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“In times of change, learners inherit the earth, while the learned find themselves 

beautifully equipped to deal with a world that no longer exists.”    

 

                                                                                                                            ― Eric Hoffer 
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ABSTRACT 
Major depressive disorder is a mood and emotional disorder characterized by persistent low 

mood and lack of interest. Both reward and punishment learning deficits have been associated 

with depression. In this thesis, we aim to examine whether biases in reward and punishment 

learning adaptations to the volatility level of the environments could also be associated with 

depression disorders. We developed a task in which we independently manipulated the 

volatility of win and loss outcomes and systematically examined the underlying mechanisms 

of adaptive learning in depression using computational modelling, fMRI, pharmacological 

manipulation and pupillometry recordings. We first showed that currently depressed patients 

had lower loss learning rate volatility adaptations, estimated using a volatility adaptation model, 

compared to remitted depressed patients and healthy controls. This might be associated with 

reduced norepinephrine responsibility to loss outcomes, evidenced by reduced loss volatility 

modulation of pupil responses to loss outcomes in the currently depressed group compared to 

the other two groups. Using a similar volatility adaptation model, we then showed that loss 

learning rate adaptation estimates negatively correlated with individual differences in overall 

negativity levels (depression and anxiety), with might be associated with decreased segregation 

of win and loss volatility signals in a distributed brain network of outcome sensitive regions, 

especially in the ACC. Finally, we showed that manipulating norepinephrine level using an 

antidepressant, reboxetine, a norepinephrine reuptake inhibitor (NRIs), could increase loss 

learning rate adaptations to volatility. This was also associated with a reduced volatility effect 

on the pupil responses to loss outcomes, particularly when wins were volatile. Together, the 

results have provided some consistent evidence that link depression with inadequate learning 

adaptation to the volatility of loss outcomes which might be caused by maladaptive 

norepinephrine responsibility to loss outcomes. 
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1 INTRODUCTION  

1.1 Depressive disorders 

1.1.1 Definitions and diagnostic criteria 

Clinical Depression, or major depressive disorder, is a common mental disorder, characterised 

by depressed mood and loss of interest or pleasure. People with clinical depression might also 

experience symptoms including (1) changes in weight or appetite, (2) psychomotor agitation or 

retardation, (3) persistent fatigue or loss of energy, (4) persistent feelings of worthlessness or 

excessive guilt, (5) having difficulties in concentrating, thinking or making decisions, (6) 

recurrent thoughts of death or suicidal ideation or suicidal attempts. According to the DSM-5, 

an individual can be diagnosed with major depressive disorder if he/she has been experienced 

five or more of the symptoms listed (one of them has to be depressed mood or loss 

interest/pleasure) consistently during a 2-week period, and the symptoms have caused 

significant distress or impairment in social, occupational, or other important areas of 

functioning (Association 2013).  

1.1.2 Prevalence and socio-economic impact 

Estimates of the lifetime prevalence of depressive disorder range from 2 to 21%, with the 

highest rates in some of the European countries, including France, Netherlands, and Belgium 

(Gutiérrez-Rojas et al. 2020).  

Depressive disorders impose a substantial economic burden on society. And yet the impact of 

depressive disorder might still be increasing. For example, in the United States, the total 

economic costs of major depressive disorder (MDD) were estimated to be 210.5 billion US 

dollars in 2010, an increase of 21.5% from 2005. About 50% of the estimated economic costs 

were attributed to the workplace, including absenteeism (not showing up to work) and 

presenteeism (showing up to work but not fully functioning, due to an illness or medical 

condition) caused by functional impairment (Greenberg, Fournier, et al. 2015). In fact, 

depressive disorder has been the third leading cause of all-age years lived with disability 

(YLDs), determined by the number of years disabled weighted by level of disability, globally 

since 2007. From 2007 to 2017, the global number of all-age YLDs attributed to depressive 
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disorder further increased by 14.3% (Collaborators 2018). Treatment costs also constitute a 

large proportion of the total cost. For example, in the UK, the direct treatment costs for adult 

depression in 2000 was estimated to be 370 million pounds (Thomas and Morris 2003). 

Moreover, depression is one of the most potent risk factors for suicide (Bachmann 2018).  

In summary, depression is one of the most significant public health concerns affecting not only 

individual lives but society as a whole. Therefore, the WHO considers depression a global crisis 

and calls for action including research to increase understanding of the illness and to develop 

more effective treatments (WFMH 2012). 

1.1.3 Treatment efficacy 

There are many existing effective treatments for major depressive disorder, including 

antidepressant medications, psychological and social interventions such as cognitive 

behavioural therapy (CBT), and brain stimulation therapies such as transcranial direct-current 

stimulation (tDCS). However, although the treatments for depression are generally statistically 

more effective than placebo (Khan et al. 2012; Moffa et al. 2020; Cipriani et al. 2018), their 

overall efficacy is moderate. A meta-analysis showed the average response rate, defined as 50% 

reduction of depressive symptoms, for treatment with antidepressants range from 42% to 53%, 

which represents a modest improvement over the response to placebo which is 35% (Cipriani 

et al. 2018). When adopting a more stringent, but clinically more meaningful, measure of 

treatment outcome, remission rate (defined as a full symptomatic recovery from depression), 

the efficacy is lower still. For example, in a large-scale pharmacological study, the remission 

rate following treatment with citalopram was 33%, based on a commonly used psychometric 

evaluation called the Quick Inventory of Depressive Symptomatology–Self-report (QIDS-SR) 

(Trivedi et al. 2006). 

The low efficacy of antidepressants might be related to heterogeneity of both the 

antidepressants and the patients. Antidepressants vary in their mechanism of action. For 

example, antidepressants can be further classified into different categories based on their target 

neurotransmitters including selective serotonin reuptake inhibitors (SSRIs) such as citalopram, 

serotonin and norepinephrine reuptake inhibitors (SNRIs) such as venlafaxine, norepinephrine 

reuptake inhibitors (NRIs) such as reboxetine, norepinephrine and dopamine reuptake 

inhibitors (NDRIs) such as bupropion. It is believed that a patient might respond to one 

treatment but not to others. One commonly adopted strategy for this issue in the clinic is to use 

sequential trials of different treatments. However, in the substantial STAR*D trial (Rush et al. 

2006) which examined this approach, although switching treatments to different types of 

antidepressants and cognitive psychotherapy was associated with some improvement in 
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response rate, there were still about 30% of the participants who did not remit after all the trials 

of treatments. From a practical perspective, each treatment must be given for 4-6 weeks before 

it is deemed ineffective (NICE 2009) making this sequential trial-and-error strategy time-

consuming, and the inevitable delay in initiating effect therapy is likely to be very frustrating.  

The heterogeneity within people who shared the diagnosis of clinical depression complicates 

the story even more. Diagnostic criteria for depressive disorders incorporate various symptoms 

from subjective feelings to physical phenomena. A study that used latent factor analysis based 

on various symptoms of depressive patients identified many data-driven subtypes (Van Loo et 

al. 2012), suggesting significant heterogeneity within depressive disorders. This heterogeneity 

could suggest distinct underlying mechanisms, that might also be an underlying factor of the 

heterogeneity in response to antidepressants.  

In summary, although there are many effective existing treatments for depression, their overall 

efficacy is moderate. Resolution of the treatment efficacy problem might be achieved by 

developing novel interventions with greater efficacy, or promoting treatment to patient mapping, 

that is, selecting the correct treatment for the correct patient.  Both of these approaches are 

likely to be facilitated by a better understanding of the mechanistic processes that lead to 

depression. In this thesis I will take a computational approach to investigate one potential 

mechanistic process relevant to depression—learning about affectively valanced information 

under uncertainty.  

In the next sections I will first review the literature which has used traditional behavioural 

measures to study how people with depression learn from reward and punishment information 

and how people with depression adapt their learning in volatile environments. Then I will 

briefly introduce the key computational techniques that have been adopted in more recent 

studies of this subject and critically appraise the recent efforts to characterize depression in 

computational terms. Following that, I will summarize the neurobiological processes that 

support these learning and adaptation processes and the evidence linking abnormalities in these 

learning systems to depression. Finally, I will review cognitive and pharmacological 

interventions that have been suggested to alter the learning process. While the focus of the 

thesis is on preclinical, mechanistic questions, the ultimate goal is to improve our understanding 

of what can be a devastating illness, and thus to facilitate the development of sorely needed 

novel treatment options. 
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1.2 Reinforcement learning in depression  

1.2.1 Reward and punishment processing in depression 

Many emotional and cognitive symptoms of depression can be intuitively linked to aspects of 

reinforcement learning and decision-making. For example, anhedonia, the inability to feel 

pleasure, or apathy, diminished motivation for physical, cognitive or emotional activity, can be 

linked to deficits in reward processing (Husain and Roiser 2018). Learned helplessness, which 

is a common animal model of depression (Vollmayr and Henn 2001), a state exhibited by a 

subject after enduring repeated aversive stimuli beyond their control, can be associated with 

problems in learning punishment contingencies (Seligman 1972). Indecisiveness, the inability 

to make decisions, could be related to value learning, credit assignment or problems in using 

values to guide behaviour (van Randenborgh, de Jong‐Meyer, and Hüffmeier 2010). Social 

withdrawal can be associated with impairments in processing of social reward and social pain 

(Porcelli et al. 2019). However, many of these intuitions bear further scientific examinations. 

Here I will review the literature which has mainly focused on reward and punishment learning. 

 Association of depression with abnormal reward processing 

Several lines of research have suggested aberrant reward rather than punishment learning in 

depression. People with depression seem to have difficulty in learning reward contingencies. 

In a study adopting a probabilistic selection task (Admon et al. 2017), participants first 

passively learned many stimuli with varying reward and punishment contingencies and then 

chose between the stimuli in pairs. The results showed that depressed patients had lower 

accuracy for reward learning compared to non-depressed control participants, while no group 

difference was found for punishment learning. depressed participants showed impaired reward 

learning (lower accuracy in choosing the rewarding option), but not penalty learning, relative 

to control participants.  

Depressed people also seem to make fewer behavioural adjustments in response to rewarding 

incentives, with studies suggesting a valence specificity  of this effect: that the effects of reward 

incentives are diminished in depression, while punishing incentives remain effective in 

cognitive tasks such as signal detection (Henriques, Glowacki, and Davidson 1994) and 

memory (Henriques and Davidson 2000). Recent studies also support these findings. People 

with higher depressive symptoms (Pizzagalli, Jahn, and O'Shea 2005) and remitted major 

depression (Whitton et al. 2016) failed to show response bias in a signal detection task with a 

differential reward. However, the punishment effect was not studied in these two studies.  
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Moreover, people with depression showed less emotional responses to rewarding events. 

Comparing participants’ emotional ratings before and after reward, omission of reward, 

punishment and successful avoidance of punishment feedback, a study showed that currently 

depressed participants had fewer emotion changes particularly for reward feedback compared 

to never depressed and previously depressed participants (McFarland and Klein 2009).  

 Association of depression with abnormal punishment processing 

However, there is also evidence suggesting punishment learning deficits are associated with 

depression. Early studies of depression showed a detrimental effect of negative feedback on 

subsequent performance for depressed patients as well as remitted depressed patients, i.e., 

depressive patients were more likely to make more mistakes after a failure (Elliott et al. 1996; 

Elliott et al. 1997; Steffens et al. 2001). Holmes et al. (Holmes and Pizzagalli 2007) gave 

participants pseudo feedback about whether their performance was above average (positive) or 

below average (negative) at the beginning of each block of various cognitive tasks and 

investigated whether such feedback changed how participants adjust their performance after 

error and correct trials. They found that people with high depressive symptoms showed 

impaired post-error performance adjustment following negative feedback, but not positive 

feedback, and that the level of performance adjustment following negative feedback inversely 

correlated with depression scores, measured by Beck Depression Inventory-II, meaning that 

people who report higher depressive symptoms were worse at adjusting their behaviour. 

While there is still dispute about whether depression is more of a reward learning deficit or 

punishment learning deficit, an increasing number of studies have shown co-occurring reward 

and punishment learning deficits in depressed patients and people with high risk for developing 

depression (Pizzagalli et al. 2009; Gotlib et al. 2010; McCabe et al. 2012; Ubl et al. 2015; 

Mukherjee et al. 2020).  

However, most of these studies compared rewards and punishments indirectly, for example, in 

different tasks or different conditions. Whereas in real life, an event is rarely purely rewarding 

or punishing. Making decisions in such an environment requires people to weigh the rewards 

of particular actions or states against the punishments associated with the same states/actions. 

Therefore, it is crucial to study how people with depression combine co-occurring rewards and 

punishments in their decision-making process. In the following text, I will review some studies 

which required participants to consider both reward and punishment in their choices. 

 Weighing rewards against punishments 

Several lines of research have investigated how people with depression might combine reward 

and punishment information to guide their behaviour. 
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One line of research studied effort-reward trade-offs in depression. A task paradigm frequently 

used for this line of research is the Effort-Expenditure for Rewards Task. In this task, 

participants chose between doing “hard-work” and “easy-work” in each trial to be eligible to 

obtain different magnitudes of monetary reward with some probability (Treadway et al. 2009). 

The “hard-work” required higher amounts of speeded manual button presses, but led to a higher 

reward magnitude. The “easy-work” required fewer button presses but led to lower reward 

magnitude. The reward probabilities were provided trial by trial, so learning of contingency 

was not required. They found that patients with major depression were less likely to choose the 

“hard-work” (high magnitude) regardless of the probabilities of obtaining the reward compared 

to healthy controls (Treadway et al. 2012). Interestingly, they also found that the willingness to 

spend effort for reward correlated with levels of anhedonia, measured by the Snaith-Hamilton 

Pleasure Scale (SHAPS) (Snaith et al. 1995), in a subclinical cohort (Treadway et al. 2009). 

People with higher anhedonia were less likely to choose the “hard-work”, particularly when the 

probability of getting the reward was moderate (50%) or low (12%) (Treadway et al. 2009). 

Another study (Hershenberg et al. 2016) came to the same conclusion by adopting a different 

paradigm called the progressive ratio task (PRT), that examined the maximum effort a 

participant was willing to exert for a particular reward. The maximum effort that depressed 

patients were willing to make for a given reward was lower than healthy controls.  

However, the exact cognitive deficits underlying the changes in effort-reward trade-offs in 

depression remain unanswered. Depressed patents might be less sensitive to reward so less 

willing to spend effort. Alternatively, they might perceive effort as more punishing. 

Nevertheless, it is probably worth noting that effort is a specific kind of punishment and that it 

is often a prerequisite for reward but does not directly affect the expected value of the outcomes. 

Other forms of punishment such as monetary loss has also frequently been used to study 

punishment–reward trade-off, for example in the Iowa gambling task (IGT). The IGT, designed 

to simulate learning and decision-making in real-life situations, requires participants to combine 

reward and punishment information (Bechara et al. 1994). In this task, participants choose from 

four decks of cards which vary in their amount of monetary reward and punishment. Two of 

the four decks (decks A and B) are disadvantageous. Because, although they generate a bigger 

reward at first, an even bigger punishment follows, resulting in a net loss. The other two decks 

(decks C and D) start with a smaller reward followed by even smaller penalty resulting in a net 

gain.  

Similar to the results using the Effort-Expenditure for Rewards Task, people with depression 

also performed worse in the IGT task than healthy controls, i.e., they failed to switch to the C/D 

decks (better decks), when A/B decks (disadvantageous decks) became punishing (Must et al. 

2006; Moniz et al. 2016; Hegedűs et al. 2018). Hegedűs et al. also found that people with 

depression showed inferior performance in a different version of the IGT, in which the decks 
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started with penalty and were followed by reward (Bechara, Tranel, and Damasio 2000), 

although the results were not statistically significant (Hegedűs et al. 2018). Together, this 

evidence suggests that depressed patients are less optimal when making behavioural 

adjustments after previously rewarding options become more punishing or previously 

punishing options become more rewarding. This was further supported by a study by Cella and 

colleagues (Cella, Dymond, and Cooper 2010). Using a contingency-shifting variant of the IGT, 

in which the reward and punishment contingencies of different decks of cards were 

systematically altered, they showed that the ability to adapt to the changing contingencies was 

impaired in people with depression. MDD patients chose more from previously good now bad 

decks and less from previously bad and now good decks compared to healthy controls (Cella, 

Dymond, and Cooper 2010). 

In summary, people with depression differ from non-depressed control participants in the way 

they combine reward and punishment information for decisions. However, it is not clear why 

or how these differences arise. It could be hyposensitivity to reward, hypersensitivity to 

punishment or both. Alternatively, it could also result from biases in using reward and 

punishment information for decision making. In addition, the findings with different versions 

of IGT collectively suggest that depressed patients might also adapt differently when reward 

and punishment contingencies change. In the paradigm used in this thesis, I examine learning 

biases in using reward and punishment information during a learning and decision-making task 

in the context of changing contingencies. 

In the following section, we will examine how depressed people learn in changing (i.e., volatile) 

environments in more detail. 

1.2.2 Altered learning under uncertainty in depression 

Studies have shown depressed patients have elevated level of intolerance of uncertainty, 

measured by the intolerance of uncertainty scale (IUS) (McEvoy and Mahoney 2012; Yook et 

al. 2010; Dugas, Schwartz, and Francis 2004), i.e., people with depression are more likely to 

report that an uncertain situation is distressing. Uncertainty is also important during 

reinforcement learning, where it has been classified into expected uncertainty and unexpected 

uncertainty (Yu and Dayan 2005). Expected uncertainty arises from the known unreliability of 

the predictive relationship between actions/stimuli and outcomes. Unexpected uncertainty 

comes from gross changes of the predictive relationships between actions/stimuli and outcomes 

change over time, i.e., a changing or volatile environment.  While expected uncertainty makes 

learning more challenging it leaves the relationships of action/stimuli-outcome associations 

unchanged and thus learners should not adjust their estimates of such relationships in response 
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to it. In contrast unexpected uncertainty signals a change in these relationships and should boost 

learning so that the new contingency can be estimated. Learning to differentiate expected and 

unexpected uncertainty and adjust learning accordingly is crucial for  efficient learning in many 

real world situations (Pulcu and Browning 2019). As shown in the studies with the contingency-

shifting variants of the IGT introduces in the previous section, people with depression seem to 

have an impaired ability to adapt to changing environments (Cella, Dymond, and Cooper 2010), 

suggesting a difficulty in adapting appropriately to the volatility of associations. However, the 

IGT mixed the reward and punishment contingency changes with changes in reward and 

punishment magnitudes, making it less clear to answer how people with depression adapt their 

learning when facing the changes. Next, we focus on reinforcement learning tasks with 

changing contingencies, such as reversal learning tasks. 

In reversal learning tasks, participants are first asked to learn to discriminate the values of two 

items, one more rewarding/less punishing than the other. After this initial phase of learning, the 

contingencies are reversed so that the original less rewarding/more punishing option become 

the more optimal one to choose. Participants need to adapt to this change and switch their choice 

behaviour. Studies adopting this paradigm have shown that people with depression make more 

errors after reversal compared to healthy controls (Dickstein et al. 2010; Hall, Milne, and 

Macqueen 2014). However, the studies did not further clarify the exact nature of the errors that 

were made.  

To further examine what king of contingency changes contribute to the errors made in 

depression, in follow up study (Levy-Gigi and Kéri 2015), the researchers adopted a similar 

reversal paradigm, but instead of choosing between two options they asked participant to 

respond to each cue by either choosing it (if they thought it was rewarding) or skipping it (if 

they thought it was punishing). They found people with high depressive symptoms showed 

impaired learning specifically when the cue changed from negative to positive, not from 

positive to negative, and the level of impairment correlated with the severity of the depressive 

symptoms. This result suggested that depressed patients increased their estimate of reward 

value more slowly than healthy controls. Studies with a different version of the reversal task 

supported this finding (Robinson et al. 2012; Timmer et al. 2017). In this version of the reversal 

task, participants were asked to predict explicitly whether they thought a cue was associated 

with reward or punishment for each trial and then observed the outcome (i.e., this task 

investigated Pavlovian rather than instrumental learning). Using this task, Robinson et al. found 

people with MDD made more incorrect predictions when a previous punishing cue changed to 

rewarding, but not for the other way around (Robinson et al. 2012). Timmer et al. showed the 

same results in Parkinson’s disease patients with symptoms of depression, suggesting it might 

be transdiagnostic (Timmer et al. 2017). Together, these studies seemed to suggest that people 

with depression were less sensitive to unexpected rewards and made more errors when reward 
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contingencies increased. However, in these reversal learning tasks, reward and punishment 

contingencies always changed at the same time making it difficult disentangle the effect of 

reward and punishment contingencies changes on choice accuracy.  

In summary, impaired reward and punishment processing and difficulties adapting to changing 

environments have been described in people with depression. However, the specific cognitive 

processes altered in depression that produce these effects have not been clearly delineated. A 

deeper investigation into the cognitive and neural mechanisms that give rise to these 

behavioural differences is essential for improving understanding of the illness, and may go 

some way to explaining the inconsistences in the literature to date. To achieve this, we need to 

move beyond simple summary statistics of choice accuracy and reaction times, and adopt new 

approaches. One such approach, a branch of computational psychiatry, uses computational 

modelling of behaviour to identify latent cognitive processes. Recent studies adopting a 

computational approach have begun to help further our understanding of depressive disorder. 

In the next section, I will briefly review some of the computational approaches used to study 

learning, and then critically appraise the studies that uses computational models to investigate 

reward and punishment reinforcement learning in depression. 

1.3 Computational modelling of depression 

1.3.1 The computational approach 

Theory-driven computational psychiatry, uses generative models to explain and quantify the 

computational mechanisms of mental illness. This approach arose from computational 

neuroscience. The core concept of computational neuroscience is to consider the brain as a 

computation unit. Therefore, to understand the brain and its function, we need to know what 

and how it computes.  Alterations in the normative computation might lead to malfunction. 

Theory-driven computational psychiatry aims to identify these abnormalities and the 

underlying mechanisms using computational modelling (Browning et al. 2020; Huys, Maia, 

and Frank 2016). 

The computational modelling approach has a number of potential advantages for psychiatry 

research. First, it could enable researchers to further investigate underlying neural mechanisms. 

For example, model-based fMRI analysis facilitated our understanding of the neural 

representation of value and prediction errors (O'Doherty et al. 2003; O'Doherty et al. 2001).  

Second, it has the potential to develop mechanism-based measurements (Browning et al. 2020). 

Theoretically, model-derived parameters may have higher validity and reliability compared to 

traditional behaviour measurements such as accuracy and reaction times, because models 



11 

 

reduce the dimensionality of the data by  ‘projecting’  it  to  a few key relevant spaces (Huys, 

Maia, and Frank 2016). Thirdly, it may improve treatment by providing better measurements 

or develop new interventions based on the mechanisms identified. 

1.3.2 Computational models of associative learning 

While many computational models have been developed to understand human behaviours in 

various reinforcement learning tasks in recent years (Rescorla 1972; Sutton and Barto 1990; 

Daw, Niv, and Dayan 2005), I will focus on the models of associative learning of relevance to 

this thesis. In the following text, I will briefly introduce some key computational terms for 

associative learning. 

In associative learning, an agent acquires knowledge about environmental contingencies 

between stimuli/actions and outcomes. In associative learning computational models, 

exemplified by the Rescorla-Wagner (RW) model (Rescorla 1972), when an agent receives new 

information, it updates its belief about the stimuli/actions-outcome association in proportion to 

its prediction error, δ, which is the difference between the expected outcome and the actual 

outcome received. The degree to which the new information is incorporated in the new belief 

is determined by learning rate, α. For example, in the RW model, the expected value (V) of a 

stimulus for next time point (t+1) is calculated by adding the product of learning rate(α) and 

prediction error (δ) to the old belief, see Equation 1. The prediction error (δ) is the discrepancy 

between the actual outcome (R) and the expected value previously assumed, see Equation 2.            

𝑽𝑽𝒕𝒕+𝟏𝟏 = 𝑽𝑽𝒕𝒕 + 𝜶𝜶 ∗ 𝜹𝜹𝒕𝒕  Equation 1 

𝜹𝜹𝒕𝒕 = 𝑹𝑹𝒕𝒕 − 𝑽𝑽𝒕𝒕  Equation 2 

Actions/stimuli are then selected based on the expected values. One commonly used action 

selection function is the softmax decision rule as shown in Equation 3. Here, Pi(t) the probability 

of choosing action i on trial t is determined by the relative value of action i over other actions 

(n potential actions in total) and the ‘inverse temperature’ parameter β, the extent to which 

values are used to generate actions. When β is higher, the effect that value estimates of the 

actions would have on choice probabilities is larger, whereas with a lower β, choices become 

noisier.  

𝑷𝑷𝒊𝒊(𝒕𝒕)  =
𝒆𝒆𝒆𝒆𝒆𝒆 (𝜷𝜷 ∗ 𝑽𝑽𝒊𝒊(𝒕𝒕))

∑ 𝒆𝒆𝒆𝒆𝒆𝒆 (𝜷𝜷 ∗ 𝑽𝑽𝒋𝒋(𝒕𝒕))𝒏𝒏
𝒋𝒋=𝟏𝟏

  Equation 3 
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Despite its simplicity, the RW model is able to account for a wide range of phenomena observed 

for both reward and punishment learning (Siegel and Allan 1996). Many studies have tried to 

characterise depression using these formal computational terms in recent years. In the following 

text, I will review some key findings in this line of work, focusing on reward and punishment 

learning rates in particular. 

