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Abstract 
 
The primary goal of this thesis was the understanding of the cognitive and computational 
mechanisms of reward and effort guided processing and their change in depression and 
commonly used/putative treatments. In chapter 2, I developed a new paradigm that allowed me 
to examine the neural basis of concurrent learning about rewards and effort in a complex, 
naturalistic environment. Measuring brain activity using functional magnetic resonance imaging, 
I proposed a prefrontal cortical mechanism for overcoming behavioural biases generated by 
irrelevant reward features (Scholl et al., 2015). In chapter 3, I used this paradigm to measure the 
effects of prolonged administration of a commonly used antidepressant, a serotonin re-uptake 
inhibitor, which has previously been hypothesized to enhance learning and neural plasticity. I 
found that it increased neural learning signals for both reward and effort in a widespread network 
of brain areas, suggesting a general learning enhancing effect (Scholl et al., under review). In 
chapter 4, I measured whether a putative novel treatment for depression, the partial NMDA 
agonist d-cycloserine, could also influence learning. While I found this not to be the case, it led 
to a marked improvement in how participants integrated the available information to make 
decisions (Scholl et al., 2014). In chapter 5, I tested how these different aspects of reward-guided 
behaviour, some of which were changed in my pharmacological manipulation, are related to 
changes in depression. We found that dysphoric participants did not differ from healthy controls 
in how quickly they learnt appetitive or aversive/effortful information. However, when making 
decisions they used this learnt information less than healthy controls to determine their decisions. 
Together, these studies revealed that complex decisions require additional cognitive and neural 
mechanisms that go beyond those seen in the simplest learning tasks. These diverse mechanisms 
can be computationally teased apart, rely on different neural systems and can thus be influenced 
separately. Lastly, we found that common treatments of depression did not necessarily target the 
same mechanisms affected by depression, suggesting potential new avenues for new treatments. 
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1. General Introduction 

Precise quantification is often essential for scientific empirical inquiry. Depression, like many 

mental disorders, is difficult to categorize and even harder to quantify. Currently, patients are 

diagnosed based on an interview led by a clinician (e.g. the Patient Health Questionnaire, PHQ-9 

(Kroenke et al., 2001)). A diagnosis of depression is made if patients have at least five out of 

nine possible symptoms, for at least two weeks, of which one needs to be one of two key 

symptoms. These key symptoms are depressed mood and anhedonia, i.e. loss of interest in or 

enjoyment of activities previously found enjoyable. The other seven possible symptoms include: 

weight loss or weight gain, insomnia or hypersomnia, psychomotor agitation or retardation, 

fatigue or loss of energy, feelings of worthlessness or excessive guilt, diminished ability to think 

or concentrate and recurrent thoughts of death or suicide. While this approach to diagnosis has 

good face validity (i.e. psychiatrists can identify depressions with high certainty), it is purely 

symptomatic rather than mechanistic. In other words, the symptoms are not clustered together in 

one diagnosis because of an underlying model of cognitive or biological processes that cause 

them. Addressing this lack of mechanistic as well as quantitative understanding is one aim of 

computational psychiatry approaches. 

 

Computational psychiatry aims to describe complex behaviours mathematically and hopefully 

mechanistically in terms of their different components at a both neural and cognitive level. It can 

thus be considered a computational extension of the cognitive/neural systems approach. There 

are several advantages to this approach: Firstly, experiments can be designed that can measure 

particular subprocesses within more complex behaviours, rather than having to rely on simpler 

tasks or (potentially faulty) introspection from patients. Secondly, it is therefore possible to find 

out which processes are affected more specifically. Thirdly, psychiatric findings can be more 

easily connected to knowledge from decades of cognitive or systems neuroscience research as 

the processes or cognitive mechanisms that are changed by depression can be related to the 
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equivalent processes in healthy humans or animal models. Fourthly and finally, it allows the use 

and analysis of more complex, and thus more ecologically valid, experiments.  

 

Applying this approach to the depression key symptom anhedonia, it has been proposed (Romer 

Thomsen et al., 2015; Treadway and Zald, 2011, 2013) that it can be related to different aspects 

of reward or punishment processing, including valuation (liking/disliking something or 

attributing it a reward/incentive value), evaluation (deciding between things you like/dislike), 

motivation and learning (learning the value of a stimulus from experience). The main focus of 

this thesis will be on value-based learning.  

 

In the following I will first describe computational and neural mechanisms of learning in healthy 

humans and animals in order to lay out the basic mechanisms in questions. Then I will discuss 

learning in depression and possible treatments more specifically. 
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1.1 Behavioural and neural mechanisms of learning 
	
In real life, choices are only very rarely between options with explicitly indicated values. 

Instead, more commonly one needs to retrieve, from memory, the learnt value of each option 

under consideration, making continuous tracking and learning essential throughout.  That 

animals are indeed capable of learning to predict outcomes associated with options was first 

demonstrated over 100 years ago, leading to the beginnings of behaviourism. Ivan Pavlov found 

that dogs could learn to salivate to cues predicting foods, while Edward Thorndike discovered at 

around the same that cats could learn to pull on a string to escape from a box. These early 

findings already suggested that learning is potentially not a unitary process, but that different 

neural and computational learning systems are responsible for learning between stimulus-

outcome associations (Pavlovian learning), stimulus-response associations (habitual learning) 

and model-based (or goal-directed) learning. 

1.1.1 Pavlovian learning 
	
In the simplest scenario the human/ animal learns to predict previously unpredicted outcomes, 

after repeated exposure, estimating the probability of an outcome (e.g. a food reward) following 

a certain stimulus (e.g. a light). Mathematically, this learning process can be described by a 

simple equation such as the Rescorla-Wagner learning rule: 

 

 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! = 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!!! + 𝛼 ∗ 𝑃𝐸!!! 

with 

𝑃𝐸!!! = 𝑂𝑢𝑡𝑐𝑜𝑚𝑒!!! − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!!! 

 

This learning rule conceptualizes that every time the outcome follows the stimulus, one first 

computes the prediction error (PE), i.e. the difference between the actual outcome and the prior 

prediction about the outcome. This PE is then used to update the prediction of the outcome. The 



	 	 	 8	
	

size of this update is determined by the learning rate (α, between 0 and 1), the higher the learning 

rate, the faster the learning (updating).  

 

Neurally, Pavlovian learning has most strongly be associated with the dopaminergic system. In 

now classic experiments, Schultz et al. (1997) recorded electrical activity from putatively 

dopaminergic midbrain neurons and found that their patterns of activity corresponded to 

prediction errors. More specifically, neurons fired more with unexpected rewards (positive PE), 

did not change firing to expected rewards (no PE) and decreased their baseline firing levels when 

an expected reward was omitted (negative PE). Interestingly, dopaminergic midbrain neurons 

send projections to different parts of the brain including the frontal cortex and the striatum. They 

are therefore in a position to broadcast the learning signals to these cortical and sub-cortical 

areas. Meta-analyses of human fMRI studies show that prediction error signals are commonly 

found in the ventral or dorsal striatum and midbrain (Chase et al., 2015; Garrison et al., 2013). 

Despite the strong emphasize on those regions for learning, the meta-analyses have also revealed 

other cortical areas as carrying PE signals (e.g. insula, thalamus or posterior cingulate cortex), 

showing that those signals are more ubiquitous than previously thought. It is of note that these 

meta-analytic results rely on studies that all used correlations between brain signals and the 

mathematical PE. However, this technique is prone to confounding areas coding outcome signals 

with those coding true prediction errors because of mathematical correlations between these 

constructs. To overcome this problem, Rutledge et al. (2010) used a more rigorous axiomatic 

analytical approach and tested whether signals from different areas fulfilled all necessary 

conditions for being a PE signal1. They found activity in striatum, medial prefrontal cortex, 

amygdala and posterior cingulate cortex to fulfil conditions of prediction errors. In contrast, they 

																																																								
1 This study also had increased sensitivity by calculating measurements based on different 
timings for baseline and peak BOLD time points, thus correcting for area-specific shifts in the 
haemodynamic response function. 
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found that the insula (though it was identified in meta-analyses, Chase et al., 2015) did not fulfil 

conditions for prediction error signals.  

 

The usefulness of the learnt predictions is that they can then be used to drive behaviour. For 

example, having learnt the predicted values (rewards or punishments) associated with two 

options, one can then chose between them. While intuitively, it might appear that an animal 

should simply select the option that promises the greater reward, animals and humans do not in 

fact behave in this way. Rather, selection appears to be a stochastic process in which either 

option is chosen with a certain probability depending on the difference in value between the 

options. Mathematically this is well described in a so-called softmax or logistic function: 

 

𝑃 𝑂𝑝𝑡𝑖𝑜𝑛! =
𝑒!∗!"#$#"%!

𝑒!∗!"#$#"%! + 𝑒!∗!"#$#"%!
 

In this equation the parameter β, the inverse temperature (also called the exploitation/exploration 

parameter), determines to what extent one selects the option with the higher value. If the inverse 

temperature is low, humans are more prone to selecting the lower value option. While behaving 

in this stochastic way may not seem like a good strategy in an environment in which the value of 

each option is known and does not change, it is highly useful in changing environments (Daw et 

al., 2006): stimuli that did not have the highest value in the past may become more valuable, 

which can only be discovered through exploration. Neurally, the ventromedial prefrontal cortex 

(vmPFC) has consistently been identified as the site of the representation of the learnt values 

(Chase et al., 2015). Studies have also found that it is in vmPFC that the selection between two 

options take place: Boorman et al. (2009) found, using fMRI, that the vmPFC had information 

about the value differences between two choice options and Hunt et al. (2012) found using 

MEG, a human neural imaging technique with high temporal resolution, that vmPFC activity, 

during choices between explicitly shown valued options, is in agreement with a system in which 

the values of two options compete with each other to determine choice. These findings suggest 
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that the vmPFC’s crucial role in the learning and decision process is to use the learnt information 

to decide which option to select. As exploration in itself also has a value that is separate from the 

learnt value of the available options, studies have also tried to identify its neural correlates. Daw 

et al. (2006) found that the lateral anterior prefrontal cortex was more active in human subjects 

when they decided to explore rather than exploit.  

 

1.1.2 Model-based learning 
The Pavlovian learning system is a type of model-free learning as all learning only depends 

stimulus-outcome associations, rather than depending on a model of the world or other relational 

aspects of the environment. Another type of model-free learning is habitual learning in which 

animals learn stimulus-response associations. The advantage of such simple learning is that it is 

not computationally expensive, thus allowing the animal to make choices rapidly and to extract 

information without needing to understand a causal structure. However, in many situations, this 

model-free system alone is insufficient for adaptive behaviours. For example, Hershberger 

(1986) designed a task in which young chicks were put in front of a food cup that moved away 

from the chick with twice the speed at which the chick was moving towards it. Therefore, to get 

to the food cup, the chick needed to overcome the behaviour suggested by the Pavlovian system, 

namely to approach the food cup, but instead walk away from it. Or in other words, it needed to 

use the model of the world (‘food cup moves away from me at twice my speed’) to guide 

behaviour. As it turned out however, chicks were not capable of this. 

 

While the above is a demonstration of the inability in some circumstances in some animals to 

behave differently than the Pavlovian system, there is also evidence to the contrary. Early 

evidence for more model-based mechanisms comes from devaluation experiments (reviewed in 

Dickinson (1985)). In devaluation, the animal is first trained that selecting a certain option (e.g. 

picking stimulus X) leads to reward A (e.g. apples), while picking stimulus Y leads to reward B 
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(e.g. bananas). The animal is then fed the reward it prefers (e.g. A) to satiation. Now, when 

presented again with the two options, based on the model-free system, one would expect the 

animal to chose again X, as the model-free system has not had the possibility to learn that the 

option X is now less valuable (as the animal does not want to eat A anymore). However, what is 

found is that the animal now selects the other option to obtain the reward for which it has not be 

satiated. In humans, the ability to devaluate stimuli predicting different kinds of food items has 

been linked to the vmPFC (Valentin et al., 2007). Based on these kinds of results, it has been 

proposed that there is another learning mechanism that has a model of the world (model-based 

learning). This system is crucial for allowing more complex behaviour. At the same time, model-

based learning is also more computationally expensive and slower, which is why with extensive 

practice, i.e. when the model-free system has been able to learn to perform the task, behaviour 

switches from model-based to model-free behaviour (Balleine and Dickinson, 1998; Tricomi et 

al., 2009). 

 

In contrast to model-free learning, which is algorithmically constrained (and described by the 

Rescorla-Wagner rule), there are many different facets to model-based learning, which is 

important to note as these may have very different computational/algorithmic and neural 

implementations. Here I want to highlight how we already know about several mechanistically 

distinct aspects that all could be considered model-based: 1) Learning environmental statistics in 

the form of transition probabilities between environmental states. Here, rewards do not simply 

reinforce a chosen option (which would be Pavlovian), but instead reinforce the choice of an 

option that is – because of the environmental transition probabilities – most likely to lead to the 

same outcome as the current reward. This is maybe the most famous example in the literature of 

a process that has been termed ‘model-based’. VmPFC and striatum show activity correlating 

with the model-based learning signals (Daw et al., 2011), while activity in parietal sulcus and 

dorsolateral prefrontal cortex reflects learning of the model itself (Glascher et al., 2010). Studies 
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have also shown its relevance to the roles of neurotransmitter systems (Worbe et al., 2015; 

Wunderlich et al., 2012b) and for psychiatric research (Otto et al., 2013). 2) Learning 

environmental statistics in the form of how quickly the environment changes (volatility). Here, 

information about how quickly there is a change in whether one option or another option leads to 

rewards is used to adjust the rate for learning about how likely an option is to lead to a rewarding 

outcome. This form of model-based learning implicates the dorsal anterior cingulate cortex 

(dACC, Behrens et al. (2007)). 3) Learning to assign rewards appropriately in the face of several 

potential causes. For example, in a typical experiment, outcomes should only be assigned to 

choices made on that trial, and not to choices made on past trials. This has been shown to rely on 

lateral OFC in macaques (Chau et al., 2015; Noonan et al., 2010; Walton et al., 2010) .4) 

Learning from an alternative course of action not taken (counterfactual learning). Here, learning 

is about reward information for an option that was not chosen. The lateral anterior prefrontal 

cortex has been proposed as important for this process (Boorman et al., 2011). As this short 

overview shows, there is no unitary model-based process. Rather, model-based behaviour can be 

found in many situations and relies on different brain mechanisms. Therefore, it may be more 

beneficial to study one of these mechanisms specifically, rather than aiming to understand 

‘model-based’ learning in general. 

 

What these mechanisms described above have in common is that they deal with learning 

something about the environment based on a model. However, the next question that then arises 

is, if the brain has both model-based and model-free learning happening at the same time, how 

does it decide which of this learnt information should guide decisions? In the context of learning 

the transition probabilities between environmental states (Lee et al., 2014), this control process 

has been linked to aPFC, keeping track of the reliability of information carried by these two 

systems, and to vmPFC, integrating the information from the two systems. However, this 

question has not been addressed yet in other model-based situations. One such situation of 
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common behavioural relevance is separating the reward information received into informational 

content (relevant for learning) and reward content (enjoyable, but not relevant for learning) – e.g. 

after visiting a supermarket that plays music you like, can you learn how much you liked the 

supermarket based on its assortment or is your memory biased by the music that has nothing to 

do with the goods on offer? We address this question experimentally in chapter 2.  
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1.2 Learning and depression 

1.2.1 Learning  
	
Changes in learning have long been proposed to be relevant in depression. Experimentally, over 

30 years ago, Seligman (1972) observed ‘learned helplessness’ in animals (rats and dogs). He 

found that after successive experiences of inescapable punishment, animals were much slower at 

learning to escape from escapable punishment. In other words, the experience of not being able 

to control their environment or outcomes within it had changed how they acted and learnt about 

new contingencies. The concept of learned helplessness has been applied to depression in 

humans based on studies finding that aversive and uncontrollable life events often preceded the 

onset of a depression and that depressed people reported, on questionnaire measurements, high 

feelings of helplessness (recently reviewed in Pryce et al. (2011)). While studies from the 1970s 

have provided some experimental support (Abramson et al., 1978) for learned helpless 

specifically, more recent research has focused on studying learning more generally, i.e. not only 

in the context of learning to avoid punishments, but also learning about rewards and in situations 

of selection between courses of action, rather than focusing on learning to control negative 

outcomes (but see also Diener et al. (2009) and Byrom et al. (2015)). These studies have used 

simple model-free (both Pavlovian and instrumental conditioning) learning tasks, while no tasks 

have yet looked specifically at more sophisticated model-based learning. I will review these 

studies, focusing on the questions 1) does depression change learning or plasticity? 2) are 

changes in learning specific to certain domains such a reward or punishment? 

  

Patients with depression perform worse than healthy controls in simple reward and punishment 

learning tasks such as the Iowa Gambling Task (Cella et al., 2010; Must et al., 2006), non-

reversal learning (Herzallah et al., 2013; Pechtel et al., 2013; Thoma et al., 2015; Vrieze et al., 

2013) and reversal learning (Mueller et al., 2015; Remijnse et al., 2009; Taylor Tavares et al., 

2008). However, it should be noted that in the above-mentioned studies, no specificity of the 



	 	 	 15	
	

differences between groups could be established. Namely, none of the studies above applied a 

formal learning model to the data, but rather reported simple aggregate measurements. Instead of 

breaking the behaviour into its components, e.g. learning rate and exploitation/exploration 

parameters, they either used measures of overall percentage correct responses and how this 

changed across trials as a measure of learning. Alternatively, they used error rates after positive 

or negative, correct or misleading feedback as a measure of ‘sensitivity to misleading feedback’ 

(e.g. Taylor Tavares et al., 2008). However, the problem with these approaches, as highlighted 

by results of a model-based meta-analysis (Huys et al., 2013), is that without a computational 

model, different behavioural components can often not be dissociated. Huys et al. (2013) found 

in a model-based re-analysis of a reward learning task (Pizzagalli et al., 2005; Tripp and Alsop, 

1999) that MDD symptoms (in particular anhedonia) were linked to a problem of reward 

sensitivity (though it was equivalent to the exploitation/exploration or temperature parameter in 

this task), rather than a problem in simple reward learning (e.g. reward learning rate) per se. 

Importantly, similar data from the same task (Pechtel et al., 2013; Vrieze et al., 2013) had been 

interpreted as showing a change in reward learning in depression, based on analyses not using 

learning models, which instead only compared the percentage of correct responses early in the 

experiment and after learning. This highlights the importance of using computational models to 

analyse behavioural data if there is otherwise the (very common) possibility that different 

cognitive processes may be affecting participants’ responses to stimuli.  

 

In the following, I will focus on studies employing computational modelling approach, 

dissecting complex learning behaviour into its components, or on studies that used designs where 

different components could be identified without the need for modelling. In short, it appears that 

while there has been some behavioural (Chase et al., 2010; Robinson et al., 2012a) and neural 

(Gradin et al., 2011; Kumar et al., 2008; Robinson et al., 2012a) evidence for general 

reinforcement learning deficits in depression, studies so far have not been able to rule out 
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possible confounds. On the other hand, good evidence exists for more specific reinforcement 

learning deficits in depression relating to learning about probabilities of negative outcomes for 

the self (e.g. risk of getting cancer), based on information about other people (Garrett et al., 

2014; Korn et al., 2014). 

 

Chase et al. (2010), using a non-reversal probabilistic learning task, found that depression at 

trend level (p=0.07) was associated with decreased learning about monetary reward or 

punishment. This effect was clearer when instead of the diagnosis of depression, the analysis 

focused specifically on anhedonia. In this case, the speed of learning from both reward and 

punishment decreased with increasing anhedonia, or in other words the most recent information 

was used less to update reward or punishment predictions. However, it should be noted that at 

the same time anhedonia also strongly correlated with participants’ exploitation/exploration 

parameter – depressed participants had a stronger tendency to ‘exploit’ (i.e. pick the more 

advantageous option). The same paradigm was used by Kunisato et al. (2012), with the small 

modification that instead of using visual stimuli for positive (smiling face) or negative (sad face) 

feedback, they used monetary reward. In contrast to Chase et al. (2010), they found depressed 

participants not to differ in their learning rate, but to have a stronger tendency to ‘explore’ (i.e. 

picking the less advantageous options more often). It is important to note that this 

exploitation/exploration parameter in the two studies was the same as what Huys et al. (2013) 

identified as ‘reward sensitivity’ – in that study depression was also linked to the opposite effect 

from Chase, increased exploration. Huys et al. (2013) found this parameter to be very strongly 

correlated with the learning rate (also see Daw, 2009). This suggests that without control 

procedures such, as applied in Huys et al. (2013) or suggested by Daw (2009), to control for 

these correlations it is unclear whether in Chase et al.’s results depression really slowed learning, 

or whether this result was an artefact of the learning rates correlating with the 
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exploitation/exploration parameter. In conclusion, the three studies touched on in this section do 

not provide strong evidence for a learning deficit in depression. 

 

Further support for a lack of straightforward learning effects in depression comes from two 

studies, in the same participants, looking at Pavlovian (Kumar et al., 2008) and instrumental 

(Gradin et al., 2011) learning, without reversal, based on primary reinforcers (water). Both 

studies found no change to the learning rate in depressed patients compared to healthy controls. 

However, using fMRI they found evidence for decreased reward prediction error signals in 

reward regions such as the ventral or dorsal striatum and the vmPFC. Furthermore, these effects 

were stronger in patients with stronger symptoms of depression, such as anhedonia. While these 

differences between neural and behavioural results may simple be due to the increased 

sensitivity of fMRI, it is also worth noting that both studies looked for neural prediction error 

signals by using the difference between the received and the expected outcome, rather than 

testing these two components separately as has been done in other studies (Boorman et al., 

2011). Therefore, it is not clear whether the decreased PE signals they found meant that PE 

signals are smaller in depression or that outcome signals are smaller (reward and punishment 

processing in depression without learning are discussed in more detail below) or that 

paradoxically maybe prediction signals are stronger. In conclusion, while these studies may 

provide evidence for changed neural learning signals in depression, further studies are needed to 

address the question whether it is really learning rather than outcome signals that are affected by 

depression. 

 

Another study (Robinson et al., 2012a) that looked at learning in depression used a design that 

did not necessarily require  computational modelling because it used deterministic rather than 

probabilistic associations between options and outcomes. In this task, participants had to use the 

learnt information of two options (namely which one led to visual reward and which one led to 
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punishment) not to select the better of two options, but to instead make predictions about 

whether a reward would or would not appear when either of the two options was selected. 

Robinson et al. found that depressed participants had a specific problem in changing their 

predictions when an option was surprisingly rewarded after a reversal. Neurally, a corresponding 

effect was found in part of the ventral striatum (ventral putamen, but not nucleus accumbens) 

where depressed participants showed less activation to surprising rewards than healthy controls. 

However, it is also of note that in this task participants showed surprisingly low performance for 

a deterministic task (healthy controls made ~20% errors on trials without reversal), especially 

compared with other studies using the same task that had non-reversal error rates of only less 

than 5% (Robinson et al., 2010; Robinson et al., 2012b). This could suggest that participants 

might have misunderstood the task instructions, which might confound the interpretation of the 

results. Another caveat in this task was that it is unclear whether participants perceived ‘reward’ 

feedback as rewarding and ‘punishing’ feedback as punishing because of the mixed Pavlovian-

Instrumental nature of the task and because rewards/punishments only consisted of a smiling/sad 

smiley faces, rather than e.g. winning or losing money. Then, instead of perceiving the feedback 

as intended, participants might have re-interpreting the feedback in terms of whether it meant 

that they made a correct prediction (reward) or a wrong prediction (punishment). If this were the 

case, it would suggest that the behavioural and neural data should have been analysed in this 

different framework. In conclusion, based on this study, it is unclear whether depression is 

associated with a learning deficit. 

 

One might ask whether probabilistic learning in a computerized task translates into differences in 

more ecological real life learning about actual events. Interestingly, two studies measured 

updating of real life predictions (such as how likely people think they are to get cancer) in the 

face of positive or negative information (statistical values of how common cancer is in the 

population that can either be higher or lower than what participants thought). Korn et al. (2014) 
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and Garrett et al. (2014) both found in two independent samples of depressed patients that they 

did not show the ‘optimism bias’ found normally in healthy controls. This bias means that 

healthy controls update their expectation of aversive life events more in the face of positive than 

negative information. In contrast, depressed participants updated their expectations similarly for 

positive and negative information, in other words they lack the optimism bias. Importantly, in 

their elegant design, they could also show that this was not because depressed participants 

remembered positive or negative information differently from healthy controls. Thus suggesting 

that it was really the process of updating that was affected. Previously, the same group had 

shown that the optimism bias in updating related neurally to a smaller prediction error signal for 

negative information in the inferior frontal gyrus (IFG, Sharot et al. (2011)). In Garrett (2014), 

they now found that depressed participants differed from controls in them having larger 

prediction errors for negative information in the same IFG region, as well as in the inferior 

parietal cortex. Thus, even though this study did not use a typical learning task in which the 

value of a small set of stimuli is continuously updated, rather than just once, they provide 

evidence for changed updating (or learning in other words) in depression. Future studies should 

look at whether this effect is selective to the updating of personal information (rather than any 

kind of prediction) and whether the effect is there for updating of predictions about positive life 

events. 

 

In summary, there is some preliminary evidence that depression affects learning. However, it is 

still unclear what specific aspects of learning are affected. These components include: the speed 

of learning, sensitivity to rewards and efforts, being able to use the learnt information 

appropriately and general ability to make good decisions. We address this question in chapter 5, 

using a novel learning task in which these different components can be dissociated. 
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1.2.1 Plasticity  
 

After considering behavioural markers of learning in depression, we will now turn to considering 

neural markers. It has been shown that behavioural learning relates do diverse phenomena on a 

molecular level: changes in the strength of synapses (long-term potentiation or depression, 

LTP/LTD), changes to the numbers of synapses and the growth of new neurons. How these 

markers of plasticity are affected by depression has mostly been studied in animal models of 

depression, such as the ‘mild chronic stress models’ (Willner, 2005). In this model, rats or mice 

are exposed to mild stressors, such as changes to their social environment, room temperature or 

wet bedding, for a prolonged time of several weeks. The depressogenic effects of this are most 

commonly measured as symptoms of anhedonia, namely a reduced preference for sugary foods 

(though not all studies have found this effect (Willner, 2005)). However, recently, studies have 

also included other, more diverse symptoms to capture symptoms of depression more 

comprehensively. Further support for the validity of this model of depression is that while 

experiencing stress is not the same as feeling depressed, there nevertheless is a consistent 

predictive relationship between minor chronic stress (as well as major stressful life events) and 

depression (Hammen, 2005).  

 

It has been found that in these models of depression (reviewed extensively in Duman et al. 

(2012) and Pittenger and Duman (2008)) striking changes occur to diverse brain areas, including 

atrophies of brain regions, reduced synaptic connections between neurons and reduced 

neurogenesis (e.g. Bessa et al. (2009)). Note however that while these changes suggest that the 

brain has changed, it does not necessarily mean that the brain’s ability to change (i.e. plasticity) 

has changed. This is analogous to a situation in which after a prolonged time of learning a new 

skill (e.g. juggling, Scholz et al. (2009)), the brain’s structure in a certain area has changed; in 

this situation, one would not conclude that the brain is now more plastic in general. In other 

words, to measure whether animal models of depression have different plasticity, one should 
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look at more direct markers of how the brain can change - in other words is plastic - in response 

to stimuli. This can be measured most directly by measuring changes in synaptic strength – LTP 

or LTD – in response to stimulation. 

 

LTP or LTD are produced by cells in response to coincidence detection (Hebbian learning), 

through action of glutamatergic NMDA receptors that allow calcium influx into cells (reviewed 

in Malenka and Bear (2004)). This has diverse effects on different timescales. Very quickly, it 

leads to activation of proteins already present in the synaptic terminal (e.g. integration of AMPA 

channels into the synaptic membrane). At longer timescales, it leads to the transcription of 

mRNA and to changes in gene expression, release of neurotrophic factors and morphological 

changes at synapses. Recently (reviewed in Lisman et al. (2011)), it has been proposed that while 

the early stages of LTP may rely mostly on coincidence detection, later stages (on the time scale 

of >30min) also need – or are at the least strongly enhanced by - the presence of dopamine. In 

short, there are different mechanisms of LTP/D that might be differently affected by depression.  

 

Studies have found that chronic stress reduces LTP (Cerqueira et al., 2007; Quan et al., 2011), 

which is in agreement with a reduction of plasticity. However, other studies (Holderbach et al., 

2007) have found that chronic stress increases LTD. This is not in agreement with a reduction in 

plasticity because recent research suggests that LTD itself actually plays an important role in 

learning related plasticity (reviewed in Malenka and Bear (2004)) – rather than representing the 

opposite of LTP and thus a decrease in plasticity. Thus, measurments of short-term plastic 

change (LTP/LTD) do not provide strong evidence for changes in plasticity with chronic stress. 

On the other hand, studies have found more consistently that neurotrophic factors are decreased 

in depression (reviewed in Pittenger and Duman (2008)). How could these divergent findings fit 

together? As noted above, there are different timescales to LTP/D, with the later ones requiring 

dopamine. Taking into account that anhedonia, which in turn relates to dysfunction in the 
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dopamine system, is a key symptom of chronic stress animal models, it could be possible that 

later phases of LTP/D – which relate more to long-term memory – rather than early phases – 

which may relate more to the online learning behaviour described in human studies above – may 

be affected by depression. This is further supported by results from animal studies (reviewed in 

Conrad (2010)) that find that learning is most strongly impaired by chronic stress in appetitive, 

but much less or not at all in aversive contexts. This could thus be explained as due to reduced 

reward motivation (as a result of anhedonia), rather than as a primary learning, i.e. plasticity, 

deficit. On the other hand, in both rewarding and aversive contexts, long-term memory (i.e. 

retrieval of learning after >30min) is impaired. Thus, this suggests that chronic stress may not 

affect plasticity in general, but more specifically at longer timescales.   

 

The studies above were all based on animal models of depression. In post-mortem human 

studies, there is also evidence for reductions in the size of brain areas, as well as decreases in 

synapses between neurons (Kang et al., 2012). On the other hand, more direct markers of 

plasticity such as LTP have not been measured directly in humans, however techniques have 

been developed to measure proxies of it. One of these techniques (Teyler et al., 2005) involves 

measuring the change in strength in visually evoked (electrical) brain potentials after a plasticity 

induction procedure. In this kind of experiment, the electroencephalographic (EEG) response to 

visually presented stimuli (e.g. checkerboard) is measured before and after induction of 

plasticity. LTP-related plasticity is induced by rapid presentations of the same visual stimuli. 

