analyses: 

After adding baseline anticipatory TEPS sub-scores as a covariate, the group*condition*behavioural-

session interaction remained significant: F(1,37)=8.59 p=0.006.  

Likewise, the group*condition*behavioural-session interaction for computational parameter values 

remained significant:  

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 accuracy differences between the pre-intervention behavioural 

session and imaging session: 

The main behavioural finding presented in Chapter 2 was a significant group*valence*pre-vs-post 

intervention-behavioural-session interaction for choice accuracy. I did the equivalent analysis for the 

pre-intervention behavioural session vs the post-intervention imaging session and found no such 

group*valence*pre-intervention-vs-imaging-session interaction for choice accuracy [F(1,38)=10.517 

p=0.096].  

Nor did I find any significant changes in reward/loss condition accuracy across sessions in either 

ƎǊƻǳǇ όŀƭƭ ǇǎҗлΦлусΦύ  

I found no significant group*valence*(pre-intervention-vs-imaging-session interactions for reward 

sensitivity, decay or decision determinacy parameters (all ǇǎҗлΦолфύΣ ƴƻǊ ŀƴȅ ǎƛƎƴƛŦƛŎŀƴǘ ŎƘŀƴƎŜǎ ƛƴ 

ǿƛƴκƭƻǎǎ ǘǊƛŀƭ ǇŀǊŀƳŜǘŜǊ ǾŀƭǳŜǎ ŀŎǊƻǎǎ ǎŜǎǎƛƻƴǎ ƛƴ ŜƛǘƘŜǊ ƎǊƻǳǇ όŀƭƭ ǇǎҗлΦлутΦύ 
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LƴǘŜǊŜǎǘƛƴƎƭȅΣ ŀŘŘƛƴƎ ƛƴŘƛǾƛŘǳŀƭǎΩ ōŀǎŜƭƛƴŜ ¢9t{ ŀƴǘƛŎƛǇŀǘƻǊȅ ǎŎƻǊŜǎ ŀǎ ŀ Ŏƻ-variate yielded a significant 

group*condition* pre-intervention-vs-fMRI-session interaction for choice accuracy [F(1,38)=4.457 p=0.042]. 

The group*condition*pre-intervention-vs-fMRI-session interactions for computational parameter values 

(inverse temperature parameter, reward sensitivity parameter and decay parameters) remained non-

ǎƛƎƴƛŦƛŎŀƴǘ όǇǎҗлΦмстύΦ 

 

Appendix 5: Model Free Analysis; using the default high-pass filter 

In fMRI pre-processing I used a high-pass filter cut-off of 60 seconds. This is within the 

recommendations in the FSL user guide (https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FEAT/UserGuide): ΨŦƻǊ 

event-ǊŜƭŀǘŜŘ ŘŜǎƛƎƴǎΧΦΦǘƘŜ ŎǳǘƻŦŦ Ŏŀƴ ǘȅǇƛŎŀƭƭȅ ōŜ ǊŜŘǳŎŜŘ ŀǘ ƭŜŀǎǘ ǘƻ рлǎΩ. However, the default Feat 

high-pass filter cut-off is 100s (and I am told this is a more typically used cut-off). As a sanity check, I 

have repeated the main (model-free, all trials) analysis using a high-pass filter cut-off of 100s. My 

findings are as follows: 

1) Using a high-pass filter cutoff of 60s, BOLD activity during reward anticipation in the R OFC 

was increased in participants receiving Pramipexole relative to placebo. Re-analyzing with a 

cut-off of 100s, this result is no longer significant. 

2) Using a high-pass filter cutoff of 60s, BOLD activity in the mPFC ŦƻǊ ΨǿƛƴΩ ƻǳǘŎƻƳŜǎ όǾǎ Ψƴƻ-

ǿƛƴΩ ƻǳǘŎƻƳŜǎύΣ ǿŀǎ ƛƴŎǊŜŀǎŜŘ ƛƴ ǇŀǊǘƛŎƛǇŀƴǘǎ ǊŜŎŜƛǾƛƴƎ ǇƭŀŎŜōƻ ǊŜƭŀǘƛǾŜ ǘƻ ǘƘƻǎŜ ǊŜŎŜƛǾƛƴƎ 

Pramipexole. Re-analyzing with a cut-off of 100s, this result remains significant (447 

voxels). Additionally the same contrast is now significant in a small area in the R OFC (13 

voxels). 

3) The re-analysis yielded no additional significant between-group contrasts. 

 

 

 

 

 

 

 

 

https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FEAT/UserGuide
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Appendix 6: Model free analysis, individual level design 

I used 6 explanatory variables in the main model-free analysis: 

1, 2) Win, Loss Anticipation:  Two-second periods in which stimuli were presented (before choices 

could be made) in win/loss-condition trials. 

3, 4, 5, 6) Win, No-Win, Loss, No-Loss Outcome: Two-second periods in which win/win-condition 

neutral/loss-condition neutral/loss outcomes were presented. 