1.3.3 Reinforcement learning models of depression 

Adopting the RW model in a simple probabilistic selection task, Chase et al. (Chase et al. 2010) 

showed that MDD patients had lower learning rates to both positive and negative feedback than 

healthy controls. They also found a negative correlation between the learning rates and 

anhedonia, measured by the Snaith–Hamilton Pleasure Scale (SHAPS). A recent study 

also found a negative correlation of reward learning rates and depression scores in a 

more general population (Safra, Chevallier, and Palminteri 2019). This is consistent 

with findings reviewed in section 1.2.1.1 that suggested that people with depression are less 

sensitive to reward feedback and have difficulty in learning reward contingencies. This is also 

supported by an analysis that used a variant version of the RW model, in which reward 

sensitivity was estimated (Huys et al. 2013). In this meta-analysis, that included 6 datasets from 

a probabilistic reward task with an asymmetric reinforcement schedule to assess the effect of 

rewarding incentives on perceptual choice in depression, Huys et al. added a reward sensitivity 

term (ρ) for prediction errors (see Equation 4) in the RW model. The modelling results showed 

that people with depression had lower reward sensitivity, i.e., lower ρ. Moreover, they found 

that reward sensitivity ρ, rather than learning rates, negatively correlated with anhedonia (Huys 

et al. 2013). Note that the reward sensitivity term in this study also contributed to learning 

similarly to the way learning rates did, but the reward sensitivity term only further discounted 

how the reward for the current trial contributes to the learning not reward history. The results 

suggested that the reduced learning rate shown in depression might be caused by the reduced 

reward sensitivity. However, this bears further examination. Nevertheless, collectively, these 

studies suggested that depression is associated with reduced reward learning. 

𝜹𝜹𝒕𝒕 = 𝝆𝝆 ∗ 𝑹𝑹𝒕𝒕 − 𝑽𝑽𝒕𝒕  Equation 4 

However, in contrast, higher learning rates in depression compared to healthy controls were 

shown in tasks where reward or punishment contingencies change. In a recent study, Aylward 

et al. (Aylward et al. 2019) adopted the RW model in a task that required participants to choose 

between four competing slot machines with fluctuating reward and punishment outcomes. They 

found that patients with mood disorders (including depression and anxiety) were quicker to 



13 

 

update their behaviour in response to negative outcomes, i.e., increased punishment learning 

rates, which correlated with anxiety (The State-Trait Anxiety Inventory (STAI)) and depression 

(Beck Depression Inventory (BDI)) symptoms. A similar effect was shown in a study using a 

change point detection task, that high anxious individuals had higher loss-switch rates, which 

corresponded to higher learning rates (Huang, Thompson, and Paulus 2017). High learning 

rates in depression could result from poor memory of previous values. Dombrovski et al. 

examined this hypothesis by introducing a memory term (M) in the RW model of a probabilistic 

reversal learning task. As shown in Equation 5, the memory parameter (M) discounts previous 

expected values when updating the value beliefs. Model-based analyses revealed that depressed 

patients with previous suicide attempts had lower memory estimates (Dombrovski et al. 2010). 

Note that if we rearranged the original RW model, as shown in Equation 6, the M in the 

memory model functions very similarly to 1- α. So, this result is consistent with higher learning 

rates shown in depression. In a more recent study, Rupprechter et al. adopted similar memory 

models in a probabilistic pavlovian reward learning task which required participants to learn 

the reward probabilities quickly (using only 4 observations). They found that patients with 

MDD had lower memory estimates compared to healthy volunteers, suggesting people with 

depression discounted previous values to a higher degree and learned more from most recent 

outcomes (Rupprechter et al. 2018), indicating a higher learning rate. Together, these findings 

suggest that people with depression have higher learning rates than healthy controls particularly 

when the task requires fast learning, such as in volatile environments. 

𝑽𝑽𝒕𝒕+𝟏𝟏 = 𝑴𝑴 ∗ 𝑽𝑽𝒕𝒕 + 𝑹𝑹𝒕𝒕  Equation 5 

𝑽𝑽𝒕𝒕+𝟏𝟏 = (𝟏𝟏 − 𝜶𝜶) ∗ 𝑽𝑽𝒕𝒕 + 𝜶𝜶 ∗ 𝑹𝑹𝒕𝒕  Equation 6 

In summary, a number of studies have described aberrant learning rates in depressed patients 

compared to healthy controls. However, the literature is inconsistent with evidence of both 

increased and decreased learning rates. As touched on above, one factor that should influence 

learning rates is the volatility of an association, with higher learning rates being used for volatile 

relative to stable associations. This raises the possibility that the variable learning rates reported 

for depressed patients may arise due to difficulties in estimating the volatility of an association. 

Assessing this possibility requires a task in which the volatility of associations is manipulated. 

We provide an overview of tasks that have taken this approach in the next section.   
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1.3.4 Adaptive learning under uncertainty 

As described above, learning should proceed more rapidly when associations are changeable 

(volatile). Within a RL framework this translates to using a higher LR in volatile than stable 

environments. This form of learning rate adjustment has been demonstrated in non-clinical 

human participants in reward (Behrens et al. 2007) and punishment learning (Browning et al. 

2015), as well as social learning (Behrens et al. 2008). Building on this work, in a recent study, 

Pulcu and Browning developed a novel paradigm, in which stimuli were associated with both 

rewarding and punishing outcomes (winning and losing money). The volatility of the 

associations between the stimuli and the rewarding and punishing outcomes was independently 

manipulated across task blocks (see Figure 1.1). This work indicated that non-clinical human 

participants could adjust their reward and punishment learning rates flexibly to accommodate 

the volatility levels of each type of outcome (Pulcu and Browning 2017). This work examines 

how people use both reward and punishment information in their learning in environments with 

different volatility, which fits well with our studies goals. This task will form the basis of much 

of the work I will present in this thesis. 

 
Figure 1.1 Task structure  

A figure from (Pulcu and Browning 2017). (A) Timeline of one trial from the learning task used 

in Pulcu’s study (Pulcu and Browning 2017). Participants were presented with two shapes 

(referred to as shape ‘A’ and ‘B’) and had to choose one. On each trial, a ‘win’ outcome 

(resulting in a win of 15 p) would be revealed on the top of one of the shapes, and a ‘loss’ 

outcome (resulting in a loss of 15 p) would be revealed on the bottom of one of the shapes. The 

two outcomes were independent, i.e., knowledge of the location of the win provided no 

information about the location of the loss. Participants had to learn where the wins and losses 
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were more likely to be found through trials and errors and use the information to guide their 

choice in order to maximise their monetary earnings. (B) Overall task structure. The blocks 

differed in how volatile (changeable) the outcome probabilities were. As illustrated here, in the 

first block both win and loss outcomes were volatile, in the second wins were stable and losses 

were volatile, in the third block wins were volatile and losses were stable. (C) The four potential 

outcomes from a trial.  

 

However, to the best of our knowledge, no studies have been conducted to investigate how 

people with depression adjust learning to accommodate environmental volatility levels. 

Nevertheless, there have been some studies examining learning adjustments to environmental 

volatility in anxiety, which would have important implications for depression, given the high 

comorbidity of anxiety and depression disorders. One such study (Browning et al. 2015) 

recruited participants with a range of anxiety levels, based on the Spielberger State-Trait 

Anxiety Inventory (STAI) trait subscale, to perform a two-armed bandit learning task in which 

they had to learn the punishment contingency in order to escape electrical shocks. RW Learning 

rates were estimated separately for the stable block, in which one of the shapes had 75% of 

shock delivery and the other one 25%, and the volatile block, in which the probability of getting 

shocked with a given shape switched between 80% and 20% every 20 trials. People with higher 

anxiety levels adjusted their learning rates less between stable and volatile blocks. This is 

consistent with a recent study that showed people with high social anxiety, measured by the 

Social Interaction Anxiety Scale (SIAS), failed to lower learning rates when punishing 

contingencies stayed stable over a long period compared to low social anxiety participants 

(Beltzer et al. 2019). A possible cause of the difficulty in adjusting learning rates particularly 

during punishment learning could be that stress induced by aversive contexts might render 

individuals less sensitive to changes in the environment. Results consistent with this were found 

using a Bayesian model, which showed that a group exposed to acute stress, induced by 

performing a public speaking task, underestimated environment uncertainty and was less 

precise in estimating the environment volatility (Hein et al. 2019). Taken together, these studies 

suggested a deficit in estimating and adapting learning to different environmental volatility 

levels in trait or state anxiety. 

In the previous section, we discussed evidence that people with depression used different 

learning rates than healthy controls in reward and punishment learning particularly when 

reward or punishment contingencies changed. In this section, we reviewed recent evidence 

suggesting that impaired learning rates adaptation to the volatility of the environment is 

associated with anxiety and stress.  

However, how people with depression adapt to different volatility levels of reward and 

punishment contingencies has not been studied. In this thesis, we will investigate how people 
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with depression learn from rewarding and punishing information, how they adjust to the 

volatility levels of rewards and punishments, and the underlying neural mechanisms supporting 

this process using fMRI. In the following section, we will review model-based neuroimaging 

work that has sought to identify changes in functional brain activity associated with depression 

with a specific focus on the neural systems implicated in reinforcement learning. 

1.4 The neuroanatomy and neurochemistry of disrupted 
reinforcement learning and volatility adaptation in depression 
 

A distributed network of brain regions has been related to reinforcement learning. Key regions 

include striatum, anterior insula, OFC and dorsal ACC. In this section, we will briefly review 

the cognitive function of these brain regions and how they have been linked to the 

pathophysiology of depression. 

1.4.1 Striatum 

Both the ventral and dorsal striatum are essential for reward learning (Cox and Witten 2019; 

Robinson et al. 2012; Taswell et al. 2018). Model-based fMRI results support the striatum’s 

role in coding reward prediction errors (RPEs) in humans (Pessiglione et al. 2006; Garrison, 

Erdeniz, and Done 2013). The RPE signals in the ventral striatum have been found to be 

reduced in patients with MDD compared to healthy controls (Rupprechter, Stankevicius, et al. 

2020; Rothkirch et al. 2017). More specifically, the RPE signals in the ventral striatum were 

negatively correlated with the severity of the depression symptoms, such as anhedonia 

(measured by the Snaith–Hamilton Pleasure Scale) (Rothkirch et al. 2017; Greenberg, Chase, 

et al. 2015), impersonal orientation (the extent to which a person believes that attaining desired 

outcomes is beyond his or her control and that achievement is largely a matter of luck or fate, 

measured by the General Causality Orientations Scale)(Romaniuk et al. 2019), and overall 

depression severity (measured by the Quick Inventory of Depressive Symptomatology) 

(Rupprechter, Romaniuk, et al. 2020). RPEs in the dorsal striatum, including caudate and 

putamen, were also found to be negatively associated with QIDS scores (Rupprechter, 

Romaniuk, et al. 2020). A similar correlation was found for putamen activity during reward 

anticipation (Romaniuk et al. 2019). Moreover, the reward related activity in the putamen 

increased more in depressed patients who had better symptoms improvement over time 

(Verfaillie et al. 2016). Together these studies suggest that reward related striatal activity is 

reduced in depression, a finding that is theoretically similar to the reduced reward learning rates 

in depression reviewed in the previous section 1.3.3. However, such differences between 
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depressed and non-depressed participants in RPE signals in ventral striatum was not shown in 

a study with a lottery task (Rutledge et al. 2017), in which the probabilities of the outcomes 

were given to participants every trial so learning was not required in this task. The results 

suggested that the abnormal RPE signals in striatum in depression might be specific to reward 

learning. However, it is not clear whether the abnormal RPE signals in striatum might be 

associated with adaptive learning difficulties in depression in volatile environments. 

1.4.2 Anterior Insula 

The anterior insula has been suggested to be a critical brain region in processing aversive 

information (Simmons et al. 2004; Palminteri et al. 2012). Compared to healthy controls, the 

neural activity of the anterior insula to punishing events was increased in MDD patients 

(Remijnse et al. 2009; Johnston et al. 2015), as well as people with a family history of 

depression (McCabe et al. 2012). Activation in the anterior insula in response to loss events 

positively correlated with depression severity (Engelmann, Berns, and Dunlop 2017; Johnston 

et al. 2015) and anxiety level (Johnston et al. 2015) in patients with MDD. 

Model-based fMRI analysis revealed the anterior insula’s role in encoding punishment 

prediction errors (PPE) (Pessiglione et al. 2006; Fazeli and Büchel 2018). However, although 

studies have shown PPE signals coded in the anterior insula in both MDD and healthy controls, 

they failed to find significant differences between the two groups using simple probabilistic 

learning tasks (Rothkirch et al. 2017; Kumar et al. 2018). Insula activity may also be modulated 

by uncertainty. The anterior insula response to aversive pictures were larger after an uncertain 

cue than a certain cue (Sarinopoulos et al. 2010). This suggests that, examining the PPE signals 

in insula during more volatile environments may be particularly informative in terms of 

disrupted cognition in depression. However, to the best of our knowledge, no such studies have 

been completed. 

1.4.3 Orbitofrontal cortex (OFC) 

The OFC encodes stimuli-outcome associations, specifically moment-to-moment expected 

values of a stimuli based on current internal states (Rudebeck and Murray 2014). Specific 

functions have been ascribed to subregions of the OFC. A meta-analysis of fMRI data has 

suggested a medial-lateral valence gradient in OFC, with the more medial portion responding 

most often to rewards, and the more lateral portion responding most often to punishers 

(Kringelbach and Rolls 2004). The punishers that OFC responded to include punishment/loss 

as well as the omission of reward, which suggests that the OFC is a key region for reversal 
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learning (Tait and Brown 2007). However, others argued that the dichotomy between the 

medial and lateral portion of OFC was not well supported (Rushworth et al. 2011). 

Various lines of evidence have suggested dysfunction of the OFC in depression. MDD patients 

had reduced OFC volume compared to healthy controls (Bremner et al. 2002). Altered 

functional connectivity of the OFC was also been described in depression. Specifically, 

functional connectivity between medial OFC with memory systems such as medial temporal 

lobe was found to be reduced while functional connectivity between lateral OFC with 

praecuneus, the angular gyrus, and the temporal visual cortex increased in depression (Cheng 

et al. 2016). In a recent study, Xie et al. showed that greater sensitivity to non-reward (No-Win) 

in lateral OFC and decreased sensitivity to the reward magnitudes in medial OFC were 

associated with higher depressive symptoms (Xie et al. 2020). Reduced activity in the lateral 

OFC was shown in MDD patients during reversal learning (Verfaillie et al. 2016). Fewer studies 

have investigated the function of the OFC using computational modelling in depression. One 

such study found that reward PE-related responses in medial OFC was decreased in the MDD 

compared to the healthy control group and the RPE signals in medial OFC correlatedly with 

anhedonia (Rothkirch et al. 2017). However, in this study, expected values and prediction errors 

were highly correlated making a simple interpretation of these findings challenging. 

1.4.4 Dorsal anterior cingulate cortex (dACC) 

An important function of the dACC is error monitoring (Holroyd and Coles 2002). In RL, 

dACC has been shown to encode reward prediction errors (Kennerley, Behrens, and Wallis 

2011) or surprise (unsigned reward prediction errors) (Hayden et al. 2011). However, the dACC 

also tracks reward prediction errors over longer time scales compared to the ventral striatum, 

which encodes instantaneous prediction errors (Wittmann et al. 2016). Consistent with this, it 

has been shown that dACC activity increases as a function of environmental volatility which 

may then facilitate adaptive learning in changing environments (Behrens et al. 2007; Meder et 

al. 2017).  

Separate lines of work have described reduced volume (van Tol et al. 2010), altered functional 

connectivity (Davey et al. 2012) and low glutamate concentrations (Auer et al. 2000) in the 

dACC in depression. MDD patients failed to increase dACC activity in response to negative 

feedback in a gambling task, compared to healthy controls (Steele, Kumar, and Ebmeier 2007). 

Model-based fMRI analysis also revealed reduced reward prediction error signals in the dACC 

in patients with MDD compared to healthy controls (Kumar et al. 2008). However, no previous 

study has examined how the dACC response to volatility varies in depressed participants. 
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1.4.5 Norepinephrine and depression 

Norepinephrine has been theorized to signal unexpected uncertainty induced by gross changes 

in the environment and to boost adaptive learning (Dayan and Jyu 2003; Yu and Dayan 2005). 

This has been supported by studies measuring pupil dilation with electrophysiology, a 

commonly used measure of locus coeruleus norepinephrine (LC–NE) activity (Aston-Jones and 

Cohen 2005), during learning tasks. Such studies show that pupil dilations were modulated by 

surprise (Preuschoff, ’t Hart, and Einhauser 2011), uncertainty (Lavin, San Martín, and Rosales 

Jubal 2014), learning noise (Findling et al. 2019) and environmental volatility (Vincent et al. 

2019). 

Pharmacological studies using methylphenidate, a norepinephrine and dopamine reuptake 

inhibitor, also partially support the role of norepinephrine in adaptive learning. These studies 

found that a single dose of methylphenidate increased learning rates in humans (Howlett et al. 

2017), particularly when the environment was volatile (Cook et al. 2019). However, these 

studies did not distinguish the roles of the two catecholamines, noradrenaline and dopamine, in 

adaptive learning. A more recent study showed in monkeys that noradrenaline neurons rather 

than dopaminergic neurons were sensitive to the task state change (Jahn et al. 2020). Together, 

these studies provided evidence that norepinephrine modulates adaptive learning. 

Norepinephrine also plays an important role in the pathophysiology and treatment of depressive 

disorders (Moret and Briley 2011). As listed in section 0, many effective antidepressants 

involve norepinephrine reuptake inhibition, such as venlafaxine, bupropion and reboxetine. 

However, it is not clear how the dysfunction of norepinephrine system affects reward and 

punishment learning in depression and how antidepressants targeting norepinephrine system, 

such as reboxetine, modulate this process in depression. In this thesis, I examine how an 

antidepressant targeting the norepinephrine system (reboxetine) affects adaptive learning. 

1.5 Summary and Research Questions 
In summary, behavioural and computational evidence suggests that people with depression 

seem to learn less from reward information and more from loss.  Consistent with this, model-

based fMRI results have found blunted RPE signals and heightened PPE signals in a distributed 

network (including striatum, anterior insula, OFC and dACC) in depressed patients. 

Behavioural results, such as shown in studies with the contingency-shifting variants of the IGT, 

suggest that the learning dysfunction in depression might be more prominent in volatile 

environments. However, less is known about the computational and neural mechanism of 

adaptive learning in depression and specifically how patients adapt to changes in volatility. 

In this thesis, we will systematically examine the underlying mechanisms of adaptive learning 

in depression with pupillometry recordings, fMRI scanning, and pharmacological intervention. 



20 

 

The work is based on a task in which the volatility of rewarding and punishing outcomes is 

independently manipulated. More specifically, in Chapter 2, we compare the differences in 

volatility adaptation in volatile environments in currently depressed patients, remitted 

depressed patients and healthy controls using computational modelling and pupillometry 

responses. In Chapter 3, we assess the underlying neural mechanisms of volatility adaptation 

and its association with symptoms of depression using functional MRI. Finally, in Chapter 0, 

we investigate the role that norepinephrine plays during volatility adaptation using a 

pharmacological intervention (reboxetine, an antidepressant targeting the norepinephrine 

system). 
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2 CHARACTERISING 
INFORMATION LEARNING 
BIAS IN DEPRESSION 

2.1 Introduction 
Major depressive disorder is a mood and emotional disorder characterised by persistent low 

mood and lack of interest. In the framework of reinforcement learning, depressive disorder is 

hypothesised to be associated with deficits in value learning and decision making. Studying 

reinforcement learning in depression using computational models may help further understand 

the complex mechanism of depression. 

Reward and punishment learning are key processes in reinforcement learning. Previous studies 

have suggested that people with depression show dysfunction in processing both reward 

(Henriques, Glowacki, and Davidson 1994; Whitton et al. 2016; Admon and Pizzagalli 2015) 

and punishment information (Holmes and Pizzagalli 2007), particularly when reward or/and 

punishment contingencies change (Dickstein et al. 2010; Levy-Gigi and Kéri 2015; Robinson 

et al. 2012; Cella, Dymond, and Cooper 2010). However, it is still not clear how people with 

depression learn and use reward and punishment information to make decisions, and more 

importantly, how they adapt learning in changing environments.   

The ability to flexibly adjust learning rates in a way that reflects the volatility of the 

environment is crucial when learning about associations. In a stable environment, where action-

outcome associations have been learned, it is less important to keep track of recent feedback as 

the associations are unlikely to change. In contrast, in a volatile environment, where the action-

outcome associations change rapidly over time, one should pay more attention to, and be more 

influenced by, events that do not match current expectation. Using computational modelling, 

Behrens et al. have shown that healthy participants adjust their learning rates exactly as 

described above, with higher learning rates in volatile than stable blocks of a reward learning 

task (Behrens et al. 2007). Failing to adapt learning in different environments might affect well-

being. A study showed poor estimates of the environment volatility levels might be associated 

with subjective feeling of uncertainty and stress (De Berker et al. 2016). Browning et al. found 

that individuals with high trait anxiety adjusted their learning rate less between the volatile and 

stable conditions in an aversive learning task than participants with low anxiety (Browning et 
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al. 2015). However, it has not been tested whether the learning adjustment to volatility level for 

punishment information is also impaired in depression and whether there is a similar 

impairment for reward learning.  

Norepinephrine has been suggested as a key neuromodulator to facilitate adaptive learning in 

volatile environment (Yu and Dayan 2005; Dayan and Jyu 2003). Fundamental changes in the 

environment, i.e. volatility, induce unexpected uncertainty, which was hypothesized to boost 

learning through modulating phasic activity of the central norepinephrinic system (Dayan and 

Jyu 2003; Yu and Dayan 2005). Pharmacological manipulation of the norepinephrine system 

(using atomoxetine) has been shown to affect learning rates following unanticipated task 

changes by modulating the effect of prediction errors on catecholamines related neural activities 

(Jepma et al. 2016). Disturbances of norepinephrine have been suggested to play a key role in 

depression (Moret and Briley 2011). Many clinically proved effective antidepressants modulate 

the central norepinephrinic system, such as venlafaxine, and bupropion (see section 0 for more 

details). We hypothesized that people with depression might have difficulty in adapting 

learning to accommodate the volatility level of the environment. Browning et al. showed the 

impaired learning adaptation to volatility in individuals with high trait anxiety was associated 

with a diminished modulation of volatility on pupil dilation (Browning et al. 2015), which is 

commonly used as a measure of the activity in locus coeruleus norepinephrine (LC–NE) system 

(Aston-Jones and Cohen 2005). However, it has not been tested whether dysfunction of the 

norepinephrine system in depression is associated with aberrant learning rate adjustments when 

learning punishment or reward in changing environments. 

In this study, we adopted a reinforcement learning paradigm in which reward and punishment 

volatility were manipulated. Using this paradigm, Pulcu et al. showed that healthy participants 

were able to independently adapt their reward and punishment learning rates in response to the 

volatility of reward and punishment associations (Pulcu and Browning 2017). Using 

computational modelling, we examine the learning adaptation to volatility both with reward 

and punishment learning among clinically depressed patients, remitted patients and healthy 

controls.  

We hypothesized that people with current depression symptoms might show reduced learning 

rate adjustments between the volatile and stable environment for both reward and punishment 

learning compared to the healthy control group. We hypothesized this to be a state dependent 

dysfunction rather than a trait like characteristic, so expected both the remitted depressed and 

control groups to show greater learning rate adaptation to volatility than the currently depressed 

group. We also recorded pupil dilation while participants performed the task, to investigate 

norepinephrine activity level, and whether it was associated with learning rate adjustments. As 

for the learning rate adaptation, we expected a reduced pupil dilation changes in response to 
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environment volatility in the currently depressed group, compared to the healthy control and 

remitted depressed groups. 

2.2 Methods 

2.2.1 Experiment task and participants  

 Participants 

2.2.1.1.1 Recruitment and screening 

Participants attended a screening session during which the Structured Clinical Interview for 

DSM ‐5 (SCID ‐5) sections for mood disorders was completed. Based on this screening 

session participants were categorized into one of 3 groups: (1) currently depressed group, 

people who currently meet the DSM-V criteria for depression, (2) people who had at least two 

previous episodes of depression, but were not currently depressed, that is meet criteria for 

previous but not current depression, and (3) people who have never been clinically depressed. 

Participants were excluded if: (1) they were receiving any treatment for depression (including 

medication or talking treatments), or other psychoactive treatment, (2) they met criteria for 

bipolar disorder, (3) they had used any street drugs within the last 3 months, (4) they had a 

medical condition which affected pupil dilation, (5) they had participated in any studies using 

the same behavioural task as in the current study. Participants were matched for gender, age 

and years of education (see Table 3). The study was approved by the University of Oxford 

Central Research Ethics Committee. Written informed consent was obtained from all 

participants on the screening visit, in accordance with the Declaration of Helsinki. 

2.2.1.1.2 Test session 

Participants completed the testing session a maximum of four weeks after screening (if this 

limit was breached, participants were rescreened). During this session, participants were asked 

to complete a number of questionnaires, including (1) the Quick Inventory of Depressive 

Symptoms, 16 items self-report version (QIDS)，which measures symptoms of depression 

(Rush et al. 2003), (2) the Spielberger State-Trait Anxiety Inventory (STAI), which includes 

separate scales measuring state and trait anxiety (Spielberger 1983), (3) the Snaith–Hamilton 

Pleasure Scale (SHAPS), measuring the ability to experience pleasure (Nakonezny et al. 2010), 

(4) the Ruminative Response Scale, which measures rumination in response to depressive mood 

(RRS) (Nolen-Hoeksema and Morrow 1991), and the Depressive Attributions Questionnaire 

(DAQ), which assess the extent to which an individual had a pessimistic or depressogenic 
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attributional style (Kleim, Gonzalo, and Ehlers 2011). They were instructed about the 

information bias leaning task (see below, 2.2.1.2)  and completed a brief introduction version 

(of 16 trials) to familiarize them with the logic of the task. Following this, participants 

completed the 3 blocks of the task self-paced, with rest sessions between each block. The task 

was presented on a VGA monitor connected to a laptop computer running Presentation software 

version 18.3 (Neurobehavioural Systems, Berkeley, CA).  