That this procedure measures plasticity has been supported by analogous experiments in animals 

which found changes in this visually evoked response (VEP) to be NMDA-dependent – a 

hallmark of synaptic long-term plasticity. Normann et al. (2007) have used this technique to 

measure effects of depression in humans on LTP. While they claimed their results support that 

depression decreases plasticity in humans, design choices in their experiment may somewhat 

weaken this conclusion. Specifically, the frequency used to induce potentiation plasticity here 
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has previously been described as inducing depression rather than potentiation (Teyler et al., 

2005). Furthermore, a combination of presenting stimuli very fast at 2Hz and using only two 

(rather than the usual 32) electrodes meant that they could not actually know whether the VEP 

recorded showed potentiation or depression. This is also supported by the fact that their VEPs 

markedly differed in shape from Teyler et al. (2005), suggesting that they measured other 

processes than the ones for which it has been established that they relate to increased plasticity. 

 

In conclusion, data from depressed patients and animal models of depression shows that 

depression leads to changes in the structure of many brain areas, including atrophy and reduced 

connectivity between neurons. There is also a limited amount of evidence that plasticity may be 

affected, however, further studies are needed to clarify whether this is specific to different types 

of plasticity or different brain areas. 

  

1.2.2 Valuation / Reward and punishment  
	
As discussed above, it has been noted (Huys et al., 2013) that what appears as learning 

difficulties in depression may in fact be due to differences in processing of or sensitivity to 

rewards or punishments. This might be of particular relevance as it may also relate to specific 

symptoms of depression such as anhedonia, fatigue or problems making decisions. Reward and 

punishment processing can be studied more directly in tasks without a learning component. This 

question has been addressed in recent reviews (Bylsma et al., 2008; Eshel and Roiser, 2010; 

Groenewold et al., 2013; Hamilton et al., 2012; Zhang et al., 2013). 

There are different components to the processing of rewards, including valuation 

(liking/disliking) of reward/punishment, retrieving and then using reward predictions either in 

order to decide between them or to more generally to motivate actions in order to obtain such 

rewards.  
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For the valuation of rewards and punishments, prominent theories have either stated that 

depression is characterized by an oversensitivity to punishments and a hyposensitivity to rewards 

or that depression is linked to a hyposensitivity to both rewards and punishments. Earliest 

evidence for the first hypothesis was based on results that found that compared to controls, 

depressed participants showed a “catastrophic response to failure” (Beats et al., 1996; Elliott et 

al., 1996): they were more likely to make another mistake after having already made a mistake 

compared to healthy controls. However, another way to look at this finding is that in fact healthy 

controls are less likely to make a mistake after feedback that they had made an error (e.g. 

because they now pay more attention as an error signals to them that they were not paying 

enough attention). Therefore it has been proposed that it is only in comparison to these healthy 

controls that depressed appear to be over-sensitive to negative feedback and in actual fact they 

instead show less sensitivity to, i.e. less improvement after, negative feedback (Douglas et al., 

2009; Steele et al., 2007). For example, evidence for this idea was found by Steele et al. (2007) 

in a task in which participants believed that they received feedback about whether they had 

responded fast enough to a target or not. In actual fact, however, the feedback given did not 

relate to their performance. This allowed studying changes in performance in response to 

feedback, de-confounded from performance levels. Steele et al. found that healthy controls tried 

to improve their responses (by responding faster) after negative compared to positive feedback, 

while this effect was absent in depressed. This would thus support the view of a generally 

reduced, in other words blunted, response to positive or negative stimuli, rather than an over-

sensitivity to negative ones. Similarly, in a meta-analysis of responses to positive and negative 

stimuli, Bylsma et al. (2008) found that across a diverse set of measures including self-report, 

behavioural (facial expression, eye blinks, approach-avoidance behaviour) and physiological 

(heart rate, blood pressure) measures, depressed patients showed reduced emotional reactivity to 

both positive and negative stimuli.  
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On the neural level, the question of changes in reward/ punishment processing in depression has 

also been addressed in several meta-analyses. However, the results have been somewhat 

inconsistent. Hamilton et al. (2012) found depression to be characterized by an increase in 

activation to negative stimuli in amygdala and dorsal anterior cingulate (among other regions) 

and a decrease in activation in the dorsolateral and the dorsal caudate. These findings were 

mostly replicated in another meta-analysis (Groenewold et al., 2013), which also found 

decreased dlPFC activity and increases in amygdala (at least when studies using regions of 

interest rather than just whole-brain analyses were included). However, this study did not find 

increases in dorsal anterior cingulate but instead in a more posterior mid-cingulate region. These 

findings have been interpreted as an increase in the ‘salience’ processing (bottom-up) and the 

decrease of top-down (model-based) control processing of negative stimuli. This would thus 

agree with increased sensitivity to punishing information, rather than general blunting. However, 

it should be noted that it is of course difficult to draw conclusions about behavioural/ 

psychological effects based on neural data (inverse inference), especially in a meta-analyses; for 

example, as the studies included in the analyses did not specifically instruct participants to 

control their negative responses to stimuli, it is unclear whether decreased dlPFC activity can be 

linked to a failure to regulate responses of ‘lower areas’ to negative stimuli. It should also be 

noted that in the same study (Groenwold et al. 2013), increased responses in vmPFC were found 

to positive stimuli, which if one used the same line of argument should suggest stronger 

responses to positive stimuli in depression, which is not in agreement with behavioural findings.  

 

In conclusion, the above-mentioned studies suggest that the processing of rewards and 

punishments is affected in depression. While it is not entirely clear whether sensitivity to 

punishments is increased or decreased, it is nevertheless clear that there are changes in the 

processing of valenced stimuli. Therefore, studies that want to investigate learning need to 

control for effects of stimulus valuation. Similarly, beyond effects of pure valuation, learning 
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studies also need to control for potential confounds of decision-making per se (as highlighted 

also in section 1.2.1): there is some evidence that depression relates to a deficit in decision 

making (Mannie et al., 2014; Murphy et al., 2001; Smoski et al., 2009). However, these studies 

did not use a model-based analysis approach, which makes it more difficult to assess whether 

these deficits are about decision making per se or are a consequence of changed reward and 

punishment processing. 

 

1.2.3 Motivation and effort in depression 
	
The last component of value-based processing to consider is motivation to obtain rewards or 

avoid punishments. This is of particular relevance in depression as decreased interest or 

engagement in activities is a core symptom relating to decreased motivation. While this 

motivation to get rewards (or ‘wanting’) is of course strongly related to the ‘liking’ of rewards, a 

large body of studies has highlighted its mechanistic and neural separation (Berridge et al., 

2009). 

 

Experimentally, motivation can be measured as willingness to work for (or exert effort to obtain) 

rewards. Animal studies have highlighted the anterior cingulate cortex (Walton et al., 2003b) and 

the dopaminergic system (Denk et al., 2005) as important in the processing of effort. In humans, 

studies have similarly found the dACC to be important (Croxson et al., 2009), and in particular 

have highlighted that while many other forms of evaluation (e.g. between different reward 

magnitudes, probabilities or delays) all involve the vmPFC, evaluation of options with different 

effort and reward do not and instead rely on a network of dACC and insula (Prevost et al., 2010). 

 

In depression, several studies have found a reduced willingness to exert effort to obtain monetary 

rewards (Treadway et al., 2009; Treadway and Zald, 2011; Yang et al., 2014; Yang et al., 2015), 

although this has not always been found (Sherdell et al., 2012). While some studies (Clery-Melin 
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et al., 2011; Treadway et al., 2009; Treadway et al., 2012) have suggest that this is due to a 

changed valuation of the available rewards magnitudes and probabilities, others (Yang et al., 

2014; Yang et al., 2015) instead found it not to relate to the valuation of the available rewards, 

but rather to be due to an unwillingness to exert effort per se. As an alternative hypothesis to a 

changed appraisal or valuation of reward, it has been suggested (Brinkmann and Gendolla, 2007; 

Brinkmann and Gendolla, 2008; Brinkmann et al., 2011) that the amount of effort invested 

depends on the perception how effective one can be in achieving an outcome and how necessary 

it is to exert effort to achieve it. In this model, depression is thought to generally increase the 

assessment of how difficult it is to achieve an outcome. Therefore, it was suggested that 

depressed participants might perceive relatively ‘easy’ tasks, as harder (compared to controls) 

and therefore exert more effort. At the same time, ‘difficult’ tasks may appear as too hard to 

them, making them give up and exert less effort. There is some experimental support for this 

with Brinkmann and Gendolla (2008) finding systolic blood pressure (as a proxy for readiness to 

exert effort) being changed in the predicted fashion in a task with varying effort levels. It is, 

however, not clear how these results sit with the other studies measuring effort detailed above as 

these studies only manipulated how effortful an option was, while not explicitly manipulate how 

achievable the effort was. It is however of note that for example in Yang et al. (2014), successful 

completion of effort trials was only 80%, therefore it is quite possible that the decisions 

participants made were not only ‘should I make the effort?’, but also ‘will I succeed in making 

the effort?’. This would then suggest that some finding of depressed participants being less 

willing to exert effort might have actually been due to them being less confident of being able to 

exert the effort successfully. 

 

In summary, there is good evidence that motivational processes in the form of making efforts to 

obtain rewards are affected in depression. However, again, in most real-life situations, choices 

have to be made based on remembered/learnt information, rather than on explicitly shown 
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possible reward outcomes and effort requirements. There are no studies yet that have addressed 

how effort is learnt in depression, and we will address this question in chapter 5. 
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1.3  Serotonin – emotional processing and plasticity  
	
Although we still lack a mechanistic understanding of depression, we do have treatment methods 

available that offer some success against depressive symptoms. The most commonly used 

methods are either psychological or pharmacological treatments. The most routinely used 

pharmacological treatment affect levels of neuromodulators, such as serotonin, dopamine or 

noradrenaline. Of these, serotonin is the most targeted through the use of a class of drugs called 

selective serotonin re-uptake inhibitors (SSRI).  

 

Serotonin is produced and released from neurons with cell bodies in the brain stem raphe 

nucleus, which has a dorsal and a medial part. Neural projections from the raphe nucleus go to 

most of the brain, in particular also to regions involved with value-guided decision making and 

learning. In these regions, serotonin acts on many different receptors, which leads to further 

diversification of its functions (reviewed in Berger et al. (2009)). Once released into the synaptic 

cleft, serotonin is taken up again by the serotonin transporter (SERT). These transporters are the 

target side of SSRIs which block them, thus reducing serotonin re-uptake.  

 

While SSRIs can start improving symptoms of depression within the first week, clinically 

significant effects take several weeks to emerge (Taylor et al., 2006). This has been initially been 

proposed to be due to serotonin levels not raising immediately with SSRI treatment because of 

the action of autoreceptors on the serotonergic neurons. This has in turn been suggested to 

reduce the neurons’ activity and thus serotonin release initially. When autoreceptors become re-

absorbed after some time, the activity of serotonergic neurons increases while tonic serotonin 

levels also increase over baseline levels (Artigas et al., 1996). However, later studies in both 

monkeys (Anderson et al., 2005) and rats (Beyer and Cremers, 2008) have found that when 

serotonin levels themselves (rather than serotonin neuron activity) are measured, increases are 
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found immediately with SSRI treatment. Therefore, it seems unlikely that delayed increases in 

serotonin levels are responsible for the delay in treatment action. 

 

Instead, alternative theories have emerged that explain the delay of treatment effect and the 

action of serotonin by for example focusing on emotional biases that are remedied and unbiased 

perception taking time to manifest themselves in changed attitudes/mood. Other focus on more 

basic molecular/cellular processes such as increasing brain plasticity. In the following, I will 

review both of these theories in more depth, with a particular focus on how they relate to value 

learning. As there have been many studies carried out looking at these phenomena in similar 

designs, I will try to give an over-view of a large proportion of these studies supporting or not 

supporting these theories, rather than focusing on details of single studies. 

 

1.3.1 Emotional processing and antidepressants  

The main tenet of this hypothesis is that depression is associated with negative biases in the 

processing of emotional information and that these biases can be reversed by antidepressants 

such as SSRIs (Harmer and Cowen, 2013). In this framework, the treatment delay effects is 

explained as follows: SSRIs very rapidly produce changes in emotional processing, but it is only 

through repeated interactions (over weeks) with their environment that patients learn a new, 

more positive, world view which then leads to an improvement in mood. 

 

Emotional processing in this sense refers most broadly to the processing of stimuli that have 

either positive or negative valence. Types of emotional stimuli that have been studied in the 

context of serotoninergic antidepressant theories are very varied including emotional words or 

pictures or faces with emotional expression. These types of studies (see below) have been 

suggested to show that serotonin is involved with emotional processing in that it is related to a 

balance between positive and negative processing, with increased serotonin levels – through 
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administration of an SSRI - producing more positive emotional responses. On the other hand, 

there exists an extensive animal literature, as well as human studies on serotonin using a 

procedure called acute tryptophan depletion (ATD) which temporarily lowers serotonin levels, 

that have instead focused on another kind of emotional stimuli namely rewards or punishments. 

This line of research initially led to very different conclusions about serotonin, see below, 

suggesting that it plays a role in the coding of negative stimuli or in linking them to actions and 

that a decrease in serotonin hampers the processing of negative stimuli.  

 

In the following, I will review studies about emotional processing with serotonergic 

manipulations. The aim will be do answer the questions: Firstly, do SSRIs influence emotional 

processing? Secondly, does this differ between different kinds of emotional stimuli? Thirdly, is 

the shift in emotional processing so that positive emotions are increased and negative ones 

decreased? Fourthly, do these effects differ between single and prolonged administration? 

 

1.3.1.1 Emotional pictures, words, faces 

Many studies have been performed examining the effects of acute SSRI administration or ATD 

on the processing emotional pictures, faces or word. The questions they ask are: Do SSRIs bias 

processing of emotions in general? Is there a more specific effect, namely a shift towards more 

positive processing?  

 

Acute changes in serotonin 

A meta-analysis of 7 fMRI studies (Outhred et al., 2013) revealed that acute administration of 

SSRIs changed the neural responses to emotional faces and pictures. Specifically, Outhred et al. 

found that SSRIs decreased responses in amygdala, thalamus and basal ganglia to emotional 

faces and in amygdala, putamen and insula to emotional stimuli. On the other hand they also 
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found increases in activity in thalamus and caudate. While this suggests that SSRIs affect 

emotional processing, it does not speak to the question whether processing is shifted towards 

enhancing positive and decreasing negative emotional processing. This question however, has 

been addressed in other studies (see table 1 for an overview of results split into different types of 

emotional stimuli). Neurally, there is evidence that a single dose of an SSRI enhances processing 

of positive emotional stimuli and decreases processing of negative emotional stimuli in ‘limbic 

regions’ (Anderson et al., 2007; Anderson et al., 2011; Murphy et al., 2009; Outhred et al., 2014; 

Takahashi et al., 2005) such as the amygdala and that it shows the opposite pattern in more 

prefrontal regions (Bruhl et al., 2010). However, there is also evidence of the opposite pattern2 

(Anderson et al., 2007; Takahashi et al., 2005), or of no effects (Bruhl et al., 2011; Murphy et al., 

2009).  

 

																																																								
2 In the case where a single study had several measurements, it could at the same time provide 
evidence in agreement and disagreement with the theory.  
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Table 1. Studies looking at effects of acute SSRI administration. Abbreviations: Emotions: anger 
(A), disgust (D), fear (F), neutral (N), sad (Sa), happy (H), surprise (Su), International affective 
picture systems (IAPS, photographs with positive (+), negative (-) or neutral (=) valence), 
dorsolateral prefrontal cortex (DLPFC), inferior frontal gyrus (IFG), orbitofrontal cortex 
(OFC), citalopram (cit), fluoxetine (fluo), fluvoxamine (fluv). Colours: in agreement with 
(green), in disagreement with (orange), not as expected from (yellow) and not informative about 
(white) emotional processing theory. 
 
For tryptophan depletion (see table 2), studies have found that it enhances the processing of 

negative emotions, especially of fear, in the amygdala (Cools et al., 2005b; van der Veen et al., 

2007) or of fear and sadness in dorsal anterior cingulate cortex/ dmPFC and its connection to the 

amygdala (Robinson et al., 2013). But studies have also found that ATD increases (Robinson et 

al., 2013; van der Veen et al., 2007) or decreases (Fusar-Poli et al., 2007) BOLD in the 

amygdala, independent of whether the emotion is positive or negative.  

 

 

Acute SSRI
Faces Drug Duration Emotions used Task Result
Anderson (2007) 7.5mg cit acute, infusion A, D, F, N BOLD No effect for angry

!BOLD in amygdala to fear
"left insula,"!left amygdala to disgust

Anderson (2011) 7.5mg cit acute, infusion F, H, Sa !amygdala to fear
No significant effect for happy or other areas

Bigos (2008) 20mg cit acute, infusion A,F,S Match to sample, BOLD Amygdala overall more active, no other analysis
Bhagwagar (2004) 10mg cit acute, infusion A, D, F, H, Sa, N Expression recognition Depressed participants:"!fear

Healthy: "fear
No effects on other emotions reported

Browning (2007) 20mg cit acute, oral A, D, F, H, Sa, Su, N Expression recognition "fear
No effect for happy 

Capitao (2015) 20mg fluo acute, oral A, D, F, H, Sa, Su, N Expression recognition !sad,"!anger
Trend for ""happy (p=0.08)
No effect for fear

F or H vs N Attentional dot-probe No effect
Harmer (2003) 10mg cit acute, oral A, D, F, H, S, N Expression recognition "fear

"happy
Murphy (2009) 20mg cit acute, oral A, D, F, H, Sa, Su, N Expression recognition "happy !disgust

No effect for fear
F, H, N BOLD to (un)maksed face !fear vs baseline in amygdala in unmasked condition

No effect in masked condition
No effect to happy in either condition

Emotional words
Browning (2007) 20mg cit acute, oral self-referential, +/- Endorse/ discard No effect

Memory No effect
Social  + or - vs = Attentional dot-probe "bias towards positive words

Emotional pictures
Browning (2007) 20mg cit acute, oral IAPS,+/-/= Startling to incidental noise "startle, not specific to emotion

Bruhl (2010) 40mg cit acute, oral IAPS,+/-/=
BOLD during cue predicting 
picture

"BOLD in DLPFC, IFG when predicting negative vs. 
neutral

Rating of picture valence/ 
intensity No effect

Bruhl (2011) 40mg cit acute, oral IAPS,+/-/=
BOLD while viewing 
picture No significant effect

Capitao (2015) 20mg fluo acute, oral IAPS,+/-/= Startling to incidental noise Abolish emotion effect on startle

Kemp (2004) 20mg cit acute, oral IAPS,+/-/=
Rating of picture valence/ 
intensity No effect

Outhred (2014) 20mg cit acute, oral IAPS,+/-/= BOLD "BOLD in amygdala and IFG to positive
!BOLD in amygala and""in IFG to negative

Takahashi (2005) 50mg fluv acute, oral IAPS,+/-/= BOLD !amygdala to negative
!OFC to negative
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Table 2. Studies looking at effects of tryptophan depletion. Abbreviations: Emotions: anger (A), 
disgust (D), fear (F), neutral (N), sad (Sa), happy (H), surprise (Su), International affective 
picture systems (IAPS, photographs with positive (+), negative (-) or neutral (=) valence), 
dorsomedial prefrontal cortex (dmPFC), inferior frontal cortex (IFG). Colours: in agreement 
with (green), in disagreement with (orange), not as expected from (yellow) and not informative 
about (white) emotional processing theory. 
 
Thus, while there is some evidence that acute manipulations of serotonin (either increases or 

decreases) affect emotional processing neurally, evidence that it is indeed a shift from negative 

towards more positive processing is less clear. Furthermore, as many of the studies above did not 

require participants to use the emotional information for behaviour, it is also important to look at 

studies investigating the behavioural relevance of these changes. 

 

Based on the emotional theory, it would be expected that increases in serotonin should lead to 

increased behavioural responsiveness to positive and decreased responses to negative stimuli. 

ATD
Faces Emotions used Task Result
aan het Rot (2010) A, D, F, H, Sa, Su, N Expression recognition !surprise

No effect for other emotions
Cools (2005) H, F, N BOLD amygdala "BOLD in amygdala to fear vs happy in threat sensitive volunteers

Daly (2010) H, Sa, D, F BOLD
Interpretation unclear as comparisons relative to fixation cross rather than 
neutral face

Fusar-Poli (2007) H, N, Sa BOLD "BOLD in dmPFC,!!!in occipital and parietal to sad
"BOLD in IFG and left middle temporal to happy
!BOLD in amygdala to emotional vs. neutral, but not to happy vs. sad

Harmer (2003) A, D, F, H, Sa, Su, N Expression recognition In females only,!!fear recognition
No effect on other emotions or in male volunteers

Hayward (2005) A, D, F, H, Sa, Su, N Expression recognition Recovered depressed participants:!!happy
Healthy: "happy
No effect on other emotions

Robinson (2013) H, F BOLD "BOLD in dACC/dmPFC to fearful faces and!"connectivity with amygdala

van der Veen (2007) D, F, H, S, N BOLD
"BOLD especially to fear vs. happy in people with high threat sensitivity or 
with ATD mood  effect
"BOLD to fear vs. happy in dmPFC/vmPFC in people with ATD mood effect

Rate emotion strength No effect

Rate face gender
ATD!!mood in subjects with depression family history. This correlates with 
decreased accuracy for sad, fearful and disgusted faces

Emotional words

Coull (1995)
Distractor in focused 
attention task No effect
Distractor in attentional 
search No effect of emotional distractor

Hayward (2005) self-referential +/- Endorse/ discard No effect
Memory No effect

words -/= Emotional stroop "Interference of negative words

Klaassen (2002) words +/-/= List learning
No immediate recall effect, after 30 min: !!recall of neutral words, next day:!
!recall of positive words

Munafo (2006) word -/= Emotional stroop "Interference with negative words in group of depressed participants
No effect in a healthy control group

Murphy (2002) words +/- Affective go/no-go !RT to positive words, no change to negative words

Emotional pictures

Hayward (2005) IAPS, +/-/=
Startling to incidental 
noise

Recovered depressed: "startle, not specific to emotion

Healthy: no effect

Panic, depressive, 
neutral, anxious
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Behavioural studies (see table 1) have found that a single dose of SSRI can increase the 

recognition of (Harmer et al., 2003a; Murphy et al., 2009) or attention to (Browning et al., 2007) 

positive facial emotions and decrease the recognition of negative emotions (Bhagwagar et al., 

2004; Capitao et al., 2015; Murphy et al., 2009). But also that it can increase the recognition of 

negative facial expressions (Bhagwagar et al., 2004; Browning et al., 2007; Harmer et al., 2003a) 

or have no effect on categorization or memory of emotional words (Browning et al., 2007) , 

attention to emotional faces (Capitao et al., 2015) or rating of emotional pictures (Kemp et al., 

2004). For tryptophan depletion, it would be expected based on the emotional theory that ATD 

would lead to an increased responsiveness to negative emotional stimuli. This has been partly 

supported (see table 2) with studies finding that ATD increases the interference of negative 

emotional stimuli in healthy (Hayward et al., 2005) or depressed (Munafò et al., 2006) 

participants and decreased the recognition of positive facial expression in recovered depressed 

patients (Hayward et al., 2005). On the other hand, other studies have found no change in 

interference by negative emotional stimuli in healthy participants (Coull et al., 1995; Munafò et 

al., 2006; van der Veen et al., 2007), no effect on emotional memory (Hayward et al., 2005), 

decreased recognition of negative facial expression such as fear (Harmer et al., 2003b), increased 

(Hayward et al., 2005) or faster recognition of positive facial expressions or faster responses to 

positive words (Murphy et al., 2002) in healthy volunteers. 

 

In summary, the studies reviewed here suggest that acute SSRI administration or tryptophan 

depletion affects the neural processing and behavioural responses to of emotional faces, pictures 

or words. However, the studies also suggest that there is not always a clear shift away from 

negative towards more positive emotional processing with increases in serotonin or vice versa 

with decreases. It has been suggested that this pattern may be related to clinically observed 

effects where acute SSRI can increase feelings of anxiety (Harmer and Cowen, 2013). It is also 

of note that effects seem to differ between healthy and depressed or at risk participants.  
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Prolonged changes in serotonin 

Beyond this acute timescale, some studies have also looked at the effects of longer-term 

administration of SSRIs (between 1 and 4 weeks). These studies therefore should give a clearer 

indication of how increased levels in serotonin affect emotional processing. However with the 

caveat that after a prolonged administration, SSRIs also affect other neurotransmitter systems 

such as dopamine (Dremencov et al., 2009) or different aspects of neural plasticity (discussed 

later). Overall, studies (table 3) at longer timescale have produced more homogeneous results, 

finding that prolonged administration of SSRIs either decrease amygdala responses to negative 

facial expressions, especially fear (Arce et al., 2008; Harmer et al., 2006) or increase in activity 

to positive facial expressions (Norbury et al., 2009). Behaviourally, studies suggest a decreased 

processing of negative stimuli: they found a decreased negative emotional startle response 

(Grillon et al., 2009; Harmer et al., 2004), decreased recognition of negative facial expressions 

(Harmer et al., 2004; Harmer et al., 2006), increased memory for positive words (Harmer et al., 

2004) and a shift in endorsement of negative/positive adjectives about the self and others 

towards more positive (Matthews et al., 2010). However, studies have also found no effect on 

categorization of emotional words (Harmer et al., 2004), emotional word memory (Harmer et al., 

2004) , rating of emotional pictures or of brain responses to emotional pictures (Simmons et al., 

2009). 

 

In summary, there is strong evidence to support the view that prolonged administration of SSRIs 

shifts the processing of emotional, and in particular of social, cues towards more positive.  
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Table 3. Studies looking at effects of prolonged SSRI administration. Abbreviations: Duration 
(Dur.): days (d), weeks (w); Emotions: anger (A), disgust (D), fear (F), neutral (N), sad (Sa), 
happy (H), surprise (Su), International affective picture systems (IAPS, photographs with 
positive (+), negative (-) or neutral (=) valence); citalopram (cit), escitalopram (esc); Colours: 
in agreement with (green), not as expected from (yellow) and not informative about (white) 
emotional processing theory. 
 

1.3.1.2 Primary or secondary rewards and punishments and motivation 

Most of the types of emotional stimuli discussed above (facial expression, emotional words 

referring to the self or others) have a strong social component. However, there are also simpler 

emotional stimuli without these social components, i.e. primary or secondary rewards and 

punishments (such as money, food, sexual rewards, effort). Research in both humans and 

animals has looked at how serotonin plays a role in their processing. Based on studies about 

these simpler reinforcers or punishers, theories have been proposed that serotonin codes 

punishments (Dayan and Huys, 2009) or more specifically, inhibition in the context of 

punishments (Boureau and Dayan, 2011). According to this theory, decreases in serotonin (by 

e.g. ATD) should reduce the processing of punishments (and mediate inhibition related to that 

punishment) while increases (by e.g. SSRIs) should enhance it. In addition, this theory predicts 

Prolonged SSRI
Faces Drug Dur. Emotions used Task Result
Arce (2008) 10mg esc 21d A, F, H BOLD !BOLD in amygdala to fear  in participant 

who show urine markers of medication 
Hamer (2004) 20mg cit 7d A, D, F, H, Sa, Su, N Expression recognition !fear, angry and disgust recognition

!surprise
No effect on happy

Harmer (2006) 20mg cit 7d F, H BOLD !BOLD in amygdala and vmPFC to fear
No effect on happy

A, D, F, H, Sa, Su, N Expression recognition !fear recognition
No effect on happy

Norbury (2009) 20mg cit 7-10d F, H BOLD "happy in amygdala
No effect on fearful

Windischberger (2010) 10mg esc 10d A, D, F, H, Sa, Su, N Match to sample, BOLD
!amygdala to emotional faces vs. neutral 
shapes

Emotional words
Harmer (2004) 20mg cit 7d self-referential, +/- Endorse/ discard No effect

Memory "memory for positive words

Matthews (2010) 10mg esc 3w
self and other 
referential words Endorse/ discard !negative to self, "positive to other

Emotional pictures
Harmer  (2004) 20mg cit 7d IAPS, +/-/= Startling to incidental noise !startle to negative pictures

Simmons (2009) 10mg esc 21d IAPS +/-/= distractors
Continuous performance 
interference No effect
BOLD No significant effects at statistical threshold
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that changes in serotonin should have no effects on the processing of rewards as these are instead 

signalled by dopamine. 

 

Studies using ATD depletion broadly support the theory of punishment induced inhibition. It has 

been found (reviewed in Faulkner and Deakin (2014)) that ATD reduces punishment induced 

inhibition in the context of learning (Cools et al., 2008; Robinson et al., 2012b) and also without 

learning (Crockett, 2009; Crockett et al., 2012b; Geurts et al., 2013b), while not affecting 

punishment/risk processing per se (Anderson et al. (2003); Macoveanu et al. (2013); but see also 

Talbot et al. (2006) and Rogers et al. (1999)) or inhibition (Cools et al., 2005a; Evers et al., 

2006b) per se. For short-term SSRI treatments, the evidence is less clear because of design issues 

- e.g. lack of delays between different phases of the experiment, confounds with reaction time, or 

unsuitable control conditions - in some of the FMRI studies (Del-Ben et al., 2005; Macoveanu et 

al., 2014; Marutani et al., 2011). For prolonged SSRI treatment, McCabe et al. (2010) found 

evidence that, contrary to the punishment-based theory, prolonged SSRI administration reduced 

the neural responses to primary food punishments.  

 

Despite some promising results on punishment processing and behaviour, the punishment-

inhibition theory also predicts that serotonin should have no role in the coding of rewards. 

However, studies using ATD found that it impaired reward delay discounting (Schweighofer et 

al., 2008) or the neural activity in ventral striatum associated with it (Tanaka et al., 2007), as 

well as reducing the neural and behavioural impact of rewards, but not punishments in a reward-

pain trade-off learning task (Seymour et al., 2012). Furthermore, studies using prolonged SSRI 

administration found that increased serotonin decreased the neural responses to food (McCabe et 

al., 2010) and sexual (Abler et al., 2011; Abler et al., 2012) rewards, again suggesting that 

serotonin is also involved in the coding of reward value. 

 



	 	 	 39	
	

In conclusion, while there is some evidence supporting the punishment-inhibition theory of 

serotonin in humans, studies also clearly show that the functions of serotonin are not limited to 

connecting punishments with inhibition. Most recently, it has been possible to directly record 

from or stimulate serotonergic neurons specifically in the raphe nucleus using a combination of 

optogenetics and electrophysiological recordings which most importantly allows identification of 

the recorded neurons as being serotonergic or not. Furthermore, primary rewards and 

punishments can also easily be studied in animals. These studies can therefore shed light on the 

basic question whether the information coded in serotonergic neurons in the raphe nucleus is 

about punishments, punishment induced inhibition or rewards. Using these techniques, Liu et al. 