There were 14 Individual-level contrasts in the main model free analysis: 

 

 

 

 

 

 

 

Contrast 
Win 

Anticipation 
Loss 

Anticipation 
Win 

Outcome 
No-Win 

Outcome 
Loss 

Outcome 
No-Loss 

Outcome 

Win Anticipation 1 0 0 0 0 0 

Loss Anticipation 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 Anticipation > 
Loss Anticipation 

1 -1 0 0 0 0 

Loss Anticipation > 
Win Anticipation 

-1 1 0 0 0 0 

Win Outcome >  
No-Win Outcome 

0 0 1 -1 0 0 

No-Win Outcome >  
Win Outcome 

0 0 -1 1 0 0 

Loss Outcome > 
No-Loss Outcome 

0 0 0 0 1 -1 

No-Loss Outcome >  
Loss Outcome 

0 0 0 0 -1 1 

Win Outcome >  
Loss Outcome 

0 0 1 0 -1 0 

Loss Outcome >  
Win Outcome 

0 0 -1 0 1 0 
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Appendix 7: Model based Analyses, individual level design 

I used 6 explanatory variables in the model-based analysis: 

1, 2) Win, Loss Anticipation:  Two-second periods in which stimuli were presented (before choices 

could be made) in win/loss-condition trials. 

3, 4) Win, Loss Condition Outcome: Two-second periods in which win condition/loss condition 

outcomes were presented. 

5, 6) Win, Loss-Condition RPEs: The timings are the same as for EVs 3/4, but with within-participant, 

trial-wise RPEs as parametric modulators. 

There were 12 Individual-level contrasts in the main model based analysis: 

 

 

 

 

 

 

Contrast 
Win 

Anticipation 
Loss 

Anticipation 

Win-
Condition 
Outcome 

Loss-
Condition 
Outcome 

Win-
Condition 

RPEs 

Loss-
Condition 

RPEs 

Win Anticipation 1 0 0 0 0 0 

Loss Anticipation 0 1 0 0 0 0 

Win-Condition Outcome 0 0 1 0 0 0 

Loss-Condition Outcome 0 0 0 1 0 0 

Win-Condition RPEs 0 0 0 0 1 0 

Loss-Condition RPEs 0 0 0 0 0 1 

Win Anticipation > 
Loss Anticipation 

1 -1 0 0 0 0 

Loss Anticipation > 
Win Anticipation 

-1 1 0 0 0 0 

Win-Condition Outcome >  
Loss-Condition Outcome 

0 0 1 -1 0 0 

Loss-Condition Outcome >  
Win-Condition Outcome 

0 0 -1 1 0 0 

Win-Condition RPEs >  
Loss-Condition RPEs 

0 0 0 0 1 -1 

Loss-Condition RPEs >  
Win-Condition RPEs 

0 0 0 0 -1 1 
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Appendix 8: Group-level Design 

In both the model-free/based analyses, Individual-level outputs were averaged across runs and 

entered into group analyses. Model free/based group analyses were identical in design.  

There were 2 group level explanatory variables: 

1) Pramipexole Group: The participant was randomized to receive Pramipexole. 

2) Placebo Group: The participant was randomized to receive placebo. 

 

There were 6 group level contrasts: 

Contrast Pramipexole Group Placebo Group 

Group Mean 1 1 

Pramipexole Group 1 0 

Placebo Group 0 1 

Pramipexole Group > 
Placebo Group 

1 -1 

Placebo Group > 
Pramipexole Group 

-1 1 

Negative Group Mean -1 -1 
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Appendix 9: fMRI results, decay model 

 

Fig A1. Model based fMRI (outcome) results: Decay model contrasts for (a) Win-condition RPEs; 

mPFC ROI (c) Win-condition RPEs > Loss-condition RPEs; OFC ROI and (e) Win-condition RPEs > Loss-

condition RPEs; mPFC ROI. The (blue) coloured area represents clusters of significantly decreased 

activity in the Pramipexole vs placebo group. Areas of significantly decreased activity are threshold 

free cluster enhancement corrected with a family-wise error cluster significance level of p Җ 0.05. 

(b,d,f) Parameter estimates extracted from the areas of significantly decreased activity in Fig A1 a, c 

and e respectively. Green (pink) bars represent the placebo (Pramipexole) group. Error-bars 

represent SEM. Scatter plots overlaying bar graphs depict corresponding individual parameter 

estimates. 
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Appendix 10: fMRI results, inverse temperature model 

 

Fig A2. Model based fMRI (outcome) results: IT model contrasts for (a) Win-condition RPEs; mPFC 

ROI (c) Win-condition RPEs > Loss-condition RPEs; OFC ROI and (e) Win-condition RPEs > Loss-

condition RPEs; mPFC ROI. The (blue) coloured area represents clusters of significantly decreased 

activity in the Pramipexole vs placebo group. Areas of significantly decreased activity are threshold 

free cluster enhancement corrected with a family-wise error cluster significance level of p Җ 0.05. 

(b,d,f) Parameter estimates extracted from the areas of significantly decreased activity in Fig A2 a, c 

and e respectively. Green (pink) bars represent the placebo (Pramipexole) group. Error-bars 

represent SEM. Scatter plots overlaying bar graphs depict corresponding individual parameter 

estimates. 
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Appendix 11: fMRI results, reward sensitivity model 

 

The figure description is on the next page. 