 The information bias learning task 

The task used in this study was previously used in a study of non-clinical participants  (Pulcu 

and Browning 2017). In this task, participants were instructed to learn the association between 

two abstract shapes and both win and loss outcomes in order to collect as much money as 

possible. At the beginning of each trial, participants were presented with two different abstract 

shapes on each side of the screen and they could press the left or right button on a mouse to 

choose the corresponding shape (see Figure 2.1). The choice phase was self-paced. Following 

this choice, a black frame would appear around the shape that was chosen. 1 second after the 

choice was made, on each trial, a win would appear above one of the shapes and a loss would 

show up below one of the shapes. Participants would receive a win if they had chosen the shape 

associated with the win and would receive a loss if they had chosen the shape associated with 

the loss. The results were revealed in randomised order for a jittered interval of 2–6 (mean 4) 

seconds. In half of the trials, the win outcome was presented first, with the loss outcome 

presented first in the other half.  A ‘chi-ching’ sound was played if participants received a win 

and an error buzz if they received a loss. Auditory stimuli lasted 0.7 seconds with the same 

onsets as the visual feedback. The intertrial interval was fixed at 1 second. 

The total money collected was displayed under the fixation cross and was updated on every 

trial. Participants were instructed that the order of the outcomes (i.e., win or loss first) or the 

side of the shapes presented were randomised from trial to trial and were not related to the 

outcomes. Participants were also instructed that the win association and loss association with 

the shapes could change over the course of a block, and that the win and loss associations were 

independent and could change independently. Unknown to participants, the schedule of the task 

differed between the testing blocks such that the volatility of the two outcomes varied by block 

(see Figure 2.1): In the first “both volatile” block, both win and loss outcomes were volatile, 

with associations between the outcomes and the stimuli switching frequently between 15 and 

85%. In the “win volatile” block, the association with win outcomes was “volatile”, whereas 

the association with loss outcomes was “stable” (i.e., fixed at 50%). Finally, in the “loss volatile” 

block the loss outcomes were volatile and win outcomes stable. The first block was always 
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“both volatile” in order to familiarise participants with the task. The win and loss volatile blocks 

followed this with their order counterbalanced across participants. 

 
Figure 2.1 General procedures and Task structure.  

(A)  Timeline of one trial from the information bias learning task. Participants were presented 

with two abstract shapes (referred to as shape ‘A’ and ‘B’) and were asked to choose one. For 

each trial, a win would appear on the top of one of the shapes, choosing that shape results in a 

gain of 15p. Independent of the win outcome, a loss would show up on the bottom of one of the 

shapes for each trial with one of the shapes resulting in a loss of 15p if the shape was chosen. 

Participants had to learn which shape the win and loss were likely to be associated with and use 

this information to guide their choice in order to maximise their monetary earnings. (B) Overall 

task structure. The task consisted of 3 blocks of 80 trials each (i.e., vertical, dashed, dark lines 

separate the blocks). The y-axis represents the probability, p, that an outcome (win in solid 

green or loss in dashed red) would show up with shape ‘A’ (the probability that it was associated 

with shape ‘B’ would be 1-p). The blocks differed in how volatile (changeable) the outcome 

probabilities were. Participants always started with the ‘both volatile’ block, in which both win 

and loss outcomes were volatile and then half of them first did the ‘win volatile’ block, in which 

only wins were volatile while losses fixed at 50% probability, and then the ‘loss volatile’ block, 

in which wins had a fixed 50% probability and losses were volatile. (C) General procedures. 

The participants were first invited for the pre-screened visit, during which the Structured 

Clinical Interview for DSM-5 (SCID-5) sections for mood disorders was completed. Within 4 

weeks of the pre-screen visit, the eligible participants were invited back for the testing session, 

during which they performed the information bias learning task and completed the 

questionnaires.    

 Pupillometry recordings 

The participants’ pupil responses when they performed the information bias learning task were 

recorded using an eye-tracking device. Participants’ heads were stabilised using a head-and-
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chin rest placed 70 cm from the screen on which an eye-tracking system was mounted (Eyelink 

1000 Plus; SR Research, Ottawa, Canada). The eye-tracking device was configured to record 

the coordinates of both of the eyes and pupil area at a rate of 500 Hz. The abstract shapes of the 

learning task were drawn on either side of a fixation cross which marked the middle of the 

screen and was offset by around 7˚ visual angle. 

2.2.2 Model-free behavioural data analysis 

 Task performance 

The model-free behavioural data were analysed using MATLAB (version R2018b; MathWorks, 

MA, USA) and SPSS (version 26.0; IBM, NY, USA). The percentages of wins chosen and 

losses not-chosen were calculated for each block. As proportion data, such as percentages, 

violate the assumptions of equality of variance required by most parametric tests, the percentage 

data were arcsine square-root transformed (Ahrens, Cox, and Budhwar 1990) before being 

submitted to statistical tests.   

We first examined whether the performance for each block was significantly above chance level 

(i.e., 50%). We then ran a 2 by 2 by 3 by 2 mixed ANOVA, with valence (win/loss) and block 

(“both volatile”/ “semi-volatile”, i.e., win and loss performances from the both-volatile block 

vs. win performances from the win-volatile block and loss performances from the loss-volatile 

block) as repeated measures, while group (current depression group/remitted depression group/ 

control group) and block order (“win volatile” block first or “loss volatile” block first) as 

between-subjects factors. Note that in the semi-volatile blocks, only the accuracy for the 

volatile outcome was entered into analyses as the stable outcome was equally associated with 

both shapes and thus there was no “correct” answer. Block order was added to control for the 

block order effect. 

 Positive-stay-negative-switch  

The switch probabilities after receiving a loss (negative outcomes for loss, Pswitch-loss), not 

receiving a win (negative outcomes for win, Pswitch-nowin), not receiving a loss (positive outcomes 

for loss, Pswitch-noloss), and receiving a win (positive outcome for win, Pswitch-win) for each block 

were calculated. We then calculated the differences between probabilities of switching after 

receiving a positive outcome and switch probabilities after receiving a negative outcome for 

win and loss respectively. The probabilities were first arcsine square root transformed to correct 

for the violation of equality of variance assumptions caused by percentage data (Ahrens, Cox, 
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and Budhwar 1990). We would refer the differences as the positive-stay-negative-switch (Ppsns) 

indexes in the following text, see Equation 7.  

𝑷𝑷𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑−𝒘𝒘𝒘𝒘𝒘𝒘 = 𝐬𝐬𝐬𝐬𝐬𝐬−𝟏𝟏 �𝑷𝑷𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔−𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏 − 𝐬𝐬𝐬𝐬𝐬𝐬−𝟏𝟏 �𝑷𝑷𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔−𝒘𝒘𝒘𝒘𝒘𝒘 

𝑷𝑷𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑−𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍 = 𝐬𝐬𝐬𝐬𝐬𝐬−𝟏𝟏 �𝑷𝑷𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔−𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍 − 𝐬𝐬𝐬𝐬𝐬𝐬−𝟏𝟏 �𝑷𝑷𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔−𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏𝒏 
 Equation 7 

The positive-stay-negative-switch indices effectively combine the two actions prompted by an 

outcome (i.e., switching choice after a negative outcome and staying after a positive outcome) 

and thus provide a general measure of a participant’s sensitivity to wins and losses. To illustrate, 

if a participant was particularly influenced by win outcomes, they would be more likely to 

switch following trials in which they do not receive a win and more likely to stay on trials in 

which they do receive a win and would thus have a high 𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑤𝑤𝑤𝑤𝑤𝑤.  

The positive-stay-negative-switch indexes were then submitted to a 2 by 2 by 3 by 2 mixed 

ANOVA, with valence (win/loss) and volatility level (“volatile”/“stable”, i.e.,  𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑤𝑤𝑤𝑤𝑛𝑛 from 

the win-volatile block and  𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 from the loss-volatile block, vs  𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑤𝑤𝑤𝑤𝑤𝑤 from the loss-

volatile block and  𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝−𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 from the win-volatile block; note that here we only included the 

Ppsns from the block 2&3 (i.e., the “win volatile” block and the “loss volatile” block), as the 

two blocks were matched in task difficulty and order balanced) as repeated measures, and group 

(current depression group/remitted depression group/ control group) and block order (“win 

volatile” block first or “loss volatile” block first) as between-subjects factors.. 

2.2.3 Computational modelling of behavioural data 

Volatility adaptation model: 

In this analysis, we adapted a RW model to reflect the task design. More specifically, we 

estimated baseline learning rates for win and loss outcomes for each participant, which were 

used when that outcome was stable (∝ 𝑤𝑤𝑤𝑤𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, ∝ 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠). In addition, we estimated the 

degree to which the participant adapted their learning rates between stable and volatile blocks 

as separate parameters (one for win and one for loss LR, ∝ 𝑤𝑤𝑤𝑤𝑤𝑤𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, ∝ 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎), with the 

learning rate used in volatile blocks being the sum of the stable and adapt LRs (see Table 1). 

This parameterisation provides a direct estimation of the baseline learning rate used by 

participants and the degree to which they adjust their learning rate in response to increased 

volatility. 

Table 1 Equations for the volatility adaptation model for the clinical study 

block valence Description equation 

Both Volatile win Win volatile learning rate 𝛼𝛼win(1)=𝛼𝛼winstable+𝛼𝛼winadpt 
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loss Loss volatile learning rate 𝛼𝛼loss(1)=𝛼𝛼lossstable+𝛼𝛼lossadpt 

Win Volatile 
win Win volatile learning rate 𝛼𝛼win(2)=𝛼𝛼winstable+𝛼𝛼winadpt 

loss Loss stable learning rate 𝛼𝛼loss(2)=𝛼𝛼lossstable 

Loss Volatile 
win Win stable learning rate 𝛼𝛼win(3)=𝛼𝛼winstable 

loss Loss volatile learning rate 𝛼𝛼loss(3)=𝛼𝛼lossstable+𝛼𝛼lossadpt 

 

𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕+𝟏𝟏  = 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 + 𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶(𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃) ∙ 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒕𝒕) 

𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕+𝟏𝟏  = 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 + 𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶(𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃) ∙ 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒕𝒕) 

 Equation 8 

   

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒕𝒕) = 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝒕𝒕 − 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 

𝑷𝑷𝑷𝑷𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝒕𝒕) = 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝒕𝒕 − 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 

 Equation 9 

   

 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝒕𝒕 = 𝟏𝟏
𝟏𝟏+𝒆𝒆𝒆𝒆𝒆𝒆 −(𝜷𝜷∙(𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕−𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕)) 

  
Equation 

10                                                                        

The expected values for win and loss for shape A (Vwin  values of shape B would be 1-

Vwin(shape A) and Vloss value would be 1-Vloss(shape A)) were updated trial by trial with the 

prediction errors, which is the discrepancy between the outcome received and the expected 

value for a trial (see Equation 9), for each trial and block-wise win and loss learning rates (see 

Table 1) respectively using a Rescorla-Wagner learning rule (Rescorla 1972)(Equation 8). The 

data from all 3 blocks (excluding the first 5 trials of each block) were used in the model fitting. 

The expected values for win and loss were reset to 0.5 at the beginning of each block. These 

expected values were then transformed into a single choice probability using a softmax function 

(Equation 10). The inverse temperature was shared across blocks for each participant, as the 

inverse temperate estimates did not show significant differences across blocks in the original 

paper (Pulcu and Browning 2017). 

Models were fitted using Stan (RStan v 2.21.1, R v 3.6.0), a software package that uses the 

Markov chain Monte Carlo method to sample from posterior distributions of parameters 

(Carpenter et al. 2017). 4 parallel Monte Carlo chains were run each with 10000 iterations (5000 

warm-ups), using adpt_delta of 0.8 and maximum treedepth of 15. The stable learning rate 

parameters and the learning rate adaptation terms were sampled from a zero-mean normal 

distribution with a standard deviation of 3. The stable learning rates were then transformed to 

the range 0-1 using logistic approximation (Bowling et al. 2009). The volatile learning rates 

were calculated by combining the stable learning rate estimates and volatility adaptation terms 
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(both zero-mean normal distributed), and then logistic transformed to the range 0-1. Therefore, 

theoretically, the volatile learning rates can be lower than the stable learning rates. Beta 

parameters were sampled from a zero-mean normal distribution with standard deviation 2 and 

then transformed using the exp function to a positive value. Convergence was inspected using 

shinyStan (v 2.5.0). No convergence problems were detected. We adopted a stringent cut-off 

of R-hat< 1.1 as an indicator for sufficient convergence (Brooks and Gelman 1998), and the 

minimum number of effective samples >50. Parameters were estimated separately for each 

participant with no hierarchical terms. 

The statistical tests for the learning rate parameters were performed in logit space and beta 

parameters performed in log space using SPSS (version 26.0; IBM, NY, USA). A 2 by 3 by 2 

mixed ANOVA, with valence (win/loss) as the repeated measure, and group (current depression 

group/remitted depression group/ control group) and block order (“win volatile” block first or 

“loss volatile” block first) as between-subjects factors were performed for the baseline learning 

rates and the volatility learning rate adaptations respectively. For any significant group 

interaction effect, we performed separate group one-way analysis of variance (ANOVA) and 

followed with post hoc Fisher Least Significant Difference tests. The beta estimates were 

submitted to a group one-way ANOVA. 

All correlation analysis in this section were performed using Spearman correlation. 

 

Other models: 

Two other models (the betas volatility adaptation model and the fixed learning model) were 

also estimated using RStan with the same procedures. 

The fixed learning model used only one learning rate and one beta for all the blocks. The model 

assumes that neither learning rates nor betas were affected by volatility manipulations.  

The betas volatility adaptation model assigned different betas for each block for wins and losses 

respectively but with the same learning rate for wins and losses for each block (see Table 3). 

The model assumes that volatility only affects how participants use win and loss information 

to make decisions but not learning rate per se. 

Table 2 Equations for the beta volatility adaptation model for the clinical study 

block valence Description equation 

Both Volatile 
win Win volatile beta 𝜷𝜷win(1)= 𝜷𝜷winstable+𝜷𝜷winadpt 

loss Loss volatile beta 𝜷𝜷loss(1)= 𝜷𝜷lossstable+𝜷𝜷lossadpt 

Win Volatile 
win Win volatile beta 𝜷𝜷win(2)= 𝜷𝜷winstable+𝜷𝜷winadpt 

loss Loss stable beta 𝜷𝜷loss(2)= 𝜷𝜷lossstable 

Loss Volatile 
win Win stable beta 𝜷𝜷win(3)= 𝜷𝜷winstable 

loss Loss volatile beta 𝜷𝜷loss(3)= 𝜷𝜷lossstable+𝜷𝜷lossadpt 
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𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕+𝟏𝟏  = 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 + 𝜶𝜶(𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃) ∙ 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒕𝒕) 

𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕+𝟏𝟏  = 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 + 𝜶𝜶(𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃) ∙ 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒕𝒕) 

 
Equation 

11 

   

𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷(𝒕𝒕) = 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝒕𝒕 − 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 

𝑷𝑷𝑷𝑷𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝒕𝒕) = 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝒕𝒕 − 𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕 

 
Equation 

12 

   

 𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝑷𝒕𝒕 = 𝟏𝟏
𝟏𝟏+𝒆𝒆𝒆𝒆𝒆𝒆 −(𝜷𝜷𝜷𝜷𝜷𝜷𝜷𝜷∙𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕−𝜷𝜷𝜷𝜷𝜷𝜷𝜷𝜷𝜷𝜷∗𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝑽𝒕𝒕) 

  
Equation 

13                                                                        

 

We then performed model comparisons using a leave-one-out cross-validation procedure using 

the LOO package for R (Vehtari, Gelman, and Gabry 2017). An expected log pointwise 

predictive density (ELPD) and a standard error for each ELPD estimate were generated for each 

model as a measure of predictive accuracy. 

                                                                                   Equation 15 

 

2.2.4 Pupillometry data analysis 

 Pre-processing 

Blinks were identified automatedly by the Eyelink system’s built-in filter and were then 

removed from the data. Missing data points (including blinks) were linearly interpolated. The 

resulting trace was subjected to a low pass Butterworth filter with a cut-off of 3.75 Hz and then 

z transformed across the session (Browning et al. 2015; Pulcu and Browning 2017). The pupil 

response to the win and the loss outcomes were extracted separately for each trial with the 

epoch from 1 s prior to the presentation of the outcome to 6 s after the outcome presentation. 

The pupil response was baseline corrected for each outcome presentation by subtracting the 

mean pupil size of a one second window preceding feedback. Individual trials were excluded 

from the pupillometry analysis if more than 50% of the data in the epoch had been interpolated 
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(Browning et al. 2015; Pulcu and Browning 2017). 4 participants were excluded from the 

pupillometry analysis as more than 60% of their trials were excluded on this basis. Another 3 

participants were excluded due to recording failure. The same number of trials (n=5) as in the 

model fitting (see the previous section 2.2.3) from each block were removed from the analysis 

to ensure consistency between the analyses and also to avoid any luminance changes that may 

be caused by starting a new block of the task. 

 Regression analysis of pupil data 

Trial by trial regression analysis was performed on the pre-processed pupillometry data 

combining all three blocks using the ordinary least square (OLS) method for data points during 

-1s to +6s relative to outcome delivery for win and loss outcomes respectively. Explanatory 

variables (EVs) of interest included (1) self-prediction errors (self-PE): prediction errors for the 

current event for the current trial (i.e., win prediction errors for win outcome window, and loss 

prediction error for the loss outcome window. The prediction errors were calculated using the 

best fitting learning rates derived from the computational model (see section 2.2.3 for more 

details)), (2) self-volatility level: the volatility level for the current block and the current 

outcome event (e.g., for the win outcome delivery: 1 for blocks when win outcomes were 

volatile, -1 for the block when win outcomes were stable), (3) self- volatility level* self-PE.  

We also added several control variables, including (4) other-prediction errors (other-PE) prior 

than the current event in the same trial (i.e., loss prediction errors for win outcome window, 

and win prediction error for the loss outcome window. For trials, when the other outcome was 

presented later than the current event, the value was set to 0 in the demeaned regressor for this 

trial) to control for the remaining effect of the other outcome on the current event; (5) self-

volatility level *other-PE to control for the remaining effect of the interactions of other outcome 

and volatility level on the current event; (6) order: whether the current outcome event was 

presented first in the current trials to control for the effect of the order of the outcome 

presentation within the current trial; (7) trial number: the current trial number in this block, to 

control for drifting in pupillometry data within the block, (8) a constant term. EVs (other than 

the constant term) were normalised for each participant before entering into the model. The two 

interaction regressors, i.e., EV(3) and EV(5) were calculated using normalised relevant EVs.  

Then the interaction regressors were also normalised before entering into the regression model.  

To investigate the modulation of EVs of interests on pupil dilations, the cluster-based 

nonparametric tests (one sample against zero) to control for multiple comparisons were 

performed for each group on the parameters estimates (Maris and Oostenveld 2007). For EVs 

of interests showing significant modulation effects, we then follow up with one-way group 
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ANOVAs on the means of the beta estimates 0-6s since outcome delivery, followed with post 

hoc Fisher Least Significant Difference tests.  

2.3 Results 

2.3.1 Demographic details of the participants 

In total 123 participants were recruited to this study, 41 for each group. 3 participants in total 

were excluded (2 from the currently depressed group, 1 from the remitted depression group) 

because they chose the same shape for all the trials in one of the 3 blocks. Below is a summary 

of the demographic details of the participants included in the analysis (Table 3). 

Table 3 Demographic details of the participants 

variables 

Currently 

Depression  

(n=39) 

Remitted 

depression  

(n=40) 

Healthy 

control 

(n=41) 

p-value 

for group 

differenc

e 

Demographic information: 

Female, n(%)  31(79.49%) 34(85.00%) 28(68.29%) 0.1851 

Age(yrs), mean(SD) 32.28(11.38) 30.63(11.45) 31.95(11.40) 0.7912 

YoE, mean(SD) 16.26(3.02) 17.56(2.82)  17.36(3.50) 0.1512 

Questionnaires:     

QIDS, mean(SD) 12.92(4.52) 3.98(2.39) 2.54(2.30) <0.0012 

State-STAI, 

mean(SD) 
54.51(9.56) 33.48(7.52) 28.34(7.47) <0.0012 

Trait-STAI, 

mean(SD) 
62.08(9.81) 39.33(9.52) 29.02(6.64) <0.0012 

SHAPS, mean(SD) 38.49(5.04) 48.93(4.60) 48.88(6.99) <0.0012 

DAQ, mean(SD) 37.77(12.17) 15.93(9.46) 6.88(5.67) <0.0012 

RRS, mean(SD) 62.21(11.46) 45.70(13.80) 31.61(9.00) <0.0012 

Note: 1p-values were estimated for group differences using a chi-square test. 2p-values were 

estimated for group differences using one-way ANOVA. n: number of participants included in 

the analysis in this chapter. YoE: Years of Education. QIDS: the Quick Inventory of Depressive 

Symptoms. State-STAI: state anxiety from the Spielberger State-Trait Anxiety Inventory. Trait-

STAI: trait anxiety from the Spielberger State-Trait Anxiety Inventory. SHAPS: the Snaith–

Hamilton Pleasure Scale. RRS: the Ruminative Response Scale. SD: standard deviation. 
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2.3.2 Group differences in task performance 

 Maladaptive learning under uncertainty in depression 

We first examined task performance in terms of the percentage of trials in which participants 

received the win and loss outcomes. As expected, across all three groups, participants’ 

accuracies during volatile schedules were significantly above chance level (50%) both for wins 

(both volatile block: t(120)=13.03, p<.001, win volatile block: t(120)=14.44, p<.001) and losses 

(both volatile block: t(120)=10.46.03, p<.001, loss volatile block: t(120)=14.05, p<.001). While 

accuracies for the stable schedules, which were not learnable by design, were slightly below 

chance level both for wins (t(120)=-8.93, p<.001) and losses (t(120)=-6.05, p<.001) (See Figure 

2.2). 

We then ran a mixed ANOVA to compare participants’ performance between the two volatile 

blocks (i.e., percentages of win chosen from the both-volatile block and the win-volatile block, 

and percentage of loss not chosen from the both-volatile block and the win-volatile block). The 

analysis revealed a main effect of valence (F(1,114)=10.833, p=.001, ηp
2=.087), indicating that 

the participants overall made more correct choices for wins than losses. The results also showed 

a marginally significant main effect of group (F(2,114)=3.08, p=.050, ηp
2=.051) and a 

significant interaction of block and group (F(2,114)=4.78, p=.012, ηp
2=.073). To further 

investigate this, we performed one-way ANOVAs for group effects on the participants’ 

performance for each block and for wins and losses respectively. The groups did not 

significantly differ in the win or loss accuracies for the both-volatile blocks (both p>.53). The 

analysis revealed significant group effect for loss accuracy for the loss-volatile block 

(F(2,117)=3.51, p=.033, η2=.057) and a marginally significant group effect for win accuracy 

for the win-volatile block (F(2,117)=2.87, p=.061, η2=.047). Post-hoc analyses revealed that 

the currently depressed group had lower performances compared to the healthy control group 

for both losses (p=.013) and wins (p=.018), and marginally lower performances than the 

remitted depressed group for the loss outcomes (p=.051).  

The mixed ANOVAs also revealed a main effect of block (F(1,114)=27.79, p<.001, ηp
2=.196), 

indicating lower performances for the first block (the both-volatile block) for both wins and 

losses (See Figure 2.2). This lower performance might be because the participants were new to 

the task or this block was relatively more difficult with both wins and losses being volatile. In 

the following section, we examine the differential performance between groups in the semi-

volatile blocks in terms of participants’ tendency to switch choices. 



34 

 

 
Figure 2.2 Summary of task performance for the depression, remitted depression and 

healthy control group.  

(A) percentage of trials in which the participants’ choices ended up with a win for each of the 

three task blocks. (B) percentage of trials in which the participant’s choices did not end up with 

a loss for each of the three task blocks. 

Error bars represent ±1 standard error of the mean. * p<0.05 for the post-hoc t-tests. 

 Positive-stay and negative-switch behaviours 

As described in Chapter 1, agents’ behaviour should be more influenced by outcomes from 

volatile than stable association, i.e., when associations are volatile, behaviour that had led to 

positive outcomes should be more likely to be repeated whereas negative outcomes should be 

more likely to lead to switches in behaviour. As described in the Methods section we 

constructed the positive-stay, negative-switch (Ppsns) index to measure this behaviour. 

Analysis of the Ppsns index revealed a significant main effect of volatility (F(1,114)=88.90, 

p<.001, ηp
2=.438), indicating that, as predicted, participants were more influenced by outcomes 

of volatile than stable associations.  

This analysis also revealed a significant main effect of valence (F(1,114)=22.90, p<.001, 

ηp
2=.167) and a marginally significant valence by group interaction (F(2,114)=3.06, p=.050, 

ηp
2=.051). Post-hoc analysis revealed that while overall participants were more sensitive to win 

than loss outcomes, the currently depressed group were even less sensitive to the loss outcomes 

compared to the healthy control group (p=.038) and the remitted depressed group (p=.024) (see 

Figure 2.3).  
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Figure 2.3 positive stay negative switch behaviour between volatile and stable 

environments. 

(A) win Ppsns for the win-volatile block (in which win was volatile) for each group. (B) win 

Ppsns for the loss-volatile block (in which win was stable) for each group. (C) loss Ppsns for 

the loss-volatile block (in which loss was volatile) for each group. (D) loss Ppsns for the win-

volatile block (in which loss was stable) for each group.  