(2014) found that stimulation of the raphe nucleus is rewarding to rats and that raphe neurons 

activate to rewards. However, as a caveat they also found that this effect is not actually 

dependent on serotonin, but rather on glutamate, which is co-released by the dorsal raphe 

neurons. Instead, they found that the serotonin release itself only played a role in motivating 

effortful behaviour. In contrast, Fonseca et al. (2015), using a very similar optogenetic protocol, 

and Miyazaki et al. (2014), using a different optogenetic stimulation frequency, did not find that 

stimulation of the raphe nucleus had rewarding properties, instead they found that it increased 

rats’ ability to wait for rewards, but without having a general effect on behavioural inhibition. 

They noted that differences in results compared to Liu et al. might have been related to 

differences in the light sensitive ion channels used or the precise location of the stimulation site. 

Lastly, Cohen et al. (2015) very recently found evidence for a large amount of complexity in the 

behaviour of serotonergic raphe neurons: using a Pavlovian conditioning task, they found that on 

short (ms) timescales, serotonergic neurons responded to the receipt of punishment, but more to 

the predictions of rewards than punishments. Interestingly, they also found that on a longer (s) 

timescale, serotonergic neurons’ tonic rate was modulated by whether overall more rewards or 

punishments were presented recently. 
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In conclusion, I have reviewed evidence with respect to whether serotonin plays a role in shifting 

emotional experiences among the appetitive- aversive axis (emotional processing theory) or 

whether serotonin plays a more specific role in linking punishment to a specific behavioural 

strategy i.e. inhibition. Studies found that the emotional processing theory is most strongly 

supported by studies using social cues (such as faces). This could suggest that – independent of 

other effects serotonin may have on reward and punishment coding or plasticity (see below) - 

serotonin may play a special role in social processing. This idea is further supported by studies 

that found that social behaviour could be shifted towards more pro-social behaviour by 

increasing serotonin (Knutson et al., 1998; Raleigh et al., 1991; Tse and Bond, 2002), a 

mechanism that could play a role in treatment success. In contrast, an emotional effect, more 

specifically a shift from more negative to more positive processing, independent of social aspects 

does not seem well supported: assuming a shift from negative to positive across all emotions pre-

supposes that all emotions share a common valence axis (positive to negative) that is then, with 

some further processing, translated into specific emotions. This valence axis should however, 

given that it is so general as to affect all emotions, also be the same valence axis that processes 

more simple valenced stimuli (e.g. rewards or punishments such as rewards or punishments). But 

as the studies reviewed above showed, there is no clear evidence that serotonin levels shift how 

positively or negatively these kinds of stimuli are processed. 

 

With respect to the punishment-inhibition theory, while there is evidence, mainly based on 

tryptophan depletion studies, that serotonin plays a role in linking punishment to inhibition, other 

studies show that the role of serotonin goes beyond that, with serotonin also being involved in 

responses to rewards. 

 

Based on the studies above, it seems clear that serotonin is involved with the coding of some 

rewarding or punishing aspects of outcomes. Therefore, when serotonin levels are changed for a 
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prolonged time, as with SSRI treatment, one would expect this to lead to re-learning of the 

associations between stimuli and outcomes. For example, if outcomes are perceived as more 

rewarding, this should lead to increased learning about the stimuli/options predicting these 

outcomes until it is learnt that these stimuli lead to more reward. In this way, learning is a key 

process in the emotional theory of antidepressant action, based on the changes in stimulus 

values. This learning (similarly to increased reward sensitivity as discussed above (Huys et al., 

2013)), however would not actually be due to a change in the learning process (learning rate) per 

se. In the next section we will now look at the plasticity theory of serotonergic antidepressants, 

which on the contrary posits that changes in the learning process per se are key for 

antidepressant actions. 

 

1.3.2 Plasticity and serotonergic antidepressants  

The second theory of serotonergic antidepressant action that we will consider is the plasticity 

theory (Castren, 2013). According to this theory serotonergic antidepressants, over the course of 

several weeks of administration, increase the plasticity of the brain, i.e. how able it is to change 

its structural and functional properties in response to stimuli. Or in other words how able the 

brain is to learn from experience. These changes in plasticity are thought to then lead to changes 

in depressed mood. The exact link between plasticity and mood is not clearly determined in this 

theory; it could either be a direct read-out (‘a plastic brain is a happy brain’). Or increased 

plasticity could change how humans learn about value in the world which leads to a re-learning 

about how good or bad the world is, which eventually leads to a more positive view of the world 

and then improved mood. In the following, I will review studies that support that serotonin plays 

a role in neural plasticity in animals, evidence whether this may also be relevant for humans and 

finally evidence how this may relate to value learning. 
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1.3.2.1 SSRI induced plasticity in the animal brain 

Although it had been held as a dogma among neuroscientist for a long time that the adult brain is 

very un-plastic and unchangeable, the most recent decades of research have shown how 

ubiquitous plasticity is and how essential it is for many brain functions, from skill acquisition to 

potentially even working memory. In fact, neural plasticity is not one unitary mechanisms but 

can happen on many different levels: new neurons can grow, connections between neurons can 

grow or change, dendritic spines can move, synapses can get lost or be created or their 

properties, such as ion channel composition can change. There is a wealth of studies that have 

found that increases in serotonin can influence these different forms of plasticity.  Prolonged 

SSRI administration has been found to lead to morphological changes in hippocampus, more 

specifically, it has been shown to lead to either an increase in the number of new neurons born in 

the hippocampus (Bessa et al., 2009; David et al., 2009) or to a reversal of maturity, making 

existing neurons in the hippocampus again more immature and thus plastic (Kobayashi et al., 

2010). There has been evidence that this SSRI-driven hippocampal neurogenesis is relevant for 

some depression related behaviours (Bessa et al., 2009; David et al., 2009) such as novelty 

suppressed feeding, a measure of anxiety. However, the same studies also found that 

hippocampal neurogenesis was not needed for many other beneficial effects of SSRIs, such as 

sucrose preference (related to anhedonia), the forced swim test (related to learnt helplessness) or 

the open field test (measuring anxiety).  

 

Beyond effects on neurogenesis, SSRIs have also been shown to affect the structure of dendrites, 

i.e. the parts of the neuron with which it receives inputs from other neurons and of synapses. 

Specifically, SSRIs have been found to increase how easily neurons can undergo long-term 

potentiation (Jitsuki et al., 2011; Karpova et al., 2011), i.e. strengthening of synapses or 

connections between neurons following appropriate stimulation. Whether this effect is mainly 

driven by direct action of serotonin on glutamatergic receptors (Jitsuki et al., 2011) or via 
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indirect actions on either levels of GABA and glutamate that regulate neural excitability or 

neurotrophic factors such as BDNF (Vetencourt et al., 2008) has not been established completely 

yet.  

 

Importantly, when using SSRIs to change serotonin levels artificially, we might be tapping into a 

neural mechanism that the brain naturally uses for example in order to increasing plasticity in 

response to environmental enrichment (Baroncelli et al., 2010) or increased reliance on tactile 

sense (Jitsuki et al., 2011).  Behaviourally, artificial and natural changes in plasticity have been 

found to relate to visual learning (Bachatene et al., 2013; Baroncelli et al., 2010; Vetencourt et 

al., 2008) and fear extinction (Karpova et al., 2011). 

 

In conclusion, based on research in animals, mostly in rats, there is strong evidence that 

serotonin is naturally involved with regulating plasticity and that prolonged increases in 

serotonin levels by SSRIs can modulate plasticity. One can speculate that an advantage of having 

this serotonin system to control plasticity is that it could allow animals to adapt more quickly 

when change to their environment takes place on a large scale (e.g. being placed in a new 

environment, the environment getting enriched, or changed sensory input after losing one’s sense 

of sight). Tonic serotonin level increases could then make the neural system more plastic in 

general, to learn a new model of the world. This could be in contrast to dopaminergic PEs that 

signal when a specific outcome for a specific prediction is unexpected, which would allow fine-

tuning of an already existing model of the world. With respect to mood, improved mood could 

be directly linked to increased plasticity: increased plasticity is only useful if the agent interacts 

with the world, allowing it to learn a new model. One way to achieve this increased interaction 

would be to improve mood as depression is characterized by symptoms such as withdrawal from 

interactions. Therefore, it would not be surprising if improved mood – and thus increased 

interaction with the world - was directly linked to serotonin levels.  
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1.3.2.2 SSRI induced plasticity in the human brain 

While many animal studies have looked at the effects of SSRIs on plasticity, evidence of these 

effects in humans is sparser. The reason for this is that it is not possible in humans to have direct 

markers of plasticity (such as neuron dendrites in living tissue or how easily LTP can be 

introduced in neurons). However, there are different more indirect markers that have been 

proposed and used to look at humans with somewhat less clear results.  

 

As suggested by some of the above animal studies, plasticity can be controlled by the level of 

excitation and inhibition, which relates to the neurotransmitters glutamate and GABA 

respectively (reviewed in Bavelier et al. (2010)). As an example, in the visual system, the 

postnatal period of increased plasticity is ended by a shift towards inhibition by increased GABA 

levels. GABA and glutamate can be measured in the human brain using a technique called 

magnetic resonance spectroscopy. If SSRIs in humans increase plasticity by affecting the 

excitation-inhibition balance, this should show either as a decrease in GABA levels or as an 

increase in glutamate levels. Results of these studies have broadly not been in agreement with 

these predictions: studies found that prolonged administration of SSRIs either had no effect on 

GABA levels (Godlewska et al., 2015; Selvaraj et al., 2006; Taylor et al., 2008) or even 

increased GABA levels (Sanacora et al., 2002). Similarly for glutamate, while one study found 

an increase (Taylor et al., 2008), others found no effect (Taylor et al., 2009; Taylor et al., 2012). 

It should be noted that all of these studies had been performed at MRI field strengths of 3T and 

clearer results may be obtained in future studies using improved acquisition protocols at 7T. 

Another, more indirect, way of measuring GABA levels is using transcranial magnetic 

stimulation (TMS) wherein the effect of single or paired (at different inter-pulse intervals) 

magnetic pulses on the evoked muscle (motor) activity is measured. Using this technique, 

Gerdelat-Mas et al. (2005) found prolonged SSRI treatments to increase interneuronal glutamate 

activity, but not to affect GABA activity. 
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As described earlier (section 1.2.1), another way of measuring plasticity in humans that has been 

proposed is measuring proxies of LTP using EEG (Teyler et al., 2005). Normann et al. (2007) 

have used this technique to measure SSRI effects in humans. While they claimed their results 

support that SSRIs enhance plasticity in humans, design choices in their experiment may 

somewhat weaken this conclusion, as discussed before. Another approach to measuring a proxy 

of LTP was chosen by Batsikadze et al. (2013). They measured the effect of prolonged SSRI 

administration on paired-associate stimulation (PAS)-induced plasticity. The NMDA-dependent 

LTP-proxy in this paradigm is the extend to which pairing between peripheral nerve stimulation 

and TMS over the corresponding motor cortex area enhances or decreases the ability of later 

TMS pulses to this area to produces muscle responses. They found that citalopram decreased the 

inhibitory effects of PAS, while at trend-level increasing the excitatory effects, suggesting that 

increased serotonin increased plasticity. 

 

In conclusion, there is strong evidence that prolonged SSRI administration enhances plasticity in 

animals and some preliminary evidence of related effects in humans. In the next section, we will 

look in more detail at whether and how these neural effects of plasticity relate to behavioural 

effects in learning.  

 

1.3.3 Reward and punishment learning in the light of emotional biases and 

plasticity 

In both the different emotional and the plasticity theories of serotonergic antidepressant, learning 

plays a crucial role. However, they differ in how exactly learning is important. According to the 

emotional (or the punishment based) theory, changes in learning are due to a change in the 

coding of outcome valence or salience. In contrast, the plasticity theory predicts that learning 
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itself, independent from any changes to outcome coding, should be modified. In the following, I 

will review the relevant literature, focusing on the following critical tests that should tell the 

theories apart: 1) Are reward and punishment learning affected equally or differently? 2) Can 

learning be affected independent from outcome processing? 3) Are the effects dependent on the 

duration of serotonin level changes? This is important because plasticity changes are thus far 

only predicted to happen later, whereas biases could potentially emerge early.  

 

1.3.3.1 Acute modulations of serotonin levels 

Several studies have been performed in both humans and animals looking at the effects of short-

term manipulations of serotonin levels on learning. These studies are not able to answer the 

question whether serotonin-related plasticity can affect behavioural learning, as these plasticity 

changes need prolonged administration. However, if changes in learning are driven by changes 

in valence processing, then they should also be seen at this point. Several studies have found that 

changes in serotonin affect learning about punishments (Chamberlain et al., 2006a; Cools et al., 

2008; Robinson et al., 2012b). However, the direction of effects was not consistent across 

studies: Bari et al. (2010) found that acute SSRI administration improved learning by reducing 

over-shifting after negative feedback. Even this was only at high SSRI doses, at low doses the 

opposite effect was seen. Chamberlain et al. (2006a) on the other hand found the opposite effect 

of the high doses, namely that a single dose of an SSRI led to over-shifting after negative 

feedback. Furthermore, in line with Chamberlain et al.’s findings, Cools et al. (2008) and 

Robinson et al. (2012b) both found that ATD led to enhanced punishment prediction in a 

learning task. However, they later (Geurts et al., 2013b) re-interpreted their data as maybe rather 

being due to a release of punishment-induced behavioural inhibition than an actual learning 

effect (in line with e.g. Crockett et al. (2009) discussed above). In the same paper, they also 

found that ATD had a specific effect on learning to prevent a response to receive a reward. 

However, Guitart-Masip et al. (2014), using a task in which they could also measure learning to 
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go/no-go to get reward or avoid punishment, failed to find similar effects. Similarly, several 

other studies (Evers et al., 2005; Murphy et al., 2002; Schweighofer et al., 2008; Seymour et al., 

2012; Worbe et al., 2015) all failed to find effects of serotonin ATD on learning from rewards or 

punishments. 

 

In conclusion, while there is some evidence that acute manipulations of serotonin might affect 

learning, overall the evidence for this effect is weak, beyond serotonin’s putative role in more 

general affective processing. However, it is of note that none of the studies above used social 

cues; as discussed above, social processing appears to be particularly affected by serotonin 

levels. Therefore it would be worthwhile for future research to examine the effects of acute 

serotonin on learning in a social context. 

 

1.3.3.2. Prolonged modulations of serotonin levels 

It is only after prolonged changes of serotonin levels, that one would expect to see changes in 

plasticity and related learning. Animal studies have provided strong evidence that learning 

without a clear value component is affected by chronic serotonin levels, including visual learning 

(Baroncelli et al., 2010; Vetencourt et al., 2008), tactile learning (Jitsuki et al., 2011) and barrier 

reaching (Walker et al., 2006) . More specifically, they found that chronic increases in serotonin 

levels enhance learning, while decreases hinder it and that it was specifically the changes in 

serotonin levels that led to learning (Baroncelli et al., 2010; Jitsuki et al., 2011; Vetencourt et al., 

2008).  In terms of reward-based learning, a series of studies from the Roberts lab, using strong 

and prolonged depletions of serotonin levels, have suggested that 5-HT is needed for reward 

learning (Clarke et al., 2004; Clarke et al., 2005) and have more specifically hypothesized that 

serotonin in the OFC is important for learning to flexibly stop responding to stimuli that are very 

salient, e.g. because of visual attributes or because they were rewarded in the past (Clarke et al., 

2007; Walker et al., 2009). Related results were found by Karpova et al. (2011) who found that 
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prolonged treatment with SSRI facilitated fear extinction and that this effect was related to 

molecular changes in the amygdala. However, another study from the Roberts lab (Rygula et al., 

2014) on the other hand found that serotonin in amygdala and OFC is important for both reward 

and punishment learning3. In accordance with this finding, Bari et al. (2010) found that 

prolonged systemic increases in serotonin levels in rats improved reversal learning with no 

difference between changes to reward or punishment learning. Lastly, in humans only one study 

has addressed this question: Palminteri et al. (2012) found that in OCD patients, who happened 

to be treated with an SSRI or without, both reward and punishment learning behaviour was 

improved. However, because of the naturalistic study design (patients were not randomised to 

treatment), it is unclear whether these differences were really because of the SSRI or other 

differences between these groups. 

 

In conclusion, there is strong evidence that long-term serotonin levels are important for different 

kinds of learning and that this relates to neural markers of plasticity. Furthermore, there is 

evidence that it can affect both learning about rewards and punishment similarly in animals, 

which is more in agreement with the plasticity, than with the emotional processing theory. At the 

same time, the evidence from human studies is very limited. However, the clearest test pitting 

the theories against each other, namely whether learning changes can be independent of changes 

to outcome processing has not been examined in any study yet. This question is addressed 

experimentally in chapter 3. There I find that prolonged increases in serotonin in humans can 

indeed enhance neural learning signals for both rewards and punishment in humans, in the 

absence of effects to neural outcome signals. 

 

																																																								
3 Differences between these studies may be due to the use of probabilistic (Rygula, 2014) or 
deterministic tasks, which differ in whether feedback is always veridical or can be misleading. 
Thus, in deterministic tasks, learning rates should always be maximal, while in probabilistic 
tasks, they should be smaller, i.e. more trials than just the last one should be remembered. 
Therefore, different cognitive learning processes may be involved in the tasks. 
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Overall, the studies reviewed here suggest that SSRIs have effects on both the processing of 

emotional social cues, as well as on plasticity and related learning. The answer which effect 

predominates long term also has practical/ clinical relevance. If one effect of SSRIs is to increase 

brain plasticity and make the brain more able to learn per se, then it is conceivable that it could 

make depression worse rather than better: if the environment that patients are in is negative, 

would they not learn even more about how negative it is? This view (Branchi, 2011) has been 

supported by a meta-analysis that found that the combinations of SSRIs with psychological 

therapy works better as treatment than SSRIs alone  (Cuijpers, 2004) and by a study (Branchi et 

al., 2013) that found that SSRI treatment worsened symptoms of anhedonia in an animal model 

when the environment became more aversive (though this effect was not found in other studies 

(Bessa et al., 2009)) . On the other hand, it is also possible that instead of just making learning 

faster or more flexible, plasticity itself could improve mood (‘a plastic brain is a happy brain’). If 

this was the case, then other medications that directly target plasticity, but have none of the 

effects of SSRIs on social processing should also act as antidepressants. One way in which 

plasticity could be influenced is via the NMDA receptors that are involved with LTP and thus 

plasticity in all areas of the brain. In the next section, we will turn to review evidence for drugs 

other than SRRIs that modulate NMDA receptors and therefore potentially serotonin 

independent plasticity. 
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1.4 NMDA receptors and the plasticity hypothesis of depression 

If plasticity is important in the treatment mechanism of serotonergic antidepressants, then other 

medications that also modulate plasticity, without having other effects on social or emotional 

processing, should also have antidepressant effects. One classical candidate for modulating 

plasticity is the NMDA receptor (Morris, 2013). Thirty years of research have identified the 

NMDA receptor as playing a crucial role in allowing plastic changes at synapses and related 

learning. NMDA receptors are a type of glutamatergic receptor that can induce learning when 

activated, using the computational principle of co-incidence detection, by allowing the influx of 

calcium ions that then lead to other processes such as synaptic remodelling (e.g. trafficking of 

AMPA receptors to the synapse or release of BDNF) which is involved with strengthening (LTP) 

or weakening (LTD) of synaptic connections. Thus, drugs that stimulate NMDA receptors could 

lead to increased plasticity. While it is not possible in living animals or humans to directly 

activate NMDA receptors with drugs because of problems with cell-toxicity, it is still possible to 

use partial agonists. One of the few licensed drugs with this property is d-cycloserine (DCS), a 

tuberculosis medication, which binds to the NMDA receptor’s glycine binding site as a partial 

agonist. This means that at low concentrations, it makes it easier for the NMDA channel to be 

opened (i.e. become activated), while having the opposite effect at high concentrations 

(Lanthorn, 1994). In the following, I will firstly review evidence on whether DCS has an effect 

on depressive mood and secondly whether d-cycloserine can affect learning (as a proxy of 

plasticity).  

 

1.4.1 D-cycloserine and depression 

Not many studies have investigated whether d-cycloserine can affect depressed mood. The 

earliest evidence was found accidentally by Crane in the 1960 (described in Krystal et al. (2013)) 

who noted that tuberculosis patients treated with high doses of d-cycloserine (thus maybe 
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leading to NMDA blockade rather than activation) showed improvements in mood. Since then, 

only two trials have been performed with Heresco-Levy et al. (2006) finding that a dose of 

250mg/day (in addition to patients’ usual treatment) did not improve depression symptoms in 

treatment-resistant depression while the same group also found that a higher dose of 1g/day 

improved symptoms in treatment-resistant depression (Heresco-Levy et al., 2013).  

 

On the other hand, the NMDA receptor antagonist ketamine has recently found in a meta-

analysis to show promise as a treatment in depression with single dose regimes improving 

depressed mood for about one week (McGirr et al., 2015). While this could suggest that reducing 

– rather than increasing – plasticity is a useful treatment in depression, animal studies (reviewed 

in Duman et al. (2012)) have highlighted that a down-stream effect of ketamine is actually to 

increase markers of synaptic plasticity.  Specifically, a single administration of ketamine has 

been found to increase synaptogenesis very rapidly (Li et al., 2010). This in turn was related to 

remedying the effects of chronic stress in a rodent model of depression (Li et al., 2011). This 

together with the fact that the half-life of ketamine is relatively short (~3h, Zarate et al. (2012)) 

thus suggests that ketamine’s antidepressant effects are not mediated via blockade of NMDA 

receptors. 

 

In conclusion, not enough data exists that could answer the question whether increasing 

plasticity in the form of stimulating NMDA receptors has antidepressant effects. One clear 

obstacle in these clinical trials has been that DCS only has effects at high enough doses but on 

the other hand can act as an antagonist at doses that are too high (Lanthorn, 1994). In other 

words, good titration is essential for its supposed treatment mechanism. Therefore, one strategy 

would be to use basic experiments in humans that capture processes related to learning in 

depression to see at what doses it improves learning and plasticity.  
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1.4.2 D-cycloserine and learning 

Studies in animals have looked at diverse types of learning, finding that DCS can enhance 

reward learning (Golden and Houpt, 2007; Portero-Tresserra et al., 2013; Torregrossa et al., 

2010) and fear extinction (Bouton et al., 2008; Walker et al., 2002). However, some studies also 

found no effects (Vurbic et al., 2011) or only weak effects (Torregrossa et al., 2010). On the 

other hand however, studies in humans (table 4) have not been as consistent, with most studies 

failing to find an effect of DCS on motor learning (Cherry et al., 2014; Feld et al., 2013; 

Gunthner et al., in submission; Kuo et al., 2008; Kuriyama et al., 2011a), fear learning (Guastella 

et al., 2007; Klumpers et al., 2012; Kuriyama et al., 2011b) or fear extinction consolidation 

(Kalisch et al., 2009), while only some found an improvement in motor consolidation (Kuriyama 

et al., 2011a) or increased fear learning consolidation (Kalisch et al., 2009). Additionally, while 

DCS has been proposed to enhance CBT for anxiety disorders via its effect on learning 

(Hofmann et al., 2013; Hofmann et al., 2015), a most recent meta-analysis failed to find such an 

effect (Ori et al., 2015). However, the power of the meta-analysis may have been reduced as 

studies were heterogeneous in terms of which diseases were treated, what concentration of DCS 

was used or at what time (with respect to the treatment session) DCS was administered. 

 

In humans, one study has looked at the induction of plasticity by DCS specifically. Nitsche et al. 

(2004), using the same paradigm as discuss in the previous section, found that DCS could 

enhance the putatively NMDA-dependent after-effects of tDCS. 
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Table 4. Studies looking at the effects of d-cycloserine on learning. Abbreviations: skin 
conductance response (SCR), d-cycloserine (DCS) 
 
In conclusion, evidence from animal studies mostly supports the view that DCS can enhance 

different forms of learning. In contrast, however, evidence from human studies is less 

conclusive. One reason for this may be the strong dose-dependency of DCS (Walker et al., 

2002). While animal studies found that the higher the dose, the more learning is potentiated, 

human studies have generally used much lower doses (< 500mg) than the most effective doses in 

animal studies, due to concerns that in humans larger doses might produce antagonist effects on 

NMDA receptors. However, in this context, it is worth considering that the effective dose for 

potentiating NMDA receptors may also vary between brain areas because of local differences in 

glycine levels (which DCS competes with). Therefore, to establish whether DCS can increase 

plasticity and/or learning in brain networks related to depression, experiments should use tasks 

investigating processes affected in depression, such as reward and punishment learning, rather 

than ones relying on different neural systems such as motor learning. This question is addressed 

experimentally in chapter 4. 

 

 

 

Study Dose Timing Task Results
Cherry (2014) 250mg 1h before task Online motor balance learning No effect in healthy controls or stroke patients on learning

Online motor skill learning No effect in healthy controls or stroke patients on learning
Feld (2013) 175mg after learning Motor sequence learning consolidation No effect for consolidation during sleep or when awake

Emotional picture memory consolidation No effect for consolidation during sleep or when awake
Declarative word memory consolidation !retrieval if DCS given before sleep retention, not if given 

before awake retention interval
Guastella (2007) 50mg No effect on SCR or rating of extinguished stimulus

500mg No effect on SCR or rating of extinguished stimulus
Kalisch (2009) 500mg Fear learning consolidation, SCR !consolidation of fear learning 

Fear extinction consolidation, SCR "fear extinction

Klumpers (2012) 250mg
2h before 
extinction

Online, fear extinction, SCR and FPS No effect on fear extinction

Kuo (2008) 100mg 2h before task Online motor sequence learning No effect on learning

Kuriyama (2011) 100mg
1.5h before 
task

Declarative word memory learning and 
consolidation No effect on learning or consolidation
Online motor skill learning and 
consolidation

No immediate learning effect, but!!consolidation at test on 
next day

Kuriyama (2011) 100mg Online fear acquisition and extinction No immediate effects on fear acquisition or extinction
Fear consolidation No effects on fear recall. Effects on re-exposure unclear

Onur (2010) 250mg 4h before task Online item categorization learning !categorization learning task
Online spatial learning No effect on online learning.

Gunthner & 
Scholl (subm.) 250mg 3h before task Online motor sequence learning No effect on online learning.

 2-3h before 
extinction

Online, fear extinction
After fear 

learning  and 
extinction 

1.5h before 
task
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1.5 Summary and experimental questions 

The introduction focused on reviewing the role of reward- and punishment-guided processing in 

depression, with particular focus on learning. Several studies have suggested that depression may 

be related to deficits in learning behaviour. However, I also highlighted that value-guided 

learning can be complex, involving many different cognitive and neural components. These 

include learning about reward or punishment information, even when there may be distracting 

stimuli, integrating different pieces of information and selection of actions. Because of this 

complexity, it is still unclear which ones of these processes are specifically affected by 

depression. To address this question, in chapter 2, I designed a novel reward and effort based 

learning task that measured and dissociated many diverse neural and cognitive components of 

complex learning behaviour in a naturalistic environment. I ultimately used this task to measure 

effects of depression (chapter 5). Prior to this, in chapter 3, I looked at the question whether the 

most common antidepressants, namely SSRIs, might modulate appetitive and aversive learning. 

This was based on animal studies, showing that SSRIs increase brain plasticity and enhance non-

emotional learning. In chapter 4, I looked at whether a putative novel antidepressant, a partial 

NMDA agonist, might also influence value learning. 
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2. Neural mechanisms of learning real and hypothetical reward and 
effort 
 
 
Summary 
Naturalistic environments are complex and optimal behaviour therefore requires new, model-
based, mechanism that learning in simpler environments does not (see chapter 1.1.2). In this 
chapter, we focus on a specific kind of model-based learning behaviour, namely how to allow 
relevant information to influence behaviour, while at the same time reducing the influence of 
irrelevant information on behaviour. In natural environments, a single choice can lead to 
multiple outcomes. Agents should learn which outcomes are due to their choices and therefore 
relevant for future decisions and which are stochastic in ways common to all choices and 
therefore irrelevant for future decisions between options.  We designed an experiment in which 
human participants learnt the varying reward and effort magnitudes of two options and 
repeatedly chose between them. The reward associated with a choice was randomly real or 
hypothetical, i.e. participants only sometimes received the reward magnitude associated with the 
chosen option. The real/hypothetical nature of the reward on any one trial was, however, 
irrelevant for learning the longer-term values of the choices and participants ought to have only 
focused on the informational content of the outcome and disregarded whether it was a real or 
hypothetical reward. However, we found that participants showed an irrational choice bias, 
preferring choices that had previously led, by chance, to a real reward in the last trial. Amygdala 
and ventromedial prefrontal activity was related to the way in which participants’ choices were 
biased by real reward receipt.  By contrast, activity in dorsal anterior cingulate cortex, frontal 
operculum/anterior insula, and especially lateral anterior prefrontal cortex was related to the 
degree to which participants resisted this bias and chose effectively in a manner guided by 
aspects of outcomes that had real and more sustained relationships with particular choices, 
suppressing irrelevant reward information for more optimal learning and decision making. 
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2.1 Introduction 

The environments in which animals and humans live are complex. Thus, to make the best 

decisions, agents must learn which choices are associated with good or bad outcomes, such as 

monetary rewards, or effort. They must then integrate information about these qualitatively 

different types of outcomes to make choices (Croxson et al., 2009; Pessiglione et al., 2007; 

Prevost et al., 2010; Rudebeck et al., 2006; Walton et al., 2002; 2003a). Outcomes may, 

however, have informational content that is independent of whether or not they are immediately 

rewarding. Imagine an animal foraging for berries on the higher branches of a tree after a 

strenuous climb. The animal tries to learn how many berries the tree carries to know whether to 

come back again. On a specific day, the weather may be good and the animal is able to gather a 

lot of berries from the tree, while on another day the weather may be bad and it has to abandon 

its food gathering prematurely. Despite not collecting any rewards, when learning about how 

good the tree is, it should only take into account how much food it saw hanging on the tree (this 

is the informational content of the outcome), but not how much food it managed to gather (this is 

the rewarding aspect of the outcome) on that day as that could depend on other interfering 

factors (such as the weather) and not the tree’s value itself. In other words, sometimes the 

rewarding content, i.e. whether the berry reward was really experienced or only hypothetical, is a 

bad guide for future choices, which should be based on more abstract informational content. 