Error bars represent ±1 standard error of the mean. * p<0.05 for the post-hoc t-tests 

 

The results also showed a marginally significant valence * volatility * group interaction 

(F(2,114)=2.90, p=0.059, ηp
2=.048), suggesting that the three groups showed different patterns 

of volatility behaviour adaptation to win and loss. To further investigate the volatility effect, 

we performed one-way ANOVAs on the Ppsns index differences between the volatile 

environment and stable environment for win and loss respectively. However, neither the one-

way ANOVA results for win (p=.149) or loss (p=.136) reached statistical significance (see 

Figure 2.4).  Post-hoc analysis showed a trend effect with the currently depressed group 

showing a greater difference in outcome sensitivity in response to volatility than the remitted 

depression group for wins (p=.077), and the currently depressed group showing reduced 

difference in outcome sensitivity than the healthy control group for losses (p=.054). Together, 

the results suggest that the currently depressed group might show differential behavioural 

adjustments to volatility for both win and loss outcomes.  

 
Figure 2.4 Differences of positive stay negative switch behaviour between volatile and 

stable environments. 
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(A) Difference of win Ppsns between the win-volatile block (win volatile) and the loss volatile 

(win stable) block. (B) Difference of loss Ppsns between the loss-volatile block (loss volatile) 

and the win volatile (loss stable) block.  

Error bars represent ±1 standard error of the mean. 

 Summary 

We showed that the currently depressed group performed worse than the other two groups, 

particularly when one information was relatively more volatile (informative) than the other.  

This was accompanied by reduced sensitivity to loss outcomes, indicated by Ppsns-loss, and 

reduced behaviour adjustment to loss volatility. However, the group effects identified are 

clearly not robust making it difficult to draw firm conclusions on the nature of this effect. In 

the following section (i.e., section 2.3.3), we examine this effect using a formal computational 

model. 

2.3.3 Volatility adaptation model results 

 Stable learning rates 

The mixed ANOVA for the stable (baseline) learning rates showed only a marginally 

significant main effect of valence (F(1,114)=2.90, p=.091, ηp
2=.025). Neither the main effect 

of group nor the valence * group interaction was statistically significant (both p>.20) (see 

Figure 2.5). 

 
Figure 2.5 Baseline Learning rates estimates.  

(A) win learning rates for the loss-volatile block (in which win was stable). (B) loss learning 

rates for the win-volatile block (in which loss was stable). 

Error bars represent ±1 standard error of the mean.  
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 Learning rate adaptation to volatility 

The mixed ANOVA for the volatility learning rate adaptation estimates showed a significant 

main effect of valence (F(1,114)=4.92, p=.029, ηp
2=.041), showing in general a higher volatility 

learning rate adaptation for win than for loss (See Figure 2.6). 

The analysis also revealed a significant group * valence interaction (F(2,114)=3.71, p=.049, 

ηp
2=.052). Follow up one way ANOVA for win and loss learning rate adaptation estimates 

respectively showed a significant group effect for loss (F(2,117)=3.91, p=.023, η2=.063), but 

not for win (p=.524). Post-hoc analysis revealed that the current depression group had lower 

loss adaptation compared to the healthy control group (p=0.011) and the remitted depressed 

group (p=0.027) (See Figure 2.6). 

We also examined whether our model estimates reflected the Ppsns volatility adaptations 

described in the earlier section. Correlation analysis confirmed that the win and loss learning 

rate adaptation estimates positively correlated with Ppsns-win (Pearson r(120)=.60, p<.001) 

and Ppsns-loss (Pearson r(120)=.47, p<.001) volatile vs. stable differences respectively. 

 

 
Figure 2.6 learning rate adjustments to the volatile blocks relative to the stable blocks for 

win and loss respectively.  

(A) win learning rate adjustments to volatility (showing in logit space). (B) loss learning rate 

adjustments to volatility (showing in logit space). 

Error bars represent ±1 standard error of the mean. * p<0.05 for the post-hoc t-tests. 

 Betas 

The one-way ANOVA for beta estimates showed no significant group differences (p=.543). 

(See Figure 2.7). 



38 

 

 
Figure 2.7 beta estimates for each group showing in log space. 

Error bars represent ±1 standard error of the mean.  

 

 Correlations with symptom scores 

We then checked whether the model estimates correlated with individual differences across the 

three groups. Consistent with the group effect we showed in the previous section, the Spearman 

correlation analysis confirmed significant negative correlations between loss learning rate 

volatility adaptation and depression/ anxiety symptoms (see Figure 2.8): with QIDs 

(r(120)=-.196, p=.032), state anxiety (r(120)=-.202, p=0.027), trait anxiety (r(120)=-.179, 

p=.051), hedonia/SHAPS (r(120)=.193, p=.035), DAQ (r(120)=-.234, p=.010), RRS 

(r(120)=-.179, p=.051). But the correlation between betas/base learning rates and 

depression/anxiety symptoms were not statistically significant (all p>.09). Neither did we find 

any statistically significant correlation between Ppsns indexes and depression/anxiety 

symptoms (all p>.07). 

However, as the study was designed to find group differences, the correlation effects we showed 

here could be dominated by the group differences. Therefore, we examined the relationships 

between the loss learning rate volatility adaptation term and the questionnaires using a 

univariate ANCOVA model with the loss learning rate adaptation estimates as the dependent 

variable, group and order as fixed factors and all the questionnaire as covariates. None of the 

correlations remained significant (p>.075). 
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Figure 2.8 Loss learning rate adaptation correlated with depression and anxiety scores.  

Loss learning rate adaptations correlated with (A) QIDs, the Quick Inventory of Depressive 

Symptoms (B) state anxiety from the Spielberger State-Trait Anxiety Inventory (C) trait anxiety 

from the Spielberger State-Trait Anxiety Inventory (D) RRS, the Ruminative Response Scale 

(E) DAQ, the Depressive Attributions Questionnaire (F) SHAPS, the Snaith–Hamilton Pleasure 

Scale. 

* p<0.05, ** p<0.01, *** p<0.001 

 

 Model comparisons 

The learning rate volatility adaptation model had highest predictive accuracy (ELPD=, 10368.7, 

SE=51.8) compared to the beta volatility adaptation model (ELPD=-10852.6, SE=68.3), and 

the fixed learning model (ELPD=-11730.4, SE=53.8), suggesting that the hypothesis that using 

different learning rates across blocks captured participants behaviors better than other 

parameters. 

 

 Summary 

The model results confirmed that the currently depressed group failed to adjust their learning 

rates for volatile environments, especially for losses. In the next section, we examine whether 

this is mirrored by a change in the degree to which volatility influences pupil responses to losses 

in this group. 
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2.3.4 Group differences in pupil responses during task 

Next, we examined how pupil dilation responded to prediction errors (PE) derived from the 

model and whether volatility and group affected the pupil dilation effect during the task. As 

expected, the OLS analysis revealed a strong modulation of prediction errors on pupil dilations 

for both win and loss outcomes for all three groups (see Figure 2.9).  

 
Figure 2.9 Regression analysis showing the temporal dynamics of prediction error 

prediction errors on pupil dilations.  

The coloured solid line and shadow indicate the means ± s.e.m. calculated for each group. The 

coloured thick lines paralleling the x-axis indicate time windows in which coefficients were 

significantly different from zero after cluster-based multiple comparison correction (cluster 

definition threshold P = 0.05) for each group respectively. Time zero corresponds to the onset 

of outcome delivery.  

 

Next, we examined whether volatility modulated the prediction error effects on pupil dilations. 

We found a positive volatility * PE interaction effect on pupil dilation for loss outcomes, i.e., 

volatility increased the modulation of PE on pupil dilations. However, only the healthy control 

group and the remitted depression group passed cluster-based multiple comparison correction, 

but not the currently depressed group (see Figure 2.10 B). To examine the group effect, we ran 
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one-way ANOVAs for the average coefficients (mean across 0-6s after outcome presentation) 

for the volatility *PE interaction. The results confirmed a significant group effect for the 

coefficients for loss PE and volatility interactions (F(2,110)=3.34, p=.039, η2=.057), with lower 

coefficients for the currently depressed group than the remitted depressed group (p=.015) and 

the healthy control group (p=.084) (see Figure 2.10 D), but not for wins (p=.223). We also 

found a marginally significant positive (Pearson) correlation between the beta estimates of the 

volatility*PE interaction effect and loss learning rate adaption estimates (r(113)=.183, p=.052) 

(See Figure 2.10 F), but again not for the wins (r(113)=-.086) (See Figure 2.10 E).  

To examine the possibility that the pupillometry finding was driven by the model estimates (i.e., 

the PEs used in the pupillometry analyses were calculated using the computational models fitted 

to participant choices), we also ran the same analysis with objective outcome results instead of 

model-derived win/loss prediction errors (i.e., whether receiving a win/a loss or not for each 

trial replaced the PE term). The analysis confirmed a strong modulation of outcomes on pupil 

dilations for both win and loss outcomes for all three groups and showed a qualitatively similar 

trend main effect of group for volatility and outcomes interaction (p=.097), with the currently 

depressed group showing lower modulation of volatility * outcomes compared to the remitted 

depressed group (p=.069) and the healthy control group (p=.088).  

We also run the same trial by trial regression analysis for outcomes received instead of the PEs. 

The results were similar but slightly less significant.  

 
Figure 2.10 Regression analysis showing volatility by prediction error on pupil dilations.  

(A) The coefficients estimated for win prediction error and win volatility interaction on pupil 

dilations. (B) The coefficients estimated for loss prediction error and loss volatility interaction 

on pupil dilations. The coloured solid line and shadow indicate the means ± s.e.m. calculated 

for each group. The coloured thick lines paralleling the x-axis indicate time windows in which 
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coefficients were significantly different from zero after cluster-based multiple comparison 

correction (cluster definition threshold P = 0.05) for each group respectively. Time zero 

corresponds to the onset of outcome delivery.  

(C) Bars represent average coefficients for win prediction errors and win volatility interaction 

(mean across 0-6s after the onset of outcome delivery) for each group. (D) Bars represent 

average coefficients for loss prediction errors and loss volatility interaction (mean across 0-6s 

after the onset of outcome delivery) for each group. Error bars represent ±1 standard error of 

the mean. * p<0.05 for post-hoc t-tests. 

(E) Scatter plots for correlations between the win learning rate adaptation estimates from the 

computational model and the average coefficients for win PE and win volatility interaction. (F) 

Scatter plots for correlations between the loss learning rate adaptation estimates from the 

computational model and the average coefficients for loss PE and loss volatility interaction. 

2.4 Discussion 
In this chapter, we investigated the cognitive characteristics of information processing in 

currently depressed patients compared to remitted depressed patients and healthy controls using 

a learning and decision-making paradigm in which participants had to track the associations 

between stimuli and both reward and punishment outcomes in a changing environment. We 

first showed that, across all participants, task performance and choice patterns were strongly 

modulated by volatility. However, depressed patients had worse overall performance than the 

other two groups. We then examined how participants’ choices were influenced by the most 

recent outcomes, i.e., the positive-stay and negative-switch behaviour indexes (Ppsns). Overall 

volatility increased the Ppsns for both win and loss across all participants. There was a 

marginally significant group difference for the volatility adaptation of the loss Ppsns but not 

for the win Ppsns. More specifically, the volatility adaptation of Ppsns was marginally less for 

the currently depressed group compared to the other two groups specifically to loss outcomes. 

We then fitted a volatility adaptation model to formalize the learning rate adjustments to the 

volatility. The model results confirmed that the currently depressed group had a lower 

adjustment in learning rates to the volatility of the environment, particularly for losses. Finally, 

we also showed the same effect with the pupil data, which revealed a group difference in how 

loss volatility modulated pupil responses to loss prediction error. Together, the results suggest 

that the currently depressed group had more difficulty in adjusting their learning to 

accommodate the volatility level of the environment for punishment but not reward. 

The currently depressed group showed lower loss accuracies in the loss-volatile block 

compared to the other two groups. The computational model suggested a mechanism for this 

performance deficit-- that the depressed group had difficulty in adjusting learning rates to the 
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volatility of associations, particularly loss associations. This finding is consistent with a 

previous study, in which Browning et al. showed reduced learning rate adaptation in anxious 

participants during a punishment learning task (Browning et al. 2015). Recent studies have 

observed similar effects, with reduced loss learning rate adjustments in participants with high 

social anxiety (Beltzer et al. 2019) or when under acute stress (Hein et al. 2019). In a previous 

study with the exact same task design, Pulcu et. al (Pulcu and Browning 2017) also found that 

in healthy cohorts reduced learning rate adaptation to losses rather to wins was associated with 

trait anxiety. Our study extends this work to a clinically depressed population. Moreover, we 

also examined the effect between the currently depressed and the remitted depressed group. the 

results suggested that the reduced ability to adjust learning to loss volatility might be a state 

dependent effect of depression rather than a trait effect which persists between depressive 

episodes.  Interestingly, in a recent paper, Gagne et al. showed decreased learning rate 

adaptation to both reward and punishment were associated with high scores on general factors 

across many depression and anxiety measures, but not to the depression-specific or the anxiety-

specific factors (Gagne et al. 2020). In our study, we found similar results but only for the 

punishment learning, not the reward learning. An important difference between the two studies 

is that in the Gagne study they showed the correlations with the general factor, which was 

derived using a factor analysis on various questionnaires, while we focused on the group 

differences amongst clinically diagnosed groups. Another key difference between the two 

studies is that, in the Gagne study, reward learning and punishment learning was assessed in 

separate tasks, while in our study participants were required to learn about the two associations 

simultaneously and figured out by themselves which information was more informative to learn 

within a block. Therefore, it could be that when presented with both sources of information, the 

punishment learning problem in depressed participants becomes more apparent. In other words, 

there might be some interaction between valence and different sources of volatility, e.g., 

adjusting from win stable to win volatile might be reduced when loss is volatile. However, in 

the current study task we did not include a block in which both wins and losses were stable, 

and thus we could not examine the valence*volatility interaction effect and directly test this 

possibility. 

In addition to the group effect on behaviour, we found that a decreased effect of volatility on 

pupil responses to prediction error during loss outcome delivery was associated with a reduced 

learning rate adaption to volatility, which is consistent with previous studies (Browning et al. 

2015; Pulcu and Browning 2017). Importantly, we also found a diminished volatility effect on 

pupil responses to loss prediction error in the currently depressed group compared to the 

remitted depression and healthy control groups. This suggests that a disturbance of the 

norepinephrine system, or perhaps the upstream mechanism that estimates volatility before 

broadcasting it via the NE system, might be a candidate underlying mechanism for 
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impoverished learning rate adaption in currently depressed patients. However, pupil dilation 

might also be modulated by other factors than norepinephrine activity. Pharmacological studies, 

which manipulate central norepinephrine activity would be particularly useful to examine the 

causal effect of norepinephrine on learning adaptation to environmental volatility. We examine 

this further in Chapter 0. 

There are a number of limitations to the current study. First, in the current design, the stable 

schedule was set at a fixed probability of 50%. Although the probability didn’t change over a 

block, it is also unlearnable. Therefore, low learning rates could be because the schedule is 

stable and recent events are not informative, but it could also be because the outcomes were 

random and therefore not informative (i.e., expected uncertainty was high when unexpected 

uncertainty was low). This issue can be addressed by using stable periods in which the 

probability is not set at 50% (i.e., so unexpected uncertainty remains low but expected 

uncertainty is not raised). We describe a modification of the bias learning task that uses such a 

schedule, and that includes a both stable block in Chapters 3. Second, although we found some 

evidence that the loss learning rate adaption estimates from the computational model were 

associated with some symptoms of depression, the current study was designed to look at group 

difference and is not well suited to answer questions of symptom correlation. To address the 

above-mentioned limitations, we conducted a second study which we will discuss in detailed 

in the next Chapter. 

In conclusion, we found evidence that currently depressed patients, relative to both previously 

and never depressed groups, show reduced adjustment of loss learning rates during a mixed 

reward/loss learning paradigm. This suggests that the difficulty in adjusting learning rates to 

the volatility of negative outcomes is a state rather than trait dependent facet of depression.  
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3 NEURAL MECHANISMS 
UNDERLYING INFORMATION 
LEARNING BIAS IN 
DEPRESSION 

3.1 Introduction 
The ability to flexibly adjust learning according to the volatility of the environment is important 

if one hopes to learn efficiently. Studies have shown that healthy human participants can adjust 

their learning rates optimally depending on the level of volatility of the environment (Behrens 

et al. 2007; Behrens et al. 2008; Pulcu and Browning 2017). On the other hand, failing to adapt 

learning to volatile environments might lead to emotional distress (De Berker et al. 2016). A 

recent study showed that momentary happiness was modulated by prediction errors, and 

crucially, people with higher depressive symptoms reported feeling less happy during a volatile 

environment but not a stable environment (Blain and Rutledge 2020). Together, these studies 

suggest that impaired learning under volatile environments might be associated with depression. 

Reduced punishment/loss learning rate adaptation between stable and volatile environments 

has been associated with high trait or social anxiety (Browning et al. 2015; Beltzer et al. 2019; 

Pulcu and Browning 2017). In Chapter 2, we examined this hypothesis in a clinically depressed 

population, and found that currently depressed patients, relative to both previously and never 

depressed groups, showed impaired ability to adjust learning rates to the volatility of negative 

outcomes. However, the neural processes underlying this effect are not clear, nor is it clear 

whether difficulty in adapting learning to outcome volatility is associated with individual 

differences in depression symptoms in a subclinical cohort (as opposed to clinical status).  

Previous human and animal studies have highlighted the role of the medial prefrontal cortex 

(mPFC), including the anterior cingulate cortex (ACC), the orbital frontal cortex (OFC) and the 

ventral medial prefrontal cortex (vmPFC), in flexible learning and decision making to rewards 

(Behrens et al. 2007; Behrens et al. 2008; Massi, Donahue, and Lee 2018; Findling et al. 2019). 

More specifically, elevated activation of the ACC when learning in volatile environments has 

been reported both in human and primate studies (Meder et al. 2017; Behrens et al. 2008; Massi, 
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Donahue, and Lee 2018). Critically, in a recent study, Massi et. al, recorded single-neuron 

activity from the PFC in primates while the animals performed a probabilistic reversal learning 

task under volatile and stable environments. They showed that volatility enhanced the neural 

representations of recent outcomes in the PFC, including OFC and ACC (Massi, Donahue, and 

Lee 2018). These results suggested that volatility modulated the outcome signals represented 

in the brain, particularly in the mPFC. 

Importantly, a rich body of research suggests that the structural and functional abnormalities in 

the mPFC play a crucial role in the etiology of depression (Keedwell et al. 2005; Biselli et al. 

2021). A recent study showed that value signals in the vmPFC were lower in depressive patients 

with suicidal ideation or attempts compared to healthy controls in a volatile reward 

reinforcement learning task (Brown et al. 2020). However, it is not clear whether the mPFC is 

involved in learning adaptations to loss volatility, and if so, whether this effect is associated 

with depression.   

To examine whether learning rate adaptation to changes in volatility is associated with 

individual differences in depression and study the underlying neuronal mechanism, we 

recruited a group of participants with a spectrum of depression symptoms. Participants 

performed an adapted version of the information bias learning task used in the Chapter 2. At 

the same time, blood oxygenation level dependent (BOLD) signal was acquired using 

functional magnetic resonance imaging (fMRI) while participants performed the task.  

We hypothesized that participants with higher depression scores would have more difficulty in 

adapting to loss volatility, and that this might be accompanied by aberrant modulation of 

volatility on outcome signals represented in the brain, particularly for the mPFC. 

3.2 Methods 

3.2.1 Experiment task and participants 

 Participants 

We recruited 30 healthy participants (14 females) with a range of depression symptoms to this 

study. One participant was excluded from all analyses because he chose the same shape for all 

the trials in one of the blocks. 

Participants were asked to complete a version of the 16 items self-report version of the Quick 

Inventory of Depressive Symptoms (QIDS) online, which measures symptoms of depression 

(Rush et al. 2003). We then invited participants with a range of QIDS scores to participate in 

the fMRI session (i.e., by selecting a roughly equal number of participants with scores 1-5, 6-

10, 11-15). Participants were also selected to ensure that age and gender did not confound the 
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QIDS score (i.e., selection ensured lack of significant relationship between QIDS scores and 

either age or gender). 

During the fMRI session, participants were asked to complete the QIDS again as well as three 

other questionnaires; (1) the Ruminative Response Scale, which measures rumination in 

response to depressive mood (RRS) (Nolen-Hoeksema and Morrow 1991), (2) the Spielberger 

State-Trait Anxiety Inventory (STAI), which measures state and trait anxiety (Spielberger 

1983), (3) The Temporal Experience of Pleasure Scale (TEPS), which measures individual trait 

dispositions in anticipatory and consummatory experiences of pleasure (Gard et al. 2006). 

These questionnaires measure different aspects of depressive experience but are generally 

highly correlated with each other and with the QIDS. To account for this, we additionally ran a 

factor analysis to derive an overall quantification of negative symptoms, using the four total 

questionnaire scores taken on the scan day. 

 The information bias learning task 

The learning task used in this study was based on that described in Chapter 2, with a few 

important changes made to allow us to investigate how volatility adaptation differs as a function 

of the other-volatility levels as well as allowing us to differentiate between expected and 

unexpected uncertainty (i.e. the effect of win volatility on loss learning and vice versa, for more 

details see the discussion section (2.4) in the previous chapter).  

The first change made was that the “stable” schedule of the task was not fixed at 50% anymore, 

but had a probability change somewhere in the middle of the block either from 15% to 85% or 

from 80% to 20%. This change was made to reduce the difference in expected uncertainty 

between the volatile and stable schedules.  Second, we included a both stable block (i.e. in 

which both win and loss outcomes were relatively stable). This resulted in 4 different block 

types in this version of task (see Figure 3.1A): (1) a “both volatile” block, in which both win 

and loss outcomes were volatile, with associations between the outcomes and the stimuli 

switching frequently between 15 and 85%, (2) a “win volatile” block, in which the association 

with win outcomes was “volatile”, whereas the association with loss outcomes had a single 

probability change between 80% and 20%. (3) a “loss volatile” block, in which the loss 

outcomes were volatile and win outcomes stable, (4) a “both stable” block, in which both win 

and loss outcomes were stable. Linked to this change, the order of the blocks was randomised 

across participants (i.e., rather than always starting with the both-volatile block). As can be seen, 

this allows us to test the valence*self-volatility*other-volatility effect in our analysis. 

We made some further changes to the task so that it was suitable for fMRI data analysis. As 

before, the choice phase was self-paced. Following this choice, a black frame would appear 

around the shape that was chosen. The choice phase was limited to between 1s and 5s. If a 
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participant responded before 1 second, the black frame appeared 1 second after the onset of the 

choice phase. If a participant did not respond within 5 seconds, a random choice was made for 

the participant for this trial. Participants were informed that the money won or lost from the 

random choice would be included in the final payment. The chosen option was marked with a 

black frame for a jittered interval of 1-5 (mean 3) seconds. The win and loss outcomes were 

shown at the same time for each trial for a fixed duration of 3 seconds. Finally, the trials were 

separated with a jittered interval of 1–6 (mean 3.5) seconds (see Figure 3.1B). There were no 

auditory cues played for this version of the task. 

 
Figure 3.1 Task design 

(A) Timeline of one trial from the information bias learning task. (B) Overall task 

structure. The task consisted of 4 blocks of 80 trials. The y-axis represents the probability, 

p, that an outcome (win in green or loss in red) would be associated with shape ‘A’ (1-p 

for shape ‘B’). The blocks differed in how volatile (changeable) the outcome probabilities 

were. Block order was counterbalanced across participants. 

 

All participants first completed a training version of the both-volatile block (120 trials) with the 

same timing design as the fMRI task to families them with the task before entering the scanner. 

They then performed the 4 different blocks (80 trials each) of the task in the MRI scanner with 

rest-sessions in between. The block order was counterbalanced across participants. 
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3.2.2 Behavioral data analysis and computational modelling 

3.2.2.1.1 Task performance 

The model-free behavioural data were analysed using MATLAB (version R2018b; MathWorks, 

MA, USA) and SPSS (version 26.0; IBM, NY, USA). The percentages of wins chosen and 

losses not-chosen were calculated for each block. As proportion data, such as percentages, 

violate the assumptions of equality of variance required by most parametric tests, the percentage 

data were arcsine square-root transformed before being submitted to statistical tests.   

We first examined whether the performance for each block was significantly above chance level 

(i.e., 50%). We then ran a 2*2*2 Repeated measures ANOVA, with valence (win/loss), self-

volatility (“self-volatile”/“self-stable”, e.g. for win, the both volatile and the win-volatile block 

were self(win)-volatile, whereas the loss-volatile block and the both-stable block were 

self(win)-stable.), and other-volatility (“other volatile”/“other-stable”, e.g. for win, the both 

volatile and the loss-volatile block were other(loss)-volatile, whereas the win-volatile block and 

the both-stable block were other(loss)-stable.) as repeated measures. 

3.2.2.1.2 Positive-stay-negative-switch  

As described in the previous chapter, switch probabilities after receiving a loss (negative 

outcomes for loss, Pswitch-loss), not receiving a win (negative outcomes for win, Pswitch-nowin), not 

receiving a loss (positive outcomes for loss, Pswitch-noloss), and receiving a win (positive outcome 

for win, Pswitch-win) for each block were calculated. The positive-stay-negative-switch (Ppsns) 

indexes were calculated by subtracting probabilities of switching after receiving a positive 

outcome from switch probabilities after receiving a negative outcome (acrsin square root 

transformed) for win and loss respectively, see 2.2.2.2 for more details.  