 
In short, we tried to tackle the fundamental problem of how contingencies are learned when an 

outcome has, as is commonly the case, multiple components only some of which should be 

learned about.  How does information in the irrelevant dimension (in our experiment this was the 

outcome’s reward content) interfere with the learning of a contingency in the relevant dimension 

(in our experiment this was the outcome’s informational content)? Because many brain systems 

are extremely sensitive to obtaining a reward (Vickery et al., 2011) we examined here whether 

this prominence of reward signals in some areas might bias behaviour and hamper learning based 



	 	 	 57	
	

on the informational content of the outcome. More importantly, we wanted to also test whether 

neural systems exist to counteract such biases. One region potentially equipped to contextualize 

reward appropriately is anterior prefrontal cortex (aPFC), because it has been implicated in 

complex behaviours such as pursuing alternative, hypothetical, and potentially novel future 

courses of action (Boorman et al., 2009; Donoso et al., 2014; Kolling et al., 2014). 

 

We recorded brain activity using functional magnetic resonance imaging (fMRI) while 

participants learned the reward and effort magnitudes of two options and chose between them. 

Crucially, they only sometimes received the rewards associated with the option chosen.  They 

were, however, always shown the associated reward magnitude regardless of whether the 

rewards were really received or hypothetical (i.e. the outcome’s informational content was 

always provided even if the reward content was not). Thus, whether a reward was real or 

hypothetical was incidental and should not have affected participants’ future choices, as the 

information needed for learning was the same in both conditions. Nonetheless, participants were 

biased towards repeating choices that led to real rewards. Ventromedial prefrontal cortex 

(vmPFC) and amygdala activity was related to this bias. APFC, frontal operculum/anterior insula 

(FO/AI), and dACC activity appeared to counteract such biases in several ways and mediated 

more flexible and optimal decision-making. Because only rewards, not effort costs, were real or 

hypothetical, we were furthermore able to test whether only reward signals or instead the relative 

value of repeating a choice was changed when rewards remained hypothetical (see methods). 

Not receiving a real reward had profound effects not only on the neural representation of rewards 

themselves, but also on representations of effort costs.  
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2.2 Methods 

Participants 

Twenty-one healthy participants (age 19-29 years, 10 female) took part in the study. The study 

was approved by the local ethics committee. One participant was excluded from data analysis 

because they repeatedly fell asleep during the MRI scan. Fourteen of the participants had taken 

daily placebo capsules for 2 weeks as part of another study. 

 

Task 

We designed a task to assess whether reward experience – more specifically whether a reward 

was really received or only hypothetical – changed decision-making even when the 

real/hypothetical nature of the outcome was an incidental feature of all choice outcomes. For this 

purpose, participants performed a learning task. They made repeated choices between two 

options with the aim of maximizing their monetary pay-off and minimizing the effort they 

needed to exert in an interleaved ‘effort phase’ (figure 1). On each trial there were three phases: 

first participants chose between two options (‘choice phase’), then they were shown the outcome 

of their choice (‘outcome phase’), then they had to exert the effort associated with the option 

they had chosen (‘effort phase’).    
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Figure 1. Task description: In the decision phase (A), participants were shown two options (i.e. 
choices), overlaid with the probability of receiving a reward for each choice. They could only 
decide after an initial monitoring phase (1.4-4.5s). The chosen option was then highlighted for 
2.9-8s. In the following outcome phase (B), participants saw the outcome for the chosen option 
first (1.9-2.1s). The reward magnitude was shown as a purple bar (top of the screen), the effort 
magnitude was indicated through the position of a dial on a circle. Whether they received a 
reward was indicated by a tick mark (real reward, top display) or a red crossed out sign over the 
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reward magnitude (hypothetical reward, bottom display). If a reward was real, the reward was 
also added to a status bar at the bottom of the screen, which tracked rewards over the course of 
the experiment. A reminder of what option they had chosen was shown at the top of the screen. 
Then the reward and effort magnitudes were shown for the unchosen option (1.9-6.9s). Finally, 
participants performed the effort phase (C) where the number of targets was equivalent to the 
chosen effort outcome. Importantly, participants had to perform the effort phase on every trial, 
independent of whether the reward was real or hypothetical. An example schedule is shown in 
(D), with both the reward and effort magnitude values of the two choices.  
 

In the decision phase (figure 1A), participants chose between two options using buttons on a 

trackball mouse. Each option had three independent attributes: a reward magnitude (reward 

points, later translated into monetary pay-off), an effort magnitude (amount of effort required in 

the effort phase), and a probability of being rewarded. The probability of each option was shown 

explicitly on the screen at the time of choice. In contrast, the reward and effort magnitudes of the 

options were not explicitly instructed and instead participants had to learn and track these slowly 

changing features of the two choices across trials. These magnitudes were drawn from normal 

distributions of which the means fluctuated pseudo-randomly and independently over the course 

of the experiment between three levels (low, mid, high), figure 1D. Participants were instructed 

to learn and keep track of the changing mean value of each magnitude across the experiment.  

Thus, the reward magnitudes the choices yielded constituted the only relevant reward 

information that could be tracked and learned, whereas the actual reward receipt and the 

probability thereof (whether the reward was real or hypothetical), should not have had any 

bearing on future decisions. Each of the four magnitudes was at each mean level equally often 

and only one of the reward or effort magnitude means was drifting at any one time. This was 

done to reduce unnecessary task complexity; no participant reported noticing this feature.  

 

After the participants had selected an option, it was highlighted until the ensuing outcome phase. 

In the outcome phase (figure 1B), participants were first shown the reward and effort magnitudes 

of the option they had chosen, as well as whether they received a reward or not (in other words 

whether the outcome was a real secondary reinforcer indicating a specific monetary payment or 
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hypothetical).   If they received a reward, the current trial’s chosen reward magnitude was added 

to their total reward accumulated so far (figure 1B, on the bottom of the screen). They were then 

shown the reward and effort magnitudes for the option they had not chosen. During the outcome 

phase, participants could thus use the displayed information to update their estimates of the 

reward and effort magnitudes associated with the choices. Importantly, while they were shown 

whether they received a real reward or not, this should be irrelevant for their future choices as 

the informational content was the same. This is because how likely any choice was to be 

rewarded only depended on the probabilities that were explicitly cued at the time of choice and 

these probabilities changed randomly from trial to trial. In other words, whether a choice was 

likely to lead to a real or a hypothetical reward was not a feature of the choice that was sustained 

across trials or which differentiated it from the other choice and participants were made aware of 

this.  

 

Finally, independently of whether the reward was real or hypothetical, participants had to 

perform the effort phase of the trial (figure 1C). Rather than simply exerting a brief force as in 

some studies of effort, here, participants had to exert a sustained effort (Croxson et al., 2009; 

Kurniawan et al., 2013; Rudebeck et al., 2006; Salamone et al., 1994; 2003; Walton et al., 2002; 

2003a; 2006) by selecting circles that appeared on the screen using the trackball mouse. The 

circles were added to random positions on the screen in threes every three seconds (up to a total 

equal to the chosen effort magnitude). To make the task more effortful a random jitter (5 pixels, 

total screen size was 1280x800 pixels) was added to the mouse movement and circles only had a 

70% probability of disappearing when clicked on. Furthermore, we pre-screened participants and 

only invited participants for the fMRI session if they had perceived the effort as aversive and 

were willing to trade-off money to reduce the effort that they needed to exert. The effort phase 

took place after the outcome phase rather than before so that the time of presentation of effort 

and reward outcome signals was matched. 
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Participants had 25s to complete the clicking phase and otherwise lost money equivalent to the 

potential reward magnitude of the chosen option (1%±0.3% of trials inside the scanner and 

0.1%±0.0% outside the scanner).  Thus, the amount that could be lost was also independent of 

whether the reward had been real or hypothetical. 

 

On most trials (100 out of 120) participants had to chose between the two options with changing 

reward and effort magnitudes. The reward magnitudes were set between 0 and 20 pence and the 

effort magnitudes were set between 0 and 15 circles that needed to be clicked.  On the remaining 

trials (‘Special-option-trials’, SOTs), participants had to choose between one of the changing 

options and one of two fixed options whose values participants learned in a training session 

outside the scanner. The value of both fixed options was 7.5 pence, but one had a fixed effort 

magnitude of 4 circles and the other had one of 12 circles. The SOTs were included to ensure 

participants learned the values of each choice, rather than just their preference for one option 

over the other (a relative preference for one option over the other would not enable participants 

to choose effectively on the SOTs).  

 

To summarize, participants needed to learn both the reward and effort magnitudes of the two 

options. Independent of these learnt quantities, participants were only rewarded on some trials, 

meaning that the reward magnitude was sometimes real and sometimes hypothetical. In contrast, 

the effort needed to be exerted on every trial. The inclusion of the effort dimension was crucial 

for arbitrating between different interpretations of our neural results (see section ‘APFC’s and 

FO/AI‘s effort cost and reward outcome representations change when the reward is real as 

opposed to hypothetical‘). In short, it allowed us to disentangle whether areas only signalled 

rewards when they were real or whether they actually carried a signal in favour of switching to 

the alternative option, which was enhanced when rewards were hypothetical.  This signal was 
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important because it appeared to allow participants to overcome a bias to stay, i.e. making the 

same choices, when the outcome was a real reward as opposed to an equally informative, but 

only hypothetically rewarding, outcome. 

 

Participants performed 120 trials of the learning task inside the scanner and an additional 120 

trials afterwards on the next day outside the scanner to increase the number of trials for the 

behavioural data analysis. Each participant performed the same two schedules in randomized 

order. Participants were informed about the features of the task in two training session before the 

scan, including the fixed number of trials they would perform.  This ensured that they did not 

perceive low effort options as having a potentially higher monetary value because taking them 

might allow participants to move on to the next trial more quickly and to perform more trials 

with more chances to win money. Further details of the training were as follows: In the first 

training session (45min), participants performed a version of the task without a learning 

component, i.e. not only the probability, but also reward and effort magnitudes were explicitly 

shown. This training ensured that participants were familiar with the features of the task, for 

example, that they understood what the probability information meant. We also used this session 

to exclude participants before the fMRI session that did not find the effort sufficiently aversive 

to produce robust effects on behaviour. In a second training session (1h), we instructed 

participants about the learning task that they later performed in the fMRI scanner. At the end of 

the training, participants were queried about how they made decisions (specifically, they were 

asked “What are you thinking about when you’re making your decision”). All participants 

reported trying to learn the reward and effort magnitudes and using the explicitly cued 

probabilities to make decisions. No participants reported using information about whether 

reward had been real or hypothetical on the last trial when making choices. This suggested that 

participants were well aware of how to do the task before the beginning of the scan. If anything 

these thorough instructions should bias participants to try to counteract any tendencies they 



	 	 	 64	
	

might have to repeat choices based on receiving real rewards.  

 

Interspersed with the 120 learning trials, there were 20 trials on which participants just had to 

indicate which option had a higher mean effort magnitude. These trials were included to ensure 

participants paid attention to the effort dimension. They were not given feedback about their 

choice. These trials were not included in the data analysis. 

 

Experiment timings: The options were displayed for 1.4 to 4.5s before participants could make 

a choice. After the choice was made, the chosen option was highlighted for 2.9 to 8.0s. Next, the 

outcome was first displayed for the chosen option (1.9-2.1s), then for the unchosen option (1.9-

6.9s). Participants then performed the effort exertion task (0-25s). Finally, the trial ended with an 

ITI (2.3-7.5s). The delays used ensured that we could examine the brain activity in the different 

phases of the task separately. There were no confounds between the brain activations in decision, 

outcome or effort exertion phase. All durations were drawn from Poisson-like distributions to 

increase design efficiency by having some long delays. 

 

 
Behavioural analysis 

In the behavioural analyses, we tested what information, both relevant and irrelevant for choice 

valuation, had an impact on decisions. We were however, most interested in whether a reward 

being real or hypothetical, influenced subsequent decisions. More specifically, we tested first 

whether having received a real or hypothetical reward on the last trial, would affect decisions on 

the next trial. The last trial’s reward type (real vs. hypothetical) might imbue the option it was 

associated with (i.e. the chosen option) with positive (or negative, when no reward was received) 

affect. This would then make participants more likely to select that option again or more 

frequently.  Additionally, we tested whether the reward type (real vs. hypothetical) changed how 

participants exerted effort in the subsequent effort phase of each trial. 
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All analyses were performed in Matlab and SPSS. When assumptions about statistical tests were 

violated, we used the Greenhouse-Geisser correction (for sphericity violations of ANOVA) or 

non-parametric Wilcoxon signed rank test (for violation of normality of t-tests). 

 

Decision-making effects of real versus hypothetical reward 

First, we performed analyses to establish that participants learned the reward and effort 

magnitudes in the task. We ran a logistic regression analysis predicting whether participants 

stayed with the same choice as made on the previous trial (chose it again on the current trial) or 

switched to the other option, based on the options’ current reward probabilities (as already noted, 

these were explicitly indicated on each trial and because they varied randomly from trial to trial 

they could not be learned) and the reward magnitude outcomes and effort magnitude outcomes 

associated with the previous three trials. We also included a regressor denoting the last trial’s 

reward type (real vs. hypothetical).  This last regressor was our main focus of interest; it allowed 

us to test whether an aspect of the outcome that should have been irrelevant for learning biased 

decisions.  All regressors, except the reward type (real vs. hypothetical), were coded as relative 

value differences (reward or effort magnitudes or probabilities) between the stay and the switch 

choice. 

  

The multiple logistic regression was run in Matlab using glmfit, with a logit link function as the 

choice (stay or switch) being predicted was categorical. All regressors were normalised (as in all 

subsequent behavioural and fMRI regression analyses). For each participant, we obtained one β 

regression weight for each regressor. These were then tested for statistical significance across all 

participants.   
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For the analysis of the decisions, we excluded choices on the special-option-trials (SOTs; see 

above), i.e. trials in which decisions were not between the usual two options making it 

impossible to classify those choices into stays and switches in the usual way.  On the trials after 

the SOTs, stay or switch was coded with respect to the trials before the SOTs, in which the two 

usual options were present. 

 

Computational modelling of the decision behaviour 

To look at the reward-type induced decision-bias in more details and test between different 

potential underlying mechanisms, we fitted different learning models to the behavioural data. 

Each model consisted of three main components. First, each model had estimates about the mean 

reward and effort magnitudes of each option. These were updated on every trial using a 

reinforcement-learning algorithm. Second, the magnitude estimates were integrated with the 

explicitly cued probabilities to calculate how valuable each of the two options was (i.e., their 

utility). Third, these two utilities were compared to predict participants’ choices.  

 

Our main question of interest was how reward type (real vs. hypothetical) influenced the 

decision-making based on the learnt information. To assess this, we first determined the best 

simple model using model comparison (see below). Next we modified this simple model to test 

different hypotheses of how reward type could influence decisions. Comparing the model fits we 

tested which hypothesis about underlying cognitive mechanism was best supported by the data. 

 

Best simple model 

We first wanted to determine the best simple model to capture participants’ behaviour before 

modifying this model to also capture the impact of reward type. For this, we compared several 

models that differed in how the reward and effort magnitudes were learnt and in how reward 

magnitude and probability were integrated.  
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For each model, learning was modelled using a standard Rescorla-Wagner reinforcement-

learning rule. On each trial, the predicted reward or effort magnitude of an option was updated 

based on the trial’s outcome, as a function of the prediction error (PE): 

𝑃𝐸! = 𝑂𝑢𝑡𝑐𝑜𝑚𝑒! − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!!! = 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! + 𝛼 ∗ 𝑃𝐸! 

where α was the learning rate. Thus, the learning rate was a measure of how much participants 

updated their magnitude predictions when the outcome differed from their prediction. We fitted 

models that differed in their number of learning rates: some models used a shared learning rate 

for reward and effort magnitudes while others used separate learning rates. A last type of model 

used different learning rates for learning about the reward and effort magnitudes of the option 

that was chosen and the unchosen option. 

The reward and effort magnitude predictions we thus obtained were then integrated together with 

the probabilities, explicitly shown in the task display, to yield the utility of each option. Based on 

previous studies (Scholl et al. (2014), see also chapter 4), we tested different methods for 

integrating reward magnitude and probability. First, we tested whether they were integrated 

optimally, i.e. multiplicatively (reward magnitude x probability): 

𝑈𝑡𝑖𝑙𝑖𝑡𝑦 =
1
𝑘 ∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒!"#$%& ∗ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑡𝑦!"#$%& −

𝛾
𝑘 ∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒!""#$% 

 

where γ is the effort weighting factor and k is a normalization factor (with k=1+γ). 

Second, we tested whether instead participants used a heuristic and integrated them as a 

weighted sum: 

𝑈𝑡𝑖𝑙𝑖𝑡𝑦 =
1
𝑘 ∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒!"#$%& +

𝛿
𝑘 ∗ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦!"#$%& −

𝛾
𝑘 ∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒!""#$% 
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where γ is the effort weighting factor, δ is the probability weighting factor and k is a 

normalization factor (with k=1+γ+δ). 

 

All combinations of the different learning and integration models were fitted (total of four 

models). All models had in common that the utilities of the two options were compared with 

each other to predict participants’ choices using a standard soft-max decision rule.  

𝑃 𝑂𝑝𝑡𝑖𝑜𝑛! =
𝑒!∗!"#$#"%!

𝑒!∗!"#$#"%! + 𝑒!∗!"#$#"%!
 

where β is the inverse temperature, reflecting a participant’s ability to pick the option with higher 

utility.  

 

To fit the different models, we used hierarchical Bayesian modelling, as implemented in JAGS 

(Plummer, 2003), which has been widely used previously (Ahn et al., 2011; Nilsson et al., 2011; 

Shiffrin et al., 2008). The key aspect of this hierarchical modelling approach is that parameter 

estimates for individual participants are assumed to come from a group-level distribution of 

those parameters. In other words, the estimates of individual participant parameters are 

constrained by the parameter estimates at the group level. This approach to model fitting requires 

the setting of prior distributions of the group level parameters to be estimated (mean and 

standard deviation). These priors are then updated based on Bayes law using Markov Chain 

Monte Carlo (MCMC) algorithms to obtain posterior distributions of the parameters. For each 

model, we obtained three chains with 25,000 samples after an initial burn-in of 25,000 samples. 

We checked for convergence using the JAGS in-built Gelman-Rubin statistic. 

 

We set the priors as follows: the learning rate (α) was constrained to lie between 0 and 1. It was 

first transformed to a probit scale to facilitate hierarchical modelling (Nilsson et al., 2011). The 

priors for the mean (before transformation) were drawn from a normal distribution with mean 0 

and variance 1. The priors of the standard deviation of the group distribution (before 
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transformation) were drawn from a uniform distribution between 0 and 10. The mean of the 

inverse temperature (β) was constrained to be between 0 and 10, with the precision (1/variance) 

drawn from a gamma distribution (with parameter settings shape=0.001, scale=0.001), which 

effectively produces a flat prior (Lee and Wagenmakers, 2014). The prior distributions for 

probability (δ) and effort weighting (γ) parameters were drawn from uniform distributions 

between 0 and 20 and the precision was again drawn from gamma functions as before. We 

confirmed after model-fitting that none of the parameters that we found lay too close to the 

boundaries of the priors that we used, ensuring that we were not misestimating the parameters 

due to incorrect constraints. 

 

To determine which of the models that we fit best explained our data, we used model 

comparison based on DIC differences (Deviance information criterion,(Spiegelhalter et al., 

2002). DIC provides a measure of model fit, taking into account both how well the model 

explains the data and how complex the model is. DIC is a hierarchical modelling generalization 

of the AIC (Akaike information criterion). The smaller the DIC value, the better a model 

explains the data. 

 

Modelling the effect of reward type: 

Based on model comparisons of the above named simple models, we determined the best fitting 

model, which we found to be one based on a common learning rate for reward and effort and a 

heuristic utility (i.e. a weighted sum of probability, reward and effort magnitudes), see results. 

  

To assess the behavioural effect of reward type (real vs. hypothetical), we then modified this best 

fitting model in the following three ways. First, we considered that one explanation for a 

difference in choice after real or hypothetical reward could be that participants only learn from 

real reward, but not from hypothetical reward (‘NoLearningHypothetical’ model). We modelled 
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this by setting the learning rate to 0 for the chosen reward outcome on trials where the reward 

was hypothetical. In all other instances – i.e. the reward was chosen and real or the reward of the 

unchosen option or of the effort dimension – we used the same learning rate (α): 

 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!!! =
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! + 𝛼 ∗ 𝑃𝐸! , 𝑖𝑓 𝑟𝑒𝑤𝑎𝑟𝑑 𝑟𝑒𝑎𝑙
𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! , 𝑖𝑓 𝑟𝑒𝑤𝑎𝑟𝑑 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙  

We also tested a version of this hypothesis, in which instead of no learning for hypothetical 

reward, learning had a different learning rate for hypothetical than real reward 

(‘LessLearningHypothetical’ model).  

As a second hypothesis, the difference in choice after real or hypothetical reward could be due to 

participants perceiving only real reward as rewarding (‘NoRewardHypothetical’ model). To test 

this, we modelled the hypothetical reward as having a reward magnitude of zero. The rest of the 

model was as before: 

𝑃𝐸! =
𝑂𝑢𝑡𝑐𝑜𝑚𝑒! − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! , 𝑖𝑓 𝑟𝑒𝑤𝑎𝑟𝑑 𝑟𝑒𝑎𝑙
0− 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! , 𝑖𝑓 𝑟𝑒𝑤𝑎𝑟𝑑 ℎ𝑦𝑝𝑜𝑡ℎ𝑒𝑡𝑖𝑐𝑎𝑙 

We also tested a version of this hypothesis, in which instead of a reward magnitude of zero when 

reward was hypothetical, the reward magnitude was scaled by an additional free parameter. 

As a third hypothesis, we considered that it is maybe not the reward magnitudes that are learnt 

differently, but instead, participants might unwittingly be biased towards choices that had led to 

real reward. In other words, this hypothesizes that participants find receiving a real reward more 

rewarding than a hypothetical reward, and that they are not only influenced by the informational 

content provided by both real and hypothetical outcomes but that they were also influenced by 

real reward receipt.  In other words, when multiple aspect outcomes are received participants not 

only learn choice-outcome contingencies that are relevant to task performance but irrelevant 

outcome dimensions also affect their learning. This was modeled as a bias term when calculating 

the utility:  
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𝑈𝑡𝑖𝑙𝑖𝑡𝑦 =
1
𝑘 ∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒!"#$%& +

𝛿
𝑘 ∗ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦!"#$%& −

𝛾
𝑘 ∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒!""#$% +

𝜀
𝑘

∗ 𝑅𝑒𝑤𝑎𝑟𝑑𝑇𝑦𝑝𝑒!"#$%&'"( 

where δ was the probability weighting factor, γ was the effort weighting factor, ε was the reward 

type (real vs. hypothetical) weighting factor and k was a normalization factor (k=1+γ+δ+ε). 

We set the prior for the group mean of the weight of reward type (ε) between -10 and +10. This 

range including positive and negative values was chosen so as not, a priori, to bias values to be 

only positive (as our hypothesis would suggest), but to allow a free fit. We again used a flat 

distribution for the group standard deviation prior.  

 

To see which of these hypothesis best explained the effects of reward type on decision, we again 

used model comparison based on DIC. 

 

Effort exertion phase 

In the effort phase, participants used a trackball mouse to click on circles appearing on the screen 

to make them disappear. We recorded every mouse click independently of whether the click 

made the target disappear or not and whether it was on the circles to be clicked or somewhere 

else on the screen. Thus, we could measure the clicking rate on each trial, as one proxy for 

motivation. 

 

Here, we tested, using a regression analysis, whether the reward type (real vs. hypothetical) had 

an impact on how motivated participants were when exerting effort. Thus, the clicking rate on 

each trial was the dependent variable and the regressor of interest was whether the reward was 

real or hypothetical on the current trial (recall that the effort phase of each trial followed the 

reward outcome phase of each trial). As regressors of no interest we also included the chosen 

option’s effort magnitude (i.e. the number of targets participants had to click), the unchosen 

option’s effort magnitude, as well as the chosen option’s and the unchosen option’s reward 
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magnitudes. The regressions were run in Matlab (glmfit), using a log link function as the 

clicking rate data were constrained to be greater than zero. 

 

In these analyses, we only included data from the behavioural session outside the scanner as the 

EPI sequence sometimes affected the reliability of the trackball mouse during the effort exertion 

phase during the scan.  Because of this interference, the clicking performance recorded inside the 

scanner may not always have been a reliable measure. This was of course no problem outside the 

scanner. 

 

MRI data acquisition 

Structural MRI and fMRI measurements were taken using a Siemens 3 Tesla MRI scanner. For 

the fMRI, we used a Deichmann echo-planar imaging (EPI) sequence (Deichmann et al., 2003) 

[time to repeat (TR): 3000ms; 3x3x3mm voxel size; echo time (TE): 30ms; flip angle: 87°; slice 

angle of 15° with local z-shimming] to minimize signal distortions in orbitofrontal brain areas.  

This entailed orienting the field-of-view at approximately 30° with respect to the AC-PC line. 

We acquired between 1100 and 1300 volumes (depending on the time needed to complete the 

task) of 45 slices per participant. Additionally for each participant, anatomical images were 

acquired with a T1- weighted MP-RAGE sequence, using a GRAPPA acceleration factor of 2 

(TR: 2200ms; TE: 4.53ms; inversion time: 900ms; voxel size: 1x1x1 mm on a 176x192x192 

grid) [same protocol as (Chau et al., 2014; 2014)]. 

 

We used FMRIB’s Software Library (FSL) (Smith et al., 2004) for image pre-processing and 

analysis. Functional images acquired were first spatially smoothed (Gaussian kernel with 5mm 

full-width half-maximum) and temporally high-pass filtered (3 dB cut-off of 100s). Afterward, 

the functional data were manually denoised using probabilistic independent component analysis 

(Beckmann and Smith, 2004), identifying and regressing out obvious noise components (Kelly et 
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al., 2010); we considered only the first 40 components of each participant which had the greatest 

impact to interfere with task data (total up to 550). We used the Brain Extraction Tool (BET) 

from FSL (Smith, 2002) on the high-resolution structural MRI images to separate brain matter 

from non-brain matter. The resulting images guided registration of functional images in 

Montreal Neurological Institute (MNI)-space using non-linear registrations as implemented in 

FNIRT (Jenkinson et al., 2012). The data was pre-whitened before analysis to account for 

temporal autocorrelations (Woolrich et al., 2001). Statistical analysis was performed at two 

levels. At the first level, we used an event-related general linear model (GLM) approach for each 

participant. On the second level, we used FMRIB’s Local Analysis of Mixed Effects (FLAME 1) 

(Beckmann et al., 2003) with outlier de-weighting and tested the single group average. The main 

effect images are all cluster-corrected results with the standard threshold of z=2.3. We also 

analysed data in regions of interest (ROIs), extracted from spheres with a 3 voxel radius, 

identified in MNI standard space on the basis of orthogonal whole group analyses or used time 

courses for illustration purposes only (for example in figure 9).  

 

FMRI analysis  

In the fMRI analysis, we investigated the neural underpinnings of the effect of real versus 

hypothetical rewards on behaviour. We looked at these effects at two time points.  First, we 

examined activity at the time when participants made decisions to examine whether brain 

activity reflected whether the reward had been real or hypothetical on the last trial, as well as 

whether the real/hypothetical nature of the reward influenced switch-stay signals The second 

time point we examined was at the time of the outcome after the decision had been made.  At 

this time point we examined, firstly, which brain regions were differently active when rewards 

were real or hypothetical and, secondly, whether the reward type (real vs. hypothetical) changed 

the sensitivity to the effort and reward magnitude outcomes.  
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Identifying areas coding real and hypothetical reward and effort in the outcome and 

decision phases 

In the first design (GLM1), we investigated the neural effect of the reward being real or 

hypothetical at the time of the decision and at the time of the outcome. Additionally, we looked 

at how neural activity reflected the other key features of the options, namely their reward and the 

effort magnitudes and their reward probabilities.  The regressors used in this design were as 

follows (see figure 2A for correlations between the regressors): We used three boxcar regressors, 

indicating the onset and duration of the decision phase (duration from the beginning of the trial 

until participants made a choice), the onset and duration of the outcome phase (from the 

appearance of the chosen outcome until the chosen and the unchosen outcomes were removed 

again from the screen) and lastly the effort exertion phase (from the appearance of the first target 

that participants needed to remove until they had removed the last target). We furthermore 

included the following parametric regressors in the decision phase: whether the reward of the 

chosen option had been real or hypothetical on the last trial, reward and effort magnitude 

predictions (derived from a standard Bayesian learning model, similar to that described in 

Behrens et al. (2007), see below) and the reward probabilities that had been displayed on the 

screen.  In each case separate regressors for the chosen and the unchosen option were used. None 

of these regressors were correlated with participants’ reaction time and inclusion of reaction time 

did not affect the brain signals reported in the decision phase. In the outcome phase we included 

the following parametric regressors: the reward type (real vs. hypothetical) delivered for the 

chosen option, the probability of reward for the chosen option, the reward magnitude outcomes 

and the effort magnitude outcomes for the chosen and the unchosen option. The onset of the 

regressors for reward receipt, chosen option reward probability, chosen option reward 

magnitude, and chosen option effort magnitude, were time-locked to the onset of the outcome 

phase; the onset and duration of the regressors indexing the reward magnitude and effort 
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magnitude for the unchosen option were time-locked to their display (appearing about 2s after 

the outcomes of the chosen option). In the effort execution phase, we included the clicking rate 

as a parametric regressor. Finally, we included, as confound regressors, six movement regressors 

and a regressor indexing when additional visual stimuli were presented to warn participants that 

they had not clicked the targets on time and that the halfway point of the experiment had been 

reached.  

We applied a Bayesian learner (similar to the one described in Behrens et al., 2007) to estimate 

the reward and effort magnitude predictions for each option for the fMRI analysis. We did this to 

obtain prediction regressors (of effort and reward magnitudes) for the fMRI analysis that could 

not possibly be biased by model specifications of a fitted model. However, it is of note that the 

regressors obtained in this way were highly correlated with those from the best fitting simple 

learning model (r=0.95). Therefore, we would not expect the fMRI results to differ were we to 

use those regressors instead. Furthermore, also note that most neural results are completely 

independent of the model used as we mainly focused on regressors that described model-free 

quantities (such as the shown probabilities at the time of the decision or the shown reward or 

effort magnitudes or reward type at the time of the outcome). 

 
In short, the Bayesian model estimated the current reward/effort magnitude predictions based on 

the previous trials for each of the four magnitudes (option A reward magnitude, option A effort 

magnitude, option B reward magnitude, option B effort magnitude) separately. It did this by 

taking into account the following properties of the experimental task: 1) The reward/effort 

magnitude outcomes were determined by separate underlying reward/effort distributions for each 

magnitude (normal distributions). 2) The mean of a magnitude distribution could sometimes 

change. 3) How quickly each mean changed could vary over the course of the experiment. 

Sometimes, the mean changed more quickly (high volatility) whereas at other times, it changes 

more slowly (low volatility). 4) The volatility of an attribute was not static but could also change 

over the course of the experiment. In other words, the parameters that the model estimated on 
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every trial for each attribute were the reward/effort magnitude prediction (mean and variance), 

the volatility, and the volatility change. 

The model estimated these parameters for the current trial based on last trial’s parameter 

likelihoods and the last trial’s attribute outcomes. It did this using Bayes’ rule, which is the most 

efficient way for updating beliefs given new evidence. In contrast to the fitted models, this 

model did not have any free parameters. For details on the specific mathematical implementation 

of the Bayesian learner, please refer to Behrens (2007). The only noteworthy change compared 

to Behrens et al. (2007) was that whereas they tried to predict binary outcomes using a beta-

distribution we wanted to predict numerical outcomes using a normal distribution and thus added 

an additional parameter estimating the width of the normal distribution for the magnitudes.  
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 Figure 2. Correlations between the regressors included in the fMRI designs: A) shows the 
correlations (r-values) between regressors in GLM1. The values are the mean of the absolute r-
values across all participants. No r-values exceeded 0.33. Small covariations between predicted 
reward and effort magnitudes for the chosen option are due to participants choice behaviour: 
they were more likely to take options with high effort if they also had high reward. In GLM3 (B), 
no r-values exceeded 0.38. Abbreviations: chosen option (C), unchosen option (UC), predicted 
reward magnitude (PredRewMag), predicted effort magnitude (PredEffMag), hypothetical 
outcome (hypoth.), reward magnitude outcome (RewMagOutcome/ RewMagOutc), effort 
magnitude outcome (EffMagOutcome/ EffMagOutc). *Events time-locked to the onset of the 
unchosen option’s outcomes appearing on the screen. 
 

Relating neural effects of real versus hypothetical reward to behaviour 

We also looked for correlations, across participants, between brain representations of reward 

type (real vs. hypothetical) and the behavioural impact the reward type had on stay/switch 
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behaviour. For this we included, at the group level analysis stage of the fMRI data, a covariate 

denoting for each participant how much reward type on the last trial influenced subsequent 

stay/switch behaviour (GLM2). The covariate was thus the regression β weight from the 

behavioural analysis described above, for each individual participant, indicating how strongly 

the last trial’s reward type influenced participants’ stay/switch decisions. We looked for 

correlations between this covariate and the brain response to reward type at the time of the 

outcome phase. To assess whether the regions that we identified in this analysis made shared or 

independent contributions to the decision bias we also performed follow-up partial correlations. 

For this we first extracted each individual participant’s fMRI contrast of parameter estimates 

(COPE) values for the contrast of reward type from ROIs placed inside the activation clusters 

using featquery (FSL). We then correlated the COPE from one region with the decision bias 

while controlling for the COPE from another region.  Note that in this partial correlation analysis 

we are interested in whether the correlations in both areas explain at least partially independent 

variance or not.  We tested this using partial correlations and mediator analyses (Sobel test, 

Preacher and Hayes (2004)). 

 

Time course analysis – how reward and effort magnitude representations differ for real 

and hypothetical reward 

Having identified which regions in the outcome phase coded effort and reward magnitudes, we 

then went on to test whether reward type (real vs. hypothetical) had an impact on the coding of 

reward magnitude and effort magnitude outcomes in these regions. This analysis is orthogonal to 

the analysis used in initial identification of the ROIs because the difference of the magnitudes in 

the real vs. hypothetical reward conditions is independent of the sum of the two conditions (i.e. 

the main effect of reward or effort outcomes) that was used to identify the regions. First, we 

extracted the blood oxygen level dependent (BOLD) signal from these regions. We then up-

sampled the time-course tenfold, created epochs from the beginning of the outcome phase 
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onward and applied a GLM to every time point separately. By averaging the resulting β weights 

across participants we created the time-courses shown (the standard errors of the mean effect 

across participants are shown). We included as regressors: the relative reward magnitude 

outcome (chosen minus unchosen option) as separate regressors on trials when the reward was 

real or hypothetical, the relative effort magnitude outcome (chosen minus unchosen option), 

again as separate regressors for when the reward was real or hypothetical and finally we also 

included regressors for the main effect of reward type and to denote the expected probability of 

reward receipt. We statistically compared the reward outcome regressors in the real and 

hypothetical reward conditions, using two-tailed t-tests performed on the time course after 

haemodynamic convolution. For the haemodynamic convolution, we used a leave-one-out 

procedure to fit the haemodynamic response function. Specifically, for each participant, we used 

the data from all but that participant to determine the absolute peak (i.e. either the strongest peak 

or trough) of the time course in a window between 6s and 12s. We then aligned the peak of a 

canonical haemodynamic response function to this peak. The haemodynamic response function 

was made using gammapdf in matlab, with values α = 72/32, β= 7/32. We then convolved the 

aligned haemodynamic response function with the omitted participant’s time course to obtain 

one value per participant for each regressor of interest. 

 

Stay-switch analysis 

We performed a third whole-brain analysis (GLM3) to assess whether reward type (real vs. 

hypothetical) on the last trial also influenced brain signals directly related to the choice on the 

current trial, namely whether on the current trial the same choice was repeated as on the last trial 

(i.e. a stay decision) or whether the other option was chosen (switch).  In other words, we wanted 

to identify regions that were not just differently affected by receipt of real and hypothetical 

reward outcomes but which were activated differentially as a result of an interaction between the 

outcome type and subsequent behaviour; we identified brain areas activated differently when 
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decisions were made in line with the bias suggested by last trial’s reward type (i.e. stay decision 

after real reward and switch decision after hypothetical reward) or against it (stay decision after 

hypothetical reward and switch decision after real reward). In GLM3 (see figure 2B for a list of 

regressor correlations), we included again the same boxcar regressors for the onset and duration 

of the decision, outcome, and effort exertion phases. We included as our main regressors of 

interest in the decision phase whether the current trial was a stay or a switch choice but coded 

separately for instances on which there had been a real or a hypothetical reward on the last trial 

previous to it. We then looked whether stay/switch signals were affected by whether the reward 

was real or hypothetical on the last trial by looking at the difference between these two 

regressors (stay/switch after real reward minus stay/switch after hypothetical reward on the last 

trial). As confound regressors we included, first, a main effect regressor indicating the reward 

type on the last trial (regardless of whether the current trial was a stay or a switch decision). 

Additionally, we also included regressors indexing the predicted reward magnitudes, predicted 

effort magnitudes, and explicitly shown reward probabilities associated with both the chosen and 

unchosen options. Each of these quantities was included as separate regressors for when the 

reward had been real on the last trial and for when it had been hypothetical on the last trial. In 

the outcome phase, we included, as in GLM1, a regressor indicating current reward type (real vs. 

hypothetical) and what the probability of that reward type had been. Additionally, we included 

regressors, separately for trials with real or hypothetical reward, for the chosen and the unchosen 

reward magnitude outcomes and effort magnitude outcomes. The regressors in the effort exertion 

phase and the other motion confound regressors phase were as in GLM1. 

 

Connectivity analysis 

In the previous analysis (GLM3), we identified regions with activity reflecting the interaction 

between the decision to stay or switch and the reward type on the last trial. To further examine 

the relationship between one of those areas (for the sake of simplicity in the description of the 
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analysis procedure we note here that the region in question was the amygdala, which has 

previously been implicated in biased decision making (de Martino et al., 2006; Roiser et al., 

2009)) and areas that we had identified as opposing biased decision making, we conducted an 

exploratory analysis of the interactions during task performance. More specifically, we 

performed a psychophysiological interaction analysis (PPI, O'Reilly et al. (2012)) to see whether 

connectivity between those types of region changed as a function of the decision x last reward 

type interaction effect. We hypothesized, based on previous research (Roiser et al., 2009), that if 

a region opposes the bias it could do so partly by suppressing activity in a region, such as the 

amygdala, that is associated with promoting the bias during the decision. If that were the case 

then a decrease in connectivity should be seen on trials when participants ended up making a 

potentially biased decision. In other words, choices in agreement with last trial’s reward bias 

could be partly due to a failure of the bias-opposing region to suppress the bias-promoting region 

(the amgydala). To test this hypothesis we performed a PPI for every time point during the 

decision phase, equivalent to the other time course analyses. We included as main regressors of 

interest the time course extracted from the region identified by the bias consistent choice effect 

in GLM3 and the interaction between this timecourse and this bias effect. Specifically, the bias 

consistent choice effect regressor was binary, coding whether decisions were made in line with 

last trial’s reward type (stay after real reward and switch after hypothetical reward) or against it. 

As usual for a PPI analysis, we included as confound regressors the main effect of the interaction 

between the current decision and the last trial’s reward type, as well as the relative probabilities, 

reward and effort magnitudes (chosen minus unchosen), last trial’s reward type as well as the 

global time course (Rogers et al. (2007), Friston et al. (1990)). 
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2.3 Results 

Decision-making analysis 

Participants performed a reward and effort learning task in which they tracked the continuously 

changing reward and effort magnitude values of two options.  The range of reward and effort 

magnitude differences between the two options and the influence these differences exerted on 

participants’ choices is shown in figure 3A and 3B. We found, as predicted, that participants 

were more likely to select an option associated with a higher expected reward magnitude and a 

lower expected effort magnitude. To test more formally whether participants learned the 

changing reward and effort magnitudes, we performed a regression analysis assessing the effect 

of reward magnitude and effort magnitude outcomes on recent trials and the reward probabilities 

(which were shown to participants at the time of the choice) (figure 3C). This analysis 

demonstrated that participants’ decisions to repeat a choice (stay) or select the alternative option 

(switch) were influenced by the reward probabilities they were shown at the time they made a 

decision (these varied randomly from trial to trial) and that the history of reward magnitude and 

effort magnitude outcomes on recent trials (i.e. what should be learnt) also influenced whether 

participants stayed with their previous choice or switched to the alternative. Furthermore, the 

impact of more recent reward and effort magnitudes was larger than for reward and effort 

magnitudes received longer ago in the past, as is typically found in a learning task (ANOVA, 

main effect of time: F(1.4,26.4)=4.536, p=0.031).   
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Figure 3. Behavioural results: A) shows the distribution of the Bayesian estimated reward and 
effort magnitude differences (option 1 minus option 2) of the two options on the trials used in the 
task. B) shows how likely participants were to select one option over the other based on the 
predicted reward and effort magnitude differences between the options. Decisions were analysed 
using a regression analysis (C). Participants were more likely to stay with an option (choose it 
again) rather than switch to the alternative if the option was associated with a higher displayed 
probability (‘prob’) and higher past (one (t-1), two (t-2) or three (t-3) trials ago) reward and 
lower effort magnitudes than the alternative option. Furthermore, participants were more likely 
to stay if they had received a real rather than a hypothetical reward on the last trial (p=0.008, 
highlighted in red). Effort exertion was analysed using a regression analysis (D) predicting the 
clicking rate. The regressors were the effort and reward magnitude outcomes, separately for the 
option participants had chosen (‘C’) or not chosen (‘UC’, unchosen), and the reward type (i.e. 
whether the reward was real or hypothetical). Again participants’ behaviour was influenced by 
whether the reward was real or hypothetical (p=0.039, highlighted in red). 
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Our main factor of interest in this decision analysis was whether participants’ decisions were 

also influenced by whether the reward had been real or hypothetical on the last trial (reward 

type). To test this, we also included the last trial’s reward type in the regression analysis 

described above. We found that participants were more likely to repeat a choice (stay) if they 

had received a real reward on the last trial (figure 3C, red bar, z=2.65, p=0.008, one-sample 

Wilcoxon signed rank test).  To confirm this result in a simpler way, we divided all trials into 

two bins – those that occurred after real rewards and those that occurred after hypothetical 

rewards.  We then calculated the percentage of trials for each participant on which they chose the 

same option again (stay) or selected the other option (switch) after the reward had been real or 

hypothetical on the last trial. We found, as before, that participants were more likely to stay 

when the reward had been real rather than hypothetical (z=-3.10, p=0.002, one-sample Wilcoxon 

signed rank test). 

 

Computational modelling of the decision behaviour 

To look at the reward-type induced decision-bias in more details, we fitted different learning 

models to the behavioural data. We first fitted four models to the data to determine which model 

to examine further to assess the effect of reward type (real vs. hypothetical). These models 

differed in the learning and the decision rules used. For each model, we computed the model fit 

using the DIC. DIC differences between models of 0-5 suggest no evidence in favour of a model, 

DIC differences of 5-10 suggests mild evidence in favour of a model, and DIC differences >10 

suggest strong evidence in favour of a model (Spiegelhalter et al., 2002). The DIC scores are 

shown in table 1. A model with a shared learning rate for reward and effort and which integrated 

reward magnitude and probability in a heuristic manner by linear summation (‘Addition1α’ 

model) showed the best fit (DIC = 2828). This model explained 81% of participants’ choices on 

average. We then analysed this model further with regard to the mechanism of how reward type 

could influence decisions. However we note that the second best model (which used separate 
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learning rates for reward and effort) showed a similar fit and so we also repeated all the analyses 

shown below for this alternative model. We do not report these analyses here because the 

conclusions drawn were identical to those drawn below. It is perhaps worth briefly pointing out 

that the model with different learning rates for the chosen and the unchosen option 

(‘AdditionChosenUnchosenα) also did not provide a better fit to the data than a model with just 

one learning rate (‘Addition1α’). Therefore, we cannot determine from our data whether the 

learning occurs separately for each option or for the relative value of the two options. 

 
Table 1. Results of the model fitting analysis. Deviance information criterion values (DIC) are 
reported; smaller values indicate a better fit. 
 

Next, we fitted three model types to test different hypotheses of how reward type (real vs. 

hypothetical) could affect decisions (table 1). The first model type incorporated the hypothesis 

that reward type changed how participants learn about reward, more specifically whether – as 

could be expected from some basic reinforcement learning theories – hypothetical reward is not 

used for learning (‘NoLearningHypothetical‘ model in table). We found that this model did not 

provide a better explanation for participants’ behaviour (DIC = 2837).  A variant of this model 

tested whether instead of no learning from hypothetical reward, learning from hypothetical 

reward might be reduced (‘LessLearningHypothetical’ model). This model only provided a 

marginally better fit to the data than the simplest ‘Addition1α’model (DIC = 2822). 

 

Simple'models' DIC'
Addition1α) 2828)
Addition2α) 2833)
AdditionChosenUnchosenα) 2837)
Multiplication1α) 4353)
Multiplication2α) 4103)

)
)

Reward'type'models'(all'based'on'Addition1α)'
DecisionBias) 2780)
NoLearningHypothetical) 2837)
LessLearningHypothetical) 2822)
NoRewardHypothetical) 3388)
LessRewardHypothetical) 2830)
!
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The second model tested whether hypothetical reward was perceived as non-rewarding 

(‘NoRewardHypothetical’ model in table). Again, this model did not provide a good explanation 

of participants’ behaviour (DIC = 3388). A variant of this model tested whether instead of 

perceiving hypothetical reward as completely non-rewarding, it might be perceived as somewhat 

less rewarding (‘LessRewardHypothetical’ model). This model did not provide a better fit than 

the simple ‘Addition1α’ model (DIC=2830). 

 

The third model tested whether after receiving a real reward when choosing an option, 

participants mistakenly perceive the option as having a higher utility and therefore are more 

likely to select it again (‘DecisionBias’ model in table). We found this model to provide the best 

fit to the data (DIC = 2780). While there have been criticisms of the usefulness of DIC for model 

comparison (Spiegelhalter et al., 2014), we note that the difference (on a logarithmic scale) that 

we found here is much larger (38 points) than the standard difference taken to suggest a large 

difference in model fit (10 points). Thus, even if the real difference is maybe somewhat smaller 

than the estimate, it would still be highly significant. Furthermore, we found that across 

participants, reward type had a consistent positive effect (mean= 0.19, 95% confidence interval: 

0.01 to 0.39 table 2), replicating the result of the regression analysis that participants prefer 

options that had received a real rather than a hypothetical reward in the past. This suggests that 

participants can learn from both hypothetical and real reward, but that they irrationally behave as 

if choices that had been associated with a real reward were more valuable to them. The 

conclusions of this analysis are therefore the same as those drawn from the regression analysis.  

 
 Table 2. Parameters of the best fitting model incorporating an effect of reward type 
(‘DecisionBias’ model). For each parameter, mean values and standard errors are shown. 
 

Mean Standard error
Learning rate (α) 0.42 0.04
Inverse temperature (β) 3.85 0.2
Effort weight (γ) 1.54 0.3
Probability weight (δ) 1.34 0.17
Reward type weight (ε) 0.19 0.06
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It is of note that while this behavioural modelling is able to tell us that participants are biased 

towards an option that had been linked to a real reward, it does not distinguish between different 

possible neural mechanisms that could generate this behaviour. In other words, participants 

could simply have a weak bias or alternatively the bias is due to a competition between a brain 

mechanism that is biased by real reward (and thus drives the behaviour) and activity in another 

brain mechanism reflects the true, underlying task structure (namely that participants should 

ignore for future choice whether reward is real or hypothetical). To investigate this question 

further, we need to interrogate the neural signals. 

  

Effort exertion phase 

In the effort exertion phase, we tested for an effect of reward type (real vs. hypothetical) on the 

clicking rate (i.e. on how vigorously participants exerted an effort). A multiple regression 

analysis (figure 3D) revealed that if the reward was real as opposed to hypothetical then the 

clicking rate increased in the subsequent effort exertion phase (t(19)=2.214, p=0.039). This thus 

further supports the view that reward type was not ignored by participants, but instead affected 

their decision and effort exertion behaviour. The effect is consistent with what would be 

expected if participants perceived real rewards as more rewarding than hypothetical rewards. 

 

FMRI results 

The behavioural modelling was able to tell us that participants were biased towards staying with 

an option that had been linked to a real reward. However, the behavioural modeling could not 

distinguish between different possible neural mechanisms that could generate this behaviour. For 

example, the behavioural bias could simply be due to a brain mechanism that is weakly biased 

towards irrationally repeating a choice after real reward. Alternatively, the behavioural bias 

could be due to a competition between a brain mechanism that is biased by real reward (and thus 

drives the behaviour) and another brain mechanism with activity that reflects the true task 
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structure (namely that whether a reward is real or hypothetical should be irrelevant for future 

choice) and tries to oppose the bias. To investigate this question, we needed to interrogate the 

neural signals. We reasoned that the effect of reward type might be seen when the outcomes 

themselves were presented and participants needed to use the reward magnitude and effort 

magnitude information they received to update their expectations for their next choices. 

Alternatively, or additionally, an effect of reward type might be seen on the subsequent trial 

when participants next had to make a decision.  Below we first consider reward type effects at 

the time of outcome processing and then in a later section we consider the effects of reward type 

on subsequent decision-related activity. 

 

Reward magnitude and effort magnitude signals at outcome 

When we examined activity during the outcome phase of trials (GLM1; see Methods), we found 

that the relative reward magnitude outcome (i.e. the chosen minus the unchosen reward 

magnitude) lead to an increase in BOLD activity in the ventral striatum and elsewhere (table 3, 

figure 4A, brown). There was an analogous effect of relative effort magnitude outcome (the 

chosen minus the unchosen effort magnitude) in frontal operculum/anterior insula (FO/AI), ACC 

and aPFC (figure 4A, red, see table 3 for a complete list of activations). We did not find any 

areas that showed a decrease in BOLD with either regressor. We note that we used relative 

outcome signals, rather than just the chosen outcome because in our task participants were 

shown information at outcome about both the chosen and the unchosen option. Therefore, for 

future decisions, the relevant quantity is how good an option is compared to the other option 

available. One could consider this quantity to be the relative evidence for switching/staying.  

However, in control analyses (not shown), we confirmed that the regions carried signals for both 

the chosen and the unchosen options separately (with reversed signs). Thus, our data does not 

speak to the issue of whether learning is about the relative evidence for the chosen versus the 

unchosen option or occurs separately in relation to the evidence for the chosen option and the 
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unchosen option. Both of these possibilities are compatible with both our FMRI and behaviour 

modelling findings, and further studies are needed to address this specific question.  

 
 Furthermore, we also note that as we used sustained effort, there is an inherent (and naturalistic) 

confound between amount of effort and duration of the effort (or delay). Comparison of our 

study results with other studies (Prevost et al., 2010) suggests that the effort related activations 

resembled those found in a pure effort task rather in a pure delay-discounting task.  

 

 
Figure 4. Brain activations in the outcome phase: A) shows increases in BOLD activity 
correlating with the relative effort magnitude outcomes (chosen-unchosen option, in red) and 
relative reward magnitude outcomes (chosen-unchosen option, in brown) in the outcome phase. 
At the same time, whether a reward was real or hypothetical (B) led to wide-spread increases in 
BOLD activity throughout the brain (pink). All activations are cluster-corrected at p<0.05. 
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Table 3. List of activations in the outcome phase (GLM1) for the difference in activity associated 
with the effort magnitude of the chosen option as opposed to the unchosen option (relative effort 
magnitude outcome), for the difference in activity associated with the reward magnitude of the 
chosen option as opposed to the unchosen option (relative reward magnitude outcome) and 
reward type (real vs. hypothetical). All results are cluster-corrected at p<0.05. Shown are 
coordinates of local peaks (z, y, z), the max z score found at the peaks (z max), the p-value of 
each cluster, the number of voxels in each cluster (# Vox) and the index of the cluster the peak 
belongs to (Clus). Where indicated, anatomical labels were taken from 1Neubert et al. (2014), 
2Mars et al. (2011), 3Sallet et al. (2013), 4Beckman et al. (2009). 

Activations with Effort Outcome (C-UC) x y z z max p # Vox Clus
FO/AI 30 24 -2 4.0 4*10!4 605 4
ventral inferior frontal gyrus (44v1) 46 18 4 3.6 4
dACC/anterior rostral cingulate zone 
(RCZa)

4 36 32 3.7 4*10!7 6

pre-SMA 2 18 54 3.2 6
inferior parietal lobule (PFm2), right 52 -46 40 3.5 5*10!6 954 5
inferior parietal lobule, (PFm2), left -28 -56 46 3.3 4*10!3 448 2
area 46/ lateral frontal pole (FPl)1, right 38 52 8 3.4 6*10!4 581 3
dorsolateral prefrontal cortex (area 9/46v3) 42 40 22 3.3 3
(additional separate cluster in area 9/46v) 46 18 38 3.3 0.01 393 1

Activations with Reward Outcome (C-UC)
supplementary motor area/dACC/posterior 
rostral cingulate zone (RCZp4)

2 0 52 3.5 0.01 431 1

dACC/ between posterior and anterior rostral 
cingulate zone (RCZp/RCZa4)

8 10 38 3.3 1

inferior parietal lobule (PFop2), left -50 -42 28 3.8 3*10-3 521 2
ventral striatum, left -12 8 -10 4.1 3
ventral striatum, right 10 8 -10 3.7 2*10-3 531 3
(cluster may extend to subcalloscal cortex) 0 10 -6 3.3 3

putamen, right 14 12 -6 5.5 2*10-87 37587 3
putamen, left -18 14 -4 4.5 3
ventral striatum, left -10 10 -8 5.1 3
ventral striatum, right 6 12 -2 5.0 3
ventromedial prefrontal cortex (vmPFC) 0 48 -4 3.4 3
perigenual ACC -4 36 8 2.7 3
dorsal thalamus (extending to pulvinar), 
right

6 -18 14 3.1 3

dACC/posterior rostral cingulate zone 
(RCZp)

0 4 36 3.0 3

posterior cingulate (area 314) 0 -48 50 2.8 7*10-6 885 2
middle temporal gyrus, right 56 -48 -6 4.1 2
inferior parietal lobule (PF/PFt/hlP22), right 44 -34 48 3.7 2
inferior parietal lobule (PF/PFt/hlP22), left -50 -40 50 3.5 0.03 309 1
occipital lobe 6 -76 8 3.7 1
cerebellum 4 -64 -16 4.1 1

Activations with reward type (real/hypothetical)
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Representation of whether reward is real or hypothetical is widespread at the time of the 

outcome and relates to decision biases 

We found widespread effects, in the outcome phase, of the reward type (real vs. hypothetical) in 

areas including the ventral striatum and the vmPFC (table 3, figure 4B, pink).  

Notably, we also found activation with reward type in the aPFC, meaning that aPFC was more 

active (main effect) when outcomes were real rather than hypothetical (figure 4B, right hand 

panel, t(19)=2.42, p=0.025, statistical test in ROI, see the next section). At first glance, this 

might be surprising in as far as prior studies (e.g. Boorman et al., 2011) found that aPFC 

deactivates in proportion to the value of the option chosen. However, the result is consistent with 

the hypothesis that aPFC carries signals reporting the relative value of the choice not taken (the 

counterfactual choice), which would be the choice subjects would switch to if they could change 

their decision (and which they might switch to on the next trial) (Boorman et al., 2011). Thus, in 

our experiment, the activation found in relation with reward type is consistent with an enhanced 

switch signal that helps to overcome the stay bias introduced by real reward. If this interpretation 

is true, then individual differences in the strength of this activity should also relate to individual 

differences between participants in behavioural bias. 

 

Therefore, we assessed next whether these BOLD increases related to the behavioural impact of 

reward type (real rewards biased participants towards staying with the same choice on the next 

trial, see figure 3C) using GLM2 (see Methods section Relating neural effects of real versus 

hypothetical reward to behaviour). Brain areas that are linked to the bias in behaviour induced 

by real rewards should be ones in which the difference in activity in response to a real versus a 

hypothetical reward is greatest in participants exhibiting the strongest behavioural bias. We 

found such an effect in vmPFC (figure 5, red).  By contrast brain areas that are linked to 

resistance against the behavioural bias induced by real rewards should be ones in which the 

difference in activity in response to a real versus a hypothetical reward is greatest in participants 
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exhibiting the weakest behavioural bias.  We found such an effect in aPFC and a dorsal part of 

ACC (figure 5, blue, table 4). Thus, this further supports the view that aPFC and dACC represent 

evidence in favor of switching to the alternative, and counteract signals advocating staying with 

the current choice in vmPFC when the reward was real as opposed to hypothetical.  

 
Figure 5. Correlations between the decision bias and the neural response to real versus 
hypothetical reward in the outcome phase: Participants who had a larger BOLD increase to 
real compared to hypothetical rewards in the vmPFC showed a larger behavioral bias (positive 
correlation in red). In contrast, participants who showed a larger activation to real compared to 
hypothetical rewards in the aPFC or the dACC showed a weaker behavioral bias (negative 
correlation in blue). All results are cluster corrected at p<0.05. For illustration, we also show 
scatter plots of these correlations (B+C) using averages within spherical ROI's with a radius of 
3 voxels in MNI space. 
 

	  
Table 4. List of positive and negative correlations between individual differences in the neural 
signal for reward type (real vs. hypothetical) in the outcome phase and the behavioral decision 
bias (GLM2). Shown are coordinates of local peaks (z, y, z), the max z score found at the peaks 
(z max), the p-value of each cluster, the number of voxels in each cluster (# Vox) and the index of 
the cluster the peak belongs to (Clus) Where indicated, anatomical labels were taken from 
1Neubert et al. (2014). 
 

Positive correlations x y z z max p # Vox Clus
vmPFC -2 40 -2 3.2 5*10-3 417 1
Negative correlations
Pre-SMA/dACC/anterior rostral cingulate 
zone (RCZa)

2 22 44 3.9 6*10-4 547 2

aPFC /lateral frontal pole (FPl)1 38 58 -2 3.5 3*10-3 438 1
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To assess whether aPFC and vmPFC made independent contributions in relation to the decision 

bias, we performed partial correlations between the COPE values extracted from these regions 

(see table 4 for coordinates) and the behavioural impact of reward type (decision bias). We found 

that when controlling for aPFC correlations, the correlation between vmPFC and decision bias 

was still significant (r=0.49, p=0.032). Similarly the negative correlation between aPFC and the 

decision bias remained significant after controlling for vmPFC-behaviour correlations (r=-0.498, 

p=0.03). Similarly, we found that vmPFC is not a mediator for the effect of aPFC on behaviour 

(z=-0.91, p=0.36, Sobel test).  Distinct neural processes linked to vmPFC and aPFC exert 

independent influences consistent with induction of the decision bias and with resistance to the 

decision bias.   In contrast, when controlling for dACC, the correlation between aPFC and 

decision bias was no longer significant (r=-0.34, p=0.16) suggesting that activity in both of these 

areas reflects a common process related to resistance to the decision bias. Furthermore, while the 

activations of aPFC and dACC in response to real compared to hypothetical reward were 

strongly correlated (p=0.642, p=0.002), this was not true for aPFC and vmPFC (r=-0.246, 

p=0.296) or dACC and vmPFC (r=-0.233, p=0.324). This further supports the view that even 

though both aPFC and vmPFC were more active when a reward is real rather than hypothetical, 

activity in the two regions made independent and very different contributions to behaviour. In 

other words, aPFC did not exert its influence on behaviour by reducing the effect of reward on 

the vmPFC.  

 

We note that as with any fMRI study, all results discussed here are correlational and further 

studies using techniques that can interfere with brain function will be needed to address 

questions about causality between brain and behaviour more directly. 
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APFC’s and FO/AI‘s effort cost and reward outcome representations change when the 

reward is real as opposed to hypothetical 

So far we have reported two main types of results.  First, we have shown that reward magnitude 

and effort magnitude significantly affect activity in several frontal cortical regions in the 

outcome phase, when participants witness the consequence of their decisions.  Second, we have 

shown that reward type (real vs. hypothetical) also affects activity in several frontal cortical 

regions in the outcome phases of trials and that this effect was related to the irrational 

behavioural bias to repeat choices associated with real as opposed to hypothetical rewards. Thus, 

the next obvious question was whether within areas coding reward magnitude and effort 

magnitude, there was any influence of reward type. This allowed us to arbitrate between two 

opposing hypotheses: First, a region could code real and hypothetical reward differently because 

it is sensitive to the rewarding aspect of an outcome. In this case, the effort magnitude should 

always be represented the same, independent of reward type, as the effort always needs to be 

executed regardless of the reward type. Second, as an alternative hypothesis, a region could 

represent reward and effort magnitudes differently when the reward is real if its activity is 

related to counteracting a decision bias – in this case we would expect it to represent reward and 

effort magnitudes more strongly when the reward is hypothetical in order to overcome the bias to 

stay with the rewarded option by enhancing the representation of the alternative option. 