The positive-stay-negative-switch indexes were then submitted to a 2*2*2 Repeated measures 

ANOVA, with valence (win/loss), self-volatility (“self-volatile”/“self-stable”, i.e. the win 

volatility for win outcomes and loss volatility for loss outcomes), and other-volatility (“other 

volatile”/“other-stable”, i.e the win volatility for losses and vice versa)  as repeated measures.  

 Computational models 

Volatility adaptation model: 

We developed the volatility adaptation model described in Chapter 2 (see 2.2.3 in page 27) 

slightly to better capture the new block design of the fMRI study. Specifically, in order to 

capture the effect of the other volatility on learning rates, we fitted separate stable and volatile 

adaptation learning rates for trials in which the other outcome was volatile vs. stable (see Table 

4). 
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Table 4 Equations for the volatility adaptation model for the fMRI study 

block valence Description equation 

Both Volatile 
win Win volatile learning rate 𝛼𝛼win(1)=𝛼𝛼winstable2+𝛼𝛼winadpt2 

loss Loss volatile learning rate 𝛼𝛼loss(1)=𝛼𝛼lossstable2+𝛼𝛼lossadpt2 

Win Volatile 
win Win volatile learning rate 𝛼𝛼win(2)=𝛼𝛼winstable1+𝛼𝛼winadpt1 

loss Loss stable learning rate 𝛼𝛼loss(2)=𝛼𝛼lossstable2 

Loss Volatile 
win Win stable learning rate 𝛼𝛼win(3)=𝛼𝛼winstable2 

loss Loss volatile learning rate 𝛼𝛼loss(3)=𝛼𝛼lossstable1+𝛼𝛼lossadpt1 

Both Stable 
win Win stable learning rate 𝛼𝛼win(4)=𝛼𝛼winstable1 

loss Loss stable learning rate 𝛼𝛼loss(4)=𝛼𝛼lossstable1 

Note: Stable 1 refers to stable parameters when other-volatility was stable; Stable 2 refers to 

stable parameters when other-volatility was volatile; adpt1 refer to adaptation terms when 

other-volatility was stable; adpt2 refer to adaptation terms when other-volatility was volatile;  

 

Equation 16 : 

𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝒕𝒕+𝟏𝟏  = 𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝒕𝒕 + 𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶(𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃) ∙ (𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝒕𝒕 − 𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝒕𝒕)                                           

Equation 17 : 

𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝒕𝒕+𝟏𝟏  = 𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝒕𝒕 + 𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶𝜶(𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃𝒃) ∙ (𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝒕𝒕 − 𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝑸𝒕𝒕)                                          

Equation 18 :                 

𝑃𝑃𝑃𝑃ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑡𝑡 = 1
1+𝑒𝑒𝑒𝑒𝑒𝑒 −(𝛽𝛽(𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏)∙(𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑡𝑡−𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑡𝑡) 

                                                                                              

The Expected values for win and loss were updated trial by trial with block-wise win and loss 

learning rate respectively using a Rescorla-Wagner learning rule(Rescorla 1972)(Equation 16, 

Equation 17).  The Q value was set to 0.5 at the beginning of each block. These Expected values 

were then transformed into a single choice probability using a soft max function (Equation 18). 

Because the task difficulties for each block were very different in this version of the task, 

particularly between the “both volatile” block and the “both stable” block, we would expect the 

inverse temperatures might reflect the differences. Therefore, in this analysis, we fitted different 

inverse temperatures were fitted for each block. The first 5 trails of each block were not used 

in model fitting. 

Model were fitted using Stan (RStan v 2.21.1, R v 3.6.0), a software package that uses Markov 

chain Monte Carlo method to sample from posterior distributions of parameters(Carpenter et 
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al. 2017). 4 parallel Monte Carlo chains were run each with 5000 iterations (5000 warm-ups), 

using adapt_delta of 0.99 and maximum treedepth of 10. Learning rate parameters were 

sampled from a zero mean normal distribution with standard deviation of 2, and then 

transformed using logistic approximation (Bowling et al. 2009). Beta parameters were sampled 

from a zero mean normal distribution with standard deviation 1, and then transformed using the 

exp function. Convergence was inspected using shinyStan (v 2.5.0). No convergence problems 

were detected. We adopted a stringent cut-off of R-hat< 1.1 as an indicator for sufficient 

convergence (Brooks and Gelman 1998) , and the minimum number of effective samples >50. 

The same procedures were also used to estimate parameters for the beta adaptation model and 

the fixed learning model (described in detail in 2.2.3). 

We then performed model comparisons using a leave-one-out cross-validation procedure using 

the LOO package for R (Vehtari, Gelman, and Gabry 2017). An expected log pointwise 

predictive density (ELPD) and a standard error for each ELPD were estimated for each model. 

 

To test the effect of self-volatility on learning rate adaptation (i.e. learning rates should be 

higher when an outcome is volatile), we ran one-sample t-tests to check whether the learning 

rate adaptation terms were significantly higher than zero.  

We then ran a 2*2 repeated measures ANOVAs, with valence and other-volatility as repeated 

measures, for the learning rate adaptations and the base learning rates respectively. Note that, 

the learning rate adaptation terms are the degree to which learning rates change from stable to 

volatile blocks and thus, the analysis of these terms is equivalent to testing the valence * self-

volatility * other-volatility effects of the choice data. 

We then ran a 2*2 rm ANOVA for the inverse temperatures estimates, with win-volatility (win-

volatile vs. win-stable) and loss volatility (loss-volatile vs. loss-stable) as repeated measures, 

to see if there was any modulation effect of volatility on participants’ choice consistency. 

To examine how the overall negativity scores (i.e., overall depression and anxiety levels, which 

were derived using factor analysis to various depression and anxiety questionnaires, see 3.3.1 

for more details) might modulate these terms, we ran Pearson correlation analyses between 

parameter estimates and the overall negativity scores. To further characterise the behaviour of 

participants we assessed the degree of loss learning rate adaptation on participants with high vs. 

low negativity (calculated using a median split the participants into the high (n=15) and the low 

(n=14) negativity groups). 
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3.2.3 fMRI data acquisition and analysis 

 fMRI data acquisition 

All image data was acquired using a Siemens Prisma 3 T scanner with a 32-channel head coil. 

The task-based fMRI images were acquired using a multiband-echo planar imaging (mb-EPI) 

sequence, with a multiband factor of 6, repetition time (TR) = 800 ms, echo time (TE) = 30 ms, 

60 slices (no gap), a slice angle of 30°, interleaved acquisition, voxel size = 2.4 × 2.4 × 2.4 mm, 

flip angle = 52°, and field of view (FOV) = 216 mm, with local z-shimming). Field maps were 

obtained using a dual echo 2D gradient-echo sequence with TR = 590 ms, TE = 7.38 ms, and 

4.92ms, and flip angle = 46°. The high-resolution T1-weighted anatomical MRI images were 

acquired using a 3D MPRAGE sequence with TR = 1900 ms, TE = 3.97 ms, 192 transversal 

slices, voxel size = 1 ×1 × 1 mm, and FOV = 192 mm. 

 fMRI data pre-processing 

fMRI data were pre-processed using FEAT (FMRI Expert Analysis Tool) part of FSL (FMRIB 

Software Library V6 (Analysis Group, FMRIB, Oxford, UK; 

http://www.fmrib.ox.ac.uk/fsl)(Jenkinson et al. 2012). The procedures included (1) motion 

correction to a high-resolution functional image acquired at the beginning of each block using 

MCFLIRT (Jenkinson et al. 2002), (2) spatial correction for magnetic field inhomogeneities 

estimated by the B0 fieldmap (Jenkinson 2004), (3) brain extraction using BET (Smith 2002), 

(4) spatial smoothing using a Gaussian kernel (FWHM 5 mm), (5) high-pass temporal filtered 

(90 s cut-off). Then functional images were registered to both the high resolution T1w structural 

scan and standard space using FLIRT. 

 First-level and group-level analysis 

The first-level and group-level GLM whole-brain and ROI-based analysis were conducted 

using FEAT (note, functionally defined ROIs were used, and are described below). We 

constructed the event-based general linear model (GLM) with the following parametric 

regressors at choice and outcome onset for each block. At choice onset: (1) the response (coded 

as 1 and -1, for the right or left response, respectively), (2) choice reaction time, and (3) the 

trial-by-trial decision (coded as 1 if subject switched away from the previous choice or -1 if she 

stayed with the same option), (4) choice mean: value set at 1. At outcome onset: (5) win 

outcome (coded as 1 and -1, for the win received or win not-received, respectively.), (6) loss 

outcome (coded as 1 and -1, for the loss received or loss not-received, respectively.), (4) 

outcome mean: value set at 1. Note that the trials to which participants failed to respond in time 

were coded using the mean of each regressor. (Note that here we used actual outcome results 
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but not PEs to avoid the confound of model estimates. However, we have also run a similar 

analysis with PEs instead of outcomes. The results were similar.) The regressors were then 

demeaned before entering into Feat. Standard motion parameters estimated using MCFLIRT 

motion correction and physiological noise regressors estimated using Physiological Noise 

Modelling (PNM) tool (Brooks et al. 2008) were also added in the GLM to regress out the 

effects of head motion and physiological noise respectively. 

We first identified regions that might represent outcome signals in the brain. We estimated the 

mean of the parameter estimates for the contrast for positive outcomes (i.e. receiving a win and 

not receiving a loss) vs. negative outcomes (i.e. not receiving a win and receiving a loss) across 

all the 4 blocks at the individual level and then brought them to the whole-brain group-level 

analysis (one sample t-test). The images were cluster-thresholded at z > 4.6, and clusters shown 

survived a statistical test for extent (p < 0.05, fully corrected for multiple comparisons). We 

also did one sample t-tests for mean parameter estimates of win outcome (i.e., win vs. no-win) 

and loss outcome (i.e., no-loss vs. loss) across all the 4 blocks respectively, to examine the 

neural responses to win and loss outcome. For this follow up analyses, the images were cluster-

thresholded at z > 3.1 and cluster-wise p < 0.05.  

To examine whether these outcome signals in the brain were modulated by valence, self-

volatility, or other volatility and how overall negativity modulated the effects, we extracted the 

parameter estimates for the clusters identified by the positive vs. negative outcomes contrast 

described above, for each block, for win and loss outcomes and for each participant respectively. 

An ANCOVA, with valence, self-volatility and other-volatility as repeated measures and the 

overall negativity scores as a covariate, were performed for each region. We follow up the 

significant effects with paired t-tests. For any significant effect of the negativity scores, we 

perform Pearson correlations to further examine the covariations.  

A mediation analysis using the SOBEL test with permutations (n=5000) was performed in the 

SPSS (Preacher and Hayes 2004)  to further examine the relationships amongst the neural 

signals in the dACC, learning rate estimates and the negativity traits. In the analysis the win vs. 

loss learning rate adaptation differences was set as the mediation factor, and the relative 

adaption to win vs. loss volatility signals in the dACC and the overall negativity scores as 

independent and dependent variables respectively.  
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3.3  Results 

3.3.1 Questionnaires 

We first assessed the relationship between participant demographics and questionnaire score 

(see Table 5 for a summary of the demographic details). No significant correlations between 

age and any of the questionnaires (all p>0.29) or relationship between gender and the 

questionnaire scores (all p>0.57) was found.  

 

Table 5 Demographic details of the participants 

variables Mean                              SD 

Demographic information:  

Number of participants 29(14 females) 

Age(yrs) 26.34 7.09 

Questionnaires:   

QIDS  8.59 5.23 

STAI 86.00 20.35 

TEPS 77.34 11.83 

RRS 47.00 13.61 

Note: QIDS: the Quick Inventory of Depressive Symptoms. STAI: Spielberger State-Trait 

Anxiety Inventory. TEPS: the Temporal Experience of Pleasure Scale. RRS: the Ruminative 

Response Scale. SD: standard deviation. 

 

We then examined the correlations amongst the questionnaires taken on the scan day. As 

expected, the analyses revealed significant correlations across the questionnaires (see Figure 

3.2), suggesting the presence of a common factor influencing scores. 
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Figure 3.2 Correlation Matrix for the questionnaires. 

To generate an estimate of this common factor we used a factor analysis. The Scree plot (see 

Figure 3.3) from the factor analysis showed that only one factor had an eigenvalue higher than 

1, suggesting that the first factor alone explained most of the variance (Hayton, Allen, and 

Scarpello 2004). Therefore, we took the first factor scores as the summary measures of the 

participants’ overall negativity level.  
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Figure 3.3 the Scree Plot of the factor analysis. 

3.3.2 Behavior results 

 Task Performance 

We next examined task performance in terms of the percentage of trials in which participants 

received the win and loss outcomes. One-sample t-tests against the chance level (50%) showed 

that all scores for both wins and losses were significant above chance level (all t(28)>4, p<.001), 

except for the performance for losses in the win-volatile block (t(28)=-1.258, p=.219) and the 

performance for the wins in the loss-volatile block (t(28)=-2.023, p=.053) (see Figure 3.4).  

The valence*self-volatility*other-volatility ANOVA analysis revealed a significant main 

effects of self-volatility (F(1,28)=32.52, p<.001, ηp
2=.537) and an effect of other-volatility 

(F(1,28)=105.55, p<.001, ηp
2=.790), and a significant interaction effect of self-volatility * other 

volatility (F(1,28)=102.10, p<.001, ηp
2=.785) (see Figure 3.4). The results suggested that in 

general participants selected the best options both when outcomes were volatile and when they 

were stable, but in semi-volatile blocks (i.e. when one outcome was volatile and the other 

stable), participants relied mostly on the volatile outcomes rather than the stable one to make 

choices. 
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Figure 3.4 Summary of task performance for each block for all the participants.  

Error bars represent ±1 standard error of the mean. * p<0.05 

 Positive-stay and negative-switch behaviours 

We ran a valence*self-volatility*other-volatility ANOVA on the positive-stay, negative-switch 

(Ppsns) index, which measures how a participant’s choices were influenced by the most recent 

feedback. This analysis revealed a significant main effect of valence (F(1,28)=5.93, p=.022, 

ηp2=.175), indicating that participants were generally more sensitive to win than to loss 

outcome (see Figure 3.5). The results also showed a significant main effect of self-volatility 

(F(1,28)=47.39, p<.001, ηp2=.629), indicating that, as predicted, participants were more 

influenced by outcomes of volatile than stable associations, and a significant main effect of 

other-volatility (F(1,28)=5.76, p=.023, ηp2=.170), showing that overall the other outcome being 

volatile reduced the influence of the current outcome.  
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Figure 3.5 positive stay negative switch behaviour summaries for each block across all 

participants. 

Error bars represent ±1 standard error of the mean.  

 

Interestingly, the analysis also revealed a significant self-volatility by other-volatility 

interaction (F(1,28)=25.24, p<.001, ηp2=.474). To further examine this effect, we ran separate 

valence*self-volatility ANOVAs for when the other-volatility was volatile and when the other-

volatility was stable. These analyses revealed a robust effect of self-volatility when the other-

volatility was stable (F(1,28)=68.17, p<.001, ηp2=.709), but not when the other-volatility was 

volatile (p=.214), suggesting that the overall environment being more volatile hindered 

participant’s volatility adaptations for both wins and losses (see Figure 3.6, in which we 

rearranged Figure 3.5 to show the effect of other-volatility more clearly). 
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Figure 3.6 positive stay negative switch behaviour summaries showing the self-volatility 

and other-volatility interaction. 

(A)Win Ppsns and (B)loss Ppsns for each of the four task blocks. 

Error bars represent ±1 standard error of the mean. *** p<.001 n.s.: not significant 

 Modelling results 

We fitted a volatility adaptation model with independent win and loss volatility adaptation 

terms, which captured the self-volatility adaptations (i.e., self-volatile vs. self-stable), for when 

the other-volatility was volatile and stable respectively (see Figure 3.7 for the win and loss 

learning rates estimates from this model for each task block).  
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Figure 3.7 win and loss learning rates estimates for the 4 blocks from the volatility 

adaptation model. 

Error bars represent ±1 standard error of the mean. 

3.3.2.3.1 Learning rate adaptation to volatility 

 

We first examined whether participants overall increased their learning rates under volatile 

environments. One sample t-tests on the volatility learning rate adaptation terms showed the 

same result pattern as the Ppsns indexes shown earlier. More specifically, learning rate 

adaptations were significant above zero when the other-volatility was stable for both wins 

(t(28)=3.92, p=.001) and losses (t(28)=3.76, p=.001), but not when other-volatility was volatile 

(both p>.23) (see Figure 3.8). The valence*other-volatility ANOVA on the learning rate 

volatility adaptation terms confirmed a main effect of other-volatility (F(1,28)=8.91, p=.006, 

ηp2=.241), and a marginally significant valence *other-volatility interaction (F(1,28)=3.53, 

p=.071, ηp2=.112). Post-hoc analysis revealed that other-volatility significantly reduced self-

volatility adaptation for win (t(28)=3.32, p=.002)  but not for loss (p=.220). The results suggest 

that the other-volatility diminished the self-volatility adaptation for both win and loss, however, 

loss was slightly less subject to the effect than win.  

 
Figure 3.8 win and loss learning rate volatility adaptation estimates under different 

environments. 

Error bars represent ±1 standard error of the mean. ** p<.01 

 

We then examined whether there were any correlations between the learning rate adaptation 

estimates and participants’ overall negativity scores. From the results of the Chapter 2, we 
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hypothesised that the overall negativity scores might be negatively correlated with loss learning 

rate adaptation estimates. Indeed, we found a significant negative correlation (r(29)=-0.37, 

p=.045) between the overall negativity scores and the mean loss learning rate adaptations (see 

Figure 3.9 A). This appeared to be driven by the correlation between the negativity scores and 

the loss learning rate adaption when win was volatile (r(29)=-0.39, p=.037, see Figure 3.9 B 

left)  but not when win was stable (r(29)=-.081, p=.677, see Figure 3.9 C left). These results 

suggested that participants with higher depression and anxiety had more difficulty adapting to 

the loss volatility level particularly when win was volatile. To further illustrate this effect, we 

performed a median split on participants (into high negativity and low negativity groups) and 

then tested whether they showed significant loss volatility adaptation when win was volatile 

and stable respectively. The one sample t-tests revealed that while the low negativity group 

showed significant loss learning rate adaptation under both environments (both p<.048), the 

high negativity group only showed significant loss adaptation when win was stable (p=.023), 

but not when win was volatile (p=.577) (see Figure 3.9 B&C right). These results suggest that 

people with high negativity scores have more difficulty adapting their learning when there was 

more than one source of volatility in the environment. 

 

 
Figure 3.9 loss learning rate adaptations negatively correlated with overall negativity 

scores.   

(A) a scatter plot showing the negative correlation between the overall loss learning rate 

volatility adaptation (mean across when win volatile and stable conditions) and the overall 

negativity scores. 

(B) Left: a scatter plot showing the negative correlation between the loss learning rate volatility 

adaptation when win was volatile and the overall negativity scores. Right: a bar graph showing 

loss volatility adaptation when win was volatile for the high (purple) and the low (orange) 

negativity groups respectively. 
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(C) Left: a scatter plot showing that there was no significant correlation between the loss 

learning rate volatility adaptation when win was stable and the overall negativity scores. Right: 

a bar graph showing loss volatility adaptation when win was stable for the high (purple) and 

the low (orange) negativity groups respectively. 

* p<0.05, n.s. not significant. 

3.3.2.3.2 Stable learning rates 

Next, we examined the effect of other-volatility on the base learning rates (i.e. when the “self-

volatility” was low) for win and loss. The valence*other-volatility ANOVA revealed a 

significant main effect of valence (F(1,28)=4.62, p=.040, ηp2=.142), and a marginally 

significant valence * other-volatility interaction (F(1,28)=4.13, p=.052, ηp2=.128). Post-hoc 

analysis revealed that the win base learning rates were higher when loss was volatile than loss 

stable (t(28)=2.31, p=.028), while the loss base learning rates were less subject to the influence 

of win volatility (p=.555) (see Figure 3.10). There was no significant correlation between the 

overall depression scores and any of the base learning rates (all p>.656).  

 

 
Figure 3.10 The effect of the volatility of the other outcomes on win and loss base learning 

rates (i.e., estimated learning rate when an outcome is stable). 

Error bars represent ±1 standard error of the mean. * p<.05 

3.3.2.3.3 The inverse temperature 

The win-volatility*loss-volatility ANOVA analysis revealed a significant main effect of loss-

volatility (F(1,28)=4.41, p=.045, ηp2=.136) and a significant win-volatility and loss-volatility 

interaction(F(1,28)=35.41, p<.001, ηp2=.558). Post-hoc paired t-tests showed reduced inverse 
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temperature in the semi-volatile blocks compared to the both-volatile block and the both-stable 

block (see Figure 3.11), suggesting the choice consistency was reduced in the semi-volatile 

blocks. However, there was no significant correlation between the overall depression scores 

and any of the inverse temperatures (all p>.099). 

 

 
Figure 3.11 the inverse temperature estimates for each block. 

Error bars represent ±1 standard error of the mean. * p<.05 **p<.01 ***<.001 

3.3.2.3.4 Model comparisons 

The learning rate volatility adaptation model had highest predictive accuracy (ELPD=-3555.8, 

SE=48.7) compared to the beta volatility adaptation model (ELPD=-3720.9, SE=73.0), and the 

fixed learning model (ELPD=-3865.9, SE=50.0), again suggesting that the learning rate 

volatility model fitted better to participants’ behavior than the other two models. 

 

3.3.3 fMRI results 

We first examined the positive vs. negative outcomes contrast, i.e., positive outcomes (win and 

no-loss) minus negative outcomes (no-win and loss). A classical network of brain regions 

implicated in positive emotions (Burgdorf and Panksepp 2006) showed increased BOLD 

responses to positive outcomes (see Figure 3.12 top) compared to negative outcomes, including 

the ventral striatum (VS), the ventral medial prefrontal cortex (vmPFC), the rostral anterior 

cingulate cortex (rACC) and the frontal polar cortex (FPC). In contrast, a network of brain 

regions implicated in negative emotions (Shin and Liberzon 2010) showed increased BOLD 

responses to negative outcomes, including the dorsal anterior cingulate cortex (dACC), the 
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insula, the middle frontal gyrus (MFG), and the intra-calcarine cortex. Similar brain regions 

were shown for the win (see Figure 3.12 middle) and loss outcomes (see Figure 3.12 bottom) 

respectively. 

 
Figure 3.12 the brain regions showing changed BOLD response to outcomes 

(top) brain regions obtained for the positive minus negative outcomes contrast, i.e., win and no-

loss minus no-win and loss (z>4.6, cluster-wise P<0.05). (middle) brain regions obtained for 

the win minus no-win contrast (z>3.1, cluster-wise P<0.05). (bottom) brain regions obtained 

for the no-loss minus loss contrast (z>3.1, cluster-wise P<0.05). Brain coordinates are 

expressed in Montreal Neurological Institute (MNI) coordinate space. 

 

To examine whether the outcome signals in these regions were modulated by valance (i.e win 

vs. no win relative to loss vs. no loss), self-volatility, or other-volatility, we extracted parameter 



65 

 

estimates for win and loss outcomes contrasts respectively from each region that showed 

significant response to outcomes (i.e. for clusters that showed a significant positive vs. negative 

outcome contrast in either direction, z>4.6, cluster-wise P<0.05). More specifically, for areas 

that showed higher activation to positive outcomes than negative outcomes, including the rACC, 

the vmPFC, the FPC, and the VS, we extracted parameter estimates from the win minus no-win 

contrast and the no-loss minus loss contrast respectively. For areas that showed higher 

activation to negative outcomes than positive outcomes, including the dACC, the MFG, the 

insula and the intra-calcarine cortex, we extracted parameter estimates from the no-win minus 

win contrast and the loss minus no-loss contrast respectively.  

We then ran valence*self-volatility*other-volatility*negativity repeated measures ANCOVAs 

for each region respectively. The results showed significant main effects of valence in all these 

regions (all p<.034), except for the rACC (p=.149) and the VS (p=.345), indicating that in 

general win (relative to no win) outcome signals were stronger than loss (relative to no loss) 

outcome signals in these regions (see Figure 3.12). This is consistent with the finding 

introduced in the previous sections (see 3.3.2.2 and 3.3.2.3.2) that the participants’ behaviors 

were generally more influenced by win outcomes than loss outcomes.  

 

Self (but not Other) Volatility Modifies BOLD Response to Task Outcomes 

Importantly, the results also revealed main effects of self-volatility in the vmPFC (F(1,27)=6.48, 

p=.017, ηp2=.194) and the rACC (F(1,27)=9.97, p=.004, ηp2=.270), and marginally 

significantly in the dACC (F(1,27)=3.66, p=.066, ηp2=.119), the VS (F(1,27)=3.50, p=.072, 

ηp2=.115) and the MFG (F(1,27)=2.51, p=.125, ηp2=.085). As can be seen from Figure 3.13 

and Figure 3.14 activity related outcome (positively coded in Figure 3.13 and negatively coded 

in Figure 3.14) was higher when self-volatility was high relative to low (see the second column 

of each figure). However, none of these 8 ROI regions showed significant main effects of other-

volatility or significant modulation of other-volatility on self-volatility (all p>.261). These 

results suggested that self-volatility modulated the outcome signals particularly in the mPFC, 

but that other-volatility had less influence on the outcome signals in these regions. The self-

volatility * valance interactions were not significant in these regions (all p>.217), except for 

the VS (F(1,27)=5.30, p=.029, ηp2=.164), suggesting that the self-volatility effects were 

generally consistent across the two valences. However, the post hoc tests suggested that the 

self-volatility effects in the vmPFC and rACC was driven more by a volatility effect for win 

outcomes (rACC p=.016, see Figure 3.13 A2; vmPFC: p=.064, see Figure 3.13 B2) than loss 

outcomes. In contrast, the self-volatility effect in the dACC was driven more by a volatility 

effect for loss outcomes (p=.030, see Figure 3.14 A2). Together, these results suggest that 

regions which show increased activation to positive relative to negative outcomes, such as the 

rACC and the vmPFC maybe somewhat more sensitive to win volatility, whereas regions which 
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show increased activation to negative outcomes, such as the dACC maybe more sensitive to 

loss volatility. 