 

Using a timecourse analysis (figure 6), we found, to our surprise, that in the ventral striatum, 

there was no difference in the reward magnitude outcome effect for real vs hypothetical rewards 

(t(19)=0.55, p=0.587), even though there was a strong main effect i.e. BOLD increase when the 

reward was real vs. hypothetical (t(19)=5.81, p<0.001). 
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Figure 6. Timecourses from selected regions showing the main effect of real versus 
hypothetical reward and how the coding of the relative reward and effort magnitude outcomes 
is affected by the reward being real:  A)-C) show the locations of the ROIs. Relative effort 
magnitude outcomes (chosen-unchosen option) (D) lead to a larger increase in BOLD when the 
reward was real rather than hypothetical in anterior prefrontal cortex (aPFC) and frontal 
operculum/ anterior insula (FO/AI), but not in ventral striatum. Similarly, relative reward 
magnitudes (chosen-unchosen option) (E) lead to a stronger decrease in BOLD when the reward 
was real rather than hypothetical in aPFC and FO/AI, but not in ventral striatum. Note (F) that 
whether the reward was real or hypothetical not only lead to an increase in BOLD in ventral 
striatum and ventromedial prefrontal cortex (vmPFC) but also in the aPFC.  Significance [* 
p<0.05, **p<0.01, ***p<0.001] in D) and E) based on the result of paired two-tailed t-tests 
comparing the haemodynamically convolved timecourses from trials on which the reward was 
real or hypothetical. In F), significance tests were one-sample two-tailed t-tests. All ROIs were 
selected on the basis of an orthogonal contrast; aPFC, FO/AI and dACC ROIs were selected 
based on the whole-brain corrected contrast relative effort magnitude at the time of outcome 
(chosen option – unchosen option); the ventral striatum ROI was selected based on the whole-
brain corrected contrast relative reward magnitude at time of outcome (chosen-unchosen 
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option); the vmPFC ROI was selected based on the whole-brain corrected contrast real vs. 
hypothetical reward outcome. The ROIs were 3 voxels in radius in the case of all cortical 
regions (aPFC, FO/AI, dACC and vmPFC) and 2 voxels in radius in the case of the subcortical 
region (ventral striatum). 
 

In contrast (figure 6), in aPFC and FO/AI, both reward magnitude and effort magnitude signals 

were significantly affected by reward type. In both regions, relative reward magnitude outcomes 

(chosen option reward magnitude outcome – unchosen option reward magnitude outcome) led to 

a BOLD decrease; related results have previously been reported (Boorman et al., 2009; Boorman 

et al., 2011; Boorman et al., 2013). But this effect was stronger when the rewards were real 

(aPFC: t(19)=-2.314, p=0.032; FO/AI: t(19)= -3.671, p=0.002). Similarly, relative effort 

magnitude outcomes (chosen option effort magnitude-unchosen option effort magnitude) led to a 

stronger increase in BOLD signal when the reward was real (aPFC: t(19) = 2.27, p=0.035; 

FO/AI: t(19)=2.89, p=0.009).  This effect is striking because the effort that had to be exerted did 

not vary depending on whether reward was real or hypothetical. Instead the effect on effort and 

reward magnitude outcomes suggests that aPFC and FO/AI code the evidence in favor of the 

counterfactual option (the switch choice) more when there is more need to consider this because 

receiving a real reward biases behaviour towards staying with the current option. The pattern of 

results was qualitatively similar in dACC although it did not reach statistical significance 

(reward magnitude-related effects of reward type: t(19)=-1.55, p=0.138; effort magnitude-related 

effects of reward type: t(19)=1.534, p=0.142). 

 

 As already discussed in the last section, we also found an activation with real reward (main 

effect) in aPFC (figure 6, t(19)=2.42, p=0.025). This is not consistent with aPFC merely coding 

the value of the chosen option in an inverse or negative fashion. It is, however, like some of the 

other results found, consistent with the idea that aPFC codes the values of choices in a reference 

frame tied to the relative value of switching to the alternative choice as opposed to staying with 

the current choice. 
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APFC carries all information necessary for reigning in the impact of rewards on decisions 

and representing costs when necessary 

From the series of analyses conducted so far aPFC repeatedly emerged as an area carrying 

various signals that are consistent with it playing a role in counteracting the bias to repeat 

choices (stay) introduced by real reward (figure 7). Firstly, aPFC activated when rewards were 

real rather than hypothetical, consistent with a switch signal to overcome the bias (GLM1, see 

also figures 4 and 6). Importantly, participants in whom this signal was stronger had a reduced 

behavioural bias or in other words, were better at overcoming the bias (GLM2, see also figure 5). 

Next, aPFC also showed an increase in the coding of the reward and effort magnitudes (GLM3, 

see also figure 6) when reward was real, again consistent with a role in overcoming the bias by 

enhancing the signal indexing the value of the alternative choice (switch) when real reward in 

other brain areas biased behaviour towards repeating the current choice (stay). 

 

 
Figure 7. Various signals are present in the anterior prefrontal cortex (aPFC) during the 
outcome phase: Different signals are present in aPFC that are consistent with a role in 
overcoming a bias to stay with the current choice when there is real rather than hypothetical 
reward. Firstly (A), aPFC activity increases when rewards are real (pink) and participants with 
a stronger increase are better at overcoming the behavioral bias (blue). Secondly (B), the 
representation of effort magnitude outcomes increases in aPFC when reward is real (yellow).  
We also show the relative effort magnitude outcome contrast (red) used to identify our aPFC 
ROI (used for time courses in figure 6). 
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At the time of choice the vmPFC is sensitive to whether the reward was real or hypothetical 

on the last trial 

To understand further what signals at the time of decision-making (as opposed to at the time of 

the previous trials’ outcome phase) might mediate the real reward-induced bias to repeat choices 

we next investigated signals at the time of the decision phase. In addition to a regressor indexing 

the last trial’s reward type (real vs. hypothetical), we also included regressors indexing all the 

rational decision variables that ought to have influenced decision making, i.e. the learnt reward 

and effort magnitudes and the explicitly shown probabilities (GLM 1, figure 2A). For simplicity 

of presentation, we combined these rational decision variables into a ‘relative decision value’ 

contrast. Specifically, the contrast for relative decision values included: chosen option value 

(reward magnitude + probability - effort magnitude) minus unchosen option value (reward 

magnitude + probability – effort magnitude). We found that relative decision value was 

associated with activity in several areas (figure 8A, table 5).  For example relative decision value 

was associated with BOLD increases in a midcingulate region and decreases in dACC, FO/AI 

and aPFC. We also note that while the vmPFC did not carry a statistically significant signal of 

relative decision value, we found a sub-threshold activation. 

 The important result, however, is that whether the reward on the last trial had been real as 

opposed to hypothetical again affected vmPFC at the time of decision-making just as had been 

the case in the outcome phase (figure 8B, beige).  This signal was significant even after whole 

brain cluster-based correction for multiple comparisons. The outcome-related and decision-

related effects in vmPFC relating to whether rewards were real or hypothetical were distinct 

because of their large temporal separation. On average, 17 seconds elapsed between the outcome 

phase of one trial and the decision phase of the next trial (figure 1).  



	 	 	 99	
	

 
Figure 8. Brain activations in the decision phase: Relative decision value (A), a linear contrast 
of the regressors for relative (chosen-unchosen option) predicted reward magnitude + shown 
reward probability – predicted effort magnitude led to increases (orange) and decreases (blue) 
in BOLD at the time of the decision.  Regions activated in this contrast are regions in which 
activity is covarying with the value information that ought, rationally, to guide decision-making. 
Importantly, we also found increases in BOLD (B) in the vmPFC (beige) when a real rather than 
a hypothetical reward had been received on the last trial.  VmPFC activity, therefore, covaries 
with an outcome feature that led to irrational biases in behavior. All results are cluster-
corrected at p<0.05. 
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Table 5. List of activations and deactivations with relative decision value and of activation with 
last trial’s reward type (real vs. hypothetical) during the decision phase (GLM1). Shown are 
coordinates of local peaks (z, y, z), the max z score found at the peaks (z max), the p-value of 
each cluster, the number of voxels in each cluster (# Vox) and the index of the cluster the peak 
belongs to (Clus). Where indicated, anatomical labels were taken from 1Neubert et al. (2014), 
2Mars et al. (2011), 3Sallet et al. (2013), 4Beckman et al. (2009). 
 

Amygdalar activity at the time of choice reflects the bias to repeat choices when reward 

was real as opposed to hypothetical on the last trial 

So far, we have identified regions susceptible to the bias induced by real rewards because they 

activated differently when reward was real vs. hypothetical.  Although such an activation pattern 

reflects the registration of the impact of the reward type, one could also imagine a region that 

then uses this information to bias behaviour, i.e. the decision to stay or switch. Previous studies 

Activations with relative decision value x y z z max p # Vox Clus
inferior parietal lobule (PFop and 
PF/PFt/hlP22), right

66 -30 32 4.4 1*10-7 1381 3

inferior parietal lobule (PFop and 
PF/PFt/hlP22), left

-58 -38 34 3.9 7*10-7 1236 2

ventral premotor (area 6r1), left -48 0 8 4.0 1*10-3 588 1
insula (middle), left -38 2 4 3.3 1
posterior rostral cingulate zone (RCZp4) -2 2 48 3.8 1*10-7 1402 4

Deactivations with relative decision value
preSMA 8 24 48 4.2 7*10-11 2212 7
dACC/anterior rostral cingulate zone 
(RCZa4)

-6 32 36 3.7 7

inferior frontal sulcus/ area 461, right 40 48 -2 4.0 1*10-6 1186 5
dorsolateral prefrontal cortex (area 9/46V3), 
left

-42 30 38 3.9 1*10-9 1868 6

aPFC/ lateral frontal pole(FPl), left -24 60 4 3.6 6
inferior parietal lobule (PGa/PGp2), right 48 -56 38 4.0 2*10-6 1119 4
inferior parietal lobule (PGa/PGp2), left -30 -64 34 3.3 2*10-4 727 3
FO/AI, right 32 26 -4 4.6 0.02 400 2
superior parietal lobe (area 72) 6 -64 46 3.4 0.02 394 1

Activations with reward type (real/ hypothetical) on the last trial
vmPFC 2 46 -2 3.3 4*10-12 2070 5
superior temporal gyrus 52 -8 -8 3.7 3*10-6 720 4
inferior parietal lobule (PGp2), left -36 -66 30 3.3 3*10-7 430 3
posterior cingulate (area 314), right 16 -48 34 3.2 3*10-8 395 2
posterior cingulate (area 314), left -6 -54 22 3.0 2
cerebellum -16 -48 -22 3.1 0.05 269 1
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(de Martino et al. (2006), Roiser et al. (2009)) have found the amygdala to play such a role, more 

precisely they found the amygdala to activate more when decisions were in agreement with a 

frame (or bias) than when decision were made against it. In our case, this would translate to 

more activity when a decision is made to stay after a real reward or switch after a hypothetical 

reward; i.e. behaviour in both cases that is in line with the ‘frame’ introduced by the 

real/hypothetical reward on the last trial. And on the other hand, this would translate to reduced 

activity when a decision is made to switch after a real reward or stay after a hypothetical reward. 

We tested this hypothesis (GLM3) by including a stay-switch regressor and a regressor for last 

trial’s reward type (in addition to regressors controlling for the options’ values).  This analysis 

then allowed examination of how such stay-switch signals interacted with the previous trials’ 

reward type: We compared activity associated with staying and switching on trials that followed 

either real or hypothetical rewards (i.e. a contrast of the regressors stay/switch on trials after a 

real reward minus stay/switch on trials after a hypothetical reward).  The contrast revealed 

activations in the amygdala (figure 9A, green) and other regions (see table 6 for a full list of 

activations). For the next analyses we focused on the amygdala, because previous studies 

suggested this was a key area of interest (de Martino et al. (2006), Roiser et al. (2009)). 

However, further studies should also investigate the other areas found in the same contrast in 

more detail. To look at the effect in more detail, we extracted the BOLD timecourse from an 

ROI in the amygdala (figure 9B). We found that the amygdala was more active when 

participants decided to stay with the same option (repeat a choice) only after they had received a 

real reward on the last trial. In contrast, the amygdala was more active when participants decide 

to switch when the reward outcome on the last trial was only hypothetical. In other words, when 

the decision to stay or leave was made in line with the participants’ overall decision bias, the 

amygdala was more active.  

As an exploratory analysis, we next hypothesized, by analogy with previous studies (Roiser et 

al., (2009)), that if the amygdala biases participants, its activity might be affected by an area that 
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opposes the bias.  If this was the case, then decisions would be more likely to be made in line 

with the overall decision bias when connectivity between a frontal lobe area and amygdala is 

weaker (i.e. the frontal lobe area is less able to influence the amygdala).  In our experiment, the 

frontal brain area most likely to have such a role was aPFC.  To test this idea, we performed a 

PPI analysis in which we measured whether the functional coupling between amygdala and 

aPFC (measured as correlation in activity) was reduced when decisions were made in line with 

the overall decision bias. We found (figure 9Ci) that at the time of the decision aPFC and 

amygdala were, in general, negatively coupled (p<0.05 at every time point, two-tailed one-

sample t-test). This negative coupling was smaller (figure 9Cii) when decisions were made in 

line with the bias – shown as a reduction in the negative correlation between the two areas 

(p<0.05 at 16 time points, two-tailed one-sample t-test). Thus in summary, we found that the 

functional connectivity or coupling between aPFC and amygdala may be linked to how well 

participants are able to prevent themselves from being biased. However, we also note that our 

design may not be the most ideal for examining such an interaction effect; in our task (in contrast 

to the task used by de Martino et al. 2006), decisions should be influenced by many factors and 

thus our categorization of whether a trial was in line with, or against, the bias was a simple one: 

for example on some trials, the rationally better option might also have happened to either be the 

option consistent or inconsistent with the bias. Thus further research is needed to probe the 

connectivity between these areas in more detail. 
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Figure 9. Stay and switch signals in the decision phase: A. In the decision phase, in addition to 
decision signals (shown in Figure 8), dACC activity decreased when participants chose to stay 
rather than switch relative to the last trial (blue), i.e. when they chose the same option again as 
on the last trial. This was independent of whether the reward had been real or hypothetical on 
the last trial. In contrast, regions including the amygdala (green) differentially activate to 
whether a trial was a stay or a switch, depending on whether the reward was real or 
hypothetical on the last trial. All results are cluster-corrected at p<0.05. Specifically (B), when 
there had been a real reward on the last trial, the amygdala was more active on stay than on 
switch trials (purple line). In contrast, when the reward had been hypothetical on the last trial, 
the amygdala was less active on stay than on switch trials (blue).  During decisions, the 
amygdala’s activity was negatively coupled with the aPFC’s activity (Ci); a negative correlation 
between activity in the two regions (y-axis shows the strength of the correlation). This negative 
coupling was decreased (Cii) on trials when participants made choices that were consistent with 
the overall bias introduced by the last trial’s reward type. *p<0.05, two-tailed one-sample test of 
correlation values at each time point. 
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Table 6. List of activations for stay vs. switch and its interaction with last trial’s reward type 
(real vs. hypothetical). Shown are coordinates of local peaks (z, y, z), the max z score found at 
the peaks (z max), the p-value of each cluster, the number of voxels in each cluster (# Vox) and 
the index of the cluster the peak belongs to (Clus). . Lists comprise main peaks and subpeaks 
(indented). Where indicated, anatomical labels were taken from 2Mars et al. (2011), 3Sallet et al. 
(2013), 4Beckman et al. (2009).

Deactivations with stay> switch x y z z max p # Vox Clus
dACC/anterior rostral cingulate zone 
(RCZa)

-8 36 32 3.3 6*10-4 532 3

medial superior parietal cortex  near IPS1/ 
IPS2

4 -74 46 3.0 0.02 313 2

inferior parietal lobule (PGa2), left -40 -54 50 3.4 0.03 305 1

amygdala, right 30 -6 -20 3.1 7*10-6 910 5
putamen, right 28 14 -10 3.7 5
caudate, right 18 16 4 3.1 5
temporal fusiform cortex -42 -32 -16 3.9 6*10-8 1379 6
putamen, left -28 8 -10 3.6 6
hippocampus, left -22 -24 -18 3.4 6
aPFC/medial frontal pole (FPm3) 2 58 18 3.6 1*10-5 853 4
dACC/anterior rostral cingulate zone 
(RCZa4), left

-14 10 40 3.2 2*10-4 669 3

brainstem 6 -24 -26 3.6 2*10-3 481 2
white matter in parietal cortex 22 -46 32 3.6 0.02 346 1

Activations for interaction (stay-switch) x (real/hypoth. reward on last trial)
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2.4 Discussion  

In complex natural environments single choices can lead to multiple aspect outcomes. Humans 

should particularly learn about those aspects contingent upon choice – in our task such aspects 

were reward and effort magnitudes. Importantly, participants should not learn choice-outcome 

feature relationships when those outcome features have no contingent relationship with choice – 

in our task whether a reward was really received or only hypothetical. Participants were able to 

learn the real contingencies; they could use the informational content of reward, but they were 

also biased by its rewarding properties. At a neural level, we found areas possibly inducing (e.g. 

vmPFC and amygdala) and counteracting (aPFC, dACC, AI/FO) this bias.  

 

Real rewards biased decisions 

After obtaining real rather than hypothetical rewards participants were more likely to repeat 

choices. This irrational bias remained even after controlling for factors that should, rationally, 

have influenced decisions. This suggests participants perceived choices recently associated with 

real reward as preferable to those associated with hypothetical reward. Intriguingly, whether 

reward was real or hypothetical also affected how participants exerted effort. Using 

computational modelling, we found that this bias was not due to participants not learning about 

hypothetical rewards or treating hypothetical rewards as if no reward had occurred. Instead we 

found that the bias was best explained as participants simply preferring options that had led to a 

real reward independent of their other attributes that should rationally influence decisions (such 

as learnt reward or effort magnitudes or explicitly shown probabilities). 

 

Brain networks driving decision bias 

Two competing networks were related to the extent irrational biases manifested in behaviour. 

Activity patterns and between subject correlations suggested vmPFC and amygdala contributed 

to the bias while aPFC, together with FO/AI and dACC, counteracted it. 
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When participants saw choice outcomes vmPFC encoded whether reward had been real or 

hypothetical. We also found a positive correlation between this signal and participants’ 

behavioural biases to repeat choices after real rewards. Participants whose vmPFC activity was 

more affected by whether reward was real were more biased.   

 

VmPFC was not just active at choice outcome but also during decisions. Then vmPFC activity 

reflected whether reward had been real or hypothetical on the last trial but it did not significantly 

encode any quantity that should rationally have affected decisions such as reward and effort 

magnitudes or reward probabilities. These quantities were instead represented in aPFC, dACC, 

and FO/AI. This result recalls other studies that failed to find vmPFC activity when both rewards 

and effort costs had to be integrated before participants could choose (Burke et al., 2013; 

Croxson et al., 2009; Kurniawan et al., 2013; Prevost et al., 2010; but see also Skvortsova et al., 

2014). It contrasts, however, with a large body of work confirming the importance of vmPFC in 

reward-guided decision-making (Rangel and Hare, 2010; Rushworth et al., 2012) and in 

subjective estimates of real reward contingencies (Tanaka et al., 2008). 

 

VmPFC’s role in inducing decision bias may be related to a more general role in choice 

repetition when this is advantageous.  VmPFC activity at choice outcome predicts whether 

similar choices will be taken on the next opportunity (Boorman et al., 2011).  Moreover, contrary 

to widespread beliefs about perseverative behaviour after frontal lesions, vmPFC lesions reduce 

rates at which advantageous choices are retaken (Noonan et al., 2012).   

 

VmPFC has been linked to construction of task models to guide behaviour (Daw et al., 2011; 

Wunderlich et al., 2012a).  In those studies, vmPFC contextualized real reward information 

relevant for decision-making in task models. In contrast, in our study, whether reward is real 
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should be completely ignored, rather than used within a model-framework. Thus our results 

suggest that while vmPFC may be good at contextualizing real reward within a task model, it 

may be less good at ignoring whether a reward is real or hypothetical. 

 

Bias-related activity was also present in amygdala.  Amygdala and vmPFC are monosynaptically 

interconnected and their activity is coupled (Carmichael and Price, 1995; Neubert et al., in 

press). Whereas vmPFC was always more active when the last trial had been rewarded, the 

amygdala was more active whenever choices accorded with the irrational behavioural bias that 

the vmPFC signal could induce.  It may be helpful to consider this result in relation to the 

response potentiating effect that reward-related amygdala activity exerts in Pavlovian 

instrumental transfer (PIT) (Bray et al., 2008; Geurts et al., 2013a; Talmi et al., 2008) and to 

observations that amygdala choice coding changes when participants make decisions “framed” 

in terms of losses or gains and irrational changes in behaviour ensue (De Martino et al., 2006).  It 

is also noteworthy that while we focused on the amygdala here, other areas were also more 

active when choices were in accordance with the irrational bias and further studies need to 

establish the specific roles they play. 

 

Ventral striatum has also been implicated in the response-potentiating influences of reward in 

PIT (Bray et al., 2008; Geurts et al., 2013a; Prevost et al., 2012; Talmi et al., 2008) but these 

regions were less central to the behavioural biases identified in the present study. Ventral striatal 

activity increased identically when reward magnitude outcomes were larger regardless of 

whether outcomes were real or hypothetical although there was a main effect of reward type 

(real vs. hypothetical) that meant activity was greater when rewards were real as opposed to 

hypothetical. Thus, although ventral striatum was sensitive to reward type, this effect did not 

interact with reward magnitude. These results are similar to previous reports of no difference in 

coding of real or hypothetical rewards in ventral striatum (Bickel et al., 2009) and reports of both 
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fictive and real reward prediction errors in ventral striatum (Chiu et al., 2008; Lohrenz et al., 

2007). These results are, however, surprising in the context of other brain regions that did code 

reward magnitudes differently when rewards were real rather than hypothetical. 

 

A network including aPFC opposed the irrational bias in decision-making induced by real 

rewards 

Having identified which regions bias behaviour when reward was real, we looked also for 

whether regions existed that opposed this bias. We found different activations in aPFC, FO/AI 

and dACC that contributed to overcoming the bias to repeat choices recently associated with real 

rewards.  The results suggest that one reason that these regions code costs maybe not just 

because costs are aversive but also because they motivate change in behaviour when repetition is 

maladaptive. 

 

The aPFC was particular interesting because it carried several important signals.  In agreement 

with previous studies (Boorman et al., 2009; Boorman et al., 2011; Donoso et al., 2014), aPFC 

activation increased as the unchosen option’s reward magnitude increased and deactivated with 

the chosen option’s reward magnitude, suggesting aPFC represents the relative advantage of 

switching to the alternative option rather than staying with the current choice. We extend this 

finding by reporting a complementary pattern for the coding of learned effort cost magnitudes. 

 

Coding of reward magnitude outcomes in aPFC and FO/AI was affected by whether reward 

outcome was real or hypothetical. The relative reward magnitude of the unchosen option was 

associated with increased activity when reward was real compared to hypothetical. This suggests 

it is not simply the hypothetical nature of choices that leads to them being represented in aPFC; 

if that had been the case then reward magnitude ought to have been represented more strongly 

when the outcome was hypothetical and effort representation should be unaffected by reward 
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type. Instead, these results suggest aPFC activity is driven by the importance reward and effort 

magnitudes have for switching to an alternative choice. Specifically, when a reward is real, brain 

regions such as vmPFC bias behaviour towards choice repetition. To overcome this bias it may 

be necessary to enhance the representation of the alternative choice in aPFC. Moreover, as 

functional coupling between amygdala and aPFC increased decisions were less likely to be made 

in a biased manner. 

 

The importance of aPFC in overcoming the bias is further supported by the observation that 

reward type (real vs. hypothetical) led to an increase in activation in aPFC. This increase in 

activation would be surprising if aPFC only coded a negative value signal, as then real reward 

should have led to a deactivation compared to hypothetical reward. Instead, activation in aPFC is 

related to promoting the choice of the alternative option. In agreement with this interpretation, 

we also found that, participants with stronger activation to reward type in aPFC were better at 

counteracting the bias to repeat choices previously followed by real rewards.  Thus, while 

individual variation in vmPFC activity was positively correlated with susceptibility to decision 

biases induced by real rewards the relationship was the opposite way round for aPFC.  Further 

analysis demonstrated aPFC and vmPFC constitute two independent systems, one biasing 

behaviour towards staying with rewarded options and the other one counteracting this bias when 

it is important to do so. APFC, together with ACC, is not only involved in value-guided 

exploration (Daw et al., 2006; Kolling et al., 2012), but also in counteracting reward-based 

choice repetition when this should be avoided. In a similar vein Kolling et al., (2014) suggested 

activity in aPFC and dACC, as opposed to vmPFC, guides decision making in risky contexts to 

maximize longer term reward even when this did not maximize reward on the current trial.   
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Conclusion 

In conclusion, these results highlight that human learning is subject to biases by the (emotional) 

experience of rewards. Neurally, this bias was linked to activity in vmPFC and amygdala. While 

on the other hand a network centred on aPFC showed activity patterns indicative of trying to 

overcome the bias. In the next chapters, we will examine whether these diverse processes of 

reward/ effort learning in the presence of emotional/experiential biases are affected by different 

pharmacological treatments of depression and symptoms of depression. 
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3. Serotonergic plasticity in concurrent reward and effort learning 
 
 
Summary 
Serotonin re-uptake inhibitors are the most common treatment for depression. While it is still 
unclear how they work, different theories have been proposed for their mechanisms of action 
(chapter 1.3). One prominent theory highlights the role of changes in valenced, or emotional, 
processing. On the other hand, another theory highlights the role of serotonin in neural plasticity, 
based on animal studies. In the following, we designed an experiment to test whether prolonged 
increases of serotonin could indeed improve plasticity related learning in humans. And 
furthermore whether these effects were secondary to changes in the processing of valence. For 
this, 29 healthy volunteers were randomly assigned to two weeks of the SSRI citalopram or 
placebo, in a double-blind between-subject design. We then measured their learning behaviour in 
the concurrent reward and effort learning task described in chapter 2, while monitoring their 
brain activity with fMRI. We found that prolonged increase in serotonin enhanced reward and 
effort learning (i.e. prediction error) signals in a widespread network of brain regions, including 
ventromedial, anterior cingulate, and posterior cingulate cortex. Importantly, enhanced reward- 
and effort-related learning signals manifested in the absence of changes to how serotonin 
affected the coding of the value of reward or effort receipts per se. This suggests that serotonin 
directly influences learning signals in humans beyond its putative role in the coding of appetitive 
or aversive signals. Behaviourally, we observed that these neural changes were accompanied by 
reward learning which was more robust to interference. Our results highlight the importance of 
studying the role of serotonin on longer timescales. Such effects may partly underlie the 
therapeutic impact of serotonergic drugs given to patients with psychological illnesses such as 
depression.  
 
 

 

 

 

 

 

 

 

 

 

 

 

 



	 	 	 112	
	

3.1 Introduction 

To make good decisions in complex environments, humans and animals need to learn about and 

integrate different sources of information such as the good and bad aspects of outcomes. The 

neurotransmitter serotonin has been implicated in value-based choice and assumed to play a role 

in value learning, but even basic aspects of its operation and its function in such learning remain 

contested. 

 

Serotonin has recently been implicated in simple aspects of reward-guided learning and decision 

making. For example, when serotoninergic neuron activity is recorded on a millisecond 

timescale or serotonin levels are manipulated acutely, serotonin has been found to code 

information about aspects of good/appetitive (Fonseca et al., 2015; Liu et al., 2014; Miyazaki et 

al., 2014; Seymour et al., 2012) or bad/aversive (Amo et al., 2014; Cohen et al., 2015) outcomes 

or to relate to avoidance behaviors (Boureau and Dayan, 2011; Crockett et al., 2012a). On this 

basis, it has been suggested that it has a role in learning (Chamberlain et al., 2006a). However, 

other studies have found no effects (Guitart-Masip et al., 2014; Murphy et al., 2002; 

Schweighofer et al., 2008; Seymour et al., 2012; Worbe et al., 2015) or have not dissociated 

learning from altered responsiveness to the valence of the reinforcing events themselves. Thus, 

there is still no clear understanding of serotonin’s role in value learning.  Here we propose that 

this gap can be bridged by examining the effects of serotonin on value learning over a different 

timescale. 

 

 Based on animal studies, it is known that serotonin not only transfers information on 

millisecond timescales, but also acts over protracted time scales of days and weeks. In fact, at the 

neuronal level, prolonged increases in serotonin over such timescales lead to changes in 

plasticity (Bessa et al., 2009; Jitsuki et al., 2011). Increases in serotonin levels for several weeks, 

can re-introduce juvenile-like plasticity in visual cortex (Vetencourt et al., 2008) and the limbic 
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system (Karpova et al., 2011) in animals, in turn relating to behavioral improvements in learning 

about visual stimuli and fear extinction.   Interestingly, the timeframe of plasticity observed in 

animals is very similar to the timeframe for antidepressants to take effect in patients so it may be 

particularly revealing to study serotonin’s neural and behavioral effects during learning at this 

timescale. 

 

We therefore tested here whether prolonged increases in serotonin affect appetitive and aversive 

learning independent of the effects serotonin may have on the coding of stimulus valence. We 

recruited 29 human participants, who received 20mg/day of the selective serotonin re-uptake 

inhibitor (SSRI) citalopram for two weeks or placebo. They subsequently performed a learning 

task while we measured their brain activity using functional magnetic resonance imaging 

(fMRI). In the task, participants concurrently learned about the value of two stimuli to choose 

between them. The value of each stimulus was determined by an appetitive (amount of monetary 

reward) as well as an aversive (amount of effort) dimension. This allowed us to tease apart the 

different neural effects serotonin might have on the representation of appetitive and aversive 

information.  It also made it possible to dissociate the effect serotonin had on responses to 

receipt of positive and negative outcomes per se as opposed to the effect serotonin had on the 

impact positive and negative outcomes had on learning. We found that increased serotonin led to 

stronger reward and effort-related learning signals (i.e. reward and effort prediction errors, the 

difference between the received and the expected outcomes), in a widespread network of brain 

areas coding value information. At the same time, however, activity related simply to the receipt 

of reward/effort outcomes per se was unaffected. This suggests that serotonin directly influences 

learning signals in humans beyond its putative role in the coding of appetitive or aversive 

signals. Not only were neural reward-related learning signals more precise, but at a behavioral 

level we were able to show that reward-related learning behavior was also improved. 
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3.2 Methods 

Participants  

The study was approved by the local ethics committee. 46 healthy volunteers were recruited for 

the study screening session after providing written informed consent. They underwent 

psychiatric and medical screening before being included in the behavioural and MRI part of the 

study: They were included if they were right handed, they passed basic medical screening for 

current or past physical illness relevant to the study, were non- or light-smokers (<5 cigarettes a 

day), had taken no CNS-active medication during the last 8 weeks, were screened to be free of a 

past or present Axis 1 disorder on the Structured Clinical Interview for DSM-IV (First, 1996), 

had no first-degree relative with bipolar disorder, were fluent in English and had no counter-

indications to FMRI. Female participants were neither pregnant nor breast-feeding. After the 

screening, 8 participants were excluded because of counter-indications to citalopram or the MRI 

scan, 6 participants were excluded because they were not sensitive to the effort  (i.e. they did not 

find the effort task effortful or were willing to forfeit money to avoid the effort) and 2 

participants dropped out before the MRI scan due to side-effects of citalopram. Of the 

participants taking part in the MRI session, data from one participant was excluded from analysis 

because he/she fell asleep during the MRI scan. There remained 15 participants in the citalopram 

group and 14 in the placebo group. The data of the participants in the placebo group is also 

included in chapter 2, focusing on the basic cognitive and neural effects. Based on previous 

studies on the effects of SSRIs on the perception of positive or negative stimuli (Harmer et al., 

2004), if the expected effect of citalopram on learning is a 20% increase, a study with 15 

participants per group has 90% power to detect this effect. However, it is of note that no human 

study has measured the effect of prolonged citalopram administration on learning; therefore, it is 

difficult to estimate an expected effect size. 
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Procedure 

In a double-blind, between-subject design, participants were randomly assigned to two weeks of 

a clinical dose of citalopram (20mg/day, n=15) or placebo (n=14). They then performed a multi-

dimensional magnitude learning task (see below) while we recorded their brain using fMRI. 

Additionally, they completed the following questionnaires during the initial screening visit 

and/or on the day of testing (i.e. after having taken citalopram or placebo for two weeks): Beck’s 

Depression Inventory (BDI, Beck et al. (1996)), State-trait anxiety inventory (Spielberger and 

Gorsuch, 1983), Positive and negative affect schedule (Panas, Watson et al. (1988)), Cloninger 

scale (Cloninger et al., 1993). Blinding of participants to the drug condition was assessed by 

asking them informally which group they believed to be in. 

 

Magnitude learning task 

The same learning task as detailed in chapter 2 was used. In short, in the task (Fig. 1), 

participants repeatedly chose between the same two options, aiming to choose the options 

maximizing their monetary gain and minimizing the effort they needed to exert to obtain the 

reward.  When making their decision (Fig. 1A), they therefore had to take into account the 

independent reward and the effort magnitudes of the two options, which they had to learn and 

track from experience across trials as they slowly varied over the course of the experiment (Fig. 

1D). At the time of the decision, they were additionally explicitly shown how likely each option 

was to lead to a reward outcome. If an option led to a real reward outcome, participants received 

the money as pay off, if not they were only shown how much money they could have won. After 

each choice, participants saw the outcome of their choice (Fig. 1B). At this time point, 

participants could learn about the two options. This task was designed to be challenging for 

participants: they had to simultaneously learn about all the different attributes, as well as learn 

about rewards in the same way when they were real or hypothetical. Thus, optimal learning 
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needed to represent all these components separately to prevent them interfering with one 

another.  
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Figure 1. Task description: In the decision phase (A), participants were shown two options (i.e. 
choices), overlaid with the probability of receiving a reward for each choice. They could only 
decide after an initial monitoring phase (1.4-4.5s). The chosen option was then highlighted for 
2.9-8s. In the following outcome phase (B), participants saw the outcome for the chosen option 
first (1.9-2.1s). The reward magnitude was shown as a purple bar (top of the screen), the effort 
magnitude was indicated through the position of a dial on a circle. Whether they received a 
reward was indicated by a green tick mark (real reward, top display) or a red crossed out sign 
over the reward magnitude (hypothetical reward, bottom display). If a reward was real, the 
reward was also added to a status bar at the bottom of the screen, which tracked rewards over 
the course of the experiment. A reminder of what option they had chosen was shown at the top of 
the screen. Then the reward and effort magnitudes were shown for the unchosen option (1.9-
6.9s). Finally, participants performed the effort phase (C) where the number of targets was 
equivalent to the chosen effort outcome. Participants had to perform the effort phase on every 
trial, independent of whether the reward was real or hypothetical. An example schedule is shown 
in (D), with both the reward and effort magnitude values of the two choices.  
 

Behavioural analyses 

This study investigated how reward and effort learning was modulated by a prolonged increase 

in serotonin when both dimensions needed to be learned concurrently and could potentially 

interfere with one another. In this arguably more naturalistic situation, learning could be 

enhanced in several ways. For example, learning could be improved by changing the learning 

rate (i.e. making learning faster). Alternatively, learning could be made more robust in the 

presence of different stimuli that could otherwise interfere with learning. For example, learning 

about effort could interfere with learning about reward and making reward learning signals more 

robust could reduce this interference.  The following analyses were performed to answer these 

questions. All analyses were performed in Matlab and SPSS. Greenhouse-Geisser corrections 

were used where appropriate. 

 

Analysing the effects of citalopram on the speed of learning 

In a first behavioural analysis (bGLM1), we tested whether learning speed was affected by 

citalopram. We ran a logistic regression analysis predicting whether participants ‘stayed’ with 

the same choice as made on the previous trial (chose it again on the current trial) or ‘switched’ to 

the other option, based on the options’ current explicitly cued reward probabilities and the 

reward and effort magnitude outcomes they had seen on the previous four trials. These 
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regressors were included as relative values, i.e. value in favor of the stay option minus in favor 

of the switch option to reduce the total number of regressors. We further included a regressor 

denoting the last trial’s reward type (real vs. hypothetical). To investigate whether the groups 

differed in their learning speeds, the resulting regression weights for the past reward and effort 

magnitude outcomes were entered into an ANOVA with group (citalopram vs. placebo) as a 

between-subject factor and time (1, 2, 3, or 4 trials in the past) and valence (reward or effort) as 

within-subject factors.  

 

As a complementary analysis, we also fitted a computational learning model. We followed 

similar procedures as described in Scholl et al. (2014), see chapter 4. In short, the model 

consisted of three main components: firstly the model had predictions of the mean reward/effort 

magnitudes underlying both outcomes. These were updated on every trial using a reinforcement-

learning algorithm: 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛! = 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!!! + 𝛼 ∗ 𝑃𝐸!!! 

with 

𝑃𝐸!!! = 𝑂𝑢𝑡𝑐𝑜𝑚𝑒!!! − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!!! 

where α was the learning rate. Thus, the learning rate was a measure of how much participants 

updated their reward/effort magnitude prediction when the reward/effort magnitude outcome 

differed from their expectation (i.e. depending on the prediction error). Secondly, the model then 

combined these reward/effort magnitude predictions together with the explicitly shown 

probabilities to calculate how valuable each option was (i.e. their utility): 

𝑈𝑡𝑖𝑙𝑖𝑡𝑦!"#$%&' =
1
𝑘 ∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!"#$%& +

𝛾
𝑘 ∗ 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦!"#$%&       −

𝜆
𝑘

∗𝑀𝑎𝑔𝑛𝑖𝑡𝑢𝑑𝑒𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛!""#$% 

where k was a normalization constant with k=1+γ+λ, γ was the probability decision weight and λ 

was the effort magnitude decision weight. The Utility for option B was computed in the same 
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way. Thirdly, the model then compared the utility of the two options to predict how likely 

participants would be to chose either, using a standard soft-max decision rule: 

𝑃 𝑂𝑝𝑡𝑖𝑜𝑛! =
𝑒!∗!"#$#"%!

𝑒!∗!"#$#"%! + 𝑒!∗!"#$#"%!
 

where β reflected participants’ ability to pick the option with the higher utility (i.e. the inverse 

temperature). 

 

The data from each participant was fitted individually using Matlab’s fminsearch routine, which 

adjusted the free parameters to minimize the difference between the predicted choice and the 

actual choice. Data from ‘special option trials’ was included for updating the reward/effort 

magnitude predictions, but was not used for fitting the model. 

 

We fitted two separate models, one in which the same learning rate was used for learning about 

reward and effort magnitudes and one in which two separate learning rates were used, both 

yielding identical results in terms of group comparisons. We used t-tests to compare the learning 

rates between groups. 

 

Reward learning interference 

To assess whether citalopram protected reward learning from interference, we performed a 

regression analysis assessing how well information to be learnt from one trial (in the form of 

prediction errors, PEs see below) was used in the next trial when there was interference or when 

there was no interference (bGLM2, similar to (Chiu et al., 2008)). We first obtained reward PEs 

(RPEs) using the Bayesian learning model described in chapter 2. Including these RPEs in a 

regression analysis, it is possible to obtain a corresponding regression weight for each participant 

which measure how much they took the last trial’s information to be learnt (i.e. the PEs) into 

account when making decisions on the next trial. Following this logic, we included in the 

regression analysis as our main effects of interest interactions between those relative RPEs (stay 
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minus switch option) and the factors that could cause interference: whether reward was real or 

hypothetical and how much the effort was worse than expected (i.e. relative effort prediction 

error, EPE). The regression weights of these interaction regressors then tell us how much 

participants’ learning is subject to interference. As regressors of no interest we also included the 

relative explicitly shown probabilities, the relative reward and effort predictions (also obtained 

from the Bayesian model), the main effects of reward type (real vs. hypothetical), and the 

relative reward and effort prediction errors (see Fig. 2A for a list of regressors and correlations). 

To investigate whether there was interference, the thus obtained regression weights of the two 

interaction regressors (RPE x Last reward type and RPE x EPE) were entered into an ANOVA 

with group as a between subject factor. As the size of the regression weights indicated how much 

regressors influenced behavior, stronger interference was indicated by larger weights for the 

interaction regressors. To further probe the results of bGLM2, we compared to what extent 

participants could use RPEs on trials when reward was real or hypothetical using a regression 

analysis (bGLM3). We included as our two regressors of interest relative RPEs (stay minus 

switch option) separately on trials when reward was real or hypothetical. As regressors of no 

interest we also included the relative explicitly shown probabilities, the relative reward and effort 

predictions and the relative effort prediction errors. We compared the resulting regression 

weights for RPEs when reward was real or when reward was hypothetical using t-tests. One 

advantage of a regression analysis based on (Bayesian) value estimates and PEs, like in (Chiu et 

al., 2008; Rutledge et al., 2014), is that it makes behavioral and fMRI analysis more analogous. 
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Figure 2. Correlations of regressors. Correlations of all the regressors used in the behavioural 
regression analysis (bGLM2) are shown in A). The values are the mean of the absolute 
correlation values (r-values) across all participants. No r-values exceeded 0.38. B) shows the 
correlations of the regressors used in the fMRI design fGLM1. No r-values exceeded 0.44. 
Abbreviations: A) Predicted effort/reward magnitude on trial t-1 (PredEffMagt-1, PredRewMagt-

1), Effort/reward prediction error on trial t-1 (RPEt-1, EPEt-1), Interaction between reward 
prediction error and effort prediction error on trial t-1 (RPEt-1(C-UC) x EPEt-1(C-UC), 
Interaction between reward prediction error and reward type on trial t-1 (RPEt-1(C-UC) x 
Reward typet-1(C-UC), Chosen option (C), Unchosen option (UC); B) Predicted reward/effort 
magnitude (PredRewMag, PredEffMag), Reward type on the last trial before the current 
decision phase (Last reward typet-1), Reward/effort prediction error (RPE, EPE), Reward/effort 
magnitude outcome (RewMagOutcome, EffMagOutcome), Chosen option (C), Unchosen option 
(UC) 
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MRI data acquisition and pre-processing 

Structural MRI and fMRI measurements were taken using a Siemens 3 Tesla MRI scanner as 

detailed in chapter 2. 

 

FMRI analysis 

Our main goal for the FMRI analysis was to test whether citalopram changed learning and 

outcome signals for reward or effort. With FMRI, neural learning signals can be measured in the 

form of prediction errors (PEs), representing the difference between outcome and expectation, 

which should highly correlate with new learning. Thus, if citalopram increased synaptic 

plasticity and therefore induced more learning related changes in neural activity (Castren, 2013), 

this would be expected to manifest itself in increased PE signals. By contrast, other theories 

suggest serotonin is involved in the coding of the valence of outcomes (Boureau and Dayan, 

2011; Daw et al., 2002). In this case, we would expect citalopram to affect the overall coding of 

reward or effort outcome signals in the brain, which could then in turn also lead to changed 

learning (and thus PEs). In our paradigm, PEs were sufficiently decorrelated from the outcomes 

themselves that the impact of both could be investigated in the same analysis (see below, also 

Fig. 2B). This was possible because participants needed to learn reward and effort magnitudes 

rather than probabilities.  

 

Whole-brain 

In the first fMRI analysis, we investigated whether citalopram affected neural learning signals. 

For this, we looked at whether reward or effort prediction error signals differed between the 

groups, at the time of the outcome (fGLM1). The regressors used in this design were as follows 

(all correlations between regressors were r<0.44, Fig. 2B): We used three boxcar regressors, 

indicating the onset and duration of the decision phase (from the beginning of the trial until 

participants made a choice), the onset and duration of the outcome phase (from the appearance of 
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the chosen outcome until the chosen and the unchosen outcomes disappeared from the screen) 

and lastly the effort exertion phase (from the appearance of the first effort target until 

participants had removed the last target). We included the following parametric regressors in the 

decision phase: whether the reward of the chosen option had been real or hypothetical on the last 

trial, reward and effort magnitude predictions (from the Bayesian learning model described 

above) and the reward probabilities that were displayed on the screen. In each case separate 

regressors for the chosen and the unchosen option were used (they were later combined to 

relative, i.e. chosen minus unchosen, values at the contrast level). In the outcome phase we 

included the following parametric regressors: the reward type (real vs. hypothetical) delivered 

for the chosen option, the reward probability for the chosen option, the reward and effort 

magnitude outcomes for the chosen and the unchosen option. As our main regressors of interest, 

we included the reward and effort prediction errors for the chosen and the unchosen option. The 

onset of all regressors for the chosen option were time-locked to the onset of the outcome phase; 

the onset and duration of the regressors for the unchosen option were timelocked to their display. 

In the effort execution phase, we included the clicking rate as a parametric regressor. Finally, we 

included, as confound regressors, six movement regressors and a regressor indexing when 

additional visual stimuli were presented to warn participants that they had not clicked the targets 

on time and that the halfway point of the experiment had been reached.  

 

Time course analyses 

We also used fGLM1 to identify regions for time course analyses. The aim of theses analyses 

was to test whether citalopram could enhance reward or effort prediction error and/or outcome 

signals. All time courses were extracted, regressed and statistically tested as described in chapter 

2. The leave-one out procedure for statistical testing of the regression weights (obtained by 

correlating regressors with the haemodynamic response functions) was adjusted for two groups 

in the following way: For each participant, we used the data from all but that participant of 
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his/her group (placebo or citalopram) to determine the absolute peak (i.e. either the strongest 

peak or trough) of the time course in a window between 6s and 12s. We then aligned the peak of 

a canonical haemodynamic response function to this peak. The haemodynamic response function 

was made using gammapdf in matlab, with values α = 72/32, β= 7/32. We then convolved the 

aligned haemodynamic response function with the omitted participant’s time course to obtain 

one value per participant for each regressor of interest. 

 

In the outcome phase, the three sets of ROIs were regions coding reward type, relative (chosen 

minus unchosen option) reward outcomes and effort outcomes. In those areas we then tested 

whether the two groups differed in reward/effort PEs and in the coding of the reward/effort 

outcomes (fGLM2). Please note that these analyses were orthogonal to how the ROIs were 

identified. 

 

In fGLM2, we included as regressors of interest the reward and effort prediction errors 

(separately for the chosen and the unchosen option), as well as the relative reward and effort 

magnitude outcomes. As regressors of no interest, we included the reward type (real vs. 

hypothetical) prediction error (i.e. the reward type of the trial minus the explicit probability of 

the chosen option). Prediction errors were included as separate regressors for chosen and 

unchosen options as previous studies (Boorman et al., 2011) suggested that different areas might 

carry signals for chosen and unchosen prediction errors. In contrast, chosen and unchosen 

outcome signals have been found to be present in the same areas with opposite signs (Boorman 

et al., 2009; Scholl et al., in press) and were therefore included as a relative value regressor. 

fGLM2 was time-locked to the onset of the outcome phase.  
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Control analyses 

In the behavioural analysis (see results), we found that citalopram improved the learning from 

reward prediction errors in situations of interference. We therefore looked for related effects in 

the neural signal. In fGLM3 (analogous to the behavioural results shown in Fig. 3Bii, bGLM3), 

we included as regressors of interest the reward prediction error (of the chosen option) separately 

on trials when reward was real and on trials when reward was hypothetical. As regressors of no 

interest we included again the reward type prediction error (i.e. reward type of the trial minus 

explicit probability of the chosen option), the unchosen reward magnitude prediction error, the 

chosen and unchosen effort magnitude prediction errors and the relative (chosen minus 

unchosen) reward and effort magnitude outcomes. The ROIs in which we performed these 

analyses were again the five areas identified as either being sensitive to reward type or as coding 

a whole-brain corrected group difference in RPE. We performed a 2 (reward type, real vs. 

hypothetical reward) x 5 (area) x 2 (group) ANOVA on the reward prediction errors to test 

whether the reward prediction error signal in the citalopram group was selectively stronger 

compared to placebo in situation of interference by reward type; i.e. the effect of interest would 

be a reward type by group interaction. In fGLM4 (analogous to the behavioural analysis in Fig. 

3Bi, bGLM2), we included as the main regressor of interest the interaction term between the 

reward prediction error and the relative (chosen minus unchosen) effort prediction error. As 

regressors of no interest we included the reward type prediction error, the reward prediction 

errors (chosen and unchosen option separately), the effort prediction errors (chosen and 

unchosen option separately), the interaction term between reward prediction error and reward 

type, as well as the relative (chosen minus unchosen option) reward and effort magnitude 

outcomes.  We then performed a 5 (area) x 2 (group) ANOVA comparing the interaction term 

between reward prediction error and relative effort prediction errors across the groups. 
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3.3 Results 

Participants 

The two groups did not differ in any sociodemographic or personality parameters (Table 1A). 

Furthermore, participants did not differ in their BDI, trait, state anxiety, PANAS or persistence 

scores after taking citalopram or placebo (Table 1B, all p>0.4). Neither was there a difference 

between the groups in the questionnaire scores after citalopram/placebo compared to baseline 

(Table 1C, all p>0.05). It is however of note that there was a trend (p=0.07 for value ‘blinding’, 

table 1B) for participants to correctly guess whether they had received citalopram or placebo. 

 

 
Table 1. Participant demographics and questionnaire scores. Participants did not differ in any 
baseline measurements (A), in any measurements at the time of the test, i.e. after two weeks of 
citalopram or placebo (B) or in any difference scores between the time of test and baseline (C). 
The number of subjects for who measures were available is given for each measurement (# Sub), 
together with the mean value of each group, the standard deviation and the results of a two-
tailed t-test comparing the two groups. Abbreviations and questionnaires used: Beck’s 

Measure'
Citalopram'group' Placebo'group' '' Group'diff.'

(p8value)
! '

#'Sub' Mean' Std.'Err' #'Sub' Mean' Std.'Err'

A)'Baseline' ' ' '' ' ' '' '
Age! 15! 23.3! 1.1! 14! 22.8! 0.8! 0.74!

Gender!(#!female)! 15! 7.0! !! 14! 6.0! !! 0.84!

BDI! 15! 1.5! 0.4! 14! 1.5! 0.6! 1.00!

Trait!anxiety! 15! 29.5! 1.7! 14! 32.6! 2.1! 0.24!

State!Anxiety! 14! 32.1! 2.6! 13! 32.9! 2.3! 0.84!

PANAS!(positive)! 14! 30.6! 1.5! 13! 31.5! 1.8! 0.68!

PANAS!(negative)! 14! 14.3! 1.1! 13! 13.9! 1.2! 0.82!

B)'Test' ' ' '' ' ' '' '
BDI! 15! 3.4! 0.7! 13! 2.9! 0.7! 0.60!
Trait!anxiety! 15! 30.4! 2.0! 12! 33.2! 2.9! 0.43!

State!anxiety! 14! 28.6! 1.3! 13! 30.8! 1.7! 0.32!

PANAS!(positive)! 14! 32.0! 1.3! 11! 30.1! 1.3! 0.32!

PANAS!(negative)! 14! 12.4! 1.0! 11! 12.7! 1.1! 0.84!

Cloninger!scale! 15! 13.4! 0.8! 13! 12.9! 1.1! 0.68!

Blinding! 14! 2.7! 1.7! 13! L1.9! 1.7! 0.07!

C)'Baseline8test' ' ' '' ' ' '' '
BDI! 15! L1.9! 0.7! 13! L1.3! 0.5! 0.45!

Trait!anxiety! 15! L0.9! 1.0! 12! L1.8! 1.9! 0.66!

State!anxiety! 13! 3.9! 2.3! 12! 2.8! 2.1! 0.73!

PANAS!(positive)! 13! L1.8! 1.3! 10! 2.1! 1.6! 0.07!

PANAS!(negative)! 13! 1.6! 0.9! 10! 2.0! 1.4! 0.82!

!
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Depression Inventory (BDI, Beck et al. (1996)), State-trait anxiety inventory (Spielberger and 
Gorsuch, 1983), Positive and negative affect schedule (Panas, Watson et al. (1988)), Cloninger 
scale (Cloninger et al., 1993). Blinding of participants to the drug condition was assessed by 
asking them informally which group they believed to be in (positive values indicate citalopram, 
negative values placebo) and how certain they were (10=very certain, 0=very uncertain).  
 

Citalopram makes reward learning more robust against negative interference 

This study investigated how reward and effort learning was modulated by a prolonged increase 

in serotonin when both dimensions needed to be learned concurrently and could potentially 

interfere with one another. For this, we measured participants’ brain activity while they 

performed a concurrent reward and effort learning task. 

 

We first analyzed whether citalopram influenced the speed of learning about rewards or effort 

using a regression analysis (Fig. 3A, analysis bGLM1). While we found that both groups could 

learn about reward and effort, we did not find that citalopram affected the speed of learning 

(ANOVA, group x time: F(3,81)=0.42, p=0.74; group x valence (reward/effort) x time: 

F(3,81)=0.02, p=0.995). The advantage of such an ANOVA is that it tests for any difference in 

the use of past reward information over time, i.e. is not reliant on a particular change in shape 

(e.g. exponential decay). However, as a complementary analysis, we also measure speed of 

learning using a computational learning model. We found again that speed of learning (or 

learning rate) did not differ between the groups, neither when a common learning rate was fitted 

for learning about reward and effort magnitudes (t(27)=0.6, p=0.53) nor when two separate 

learning rates were fitted (reward: t(27)=0.6, p=0.53; effort: t(27)=0.29, p=0.78). 
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Figure 3. Behavioral results. A) A regression analysis (bGLM1) showed that participants were 
more likely stay with an option (i.e. chose it again) rather than switch to the alternative, as a 
function of the explicitly shown probabilities on that trial and higher reward and lower effort 
magnitude outcomes on the past one to four trials (t-1 to t-4). Participants were also more likely 
to stay with an option after they received real rather than hypothetical reward. The groups did 
not differ in their speed of learning (ANOVA, group x time: F(3,81)=0.42, p=0.74; group x 
valence (reward/effort) x time: F(3,81)=0.02, p=0.995), nor in the other parameters influencing 
switch/stay decision. B) To investigate how much learning about rewards was interfered with in 
the two groups we ran another regression analysis (Bi, bGLM2) predicting again staying or 
switching, but now including as regressors of interest the interactions between the reward 
prediction error and interfering factors, namely the reward type (real vs. hypothetical) and the 
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effort prediction error; other regressors of no interest (see methods), are not shown. 
Participants in the placebo group had larger interference effects in their reward learning than 
the citalopram group, i.e. the interaction terms had a larger impact on stay behavior (ANOVA, 
main effect of group F(1,27)=6.14, p=0.02). A closer look at the interaction (Bii, bGLM3) 
between the reward prediction error and reward type revealed that while both groups could use 
the reward prediction error to make choices when the reward was real (i.e. it impacted 
stay/switch behavior similarly), only the citalopram group could use it when the reward was 
hypothetical (t(27)=-2.11, p=0.045). 
 

However, we did find that citalopram made learning more robust to interference: while placebo 

participants were not as good at using the reward learning signals across trials when there was 

interference, this effect was remedied by citalopram (bGLM2). More specifically, we performed 

a regression analysis examining how much participants could use reward learning signals (i.e. 

reward prediction errors) to make their choice and to what extend this was subject to 

interference. Reward prediction errors (RPEs) are a key component of classic learning theories. 

They drive learning or updating of predictions by indicating how unexpected the outcome is.  

Mathematically this is expressed as the difference between the actual outcome and the prior 

prediction/expectation.  As our paradigm was complex, participants’ learning about rewards 

could be subject to interference (e.g. through competition for limited processing resources). 

Interference with reward learning could occur if there are higher than expected effort outcomes 

(i.e. effort prediction errors, EPE). Secondly, the fact that rewards were only hypothetical rather 

than real on some trials could also affect people’s ability to learn about reward magnitudes. We 

assessed whether SSRI administration affected such interference. We tested for the effects of 

interference in the regression analysis by including the interfering factors as interaction terms 

with the RPEs (bGLM2). A positive interaction term between RPE and reward type (real vs. 

hypothetical) or surprisingly high effort would then mean participants were not as efficient at 

using the RPE when reward was hypothetical compared to real, or effort was surprisingly high. 

Or in other words, that their learning about rewards was subject to interference. Indeed, the 

analysis showed that placebo participants’ reward learning was more subject to interference 

compared to participants taking citalopram, i.e. the placebo participants had larger regression 
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weights for the interaction terms (Fig. 3Bi, ANOVA, main effect of group F(1,27)=6.14, 

p=0.02). Follow-up t-tests revealed that when the interference by effort effect was examined in 

isolation the difference was significant (t(27)=2.13, p=0.04). When the interference by 

hypothetical rewards was examined in isolation the effect was not significant (t(27)=1.31, 

p=0.21), but further analysis (bGLM3) revealed that it was only when rewards were real that 

both groups could use the reward prediction errors effectively on the next trial (Fig. 3Bii, t(27)=-

0.42, p=0.68). In contrast, when rewards were hypothetical, the placebo group was no longer 

able to use reward prediction errors to guide effective decisions on the next trial, while this was 

remedied by citalopram (t(27)=-2.11, p=0.045). 

 

In summary, we found that citalopram did not affect the overall speed of learning, but rather 

made reward learning more robust to interference. 

 

FMRI 

Our main goal for the FMRI analysis was to test whether citalopram changed learning and 

outcome signals for reward or effort. With FMRI, neural learning signals can be measured in the 

form of prediction errors (PEs), representing the difference between outcome and expectation, 

which should highly correlate with new learning. Thus, if citalopram increased synaptic 

plasticity and therefore induced more learning related changes in neural activity (Castren, 2013), 

this would be expected to manifest itself in increased PE signals. By contrast, other theories 

suggest serotonin is involved in the coding of the valence of outcomes (Boureau and Dayan, 

2011; Daw et al., 2002). In this case, we would expect citalopram to affect the overall coding of 

reward or effort outcome signals in the brain, which could then in turn also lead to changed 

learning (and thus PEs).  
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Increased serotonin enhances reward prediction errors in reward sensitive areas 

We measured neural signals related to learning at the outcome phase of the task. To test whether 

citalopram affected RPEs, we first selected regions of interest (ROIs) that activated to the receipt 

of reward (fGLM1, Fig. 4B, Table 2A, reward type regressor), and had previously been 

implicated in the processing of rewards or learning. These regions included striatum and 

ventromedial prefrontal cortex (vmPFC). We found (Fig. 4C, fGLM2), that in those ROIs, 

citalopram consistently enhanced the RPEs for the chosen option (ANOVA, main effect of group 

F(1,27)=9.21, p=0.005). When we repeated the same analysis on the whole brain, we 

additionally identified the posterior cingulate cortex as a region where citalopram led to stronger 

RPEs (Fig. 4A, fGLM1). We next tested whether this effect was specific to only some trial types, 

i.e. trials when there was interference on reward magnitude learning, as we had found in the 

behavioral analysis (see methods ‘Control analyses’, fGLM3 and fGLM4). We did not find that 

the groups differed in their RPEs more when there was interference because rewards were only 

hypothetical (interaction group x reward type condition: F(1)=0.09, p=0.765), or because the 

effort was surprisingly high (ANOVA, main effect of group: F(1)=0.077, p=0.784).  In 

summary, citalopram had a general effect enhancing RPE signals in all contexts even though the 

enhanced effect of RPEs on behavior in the citalopram group was most apparent when there was 

a possibility of interference. This may be related to greater sensitivity of FMRI compared to 

behavioral analyses. Another set of ROIs that were sensitive to some aspect of reward were areas 

that deactivated with the relative (chosen minus unchosen) reward outcomes (Fig. 5, Table 2B). 

In these regions we did not find RPEs for the chosen option in either group, in agreement with 

previous studies (Boorman et al., 2011), and could therefore not test for group differences. 

 

Next, we tested whether citalopram also affected the reward magnitude outcome signals 

(fGLM2). We found that citalopram did not increase reward magnitude outcome signals either in 
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the ROIs that activated to the receipt of reward (Fig. 4D) nor in the ROIs that deactivated with 

relative chosen reward magnitude outcomes (ANOVA, effect of group: F(1)=0.03, p=0.86). On 

the contrary, there was even a trend for reward outcome signals to be reduced in striatum and 

vmPFC by citalopram (Fig. 4D).  
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Figure 4. Increased serotonin leads to a widespread increase in reward prediction error 
signals: 
A) On a cluster-corrected level (p<0.05), we found that increased serotonin enhanced reward 
prediction error signals (RPE) of the chosen option in posterior cingulate cortex (pCC). To test 
whether this was also the case in other regions, we first identified ROIs that were sensitive to 
reward (B), more specifically to the main effect of reward type (real vs. hypothetical). 
Abbreviations: ventral striatum (striatum), midcingulate cortex (mCC), ventromedial prefrontal 
cortex (vmPFC), parietal cortex (parietal IPLE(Mars et al., 2011)). C) Across these reward 
areas, citalopram enhanced the representation of RPEs (ANOVA, main effect of group: 
F(1,27)=9.21, p=0.005).  D) This was in the absence of a change to the coding of relative 
(chosen minus unchosen) reward magnitude outcome signals (ANOVA, main effect of group: 
F(1)=1.01, p=0.32, interaction area x group: F(3)=0.35, p=0.79). A more lenient time-point-by-
time-point t-test analysis of the time courses revealed that in striatum and vmPFC, citalopram 
decreased the relative reward magnitude outcome signal late in the outcome phase (*p<0.05). 
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Table 2. Brain activity in the outcome phase. A) Areas activating more to real than hypothetical 
reward (main effect). B) Areas deactivating with the relative reward magnitude outcome (chose 
minus unchosen option). C) Areas activation with the relative effort magnitude outcome (chosen 
minus unchosen option). Shown are coordinates of local peaks (z, y, z), the max z score found at 
the peaks (z max), the p-value of each cluster, the number of voxels in each cluster (# Vox) and 
the index of the cluster the peak belongs to (Clus). Where relevant, references for area labels are 
indicated. 
 