 

 

 
Figure 3.13 Clusters from the whole brain analysis that showed significant higher 

activation for positive outcomes than negative outcomes.  

[A] (1) a sagittal view of the rostral anterior cingulate cortex (rACC) (circled in green). (2) 

BOLD signals extracted from this region for win and loss self-volatility adaptations. (3) the 

relative adaption to win vs. loss volatility (win volatile vs. stable – loss volatile vs. stable) in 

this region marginally negatively correlated with the overall negativity scores. (4) a scatter plot 

showing win volatility adaptation (x-axis) and loss volatility adaptation (y-axis) in this region 

for the high (purple) and low (orange) negativity (median split) groups respectively. The low 

negativity group were mostly below the identity line (areas shown in green), suggesting 

relatively more win volatility adaptation than loss in this group in this region. The histogram 

shows the distributions of the differences between win and loss self-volatility adaptations for 

the high and low group respectively. 
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[B] (1) a sagittal view of the ventral medial prefrontal cortex (vmPFC) (circled in green). (2) 

BOLD signals extracted from this region for win and loss self-volatility adaptations. (3) the 

relative adaptation to win vs. loss volatility (win volatile vs. stable – loss volatile vs. stable) in 

this region does not correlate with the overall negativity scores. (4) a scatter plot showing win 

volatility adaptation (x-axis) and loss volatility adaptation (y-axis) in this region for the high 

(purple) and low (orange) negativity (median split) groups respectively. The low negativity 

group were mostly below the identity line (areas shown in green), suggesting a relatively more 

win volatility adaptation than loss in this group in this region. The histogram shows the 

distributions of the differences between win and loss self-volatility adaptations for the high and 

low group respectively. 

[C] (1) a sagittal view of the frontal polar cortex (FPC) (circled in green). (2) BOLD signals 

extracted from this region for win and loss self-volatility adaptations. (3) the relative adaptation 

to win vs. loss volatility (win volatile vs. stable – loss volatile vs. stable) in this region does not 

correlate with the overall negativity scores. (4) a scatter plot showing win volatility adaptation 

(x-axis) and loss volatility adaptation (y-axis) in this region for the high (purple) and low 

(orange) negativity (median split) groups respectively. The histogram shows the distributions 

of the differences between win and loss self-volatility adaptations for the high and low group 

respectively. 

[D] (1) a coronal view of the ventral striatum (VS) (circled in green). (2) BOLD signals 

extracted from this region for win and loss self-volatility adaptations. (3) the relative adaptation 

to win vs. loss volatility (win volatile vs. stable – loss volatile vs. stable) in this region does not 

correlate with the overall negativity scores. (4) a scatter plot showing win volatility adaptation 

(x-axis) and loss volatility adaptation (y-axis) in this region for the high (purple) and low 

(orange) negativity (median split) groups respectively. The histogram shows the distributions 

of the differences between win and loss self-volatility adaptations for the high and low group 

respectively. 

Error bars represent ±1 standard error of the mean. + p<.10; * p<.05; **p<.01; ***<.001. 
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Figure 3.14 Clusters from the whole brain analysis that showed significant stronger 

deactivation for positive outcomes than negative outcomes.  

(A) (1) a sagittal view of the dorsal anterior cingulate cortex (dACC) (circled in red). (2) BOLD 

signals extracted from this region for win and loss self-volatility adaptations. (3) the relative 

adaption to win vs. loss volatility (win volatile vs. stable – loss volatile vs. stable) in this region 

positively correlated with the overall negativity scores. (4) a scatter plot showing win volatility 

adaptation (x-axis) and loss volatility adaptation (y-axis) in this region for the high (purple) and 

low (orange) negativity (median split) groups respectively. The low negativity group were 

mostly above the identity line (areas shown in red), suggesting a relatively more loss volatility 

adaptation than loss in this group in this region. The histogram shows the distributions of the 

differences between win and loss self-volatility adaptations for the high and low group 

respectively. 

(B) (1) a coronal view of the middle frontal gyrus (MFG) (circled in red). (2) BOLD signals 

extracted from this region for win and loss self-volatility adaptations. (3) the relative adaption 

to win vs. loss volatility (win volatile vs. stable – loss volatile vs. stable) in this region does not 

correlate with the overall negativity scores. (4) a scatter plot showing win volatility adaptation 

(x-axis) and loss volatility adaptation (y-axis) in this region for the high (purple) and low 
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(orange) negativity (median split) groups respectively. The histogram shows the distributions 

of the differences between win and loss self-volatility adaptations for the high and low group 

respectively. 

(C) (1) an axial view of the insula (circled in red). (2) BOLD signals extracted from this region 

for win and loss self-volatility adaptations. (3) the relative adaption to win vs. loss volatility 

(win volatile vs. stable – loss volatile vs. stable) in this region marginally positively correlated 

with the overall negativity scores. (4) a scatter plot showing win volatility adaptation (x-axis) 

and loss volatility adaptation (y-axis) in this region for the high (purple) and low (orange) 

negativity (median split) groups respectively. The histogram shows the distributions of the 

differences between win and loss self-volatility adaptations for the high and low group 

respectively.  

(D) (1) a sagittal view of the intra-calcarine cortex (circled in red). (2) BOLD signals extracted 

from this region for win and loss self-volatility adaptations. (3) the relative adaption to win vs. 

loss volatility (win volatile vs. stable – loss volatile vs. stable) in this region does not correlate 

with the overall negativity scores. (4) a scatter plot showing win volatility adaptation (x-axis) 

and loss volatility adaptation (y-axis) in this region for the high (purple) and low (orange) 

negativity (median split) groups respectively. The histogram shows the distributions of the 

differences between win and loss self-volatility adaptations for the high and low group 

respectively. 

Error bars represent ±1 standard error of the mean. + p<.10; * p<.05; **p<.01; ***<.001. 

 

Higher Negativity Scores are Associated with Decreased Anatomical Specificity of Volatility 

Signals 

Although the self-volatility*valence interactions were not significant in these regions, there was 

a self-volatility*valence*negativity interaction in the dACC (F(1,27)=4.76, p=.038, ηp2=.150) 

with a marginally significant effect in the rACC (F(1,27)=3.37, p=.077, ηp2=.111). Together, 

these results suggested that the overall negativity scores might modulate the self-volatility 

effect in the ACC in a valence specific manner. To investigate this, we ran Pearson correlations 

between the overall negativity scores and the relative win vs. loss self-volatility adaptation (i.e. 

win self-volatile vs. win self-stable minus loss self-volatile vs. loss self-stable) for each region. 

The results showed that, in the dACC, which was sensitive to loss rather than win volatility at 

the group level (see Figure 3.14 A2), overall negativity scores correlated with relatively more 

win volatility adaptation than loss volatility adaptation (r(29)=.39, p=.038, see Figure 3.14 A3). 

In contrast, in the rACC, which was modulated more by win volatility a the group level (see 

Figure 3.13 A2), we found a marginally significant negative correlation between the overall 

negativity scores and relatively more loss volatility adaptation signals than win volatility 

adaptation (r(29)=-.33, p=.077, see Figure 3.13 A3). Together, this pattern of results raises the 
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possibility that people with higher depression and anxiety levels have less anatomically distinct 

representations of win-volatility and loss-volatility in the ACC. 

To further illustrate this effect, we again split the group into high and low negativity participants 

based on a median split and tested the degree to which each group showed a differential 

response to the volatility of win and loss outcomes in the identified regions. The low negativity 

group (see Figure 3.14 A4&B4) had significantly higher win volatility adaptation in the vmPFC 

(t(13)=3.12, p=.008) and rACC (t(13)=2.29, p=.039) and significantly higher loss volatility 

adaption in the dACC (t(13)=.288, p=.013, see Figure 3.14 A4), while the high negativity group 

did not show significant differences between win and loss volatility adaptations in these regions 

(p=. 687). These results further showed that people with higher negativity scores might have 

less distinct win and loss volatility adaptation signals in the mPFC. 

 

The relative win vs. loss volatility adaptation in the dACC could be associated with the overall 

negativity scores through the mediation of the win vs. loss learning rate adaptation differences 

In the previous section, we showed that overall negativity scores correlated with relatively more 

win volatility adaptation signals than loss volatility adaptation in the dACC (r(29)=.39, p=.038, 

see Figure 3.14 A3). We then examined whether the relative adaption to win vs. loss volatility 

signals in the dACC could also be linked to the difference in learning rate adaptation between 

win and loss. The results revealed positive correlations between the win vs. loss learning rate 

adaptation differences and the relative win vs. loss volatility adaptation signals in the dACC 

(r(29)=.41, p=.026). We also found that the overall negativity scores were correlated with the 

win vs. loss learning rate adaptation differences (r(29)=.48, p=.009). Together, the results seem 

to suggest close associations amongst volatility signals in the dACC, volatility learning rate 

adaptation and the negativity traits. 

To further examine the relationships, we ran a mediation analysis with win vs. loss learning 

rate adaptation differences as the mediation factor, and the relative adaption to win vs. loss 

volatility signals in the dACC and the overall negativity scores as independent and dependent 

variables respectively. The mediation analysis suggested that the association between the 

relative adaption to win vs. loss volatility signals in the dACC and the overall negativity scores 

could be partially mediated by the win vs. loss learning rate adaptation differences (bootstrap 

mean = 0.058, 95% CI: 0.003, 0.136). Together, these results further support the associations 

between characteristic in learning and the negativity traits and suggested a potential underlying 

neural mechanism.  
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3.4 Discussion 
In this chapter, we investigated the association between the ability to flexibly learn and negative 

symptoms, as well as the underlying neural mechanism using fMRI and a learning and decision-

making paradigm, in which we manipulated the volatility of win and loss outcomes 

independently.  

We showed that participants’ performance and choices following win and loss outcomes were 

not only modulated by win and loss volatility respectively, but also were influenced by the 

volatility of the other outcome.  We first showed that participants’ win and loss performance 

was strongly modulated by both self and other volatility. We then further examined how 

participants’ choices were influenced by the most recent outcomes, i.e., the positive-stay and 

negative-switch behaviour indexes (Ppsns). We showed a robust increased in Ppsns to self-

volatility when other-volatility was stable, but not when other information was also volatile. 

We then fitted a volatility adaptation model to formalize the learning rate adjustments to the 

volatility. The model results confirmed that volatility adaptation was impaired when the other 

outcome was volatile. Together, the results suggest that a high overall environmental volatility 

impairs participants’ ability to adapt learning to the specific volatility of individual outcomes. 

We then showed that the loss learning rate adaptation was again impaired in people with higher 

depression. More specifically, we found a negative correlation between depression and loss 

learning rate adaptation, particularly when wins were volatile. This is consistent with the results 

we showed in the Chapter 2, in which currently depressed patients had lower loss learning rate 

volatility adaptation compared to the remitted depressed patients and healthy controls. Our 

results are also consistent with previous studies which showed a negative correlation between 

punishment learning volatility adaptations and anxiety (Browning et al. 2015; Pulcu and 

Browning 2017; Beltzer et al. 2019; Gagne et al. 2020). But importantly, we further 

demonstrated that adapting learning to loss volatility is particularly impaired when other aspects 

of the environment (in this case, the win outcomes) are volatile. Together, the results of this 

and previous chapters provide consistent evidence that impaired ability to adapt learning to loss 

volatility, particularly in very volatile environments, might be crucially related to mood 

disorders. 

For the neural data, we first identified regions that represent general positive vs. negative 

outcome signals in the brain and examined whether the outcome signals in these regions were 

also modulated by valence, self-volatility and other-volatility. The results first showed a general 

modulation by valence. The win outcome signals were generally stronger than loss outcome 

signals across these regions. This is consistent with our behavioural finding showing that 

participants were in general more influenced by win than loss outcomes. This is also consistent 

with findings that showed reward seemed to be more effective than punishment in changing 
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animal’s behaviours (Nakatani et al. 2009; Thorndike 1932). Using a reward and punishment 

mixed paradigm, we showed that, when given with both information, humans’ behaviour was 

also, in general, driven more by reward than punishment.  

More importantly, we also found main effects of self-volatility on the outcome signals in the 

brain, especially in the mPFC. More specifically, we found that win volatility dominates in 

prefrontal regions that show increased activation for positive outcomes, i.e., the rACC and the 

vmPFC. In contrast, loss volatility dominates in prefrontal regions that show increased activity 

for negative outcomes, i.e., the dACC and the MFG. Together, we showed that areas in the 

ventral prefrontal cortex were modulated by win-volatility for win outcomes, while those in the 

dorsal prefrontal cortex were modulated by loss-volatility for loss outcomes. It might be worth 

highlighting that the ROIs were defined in terms of subjective valence, i.e., positive (getting a 

win or not getting a loss) vs. negative (getting a loss or not getting a win) outcomes, whereas 

the volatility signals were for the objective outcomes (i.e. whether the win or loss outcomes 

were volatile/stable, regardless of the outcome received by the participant). These factors were 

relatively orthogonal. The functional and anatomical specificity of the prefrontal cortex shown 

might suggest some level of interactions of subjective and objective valence information in the 

brain. 

Previous studies have shown that the ACC tracks volatility using reward learning tasks 

(Behrens et al. 2007; Silvetti, Seurinck, and Verguts 2013; Rushworth and Behrens 2008). 

However, most previous studies have identified dACC rather than rACC. In this study, we 

found that, in a mixed reward and punishment learning paradigm, the rACC was more 

associated with win-volatility whereas the dACC was more related to loss-volatility. The cause 

of this difference is not clear, although the current study is unlike those previously reported in 

that both win and loss outcomes were presented (and their volatility manipulated) within a 

single task, whereas previous work presented one outcome at a time. We also found that vmPFC 

activity tracked win-volatility. A previous study has shown in primates that OFC also showed 

increased value signals in volatile environments (Massi, Donahue, and Lee 2018). The OFC 

has been shown to encode value during learning in primate studies, while vmPFC rather than 

OFC is associated with reward value in human studies (Wallis 2011). Therefore, we think the 

vmPFC could reflect volatility signals in humans as the OFC does in primates. Consistent with 

this, a recent fMRI study showed vmPFC activity reflects noisy computation in volatile 

environments (Findling et al. 2019).  

In contrast to our analyses of participant choice, it seemed that outcomes signals in the brain 

were less affected by the volatility of the other outcome. This may be caused by limited power 

in this data to test the other-volatility effect, which might assert only a mild, if any, modulation 

on the outcome signals in the brain. Further studies might be able to examine the other-volatility 
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effect by increasing the statistical power, for example, by increasing the participant samples, 

introducing longer tasks, or heightening the volatility levels of the task. 

Crucially, we found that the overall negativity was associated with relatively more win 

volatility adaptations than loss volatility adaptations in dACC, which was dominated by loss 

volatility at the group level, and relatively more loss volatility adaptations than win volatility 

adaptations in the rACC, which was dominated by win volatility at the group level. These 

results suggest that activity in these areas reflects the volatility of both wins and losses in people 

with higher levels of depression and anxiety, while the win-volatility and loss-volatility signals 

were more distinctly represented in the brain in people with low depression and anxiety. 

Supporting this idea, we showed that, using a median-split, the low negativity group had 

significantly greater win volatility adaptation than loss in the vmPFC and the rACC, and had 

significantly more loss volatility adaptation than win in the dACC. However, such distinction 

was not found in the high depression group. Potentially these results may suggest a less precise 

separation between different sources of volatility in participants with higher levels of anxiety 

and depression. This may be consistent with the modelling results that showed the loss-

volatility learning rate adaptations were impaired particularly when win was volatile in people 

with higher negativity scores. The mechanism underlying any difficulty in information 

segregation is not clear, although it is perhaps consistent with the more general observation that 

people with higher levels of anxiety find it difficult to segregate ambiguous and threatening 

cues during conditioning (Lissek et al. 2014). Interestingly, further mediation analysis 

suggested the association between the unbalanced neural volatility adaptation in the dACC and 

the overall negativity scores could be partially mediated by the biased learning rate adaptations. 

Together, the results suggested an important role of dACC in modulating learning rate 

adaptation to the loss volatility, particularly when wins were also volatile. Failure to adjust 

learning to loss volatility might be associated with higher depression or anxiety levels. 

In conclusion, we showed that general negativity in a subclinical cohort is associated with 

impaired ability to adjust loss learning rates in volatile environments during a mixed 

reward/loss learning paradigm, which is accompanied by higher co-representation of win and 

loss volatility signals in the brain. Consistent with this, we also showed in Chapter 2 that 

currently depressed patients showed diminished loss learning rate volatility adaptations 

compared to the remitted depressed patients. Together, these results suggest that the ability to 

adjust loss learning rate in volatile environments might be a state-dependent characteristic and 

the severity of it might be associated with severity of the overall anxiety and depression levels. 

A potential next question arises from this; whether antidepressants are able to modify loss 

learning rate adaptation. In the next Chapter, we investigate whether reboxetine, a selective 

norepinephrine reuptake inhibitor antidepressant, could change how people adapt their learning 

in changing environments. 
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4 PHARMACOLOGICAL 
MODIFICATION OF 
INFORMATION LEARNING 

4.1   Introduction 
In the previous Chapters, we showed a strong association between the loss learning adaptation 

in volatile environments and depression symptoms. More specifically, in Chapter 2, we found 

an impairment in adjusting loss learning to volatility in currently depressed patients, whereas 

the remitted depressed patients showed unimpaired volatility learning adaptation as in the 

healthy controls.  Therefore, the difficulty in adapting learning to loss-volatility could be a state-

dependent cognitive impairment present in people during episodes of depression. In Chapter 3, 

we further showed a correlation between reduced loss learning rate adaptation to volatility and 

individual differences in depression symptoms. If, as suggested by these results, the ability to 

adjust learning in volatile environments is a cognitive marker of depression, an obvious next 

question is whether antidepressants modify the adaptation to loss outcomes in volatile 

environments. 

Norepinephrine has been theorized as a key neuromodulator to facilitate adaptive learning in a 

volatile environment (Dayan and Jyu 2003; Yu and Dayan 2005). Activation of the Locus 

coeruleus, the principal site for brain synthesis of norepinephrine, has been shown to accelerate 

learning in rodents (Glennon et al. 2019). In Chapter 2, we also showed an association between 

the loss learning rate volatility adaption and the modulation of loss volatility on pupil responses, 

which were thought to reflect the activity of the locus coeruleus norepinephrine (LC–NE) 

activity (Aston-Jones and Cohen 2005). This result was also consistent with other studies that 

showed pupil responses could be linked to rates of belief updating (Nassar et al. 2012; O’Reilly 

et al. 2013). Together, the results suggested that norepinephrine may play a key role in adaptive 

learning. 

Interestingly, norepinephrine also plays an important role in the treatment of depressive 

disorders (Moret and Briley 2011). Antidepressants such as reboxetine, a norepinephrine 

reuptake inhibitor (NRI), act by binding to the norepinephrine transporter and blocking the 

reuptake of extracellular norepinephrine (Hajós et al. 2004). However, the cognitive 

mechanisms of antidepressants that target the norepinephrine system are poorly understood. 
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Here, we test a potential cognitive mechanism of NRI antidepressants-- that they facilitate 

adaptive learning under uncertainty by increasing extracellular norepinephrine. 

To date, only a few studies have examined whether manipulating norepinephrine level could 

modulate adaptive learning in a changing environment in humans and the results have been 

mixed. For example, Jepma et. al, showed that increasing norepinephrine signalling, using 

atomoxetine, a selective norepinephrine reuptake inhibitor, influenced learning rates following 

unanticipated task changes in a complex manner—increasing learning rates in those 

participants with low pre-treatment learning rates, and decreasing it in those with high pre-

treatment learning rates (Jepma et al. 2016). Second, decreasing norepinephrine transmission, 

using prazosin, a noradrenergic (α1-receptor) antagonist was found to increase the rate at which 

individuals updated their volatility estimates estimated using reaction times in a reward learning 

task (Marshall et al. 2016).  In summary, the evidence for the effect of pharmacological 

manipulation of central norepinephrine activity on learning rates is mixed with no clear effect 

emerging. To date, the evidence has been limited to reward-based tasks rather than tasks 

incorporating both rewarding and punishing outcomes. 

In the current study, we examined the effect of a single dose reboxetine, which is a NRI 

antidepressant, on volatility learning adaptation in healthy participants. We used the 

information bias learning task described in the previous chapter (i.e. including the both stable 

block), which allowed us to assess learning rate adaptation to changes in volatility for both win 

and loss outcomes, and collected pupillometry data during the task. 

We hypothesized that administration of reboxetine would increase learning rate adjustments 

between the volatile and stable environment for both reward and punishment learning compared 

to the placebo group. Accompanied by the enhanced adaptive learning to volatility, we expected 

that reboxetine would also increase the modulation of volatility on pupil responses. Following 

on from the results of Chapter 3 (where the behavioural effect of negativity scores was 

predominantly found when the other volatility was high relative to low) we were specifically 

interested in whether the effects of reboxetine differed between trials in which other volatility 

was high vs. low, hypothesising that the effect might be greater when other volatility was high.  
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4.2 Methods 

4.2.1 Experiment task and participants  

 Participants 

4.2.1.1.1 Recruitment and screening 

50 (30 female) healthy participants (mean age 26.9 years, range=19-44 years) were recruited in 

this study. Participants attended a screening session during which a structured interview was 

completed to assess if participants met the relevant psychiatric and physical conditions for the 

study. Participants were excluded if: (1) they had any history of psychiatric disorders (2) their 

BMIs at the time of the experiment were outside of range 18.5 and 30, (3) they had any severe 

medical condition not stabilized at the time of the experiment that, in the opinion of the study 

medic, would compromise the safety or conduct of the study including significant hypertension 

(diastolic pressure > 100mmHg) or bradycardia (pulse less than 50 bpm), (4) they had any 

history of seizures, glaucoma or pancreatitis, (5) they had lactose intolerance, (6) they had any 

current or past physical illness that has the potential to significantly affect mental functioning 

(e.g. epilepsy, hypothyroidism, Parkinson’s disease, multiple sclerosis etc.), (7) if they were 

taking or had taken (last month) any medication that has a significant potential to affect mental 

functioning (e.g. benzodiazepines, antidepressants, neuroleptics etc.), (8) they had taken any 

recreational drugs in the last 3 months prior to the experiment (e.g. marijuana, ecstasy etc.), (9) 

they had harmful alcohol use in the last 6 months prior to the experiment, (10) they had any 

history of allergic reactions to relevant substances (e.g. reboxetine), (11) they had participated 

in a study using the same or similar tasks. Female participants were also subject to exclusion if 

(1) they were pregnant, or lactating, (2) they were sexually active but not using any medically 

accepted method of contraception. The study was approved by the University of Oxford Central 

Research Ethics Committee. Written informed consent was obtained from all participants on 

the screening visit, in accordance with the Declaration of Helsinki. 

4.2.1.1.2 Test session 

The participants completed a testing session (baseline testing) immediately following the 

screening. During this session, participants were asked to complete a number of questionnaires, 

including (1) the Quick Inventory of Depressive Symptoms, 16 items self-report version 

(QIDS)，which measures symptoms of depression (Rush et al. 2003), (2) the Spielberger State-

Trait Anxiety Inventory (STAI), which includes separate scales measuring state and trait 

anxiety (Spielberger 1983), (3) the Befindlichkeits Scale (BFS), which assess transient 
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subjective affective state (Von Zerssen, Strian, and Schwarz 1974). They were instructed about 

the information bias leaning task and completed a brief introduction version (of 16 trials) to 

familiarize them with the logic of the task. Following this, participants completed the 4 blocks 

of the task self-paced, with rest sessions between each block. The task was presented on a VGA 

monitor connected to a laptop computer running PsychoPy2 software version 1.90.3 (Peirce et 

al. 2019). 

The participants were invited back for a second testing within 4 weeks after the first testing. 

The participants were randomly assigned to either the reboxetine group or the placebo group. 

Both participants and researchers were blind to which participants were allocated to drug or the 

placebo condition. On arrival at the second visit, the reboxetine group was given a single dose 

of reboxetine (4mg) and the placebo group was given a lactose tablet. 1.5 hours after the drug 

administration, the participants completed the same questionnaires and tasks as in the first 

testing (see Figure 4.1A).  

 
Figure 4.1 experiment task and testing procedure 

(A) General procedures. The participants were first invited for the first visit. On this visit, the 

participants were checked if they met relevant psychiatric and physical conditions. The eligible 

participants then completed the task without drug administration. They were invited back for a 

second visit 1 to 28 days after the visit 1. At the arrival of the visit 2, the participants were given 

either a single dose of reboxetine or placebo. 1.5 hours after the drug administration, the 

participants performed the same task as in the visit 1. (B)  Timeline of one trial from the 

information bias learning task. This was similar to the task timeline in Chapter 2. (C) Overall 

task structure. This was the same as in Chapter 3. 

 

The task used in this study were the same task used in Chapter 2&3. The overall structure of 

the task was the same as described in section 3.2.1.2 in Chapter 3 (also see Figure 4.1). The 

block orders were counterbalanced across participants and groups. A participant started with 
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either a balanced block (the both-volatile block or the both-stable block) or a semi-volatile 

block (the win-volatile block or the loss-volatile block) on the first visit, then he/she would start 

with a semi-volatile block or a balanced block respectively on the second visit. 

However, we adopted a similar timeline as in Chapter 2 for pupillometry data (see section 

2.2.1.2 in Chapter 2). First, the choice phase was self-paced. The chosen option was cued with 

a black frame for 1 second before the outcome presentation. Secondly, the win and loss 

outcomes were presented one by one with randomised order across trials with a jittered interval 

of 2–5 (mean 3.5) seconds (Note that we reduced the jitter a little to shorten the duration of the 

whole task, which was 2–6 (mean 4) seconds in Chapter 2). In half of the trials, the win outcome 

was presented first, with the loss outcome presented first in the other half. Thirdly, auditory 

cues were used accompanying the visual presentations of the outcomes. More specifically, a 

‘chi-ching’ sound was played if participants received a win and an error buzz if they received 

a loss. Auditory stimuli lasted 0.7 seconds with the same onsets as the visual feedback. Finally, 

the intertrial interval was fixed at 1 second. 

 Pupillometry recordings 

The participants’ pupil responses when they performed the information bias learning task were 

recorded using an eye-tracking device. Participants’ heads were stabilised using a head-and-

chin rest placed 70 cm from the screen on which an eye-tracking system was mounted (Eyelink 

1000 Plus; SR Research, Ottawa, Canada). The eye-tracking device was configured to record 

the coordinates of both eyes and pupil area at a rate of 500 Hz. The abstract shapes of the 

learning task were drawn on either side of a fixation cross which marked the middle of the 

screen and was offset by around 7˚ visual angle. 

4.2.2 Model-free behavioural data analysis 

 Task performance 

The model-free behavioural data were analysed using MATLAB (version R2018b; MathWorks, 

MA, USA) and SPSS (version 26.0; IBM, NY, USA). The percentages of wins chosen and 

losses not-chosen were calculated for each block. We ran a 5-way mixed ANOVA, with valence 

(win/loss) and self-volatility (volatile/stable) other-volatility (volatile/stable) * visit (visit1 and 

visit2) as repeated measures, while treatment (reboxetine/placebo) was a between-subjects 

factor. We also examined whether the performances for each block were significantly above 

chance level (i.e., 50%) for wins and losses respectively using one-sample t-tests. Note that for 
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these (and all other) analyses, an effect of treatment on the dependent variables is captured by 

the treatment * visit interaction terms. 

 Positive-stay-negative-switch  

The positive-stay-negative-switch (Ppsns) indexes were calculated for win and loss respectively 

in the same way as in Chapter 2 & 3 (see section 2.2.2.2 for more details). The positive-stay-

negative-switch indexes were then submitted to a 5-way mixed ANOVA, with valence 

(win/loss) and self-volatility (volatile/stable) other-volatility (volatile/stable) * visit (visit1 and 

visit2) as repeated measures, while treatment (reboxetine/placebo) was a between-subjects 

factor.  

As we were specifically interested in how the drug treatment modifies self-volatility adaptation 

under different levels of the other-volatility (see results from Chapter 3), we also examined the 

self-volatility adaptation when the other-volatility was volatile or stable respectively. More 

specifically, we calculated self-volatility adaptation for when other-volatility was volatile or 

stable and for wins and losses separately, i.e., (1) win self-volatility Ppsns adaptation when loss 

was volatile (Ppsns-win from the both-volatile block minus Ppsns-win from the loss-volatile 

block), (2) win self-volatility Ppsns adaptation when loss was stable (Ppsns-win from the win-

volatile block minus Ppsns-win from the both-stable block), (3) loss self-volatility Ppsns 

adaptation when win was volatile (Ppsns-loss from the both-volatile block minus Ppsns-loss 

from the win-volatile block), and (4) loss self-volatility Ppsns adaptation when win was 

stable(Ppsns-loss from the loss-volatile block minus Ppsns-win from the both-stable block). 

Then we calculated differences across the two visits for these 4 variables. These were then 

submitted to a 2*2 model for when other-volatility was either volatile or stable, with valence 

(win/loss) as a repeated measure and treatment (reboxetine/placebo) as a between-subjects 

factor. We followed the significant interaction effects found here with two-sample t-tests to 

examine the treatment effects. 

4.2.3 Computational modelling of behavioural data 

Volatility adaptation model: 

The same model adopted in Chapter 3 was used here (see section 3.2.2.2 for more details). 

Models were fitted using Stan (RStan v 2.21.1, R v 3.6.0). The data from all 4 blocks (excluding 

the first 5 trials of each block) from both visits were used in the model fitting. The expected 

values for win and loss were reset to 0.5 at the beginning of each block.  4 parallel Monte Carlo 

chains were run each with 20000 iterations (10000 warm-ups), using adapt_delta of 0.8 and 

maximum treedepth of 15. Learning rate parameters were sampled from a zero-mean normal 
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distribution with a standard deviation of 2, and then transformed to the range 0-1 using logistic 

approximation (Bowling et al. 2009). Beta parameters were sampled from a zero-mean normal 

distribution with a standard deviation of 1 and then transformed using the exp function to a 

positive value. Convergence was inspected using shinyStan(v 2.5.0). No convergence problems 

were detected. We adopted a stringent cut-off of R-hat< 1.1 as an indicator for sufficient 

convergence (Brooks and Gelman 1998), and the minimum number of effective samples >40. 

Parameters were estimated separately for each participant with no hierarchical term. The same 

procedures were also used to estimate parameters for the beta adaptation model and the fixed 

learning model (described in detail in 2.2.3). 

We then performed model comparisons using a leave-one-out cross-validation procedure using 

the LOO package for R (Vehtari, Gelman, and Gabry 2017). An expected log pointwise 

predictive density (ELPD) and a standard error for each ELPD were estimated for each model. 

 

The statistical tests for the learning rate parameters were performed using SPSS (version 26.0; 

IBM, NY, USA).  We first examined whether the learning rate adaptation estimates were 

statistically above zero using one-sample t-tests against zero for estimates from all participants 

for each visit respectively.  

A 4-way mixed ANOVA, with valence (win/loss), other-volatility (volatile/stable) and visit 

(visit1 and visit2) as repeated measures, while treatment (reboxetine/placebo) as a between-

subjects factor, was performed for the baseline learning rates and the volatility learning rate 

adaptations respectively. Note that the statistical tests for the learning rate volatility adaptation 

term and the baseline learning rate estimates were done in logit space. The betas were log-

transformed and then submitted to a 4-way mixed ANOVA, with win-volatility (win 

volatile/win stable) and loss-volatility (loss volatile/loss stable) * visit (visit1 and visit2) as 

repeated measures, and treatment (reboxetine/placebo) as a between-subjects factor. To further 

examined the effects for the treatment induced changes in learning rate volatility adaptations 

between the two visits, we then performed valence * treatment model for when other-volatility 

was volatile or stable respectively, with valence (win/loss) as a repeated measure and treatment 

(reboxetine/placebo) as a between-subjects factor. Finally, we followed up the treatment effects 

with two-sample t-tests between the reboxetine and placebo group. 

4.2.4 Pupillometry data analysis 

 Pre-processing 

Blinks were identified automatedly by the Eyelink system’s built-in filter and were then 

removed from the data. Missing data points (including blinks) were linearly interpolated. The 
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resulting trace was subjected to a low pass Butterworth filter with a cut-off of 3.75 Hz and then 

z transformed across the session (Browning et al. 2015; Pulcu and Browning 2017). The pupil 

response to the win and the loss outcomes were extracted separately for each trial with the 

epoch from 1 s prior to the presentation of the outcome to 5 s after the outcome presentation. 

The pupil response was baseline corrected for each outcome presentation by subtracting the 

mean pupil size of a one second window preceding feedback. Individual trials were excluded 

from the pupillometry analysis if more than 50% of the data in the epoch had been interpolated 

(Browning et al. 2015; Pulcu and Browning 2017). 3 participants were excluded from the 

pupillometry analysis as more than 60% of their trials were excluded on this basis. The same 

number of trials (n=5) as in the model fitting (see the previous section 0) from each block were 

removed from the analysis to ensure consistency between the analyses and also to avoid any 

luminance changes that may be caused by starting a new block of the task. 

 Regression analysis of pupil data 

Trial by trial regression analysis was performed on the pre-processed pupillometry data 

combining all three blocks using the ordinary least square (OLS) method for data points during 

-1s to +5s relative to outcome delivery for win and loss outcomes respectively. Explanatory 

variables (EVs) of interest included (1) self-prediction errors (self-PE): prediction errors for the 

current event for the current trial (i.e., win prediction errors for win outcome window, and loss 

prediction error for the loss outcome window. The prediction errors were calculated using the 

best fitting learning rates derived from the computational model, (2) self-volatility level: the 

volatility level for the current block and the current outcome event (e.g., for the win outcome 

delivery: 1 for blocks when win outcomes were volatile, -1 for the block when win outcomes 

were stable), (3) other-volatility level: the other volatility level for the current block and the 

current outcome event (e.g., for the win outcome delivery: 1 for blocks when loss outcomes 

were volatile, -1 for the blocks when loss outcomes were stable), (4)  self- volatility level* self-

PE, (5)  other- volatility level* self-PE, (6)  self- volatility level * other-volatility level* self-

PE.  

We also added several control variables, including (7) other-prediction errors (other-PE) prior 

to the current event in the same trial (i.e., loss prediction errors for win outcome window, and 

win prediction error for the loss outcome window. For trials, when the other outcome was 

presented later than the current event, the value was set to 0 in the demeaned regressor for this 

trial.) to control for the remaining effect of the other outcome on the current event; (8) order: 

whether the current outcome event was presented first in the current trials to control for the 

effect of the order of the outcome presentation within the current trial; (9) trial number: the 

current trial number in this block, to control for drifting in pupillometry data within the block, 
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(10) a constant term. EVs (other than the constant term) were normalised for each participant 

before entering into the model. The three interaction regressors, i.e., EV(4), EV(5) and EV(6) 

were calculated using normalised relevant EVs.  Then the interaction regressors were also 

normalised before entering into the regression model.  

To investigate the modulation of EVs of interests on pupil dilations, one sample (against zero) 

cluster-wised multiple comparisons correction were performed for each group on the 

parameters estimates (Maris and Oostenveld 2007).  

To further examine the effects of other volatility, we ran separate OLS analyses for when other 

volatility was volatile or stable respectively. More specifically, data for win or loss outcomes 

were split into two halves based on whether other-volatility was volatile or stable (i.e., (1) the 

“both volatile” block and the “win volatile” block for win outcomes, (2) the “loss volatile” 

block and the “both stable” block for the win outcomes, (3) the “both volatile” block and the 

“loss volatile” block for the loss outcomes, (4) the “win volatile” block and the “both stable” 

block for loss outcomes). The OLS model included the same regressors described above except 

for any regressors involved other-volatility (i.e., EV(3), and EV(5) and EV(6)). We then took 

the means of the beta estimates 0-5s since outcome delivery and calculated the differences 

between the 2 visits for each condition and group. Then the differences were submitted to a 

mixed ANOVA (valence * * other volatility * treatment). For any significant effect, we follow 

up with 2-sample t-tests.  

4.3 Results 

4.3.1 Model-free behaviour results 

 Task performance 

We first examined task performance in terms of the percentage of trials in which participants 

received the win and loss outcomes. As expected, one-sample t-tests against the chance level 

(50%) showed that performances both for wins and losses were significantly above chance level 

(all t>7, p<.001), other than the performances for wins in the loss-volatile block for either of 

the two visits (not significant, both p>.010) and the performances for losses in the win-volatile 

block for both visits (significantly below chance level for visit1 (t(49)=-3.86, p<.001) and visit2 

(t(49)=-3.63, p<=.001)). The results suggested that in general participants used both the volatile 

and stable information effectively in the task, but in semi-volatile blocks, participants relied 

mostly on the volatile outcome at the expense of the stable outcome to make choices.  

The valence*visit*self-volatility*other-volatility*treatment ANOVA analysis revealed a 

significant main effect of valence (F(1,48)=5.77, p=.020, ηp
2=.107), indicating a general effect 
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of higher accuracies for wins than losses across participants and a significant main effect of 

visits (F(1,48)=7.70, p=.008, ηp
2=.138), indicating that in general participants’ accuracies were 

higher in the second visit.  

The 5-way mixed ANOVA also revealed significant main effects of self-volatility 

(F(1,48)=85.50, p<.001, ηp
2=.640) and other-volatility (F(1,48)=385.57, p<.001, ηp

2=.889), and 

a significant interaction effect of self-volatility * other volatility (F(1,48)=408.89, p<.001, 

ηp
2=.895), suggesting block specific effect for accuracies (see Figure 4.2).  

The analysis also revealed a significant interaction of valence* self-volatility (F(1,48)=7.39, 

p=.009, ηp
2=.133), suggesting the self-volatility effect was different for wins and losses. To 

further examine the effects for wins and losses respectively, we then follow this up by running 

self-volatility*other-volatility*visit*treatment ANOVAs for wins and losses separately. The 

results showed a significant visit*treatment interaction for loss accuracies (F(1,48)=4.95, 

p=.031, ηp
2=.094) but not for the wins (p>.84), indicating an higher increase in accuracies for 

losses across the visits in the reboxetine group compared to the placebo group (t(48)=2.23, 

p=.031) (See Figure 4.3).  

 

 
Figure 4.2 Summary of task performance for each visit for the reboxetine and placebo 

groups. 

Percentage of trials in which the participant selected the option associated with a win (win 

chosen) or with no loss (loss not chosen) for each of the four task blocks for each visit for the 

placebo group (A) and for the reboxetine group (B). 

Error bars represent ±1 standard error of the mean. 
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Figure 4.3 Reboxetine selectively increased loss performance. 

Changes in accuracies for win and loss from visit1 to visit2 for each group. 

Error bars represent ±1 standard error of the mean. * p<0.05 for post-hoc t-tests. 

 Positive-stay and negative-switch behaviours 

We ran a valence*visit*self-volatility*other-volatility*treatment ANOVA analysis on the 

positive-stay, negative-switch (Ppsns) index to see whether reboxetine affected how 

participants weighted the most recent feedback in their decisions. The results showed a 

significant main effect of self-volatility (F(1,48)=115.18, p<.001, ηp2=.706), indicating that, as 

predicted, participants were more influenced by outcomes of volatile than stable associations, 

and a significant self-volatility by other-volatility interaction (F(1,48)=97.78, p<.001, 

ηp2=.671), suggesting higher modulation of self-volatility on Ppsns when other-volatility were 

stable. This analysis also revealed a significant main effect of valence (F(1,48)=5.81, p=.020, 

ηp2=.108), indicating that participants were generally more sensitive to win than loss outcomes, 

and a significant interaction of valence * self-volatility (F(1,48)=8.04, p=.007, ηp2=.144), 

indicating higher modulation of self-volatility on Ppsns for wins than losses.  

Importantly, the results also showed a significant visit*treatment*self-volatility*other-

volatility effect (F(1,48)=4.52, p=.039, ηp2=.086), suggesting the modulation of reboxetine on 

self-volatility behaviour adaptation differed when other-volatility was volatile relative to stable. 

To further characterise this effect, we ran valence* treatment ANOVAs for the Ppsns self-

volatility adaptation (i.e., self-volatile – self-stable) changes between the two visits (i.e., visit2 

vs visit1) for when other-volatility was volatile or stable respectively. The analysis revealed a 

significant treatment effect (F(1,48)=5.02, p=.030, ηp2=.095) when the other-volatility was 

volatile, but the treatment effect was not statistically significant when the other volatility was 

stable (p= .377), indicating that the reboxetine in general facilitated volatility adaptation when 

the other-volatility was also volatile. The post-hoc analysis confirmed that reboxetine increased 
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the volatility adaptation for loss when the wins were volatile compared to the placebo 

(t(48)=2.79, p=.008), but not when wins were stable (p=.661). However, the treatment effect 

did not reach statistical significance for wins (when losses were volatile: p=.381, when losses 

were stable: p=.547) (see Figure 4.5). 

 
Figure 4.4 Summary of positive stay negative switch indices for each visit for reboxetine 

and placebo group. 

Win Ppsns and loss Ppsns for each of the four task blocks for each visit for the placebo group 

(A) and for the reboxetine group (B). 

Error bars represent ±1 standard error of the mean.  

 
Figure 4.5 Reboxetine increased loss Ppsns volatility adaptation when win was volatile. 

(A) Changes in win Ppsns volatility adaptation (win volatile vs. win stable) from visit1 to visit2 

for when loss was volatile or stable respectively for each group. (A) Changes in loss Ppsns 

volatility adaptation (loss volatile vs. loss stable) from visit1 to visit2 for when win was volatile 

or stable respectively for each group.  
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Error bars represent ±1 standard error of the mean. ** p<0.01 for post-hoc t-tests. 

 

 Summary 

We found that reboxetine seemed to increase task performance, particularly for loss, compared 

to placebo. This was accompanied increased sensitivity to loss outcomes, indexed by Ppsns. In 

the following section, we used the same computational model applied in Chapter 3, to see if 

reboxetine increased learning rate adaptation to volatility. 

4.3.2 Modelling results 

 learning rates 

The learning rate estimates showed the same pattern as in Chapter 3 for each group and each 

visit (see Figure 4.6).  One sample t-tests on the volatility learning rate adaptation terms 

confirmed that self-volatility in general increased learning rates. More specifically, all learning 

rate adaption terms were significantly higher than zero for visit1(all p<.016). The visit2 showed 

the sample pattern (all p<.044), although marginally for the win learning rate adaption when 

losses were volatile(p=.090). 

  

 
Figure 4.6 Summary of learning rate estimates for each visit for reboxetine and placebo 

group. 
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Win and loss learning rates for each of the four task blocks for each visit for the placebo group 

(A) and for the reboxetine group (B). 

Error bars represent ±1 standard error of the mean.  

 

We then examined the effect of reboxetine administration on the volatility learning rate 

adaptation estimates with a mixed ANOVA (valence*other volatility*visit*treatment). The 

results showed a marginally significant visit * treatment interaction (F(1,48)=3.92, p=.053, 

ηp
2=.076), indicating that overall the reboxetine group showed an increment in volatility 

adaptation overtime while the placebo group showed decreased volatility adaptation overtime. 

The results also revealed a significant other-volatility * visit * treatment interaction 

(F(1,48)=7.07, p=.011, ηp
2=.128), showing that the visit * treatment effect was more robust 

when the other volatility was volatile than stable. Critically, the result revealed a significant 

valence * other-volatility * visit * treatment interaction (F(1,48)=4.97, p=.030, ηp
2=.094), 

suggesting the effect was mainly driven by losses rather than wins.  

We then followed this up by running valence * treatment ANOVAs for the learning rate self-

volatility adaptation (i.e., self-volatile – self-stable) changes between the two visits (i.e., visit2 

vs visit1) for when other-volatility was volatile or stable respectively. This post-hoc analyses 

revealed that the treatment effect was significant when other-volatility was high (p=.007), but 

not statistically significant when other-volatility was low (p=.516). Independent t-tests 

confirmed that reboxetine significantly facilitated the learning rate volatility adaptations for 

loss when win was volatile (p=.005), and marginally increased the win learning rate volatility 

adaptations when loss was volatile (p=.081), but not for learning rate volatility adaptations 

neither for win (p=.128) or loss (p=.483), when the other information was stable (see Figure 

4.7). 

 

 
Figure 4.7 The reboxetine increased loss learning rate volatility adaptation when win was 

volatile. 
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(A) Changes in win learning rate volatility adaptation (win volatile vs. win stable) from visit1 

to visit2 for when loss was volatile or stable respectively for each group. (B) Changes in loss 

learning rate volatility adaptation (loss volatile vs. loss stable) from visit1 to visit2 for when 

win was volatile or stable respectively for each group.  

Error bars represent ±1 standard error of the mean. ** p<0.01 for post-hoc t-tests. 

 

The mixed ANOVA (valence*other volatility*visit*treatment) for the baseline learning rates 

revealed a significant main effect of valence (F(1,48)=4.82, p=.033, η2=.091), indicating that 

overall win baseline learning rates were higher than loss.  The results also showed a significant 

valence * other volatility interaction (F(1,48)=6.37, p=.015, η2=.117), suggesting that win 

baseline learning rates were more affected by other(loss) volatility than loss baseline learning 

rates by win volatility. However, there was no significant main effects or interaction for 

treatment or visit for the baseline learning rates (all p>.103). 

 Betas 

The win volatility * loss volatility * visit * treatment ANOVA for beta estimates showed 

significant effects of win volatility (F(1,48)=7.97, p=.007, η2=.142) and loss volatility 

(F(1,48)=15.13, p<.001, η2=.240), indicating higher betas for stable schedules than volatile 

ones. The results also revealed a significant win and loss volatility interaction, suggesting that 

the effects were mostly driven by higher betas for the both-stable block compared to the other 

three blocks (See Figure 4.8). However, the analysis did not reveal any treatment effect or 

interactions (all p>.09), suggesting reboxetine had little effect on choice stochasticity.  

 
 

Figure 4.8 beta estimates for each visit for reboxetine and placebo group 
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Error bars represent ±1 standard error of the mean. 

 Model comparisons 

Similar to the previous studies, the learning rate volatility adaptation model had highest 

predictive accuracy (ELPD=-5732.3, SE=47.8) compared to the beta volatility adaptation 

model (ELPD=-6213.7, SE=60.1), and the fixed learning model (ELPD=-6314.4, SE=55.6), 

suggesting that the learning rate volatility adaptation model fitted the data better than the other 

two models. 

 

 Summary 

With the volatility adaptation model, we showed that reboxetine seemed to increase learning 

rate volatility adaptation, particularly to loss, compared to placebo. In the following section, we 

examined whether the effect was mirrored by changes in pupil responses during the task. 

4.3.3 Pupil responses during task 

We first checked whether reboxetine caused a general pupil dilation change on visit2 compared 

to visit1. We examined whether there was any visit * treatment effect for the mean pupil dilation 

(without any normalization) during a 1s window right before delivery of each outcome, which 

was used as baselines in the following analyses, for each block and for wins and losses 

respectively. The ANOVA results did not show any significant main effects or interactions. 

Nor did pair t-tests show any significant differences between the baselines.  This suggested that 

reboxetine might not affect general pupil dilations during the study (see Figure 4.9). 
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Figure 4.9 baseline pupil dilation was not affected by the treatment. 

(A) Changes in mean baseline pupil dilation from visit1 to visit2 for win outcomes for each 

group. (B) Changes in mean baseline pupil dilation from visit1 to visit2 for loss outcomes for 

each group.   

 

Next, we examined whether and how reboxetine affected the modulation of prediction errors 

(PE) on pupil dilation. Consistent with results from Chapter 2, the OLS analysis showed a 

strong modulation of prediction errors on pupil dilations for both win and loss outcomes (see 

Figure 4.10 A-D & Figure 2.9 in Chapter 2).  The results also revealed reduced win and loss 

PE modulations of pupil dilations for the 2nd visit compared to the 1st visit for the reboxetine 

group, while such differences were not shown for the placebo group (see Figure 4.10 E&F). 
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Figure 4.10 Regression analysis showing the temporal dynamics of prediction errors on 

pupil dilations.  

(A&C) The coefficients estimated for the effect of win prediction errors on pupil dilations for 

the placebo (A) and the reboxetine group (C) respectively. (B&D) The coefficients estimated 

for the effect of loss prediction errors on pupil dilations for the placebo (B) and the reboxetine 

group (D) respectively. (E) Changes in the coefficients estimated from visit1 to visit2 for the 

effect of win prediction errors on pupil dilations for the placebo group and reboxetine group 

respectively. (F) Changes in the coefficients estimated from visit1 to visit2 for the effect of loss 

prediction errors on pupil dilations for the placebo group and reboxetine group respectively. 

The coloured solid line and shadow indicate the means ± s.e.m. calculated for each group. The 

coloured thick lines paralleling the x-axis indicate time windows in which coefficients were 

significantly different from zero after cluster-based multiple comparison correction (cluster 

definition threshold P = 0.05) for each visit or each group. Time zero corresponds to the onset 

of outcome delivery.  

 

Interestingly, consistent with the reboxetine effect we showed with the behaviour data, we also 

found a significant other-volatility * self-volatility * PE * visit * treatment interaction on pupil 

dilations. More specifically, compared to the placebo group, reboxetine seemed to reduce the 

effect of other-volatility*self-volatility*PE on pupil dilations in general (see Figure 4.11).  

To further investigate the 3-way interaction, we ran OLS analyses separately for when other-

volatility was stable and when other-volatility was volatile. The results suggested that 

reboxetine reduced the self-volatility effect on loss PE pupil responses particularly when wins 

were volatile (see Figure 4.12 B). To formally examine the interactions, we took the mean of 
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the coefficient estimates across 0-5s from the outcome delivery, calculated the difference in the 

beta estimates between the 2 visits, and then submitted them to a mixed ANOVA. The analyses 

confirmed a significant valence * other-volatility * treatment interaction (F(1,48)=4.96, p=.031, 

η2=.099). Post-hoc 2-sample t-tests confirmed that the placebo and reboxetine group differed 

in the self-volatility * self-PE modulation on pupil responses particularly for loss outcomes 

when wins were volatile (p=.007) (see Figure 4.12 F).  

 
Figure 4.11 Regression analysis showing the temporal dynamics of self-volatility * other-

volatility * prediction errors interaction effect on pupil dilations.  

(A&C) The coefficients estimated for the 3-way interaction of win prediction errors, win 

volatility and loss volatility on pupil dilations for the placebo (A) and the reboxetine group (C) 

respectively. (B&D) The coefficients estimated for the 3-way interaction of loss prediction 

errors, loss volatility and win volatility on pupil dilations for the placebo (B) and the reboxetine 

group (D) respectively. (E) Changes in the coefficients estimated from visit1 to visit2 for the 

3-way interaction of win prediction errors, win volatility and loss volatility on pupil dilations 

for the placebo group and reboxetine group respectively. (F) Changes in the coefficients 

estimated from visit1 to visit2 for the 3-way interaction of loss prediction errors, loss volatility 

and win volatility on pupil dilations for the placebo group and reboxetine group respectively. 

The coloured solid line and shadow indicate the means ± s.e.m. calculated for each group. The 

coloured thick lines paralleling the x-axis indicate time windows in which coefficients were 

significantly different from zero after cluster-based multiple comparison correction (cluster 

definition threshold P = 0.05) for each visit or each group. Time zero corresponds to the onset 

of outcome delivery.  
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Figure 4.12 reboxetine reduced the self-volatility effect on pupil responses to loss 

prediction errors when win was volatile but not when win was stable. 

(A&C) Changes in the coefficients estimated from visit1 to visit2 for win prediction error and 

win volatility interaction on pupil dilations for when loss was volatile (A) and for when loss 

was stable (C) respectively. (B&D) Changes in the coefficients estimated from visit1 to visit2 

for loss prediction error and loss volatility interaction on pupil dilations for when win was 

volatile (B) and for when win was stable (D) respectively.  

The coloured solid line and shadow indicate the means ± s.e.m. calculated for each group. The 

coloured thick lines paralleling the x-axis indicate time windows in which coefficients were 

significantly different from zero after cluster-based multiple comparison correction (cluster 

definition threshold P = 0.05) for each group respectively. Time zero corresponds to the onset 

of outcome delivery.  

(E) Bars represent average delta coefficients between the two visits for win PE and win 

volatility interaction (mean across 0-6s after the onset of outcome delivery) for when loss was 

volatile and for when loss was stable, and for each group respectively. (F) Bars represent 

average delta coefficients between the two visits for loss PE and loss volatility interaction 

(mean across 0-6s after the onset of outcome delivery) for when win was volatile and for when 

win was stable, and for each group respectively.  

Error bars represent ±1 standard error of the mean. * p<0.05 for post-hoc t-tests. 

 

Finally, we also found evidence that the behavioural and pupillometry measures were related: 

the decrease in the modulation of self-volatility on loss pupil responses to self-PE on visit 2 

compared to visit 1 was associated with increased loss learning rate adaption estimates on visit 
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2 compared to visit 1 across all participants (r(46)=-0.29, p=.049, see Figure 4.13). However, 

such correlation was not found within the reboxetine group (r(23)=-.042). 

 

 
Figure 4.13 Across the two groups, decreased in the modulation of the loss volatility on 

loss pupil responses to self-PE from visit 1 to visit 2 was associated with increased loss 

learning rate adaption estimates from visit1 to visit2 when win was volatile. 

The Red line indicates the best fitting line across the two groups. Blue dots: the reboxetine 

group, yellow dots: the placebo group. * p<0.05 for the Pearson Correlation.  

4.4 Discussion 
In this study, we adopted a randomised double-blind placebo-controlled design to investigate 

the effect of a single dose of reboxetine on volatility adaptation to win and loss outcomes. We 

first showed that loss accuracies in participants with reboxetine treatment increased relative to 

their baseline loss performances compared to the placebo group. We then examined the impact 

of reboxetine on the participants’ choices as a function of the most recent outcome, i.e., the 

positive-stay and negative-switch behaviour indexes (Ppsns). We found that reboxetine 

increased the effect of loss-volatility on positive-stay negative-switch behaviour particularly 

when wins were volatile. We then fitted a volatility adaptation model to formalize the learning 

rate adjustments to volatility. The model results confirmed that the reboxetine group had an 

increased learning rate adjustment to changes in loss-volatility, particularly when wins were 

volatile. However, contrary to our expectation, we found that reboxetine reduced the effect of 

loss volatility on the pupil response to loss prediction errors particularly when wins were 

volatile. Nevertheless, the level of reduced loss-volatility effect on the pupillometry outcomes 

negatively correlated with the enhanced loss-volatility learning rate adjustments across all 

participants. Together, the results suggest that reboxetine might be able to boost learning 

adaptation, particularly when the general environment is volatile. 



95 

 

Our results showed a marginally significant effect of reboxetine on overall learning rate 

volatility adaptations, with a more pronounced effect on loss learning rates when wins were 

volatile (overall highly volatile environment). This finding has some similarities with recent 

studies which showed that a single dose of methylphenidate, a norepinephrine and dopamine 

reuptake inhibitor, increased learning rates in humans compared to the placebo group (Howlett 

et al. 2017), particularly when the environment was volatile (Cook et al. 2019). An obvious 

difference between these previous findings, and the current results, are that we found an 

increase in learning rate adaptation, rather than in overall learning rates deployed. Given our 

findings in Chapters 2 and 3, where symptoms of depression were associated with decreased 

learning rate adaptation to losses, rather than a generalised reduction of learning rates, these 

results suggest that the effects of reboxetine found here, may be more closely linked to the 

antidepressant effect of reboxetine. From a neurochemical perspective, methylphenidate 

modulates both noradrenaline and dopamine, so these previous studies could not distinguish 

the roles of the two catecholamines in adaptive learning. In our study, we showed that 

modulation of norepinephrine (using reboxetine, a selective norepinephrine reuptake inhibitors 

(SNRIs)) alone could influence learning adaption to volatility. Interestingly, in a more recent 

study, Lawson et. al. showed that administration of propranolol, a β-adrenergic receptor 

antagonist, had the opposite effect, i.e., slowing learning in volatile environments (Lawson et 

al. 2021). Propranolol, which reduces norepinephrine signalling, has been shown to exert an 

opposite effect on cognition and neural activity than reboxetine (De Martino, Strange, and 

Dolan 2008; Mizoguchi et al. 2008). Together, these findings support the role of norepinephrine 

in adaptive learning, which has been hypothesized as a key neuromodulator in the neural 

implementation of volatility (Dayan and Jyu 2003; Yu and Dayan 2005). 

In this study, we also found that administration of reboxetine did not affect baseline pupil size, 

or dilation, but specifically reduced the modulation effect of loss volatility on pupil responses 

to loss prediction error, particularly when wins were volatile. We further showed that the 

reduced modulation of volatility on pupil responses correlated with the increased loss learning 

rate adaptation to volatility across the reboxetine and placebo groups. However, in Chapter 2, 

we showed a positive correlation between loss learning rate adaptation to volatility and 

volatility modulation of pupil responses to loss prediction error. One speculative possibility is 

that reboxetine might lead to increased tonic pupil diameter and decreased phasic pupil 

responses. However, we did not find treatment effect for the baseline during the 1s period prior 

to the outcome delivery. However, our design that there was no visual separation between the 

first and the second outcome delivery within a trial might hinder this test. Future studies are 

needed to examine how reboxetine changes tonic and phasic pupil diameter, and the changes 

in pupil relate to the changes in learning rate adaptation to volatility. 
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Interestingly, Lawson et. al. showed that propranolol, which had the opposite effect on learning 

rates to that we found for reboxetine, also reduced the modulation of volatility and prediction 

error on pupil dilations (Lawson et al. 2021). Another speculative possibility is that there is an 

inverted U-shaped relationship between the norepinephrine level and pupil responses to 

volatility, so reducing or increasing norepinephrine levels in healthy participants both lead to 

reduced modulation of volatility on pupil dilations. More studies are needed to further 

investigate this effect of manipulating norepinephrine on pupil dilations during a learning task 

and whether the effect is different for healthy participants and depressed patients. 

We found that reboxetine reduced the pupil responses to both win and loss outcome. However, 

the volatility adaptation effect was more prominent for loss volatility adaptation particularly 

when win was volatile. In this Chapter and Chapter 2, as well as in the previous work (Pulcu 

and Browning 2017), loss/punishing outcome seemed to elicit stronger pupil responses than 

win/rewarding outcome, and the association between pupil volatility adaptation and learning 

rate volatility adaptation were also stronger for loss than win. Browning et. al (Browning et al. 

2015) also showed an association between learning rate volatility adaptation and pupil volatility 

adaptation to shock (punishing stimuli). Together, the results suggest that norepinephrine 

system is more sensitive to punishing outcome. Therefore, the effect of reboxetine might be 

more prominent for punishing outcome than rewarding outcome. 

Nevertheless, we showed that a single dose of reboxetine affected adaptive learning particularly 

for punishment and that this effect was accompanied by changes in pupil response during the 

task. Together with the findings from previous Chapters, our results have important 

implications in understanding the psychopharmacological mechanism of reboxetine on 

depression. In Chapter 2, we found an impairment in adjusting learning to the volatility of losses 

in currently depressed patients. In Chapter 3, we further showed that reduced loss learning rate 

adaptation to volatility was associated with depressive symptoms. In the current Chapter, we 

showed that reboxetine, a SNRIs antidepressant, may increase loss learning rate adaptation in 

volatile environments. This raises the possibility that reboxetine might help alleviate depression 

by improving adaptive learning of punishment information in depressed patients. Further 

studies are needed to better understand the effect of reboxetine on adaptive learning in clinically 

depressed patients. For example, it would be interesting to test whether changes in loss learning 

rate adaptation to volatility mediated the symptomatic effects of reboxetine in clinical treatment 

studies. If successful, this would suggest that these cognitive effects might usefully be used to 

predict patients who might benefit more from taking reboxetine.  

In the next chapter we summarise the studies and findings described in this thesis and consider 

their broader implications.  
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5 CONCLUSION AND GENERAL 
DISCUSSION 

In this thesis, we used a task in which we independently manipulated the volatility of win and 

loss outcomes and systematically examined the underlying mechanisms of adaptive learning in 

depression using computational modelling, fMRI, pharmacological manipulation and 

pupillometry recordings. The results have provided some consistent evidence that link 

depression with inadequate learning adaptation to the volatility of loss outcomes. In Chapter 2, 

we showed that currently depressed patients had lower loss learning rate volatility adaptations, 

estimated using a volatility adaptation model, compared to remitted depressed patients and 

healthy controls. This was accompanied by reduced loss volatility modulation of pupil 

responses to loss outcomes (loss prediction errors) in the currently depressed group compared 

to the other two groups. In Chapter 3, using a similar volatility adaptation model, we showed 

that loss learning rate adaptation estimates negatively correlated with individual differences in 

overall negativity levels. This was paralleled by decreased segregation of win and loss volatility 

signals in a distributed brain network of outcome sensitive regions, especially in the ACC. In 

Chapter 4, we showed that a single dose of a norepinephrine reuptake inhibitors (NRIs) 

antidepressant (reboxetine) could increase loss learning rate adaptations to volatility. This was 

also associated with a reduced volatility effect on the pupil responses to loss outcomes (loss 

prediction errors), particularly when wins were volatile.  

In this final chapter, we discuss some general conclusions that can be drawn from these three 

studies, how they might be interpreted, some limitations of the studies, as well as how future 

work might help clarify and expand on the ideas. 
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Figure 5.1 A summary of the main results for each Chapter in this thesis 

 

 

The association between symptoms of depression and reduced learning rate adaptations to 

changes in loss volatility 

First and foremost, our results suggest that the impaired ability to adapt learning to the volatility 

level of loss outcomes in depression might be state-dependent, and probably linked to 

individual differences in negativity generally, rather than to anxiety or depression specifically. 

In Chapter 2, we showed a significant group difference in loss learning rate adaptation between 

patients who were currently depressed and patients who had remitted from depression at the 

time of the testing. In that chapter, we also showed correlations between the loss learning rate 

adaptation estimates and various depression and anxiety questionnaires scores. In Chapter 3, 

we showed such correlation again, i.e., the loss learning rate adaptation estimates negatively 

correlated with participants’ overall negativity levels in a subclinical cohort, recruited to have 

a range of depression scores. These results are consistent with previous studies showing reduced 

punishment learning rate volatility adaptations in people with higher anxiety and/or general 

negativity levels (Browning et al. 2015; Pulcu and Browning 2017; Beltzer et al. 2019; Gagne 

et al. 2020). Together, the results suggest that impaired loss/punishment learning adaptation to 

volatile environment might be a common deficit in people with mood disorders.  
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However, it is still not clear whether the difficulty in adjusting loss learning causally contributes 

to the symptoms or whether the symptoms cause the learning deficit. Our finding in Chapter 2, 

that showed only the currently depressed group had reduced loss learning rate adaptations but 

not in the remitted depressed group, suggests that this cognitive characteristic might be state-

dependent. Nevertheless, studies are needed to examine whether there is a causal relationship 

between depression and difficulties in loss learning rate volatility adaptation. For example, 

future studies can adopt a longitudinal design to check whether improvement in learning 

adaptation precedes depression symptom alleviation. Or more directly, running experimental 

studies, which manipulate loss learning rate adaptation using cognitive or pharmacological 

intervention and see whether this improves depression. In Chapter 4, we showed that an 

antidepressant (reboxetine) could increase loss learning rate adaptation, suggesting that 

antidepressants could help alleviate depression symptoms by changing how individuals adapt 

to changes in loss volatility in the environment. However, we did not use clinical depression 

sample in this study, and did assess the changes in depression symptoms. Further studies could 

better examine this hypothesis by formally assessing whether changes in loss learning rate 

adaption mediate the impact of treatments like reboxetine on symptoms in a clinical population. 

For example, a randomised controlled trial (e.g., reboxetine vs. placebo) for depressed patients, 

where changes in symptoms and learning rate adaptation are measured over many weeks. 

It is also not clear why the impaired learning volatility adaptation is more specific for loss and 

why the reboxetine effect is also more prominent for loss. However, the association between 

negative mood and loss learning rate volatility adaptation were consistent across many studies 

(Beltzer et al. 2019; Hein et al. 2019; Pulcu and Browning 2017; Browning et al. 2015; Gagne 

et al. 2020). In Chapter 2&4, we showed that loss/punishing outcome seemed to elicit stronger 

pupil responses than win/rewarding outcome, and the association between pupil volatility 

adaptation and learning rate volatility adaptation for loss/punishing outcome. This is also 

consistent with previous work (Pulcu and Browning 2017; Browning et al. 2015). Together, 

this suggests that the norepinephrine system may be more sensitive to punishing than rewarding 

outcomes. Therefore, the effect of reboxetine (targeting the norepinephrine system) would also 

be expected to be more prominent for punishing than rewarding outcomes. This raises the, 

admittedly speculative, possibility that people with depression might show impairment in loss 

adaptive learning because of their dysfunctional norepinephrine system. 

However, it is not clear whether the deficit in loss learning adaptation is specific to negative 

moods, or whether it might also be associated with other psychiatric symptoms, such as 

psychosis. Studies with different patient cohorts are needed to clarify the specificity of reduced 

loss learning rate volatility adaptation to different types of psychiatric symptoms.  
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Finally, the cognitive and neural mechanisms underlying the association between negative 

emotions and loss learning adaptation deficits are not clear. In the following sections, we 

discuss some potential cognitive and neural mechanisms suggested by the studies in this thesis.  

  

The effect of distractor volatility on learning rate adaptation 

The results from the three studies suggest a potential underlying cognitive mechanism for the 

impaired loss adaptive learning in depression; that people with higher depression levels might 

be more affected by distractor volatility. In Chapter 3, we showed that higher overall negativity 

scores were associated with reduced loss-volatility learning rate adaptations particularly when 

wins were volatile, suggesting that win distractor volatility might hinder the loss-volatility 

learning adaptation in people with higher negativity scores. In Chapter 3, we also showed less 

segregated win-volatility and loss-volatility signals in the brain for people with higher 

negativity levels, suggesting that having to deal with two sources of volatile information might 

be particularly difficult for people with higher negativity scores. Consistent with this, the 

impaired loss learning rate adaptations in currently depressed patients we showed in Chapter 2 

were also apparent when wins were volatile. In Chapter 4, we showed that an antidepressant 

(reboxetine) increased loss learning rate volatility adaptations in healthy participants, 

particularly when wins were volatile. 

One interpretation of these results is that people with depression might have more difficulty in 

differentiating distinct sources of volatility and, as a result, find it more difficult to adapt their 

learning optimally to the volatility level of a specific association, when other associations are 

volatile. If correct, this would suggest that the most efficient route to ameliorating these 

cognitive deficits would be helping patients segregate different associations rather than 

specifically enhancing the degree to which they adapt to changes in volatility. However, the 

evidence for this conclusion is indirect, and more studies are needed to further examine this 

possibility. For example, in the current work only two levels of volatility were employed 

(high/low) leaving open the possibility that the findings are limited to situations in which 

volatility is treated in such a binary fashion, rather than as a continuous quantity. Future studies 

might address this possibility using a magnitude learning task and have participants learn about 

one option while varying the volatility of the other outcome across a broad range of levels to 

examine how parametric modulation of distractor volatility levels affects participants’ volatility 

adaptation and how this might be associated with depression or anxiety. 

 

The Role of Norepinephrine in Learning Adaptation to Loss Volatility 

The results indicated that norepinephrine may play an important role in maladaptive learning 

adjustment to volatility, particular for punishment information, in depression. In Chapter 2, we 

found that the pupil responses to loss outcomes were diminished in the currently depressed 
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group compared to the remitted depressed group and the healthy control group, suggesting that 

the impaired loss learning adaptation might be caused by (or at least, related to) reduced 

norepinephrine (Aston-Jones and Cohen 2005; Joshi et al. 2016) or other neurotransmitters (de 

Gee et al. 2017) that modulate pupil size. In Chapter 4, we manipulated the norepinephrine 

system using a single dose of reboxetine, a norepinephrine reuptake inhibitor, and showed that 

the drug reduced the effect of win-volatility on how loss-volatility modulated the pupil 

responses to loss outcomes. More importantly, we showed that reboxetine increased loss 

learning adaptations in volatile environments. In other words, we showed a causal relationship 

between the norepinephrine system and loss learning adjustment to volatility.  

However, it is not clear why in Chapter 2 we found a positive correlation between the volatility 

effect on pupil responses to loss PEs and loss learning rate adaptation. However, in Chapter 4, 

the reduced volatility effect on pupil responses to loss PEs induced by reboxetine was 

associated with increase in loss learning rate adaptation. One speculative possibility is that 

reboxetine might lead to increased tonic pupil diameter and decreased phasic pupil responses. 

Future studies are needed to examine how reboxetine changes tonic and phasic pupil diameter, 

and the changes in pupil relate to the changes in learning rate adaptation to volatility. 

Nevertheless, these results raise the possibility that reboxetine may alleviate depression 

symptoms by helping patients to better adapt to the volatility level of punishments in their 

environment.  By adjusting learning rates to the volatility of punishing outcomes, patients might 

be more efficient at tracking the environmental statistics (i.e., the associations), so that they 

could better avoid the negative affect of experiencing surprising punishing events (which lead 

to learned helplessness). In Chapter 4, we showed that loss learning rate adaptation could be 

modified by an NRIs antidepressant (reboxetine) in healthy participants, which suggests the 

ability to adapt learning to the environment might be modifiable. Clearly however, more studies 

are needed to examine whether reboxetine treatment over a meaningful treatment period in 

currently depressed patients could increase their loss learning volatility adaptation, and whether 

the effect of reboxetine on learning rate adaptation mediates the treatment effect, i.e., alleviation 

of depression symptoms. Even if the effect of reboxetine on learning rate adaptation does not 

mediate its clinical effect, it might be useful as a behavioural marker of the effect of reboxetine 

and, potentially, a predictor of treatment outcome. This could be tested, for example, in a cohort 

of patients treated with reboxetine, by testing whether those patients who showed early 

enhancement of volatility adaptations to reboxetine were more likely to respond clinically to 

treatment. Another question that arises is whether the observed effect is specific to reboxetine 

or NRIs antidepressants. Future studies could examine whether other types of antidepressants 

or other interventions that target other neurotransmitters that also modulate pupil dilation, such 

as acetylcholine (Larsen and Waters 2018), have similar effects on loss learning rates. 
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Our results are in general consistent with recent studies that showed increasing norepinephrine 

level increased learning rates (Howlett et al. 2017), particularly when the environment was 

volatile (Cook et al. 2019), while decreasing norepinephrine reduced learning rates in volatile 

environments (De Martino, Strange, and Dolan 2008; Mizoguchi et al. 2008; Lawson et al. 

2021). However, it is still not clear how norepinephrine affects loss volatility adaptation 

particularly when presented with distractor volatility. Increasing norepinephrine level might 

increase loss adaptive learning by allowing better volatility information processing through 

increasing attention and volatility signal segregation in the brain. 

 

The Potential Neural Mechanism of the Impaired Loss Volatility Learning Adaptation in 

Depression 

In Chapter 3, we showed that win volatility predominantly increased win outcome signals in 

prefrontal regions which had increased responses to positive outcomes, such as rACC and 

vmPFC, while loss volatility predominantly increased loss outcome signals in prefrontal 

regions which had increased responses to negative outcomes, such as dACC and MFG. 

Moreover, we showed that the overall negativity was associated with relatively more win 

volatility adaptations than loss volatility adaptations in dACC (dominated by loss volatility), 

and relatively more loss volatility adaptations than win volatility adaptations in the rACC 

(dominated by win volatility). The results suggest that people with higher overall negativity 

scores might have less distinct win-volatility and loss-volatility in the prefrontal cortex. 

Interestingly, a mediation analysis suggested that the ratio of win vs. loss volatility adaptation 

signals in the dACC might affect the negativity scores through the mediation effect of biased 

loss volatility learning rate adaptation. The results suggested a role of dACC in loss volatility 

adaptation and that less distinct loss volatility representation in the dACC could be associated 

with impaired loss volatility adaptation in depression. 

The results are consistent with previous work that showed the dACC tracks volatility in 

reinforcement learning tasks (Behrens et al. 2007; Silvetti, Seurinck, and Verguts 2013; 

Rushworth and Behrens 2008). Our results further suggested that a possible dysfunction in the 

dACC might be associated impaired loss volatility learning adaptation in depression. The 

dACC could help reduce distractor interference by supporting a more precise segregation of 

distinct associations in the environment which allow more effective suppression of conflicting 

information, perhaps via modulation of the NE system and pupil responses (Ebitz and Platt 

2015). Therefore, less distinct loss volatility representation in people with depression might 

interfere with their ability to adjust learning optimally to the volatility level in the environment, 

potentially leading to emotional distress (Blain and Rutledge 2020).  

The mechanism underlying any difficulty in segregating win and loss volatility in depression is 

not clear. It is perhaps one aspect of a more general effect, e.g., depressed patients are just less 
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good at representing things. Consistent with this a number of studies have shown that people 

with higher levels of anxiety find it difficult to segregate ambiguous and threatening cues during 

conditioning (Lissek et al. 2014). It would be interesting to test whether reduced adaptation to 

volatility was associated with these other potential markers of reduced cognitive segregation. 

 

Some Pros and Cons of the New Information Bias Learning Task 

We adopted a new information bias learning task in Chapter 3&4, which was developed based 

on the task used in Chapter 2. We made two important changes to the task to enable us to better 

investigate the effect of other-volatility. The first change made was that the “stable” schedule 

of the task was not fixed at 50% anymore, but had a probability change somewhere in the 

middle of the block either from 15% to 85% or from 80% to 20%, which reduced the difference 

in expected uncertainty between the volatile and stable schedules.  Second, we included a both 

stable block (i.e., in which both win and loss outcomes were relatively stable), which allows us 

to test the valence*self-volatility*other-volatility effect in our analysis. 

With the new task, we demonstrated clear main effects of other volatility and self-

volatility*other-volatility interactions in behaviour data and model results in Chapter 3&4, 

which it was not possible to examine with the old version of the task. Importantly, in Chapter 

3, we showed that the overall negativity scores were associated with loss learning rate 

adaptation when wins were volatile, but not when wins were stable. Similarly, we showed in 

Chapter 4 that a single dose of reboxetine increased loss learning adaptation when wins were 

volatile, but not when wins were stable. Such differences were not found in Chapter 2 because 

the old version of task in Chapter 2 only studied learning rate adaptations when other-volatility 

was volatile. Future studies are needed to examine whether the loss learning rate adaptations in 

clinically depressed participants were specifically impaired when wins were volatile, but not 

when wins were stable, with the new version of the task.  

However, we did not find much evidence of the effect of other-volatility nor the interaction of 

self and other volatility on the neural data in Chapter 3, although these effects were shown in 

the behavioural results in Chapter 3. A possible reason might be that the study might be 

statistically underpowered to detect the other-volatility effects, which, suggested by the 

behavioural results, are likely to be smaller than those for the self-volatility. Nevertheless, we 

showed that overall negativity scores were associated with a reduced segregation of win and 

loss volatility signals in the brain. Future studies should increase the statistical power and 

further examine how other-volatility might affect the neural computations of the self-volatility. 

For example, increasing participant sample size might increase the statistical power in general. 

Further, studies could also try to increase volatility level contrasts between win and loss 

volatility, for example, introducing more rapid changes in the task.  
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A second limitation to the new task was that the stable condition had one change in association 

in it. In other words, it was less stable than in the original task. This aspect of the task design 

was included as it allowed us to include the stable/stable block (without it, there would have 

been no reversal of optimal choice, making it difficult to measure participant behaviour) and 

also prevented the stable schedules from being heavily biased to one particular shape. However, 

the inclusion of a change in association during the stable block necessarily reduced the volatility 

contrast in the task (i.e., the difference in volatility between volatile and stable periods was 

reduced) raising the possibility that some aspects of volatility adaptation may not have been 

detected by the new task. 

 

In conclusion, using computational modelling approaches, we have shown consistent evidence 

in this thesis that depression is associated with impaired learning adaptation to the volatility of 

loss outcomes. The pupillometry and fMRI results highlighted the important role of the dACC 

and its interaction with the norepinephrine system in the control of learning and in relation to 

symptoms of depression. The pharmacological study provided important information about the 

causal role of norepinephrine in the adaptation to uncertainty and suggested a potential novel 

cognitive mechanism of NRIs antidepressants. Together, this thesis showed consistent evidence 

of the biased information processing in depression and suggested potential underlying cognitive 

and neural mechanisms.  
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