A) Reward type (real vs. hypothetical) - activations
x y z z max p # Vox Clus

ventral striatum (bilateral) -8 10 -6 4.12 1*10-100 41620 3
ventromedial prefrontal cortex (vmPFC) 2 38 -8 3.57 3
midcingulate cortex 2 4 34 3.13 3
Posterior parietal cortex (IPLE/PGp) -38 -74 30 5.31 3
Posterior cingulate cortex (cluster 9) 0 -34 36 3.32 3
lateral occipital, left -42 -72 18 4.42 3
lateral occipital, right 40 -78 18 3.47 3
interior frontal gyrus -40 8 20 3.99 3
middle temporal cortex 60 -46 -4 3.81 0.05 262 1
cerebellum -18 -56 -30 3.35 3*10-3 408 2

B) Relative effort outcome (C-UC) - activations 
Posterior parietal, right (IPLC/PFm) 54 -46 42 4.18 3*10-10 2003 6
Frontal operculum/ anterior insula, right 28 28 0 3.90 2*10-8 1562 5
Cerebellum -12 -80 -30 4.72 1*10-6 1162 4
anterior prefrontal cortex (aPFC, areas 
10 and 46), extending to dorsolateral 
prefrontal cortex

22 58 0 3.49
3*10-4 668 3

Middle temporal gyrus 64 -38 -8 3.57 1*10-3 567 2
dorsal anterior cingulate cortex (dACC) 4 36 30 2.81 4*10-3 476 1

C) Relative reward outcome (C-UC) - deactivations
anterior prefrontal cortex (aPFC, areas 
10 and 46 [3])

28 62 8 3.36 1*10-4 809 4

posterior parietal , right (IPLC/PFm) 54 -46 42 3.54 1*10-4 799 3
posterior parietal, left -50 -58 42 3.64 2*10-3 584 1
dorsal anterior cingulate cortex (dACC) 6 36 38 3.63 1*10-3 638 2
dorsolateral prefrontal cortex (Area 9/ 
46V)

36 24 38 3.41 2*10-5 994 5
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Figure 5. Reward prediction errors and outcome signals in regions that deactivated with 
relative reward magnitude outcomes. We identified areas in the outcome phase that decreased 
in activity with the relative (chosen minus unchosen option) reward magnitude outcomes (A) (see 
also Supplementary Table S2B). The relative reward magnitude outcome signals did not differ 
between the groups (ANOVA, main effect of group: F(1)=0.03, p=0.86). In those regions we did 
not find evidence for any reward prediction errors signals of the chosen option (F(1)=1.10, 
p=0.31) or any group difference (ANOVA, effect of group: F(1) =0.25, p=0.62). (B) We did 
however find evidence for weak RPE signals for the unchosen option (ANOVA, effect of 
intercept: F(1)=4.85, p=0.04). However, these did not differ between the groups (ANOVA, main 
effect of group: F(1)=0.54, p=0.47; group x area interaction: F(2)=0.69, p=0.51).  All whole-
brain results are cluster-corrected at p<0.05. Abbreviations: dorsal anterior cingulate (dACC), 
parietal (parietal – IPLC/ PFm (Mars et al., 2011)), aPFC (anterior prefrontal cortex). 
 

Increased serotonin enhances effort prediction errors 

We performed similar analyses for effort prediction errors of the chosen option. In the brain 

regions activated by increased relative (chosen minus unchosen option) effort outcomes (Fig. 6A 

and 7A, Table 2C, fGLM1), we found only one of these areas to show stronger (i.e. more 

negative) effort prediction errors (EPEs) of the chosen option in the citalopram group (ANOVA: 

interaction effect group x area: F(5,135)=2.62, p=0.027; main effect of group: F(1,27)=1.85, 

p=0.185, fGLM2). More specifically, we found that in dACC, the citalopram group showed a 

stronger BOLD decrease with EPE (Fig. 6Bi, t(27)=3.24, p=0.003). No significant differences 
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were found in any of the other areas (Fig. 7B). Again, this was in the absence of changes to the 

coding of relative effort outcomes (Fig. 6Bii, fGLM2). 

 

Together our FMRI results suggest that citalopram enhanced neural learning signals 

independently of changes to reward or effort sensitivity per se. This is in agreement with what 

would be predicted from an increase in synaptic plasticity in value-learning related brain regions 

by prolonged citalopram administration.  

 
Figure 6. Increased serotonin selectively enhances effort learning signals in the dACC:  
Regions that were sensitive to relative effort magnitude outcomes (A) included the dorsal 
anterior cingulate cortex (dACC). B) In dACC, citalopram enhanced the effort prediction error 
signal (t(27)=3.24, p=0.003). C) However, citalopram did not increase or otherwise change the 
coding of the relative effort outcome signal (t(27)=0.66, p=0.52). 
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Figure 7. Effort prediction errors and outcome signals in regions that activated with relative 
effort magnitude outcomes. We identified areas in the outcome phase that increased in activity 
with the relative (chosen minus unchosen option) effort magnitude outcomes (A). We identified a 
total of 6 areas in this contrast (see also Supplementary Table S2C). The relative effort 
magnitude outcome signal did not differ between the two groups (ANOVA, main effect of group: 
F(1)=0.28, p=0.61). B) These areas also coded an effort prediction error (EPE) signal of the 
chosen option across the two groups (ANOVA, effect of intercept F(1)=18.54, p<0.001). While 
there was no group difference across all of these areas (ANOVA, main effect of group 
F(1)=1.85, p=0.19), there was a stronger EPE in some areas (ANOVA, interaction area x group 
F(5)=2.62, p=0.03). Follow-up t-tests revealed that citalopram enhanced EPEs selectively in 
dACC (t(27)=3.2, p=0.003). The ventral striatum was also tested as a priori area of interest. 
There were again no group differences (t(27)=-0.064, p=0.96). All results in A) are cluster-
corrected at p<0.05. Abbreviations: dorsal anterior cingulate cortex (dACC), anterior insula/ 
frontal operculum (aIns), anterior prefrontal cortex (aPFC), parietal cortex (Parietal, 
IPLE/PGp (Mars et al., 2011)), ventral striatum (striatum). 
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3.4 Discussion 

Animal studies have highlighted links between increases in synaptic plasticity and learning with 

prolonged increases in serotonin levels. We investigated whether in humans prolonged 

administration of a selective serotonin re-uptake inhibitor (citalopram) at levels that are typically 

used in the clinic to treat psychological illness, which increases serotonin levels, could enhance 

neural and behavioural correlates of value learning. For this, participants performed a multi-

dimensional learning task in which it was necessary to learn about both reward and effort. 

Neurally, we found that citalopram increased reward prediction errors (RPEs) in a widespread 

network of brain regions including ventromedial prefrontal cortex (vmPFC) and posterior 

cingulate cortex. At the same time, effort prediction errors (EPEs) were increased in dorsal 

anterior cingulate cortex (dACC). This change in learning signals occurred in the absence of 

changes to the overall outcome signals for reward or effort. Behaviourally, we found that 

citalopram made reward learning more robust or resilient to negative interference. 

 

To understand what increased neural PEs after prolonged SSRI administration could be due to, it 

is important to first consider in what ways learning could be improved in our task. Firstly, in 

classic theories (Rescorla and Wagner, 1972), learning is about establishing expectation about 

mean magnitudes or probabilities. In this scenario, learning can be influenced by changing the 

speed of learning this expectation, i.e. by changing the learning rate. However, behaviorally, we 

found that citalopram did not affect the learning rate.  Secondly, learning can also be improved 

by changing the precision of the representation of the learnt information, i.e. by reducing its 

noisiness. With a more precise estimate, the brain would be more capable of computing the 

prediction error, which would then lead to the stronger neural PE signals we found. On the 

neural level, a less noisy representation could be achieved by citalopram changing the properties 

of individual synapses or the number of synapses (Bessa et al., 2009) to allow better integration 

between the predictions and the outcomes (i.e. learning) or more generally to allow better 
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integration of neural information into a neural network itself. Again, such an improved 

integration does not necessarily mean faster learning, as it could equally mean using information 

more reliably and appropriately to inform future beliefs. Our behavioral data further support the 

claim that our neural signals reflect an increase in learning signals, as we found that behavioral 

measures of learning were improved. More specifically, learning about rewards was more robust 

to interference. This suggests that when the RPEs in the brain are stronger, there is a protective 

effect on learning in challenging situations, for example where negative interference draws 

resources away from the processing of key reward-related contingencies. Importantly, this result 

suggests that better learning does not necessarily mean faster learning, but rather being able to 

use the learnt information more consistently in situations in which interference may also occur.  

 

One area that we identified as having increased RPE signals was the vmPFC. This area has 

repeatedly been identified as being involved with reversal learning (Boorman et al., 2009). 

Furthermore, it has been shown that depletion of serotonin levels in adjacent prefrontal areas 

impaired reversal learning in marmosets (Clarke et al., 2004; Clarke et al., 2005; Rygula et al., 

2014). While our results further support the claim that serotonin affects the role of vmPFC in 

reversal learning, they also show that the effects of serotonin on learning were not caused by 

serotonin enhancing the coding of positive or negative outcomes per se. On the contrary, at a 

lower statistical threshold, we found that in vmPFC and striatum reward outcome signals were 

decreased, similar to what had been reported in other studies (Macoveanu et al., 2014; McCabe 

et al., 2010). Thus, increased serotonin levels can specifically enhance learning, potentially via 

changed synaptic plasticity. We also note that our results point to an effect of serotonin in 

learning that is not selective to vmPFC, as we found changes in the RPE signals in a wide range 

of areas. As we delivered SSRIs systemically, future studies need to establish the specific roles 

of the diverse regions we found to have increased RPEs. In contrast to the effects on RPEs, effort 

PEs were only affected in dACC. This could be the result of regional differences in the effects of 



	 	 	 140	
	

SSRIs (Baldinger et al., 2014). Alternatively, SSRI-induced changes in reward-related learning 

might have been more pronounced because related-related learning was more difficult in our 

paradigm while effort-related learning was less challenging.   

 

Our results suggest that, at least when increased for a prolonged duration, the effect is not what 

would be expected if serotonin signaled only aversive events, i.e. acting as a simple opponent 

signal to dopamine. If increased serotonin levels had been signaling aversive information we 

would have expected the learning to only affect the aversive (here effort) domain. It is of note 

that most past studies emphasizing the relationship between serotonin, aversion, inhibition and 

learning (reviewed in(Faulkner and Deakin, 2014)) have looked at phasic information signaled 

by serotonin or short-term changes in serotonin, such as after depletion of the serotonin 

precursor tryptophan(Cools et al., 2008; Crockett et al., 2009; Crockett et al., 2012a; Evers et al., 

2005; Geurts et al., 2013b) or a single dose of citalopram(Chamberlain et al., 2006b; Guitart-

Masip et al., 2014). On the other hand, our results are in wider agreement with many recent 

recording studies from serotonergic neurons in the raphe nucleus, which have highlighted that 

even serotonergic neurons’ phasic activity signals information about both aversive and appetitive 

stimuli on a short timescale (Cohen et al., 2015; Miyazaki et al., 2011). Recording studies have 

also suggested that some of the functions of serotonin may be mediated via other 

neuromodulators such as dopamine (Dremencov et al., 2009; Liu et al., 2014).  

 

Serotonin is also known to lead to plasticity changes in the brain when its tonic levels are 

changed. Studies have found that serotonin levels naturally increase in situations where new 

learning occurs behaviorally (Jitsuki et al., 2011). Furthermore (Jitsuki et al., 2011; Karpova et 

al., 2011; Vetencourt et al., 2008), if serotonin levels are artificially increased by administering 

SSRIs for a prolonged time, similar changes occur to learning e.g. in form of visual adaptation or 

fear extinction. Molecularly, this has been linked to changes in synaptic plasticity (Jitsuki et al., 
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2011), synapse remodeling (Bessa et al., 2009), neurogenesis in the hippocampus (Malberg et 

al., 2000) in animals. While both projections of serotonergic neurons and affected brain regions 

are very diverse, the type of neurons changed can be very selective (Jitsuki et al., 2011). 

Increased neural reward and effort learning signals are also in agreement with Palminteri et al. 

(2012) who found behaviorally enhancement of both reward and punishment learning after 

prolonged SSRI treatment of patients with obsessive compulsive disorder. Our data suggests a 

neural underpinning for this behavioral effect as well as extending the demonstration of 

behavioral effects of SSRIs to multi-dimensional learning in the context of interference.   

 

The results of our study might shed light onto the mechanism of SSRIs as treatments for mental 

health disorders, such as depression. The earliest clinical effects of SSRI have been reported with 

the dosage and duration at which we administered citalopram to our participants (Castren, 2013). 

In fact, our results might suggest that SSRIs exert part of their clinical effect by enhancing how 

well patients can learn about positive relationships in complex environments even in the 

presence of negative interfering information which otherwise could prevent such learning. This 

effect may occur in addition to, or even underlie, previous reports that SSRIs shift the processing 

of social cues so that they are perceived as more positive (Harmer et al., 2009) In fact, these two 

effects, relating to learning and attentional biases, might interact with each other, resulting in 

patients perceiving the world as more positive and learning more reliably about this new more 

positive worldview. In this context, it is noteworthy that our behavioral results are in agreement 

with other studies that found that changes in serotonin levels affect how much negative stimuli 

can bias behavior (Evers et al., 2006a; Walker et al., 2009).  

 

In conclusion, we found that prolonged increase in serotonin levels by an SSRI increased neural 

prediction errors signals during reward and effort learning. Concomitantly, reward learning in 

the face of negative interference was improved. Thus, prolonged increase in serotonin can 
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strengthen both appetitive and aversive neural learning signals, in a manner that is consistent 

with previous demonstrations of the impact of serotonin manipulation on neural plasticity. These 

results are also of clinical relevance, supporting theories that SSRIs’ treatment effects on, for 

example, depression may be related to increases in neural plasticity and learning.  
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4. A role beyond learning for NMDA receptors in reward-based 
decision-making – a pharmacological study using d-cycloserine 
 
Summary 
In the last chapter we saw that serotonin can indeed modulate plasticity related learning in 
humans. If it is these plasticity effects that are responsible for improvements in mood, then other 
medications that modulate plasticity without having other effects on social or emotional 
processing should also modulate mood. One candidate mechanism that could be targeted is the 
N-methyl-D-aspartate (NMDA) receptor. These receptors have been shown to fulfil crucial 
functions in many forms of learning and plasticity. Animal studies have revealed that when their 
probability of activating is increased by administration of the partial NMDA agonist d-
cycloserine, different forms of learning are enhanced. Whether this is also the case in humans 
has been less clear with experiments commonly failing to find improvements in learning such as 
motor learning or other non-emotional learning. However, what has not been examined yet in 
humans is whether d-cycloserine can enhance plasticity and learning in domains more related to 
depression such as learning about rewards and punishments. In this chapter therefore, we 
examined whether a partial NMDA agonist could modulate these forms of learning. Human 
participants were assigned to receive either 250mg of the partial NMDA agonist d-cycloserine 
(n=20) or matching placebo capsules (n=27).  Reward-guided learning and decision-making 
were assessed using a task in which participants had to integrate learnt and explicitly shown 
value information to maximize their monetary wins and minimize their losses. We found no 
evidence for any changes in learning behaviour. This suggests that d-cycloserine, at least at the 
dose used in this study, is not well suited for studying how neural plasticity and learning are 
related to mood. However, our results also showed that while d-cycloserine had no effect on 
learning, it did improve decision-making. Decision-making was shifted towards a more optimal 
integration of the learnt and the explicitly shown information, in the absence of a direct learning 
effect. In conclusion, our results reveal a distinct role for NMDA receptors reward-guided 
decision-making. We discuss these findings in the context of NMDA’s roles in neuronal super-
additivity and as crucial for evidence integration for decisions 
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4.1 Introduction 

Animals and humans live in ever changing and complex environments. They need to 

continuously track and learn about the changing properties of their environment and use them to 

behave adaptively. The neural mechanisms engaged in learning about the environment depend 

on the type of information being tracked. Nevertheless, the plasticity underpinning several of 

these various forms of learning has been argued to depend on the same molecular mechanism, 

i.e. N-Mehtyl-D-aspartate (NMDA) subtypes of glutamate receptors. Accordingly a number of 

studies have investigated whether NMDA receptor manipulations affect learning and memory 

(Bannerman et al., 2012; Bohn et al., 2003; Kuriyama et al., 2011a). Most of the studies looking 

at the role of NMDA receptors in reward learning have focused on simple tasks, such as a single 

association between a stimulus and an outcome or its reversal. However, in more ecological, and 

thus complex, scenarios, learning and decision-making often involve consideration of positive 

and negative aspects of potential outcomes as well as the integration of learnt information with 

information that is explicitly cued. Importantly, it has recently been shown that integration of 

information conveyed by different dimensions during decision making is an active process 

recruiting particular neural mechanisms (Burke et al., 2013; Stein and Stanford, 2008). Thus, to 

understand the full role of NMDA receptors in reward learning and decision-making, it might 

not be sufficient to only study a single simple component in isolation. 

 

Interestingly, there is some, albeit indirect, evidence that NMDA receptors are not only 

important for learning but also for integration of information: NMDA receptor blockade has 

been reported to affect the integration of multisensory information in cat superior colliculus 

(Binns and Salt, 1996) or the integration of reward and delay in rats (Floresco et al., 2008). 

However, to our knowledge, it has not been investigated whether NMDA receptors play a role in 

human value-based decision-making and learning. 
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To examine the influence of changes in NMDA receptor activity on complex learning and 

decision-making behaviours in humans, we used the partial NMDA agonist d-cycloserine. D-

cycloserine binds to the glycine site of the NMDA receptor. Glycine is a co-agonist of the 

NMDA receptor, meaning that NMDA receptors only open when both glycine and glutamate 

bind. D-cycloserine can thus increase the probability of glutamate release opening NMDA 

receptors, which in turn enhances NMDA receptor mediated activation. We designed a multi-

attribute decision-making task in which participants learnt changing probabilities of gains and 

losses of two options. They made choices between options by integrating those learnt probability 

with explicitly cued information about gain and loss magnitudes. To assess potential effects of d-

cycloserine on learning and decision-making, we used reinforcement learning models. 

Surprisingly, we did not find any evidence for a change in the rate at which participants learned 

about reward or punishment outcomes. However, we found that d-cycloserine improved 

decision-making. D-cycloserine led to a more optimal integration of the learnt probability 

information with the explicitly cued magnitude information. 
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4.2 Methods 

Participants 

The study was approved by the local ethics committee. 52 healthy volunteers (age 18 – 30) took 

part in the study. Participants were included in the study after undergoing a psychiatric and 

medical screening. Participants were included if they had a body mass index between 18-30 

kg/m2, passed basic medical screening for current or past physical illness relevant to the study, 

were non- or light-smokers (<5 cigarettes a day), had taken no CNS-active medication during the 

last 6 weeks, were not currently taking d-cycloserine, ethionamide or isoniazid, were screened to 

be free of a past or present Axis 1 disorder on the Structured Clinical Interview for DSM-IV 

(First et al., 2002), did not have a first-degree family member with a psychiatric history, and had 

fluent English skills. Female participants were neither pregnant nor breast-feeding. 

Five participants (all in the placebo group) were excluded from the study at the point of data 

analysis because, when making decisions, they did not use the learnt the probability information 

at all, but only the explicitly cued magnitude information to make their decisions, making it 

impossible to estimate their learning rate (corroborated by the logistic regression of past 

outcomes, see ‘Logistic Regression Analysis’ below). The exclusion assessment was made 

independently by two researchers (JS and NK) who were blind to their group assignments. There 

remained 20 participants in the d-cycloserine and 27 participants in the placebo group. 

Performing a power calculation here is difficult as no study has looked at the effects of a similar 

dose of d-cycloserine on value learning in humans.  A study on human motor learning 

(Kuriyama et al., 2011a) reported a doubling in learning speed (Cohen’s d = 1.4), based on this a 

sample size of 10 participants per group would be sufficient to detect an effect (at a significance 

level of 0.05, two-tailed) with a power of 0.8. However, we also note that many previous studies 

have failed to detect learning effects (see General Introduction 1.4). Therefore the actual effect 

size might be smaller than reported by Kuriyama et al. (2011a), which is why we included more 

participants than the minimum of 10 suggested by the power analysis. The	groups	were	well-
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matched	on	socio-demographic	and	personality	parameters	(Table	1).		This	experiment	

was	collected	as	part	of	a	larger	study	in	which	a	third	drug	(hydrocortisone)	was	used	

(data	not	reported).	

 

 
Table 1. Sociodemographic and questionnaire measurements. The following measurements 
were obtained before drug administration: Age, gender, Beck’s Depression Inventory (BDI, Beck 
et al. (1996)), years of education at time of study, trait anxiety (Spielberger and Gorsuch, 1983), 
body mass index (BMI, weight(kg)/height(cm)2), neuroticism (Eysenck and Eysenck, 1975), 
attention control scale (ACS, Derryberry and Reed (2002)), behavioural inhibition, behavioural 
activation (BIS/BAS Scale, Carver and White (1994)). The values reported are mean values with 
standard errors and the p-scores from between subject t-tests (apart from the value for gender 
ratio, where a chi-squared test was used). Visual analogue scales were given to participants 
before and after drug administration. For each of the listed items, they were asked to indicate 
how they were feeling by placing a tick mark on a 100mm line, which was labelled ‘not at all’ on 
the left-hand side and ‘extremely’ on the right hand side. The values reported are the mean and 
standard error for the tick mark positions (in mm). P-values were calculated for the group 
differences in the first (at baseline, ‘before’) and second measurement (after drug 
administration, ‘after’) and on the difference scores (baseline – second measurement, ‘diff 
score’). 
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Procedure 

In a double-blind, placebo-controlled design, participants were randomly allocated to a single 

dose of d-cycloserine (250mg) or matching placebo capsule. They fasted two hours before the 

testing visit. 250mg was chosen in agreement with recent studies (Klumpers et al., 2012; Onur et 

al., 2010). Participants were tested three hours after drug administration. According to product 

information (King’s Pharmaceutical Ltd.), plasma peak levels are reached within 3-4h; other 

studies (Patel et al., 2011; van Berckel et al., 1997; Van Berckel et al., 1998) found that peak 

levels are reached within ~1h. However, given d-cycloserine’s half-life of 8-12h (product 

information) or 15h (Patel et al., 2011), plasma levels would have been close to peak levels 

during testing, given either time-to-peak information. To assess potential subjective changes 

following d-cycloserine, participants completed questionnaires (Table 1) before capsule intake 

and before testing.  

 

Probabilistic Instrumental Learning Task  

Participants performed a probabilistic learning task with monetary wins and losses (Figure 1a). 

Participants made repeated choices between two options with the aim to maximize their 

monetary pay-off. 

 

On each trial, participants had a choice between two options. Each option had four independent 

attributes: a reward and a loss magnitude, a reward and a loss probability. The magnitude 

determined how many points could be won (and lost) on this trial, while the probabilities 

determined how probable winning and losing was respectively. After participants selected one of 

the options, they were shown the outcomes for both options. However, only the option they had 

chosen contributed to the participants’ earnings. In trials where the chosen option incurred both, 

wins and losses, the participants’ earnings in that trial were the sum of both. Therefore, to 

maximize the overall gains, participants should be choosing the option on each trial with the 
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highest reward utility (reward magnitude x reward probability) and with the lowest loss utility 

(loss magnitude x loss probability). 

 

Reward and loss magnitudes were explicitly cued at the time of choice and were randomly 

drawn from a flat distribution between 1 and 100 points. In contrast, the probabilities were not 

explicitly shown and had to be learnt across trials by observing the outcomes. The outcomes for 

one option could either be a win and a loss, only a win, only a loss, or neither win nor loss. The 

independent reward and loss probabilities determined the probability of these outcomes. The 

probabilities varied over the course of the experiment between 20% and 80%, with only one of 

the four probabilities varying at any given time (Figure 1c).  

 

Before the experiment, participants were instructed about the task. They were informed that the 

magnitudes were drawn randomly and independently on each trial. They were also informed that 

the four probabilities were independent from each other. However, they were only told that the 

probabilities would change over the course of the experiment at varying speeds, not that it was 

always only one probability that was changing at any given time or that the minimum/ maximum 

probability values were 20% and 80%. 

 Participants first performed 30 training trials, followed by 381 test trials, which were included in 

the analysis. Each participant was tested using the same task schedule to allow for better group 

comparisons. At the start of the task participants were given £4 (400 points) to ensure that they 

had sufficient funds to sustain losses incurred even at the beginning of the experiment. 
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Figure 1. a) At the beginning of a trial two options appeared on the left (pink square) and right 
side (yellow square) of the screen. Throughout the experiment, the pink square was always on 
the left side and the yellow square always on the right side. Reward (bars at the top) and loss 
magnitudes (circles at the bottom) were presented overlaid on the option symbols. After 500 ms, 
a question mark appeared after which the participants chose an option. After participants made 
their selection (there was no time-out), the outcomes of the gambles were shown (b), first for the 
chosen option (duration: 2.5s – left option in the example), then also for the unchosen option 
(duration: 2.5s). If the gamble outcomes of the chosen option led to a reward, the reward bar 
was shown; otherwise the reward bar was not shown. Similarly, if the gamble outcome of the 
chosen option led to a loss, the loss circle was shown; otherwise, it was not shown. The sum of 
the reward and the loss incurred for the chosen option in a trial was added to a status bar at the 
bottom of the screen, allowing participants to keep track of their overall gains. Subsequently, the 
participants were shown the outcomes for the unchosen option in the same way, except that no 
points were added to the status bar. Importantly, presenting the outcomes of the chosen and the 
unchosen option ensured that participants had an equal chance to learn the probabilities of the 
chosen and the unchosen option. After an inter-trial interval of 1.5s, the next trial started. c) 
Example reward probabilities for the two options over the course of the experiment. The 
probabilities were either stable at 20% or 80%, or they drifted between 20% and 80%, taking 
between five and eight trials per drift. d) Example reward probability for one of the options 
(solid line), together with the probability estimates from the Bayesian learner used (dotted line).  
 

Analysis 

The behavioural analysis compared the effects of d-cycloserine versus placebo on a) learning of 

reward and loss probabilities, and b) integration of learnt (probabilities) and explicitly cued 

(magnitudes) information for guiding complex decisions. All analyses were performed in Matlab 

and SPSS.  
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Logistic regression analysis  

To ensure that participants learnt the probabilities, we first assessed the impact of past outcomes 

(reward and loss) and the explicitly cued magnitudes (reward and loss) on choice, using a 

logistic regression analysis and normalised regressor estimates. We included regressors for the 

last five trial differences in reward and loss outcomes between the two options, as well as the 

differences in the explicitly cued magnitudes.   

To investigate whether the groups differed in their learning speeds, the resulting regression 

weights for the past outcomes were entered into an ANOVA with group (d-cycloserine versus 

placebo) as a between subject factor and time (1,2,3,4 or 5 trials in the past) and valence (reward 

or loss) as within subject factors. 

 

Modelling 

To look at the learning effects more specifically and assess participants’ strategies for the 

integration of information to make decisions, we used reinforcement-learning models to fit each 

participant’s trial-by-trial behaviour.  

Each model consisted of three main components. First, the model had estimates about the 

probabilities underlying the outcomes of both options. These were updated on every trial using a 

reinforcement-learning algorithm. Second, the probability estimates were integrated with the 

explicitly cued magnitudes to calculate how valuable each of the two options was (i.e. their 

utility). Third, these two utilities were compared to predict participants’ choices. To determine 

the best parameter estimates for every participant, we used a standard log-likelihood 

maximization procedure.  

When calculating how valuable each option is, participants might use different decision 

strategies for integrating learnt probabilities with explicit magnitudes. They could use a 

mathematically optimal strategy (utility as probability x magnitude). However, as this optimal 

strategy may be quite cognitively taxing, they could resort to a heuristic strategy (utility as a 
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weighted sum of probability and magnitude). To test which decision strategy participants used, 

we fitted different models to the data. To test for differences in strategy, we then compared how 

well each of these models explained the groups’ behaviour. In addition, we fitted a third model, 

which directly estimated to what degree they used either decision strategy. 

 

1. Optimal Model. This model assumed that participants integrated the learnt probabilities 

optimally with the explicit magnitudes (magnitude x probability). The learning of probabilities 

was modelled using a standard reinforcement-learning rule. On each trial, the estimated 

probability of an attribute was updated based on the trial’s outcome, as a function of the 

prediction error: 

  

with  

 

where α is the learning rate. Thus, the learning rate is a measure of how much participants 

updated their probability estimate when the outcome associated with an attribute differed from 

their expectation (e.g. the probability that the left option yields a reward). Separate learning rates 

were used for learning about wins and losses. 

These predictions were combined optimally with the shown magnitudes: 

 

The loss utility was computed in the same way and combined with the reward utility: 

 

where λ determines how much participants weighted the prospect of rewards versus losses. 

A standard soft-max decision rule was used to predict the probability of choosing an option. 

  

where β reflects a participant’s ability to pick the option with higher utility. 

UtilityReward = ProbabilityReward ⇤ MagnitudeReward

Utility
total

= Utility
Reward

� � ⇤ Utility
Loss
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To assess the effect of d-cycloserine on learning about wins and losses, we compared their 

respective learning rates between groups.  

 

2. Heuristic Model. This model differed from the Optimal Model only in the decision strategy 

for integrating learnt probabilities with explicit magnitudes. Instead of being a product of 

probability and magnitude, utility was computed as a weighted sum. 

 

where µ is the probability weighting factor, describing the relative importance of the learnt 

probability compared to the explicit. The loss utility was computed in the same way, sharing the 

same µ.   

Again, we compared the groups’ learning rates. Additionally, a change in learning could also 

manifest as a changed reliance on learnt compared to explicit information, we therefore also 

compared the probability weighting factors between the groups. 

 

3. Hybrid Model. We used the Hybrid Model to examine whether d-cycloserine affected how 

participants integrated information, shifting them towards a more optimal, less heuristic decision 

strategy. The Hybrid Model computed utility as a weighted sum of the utilities from the Optimal 

and the Heuristic Model: 

 

where ω is the heuristic weight factor, determining how much the overall utility is like the 

heuristic or the optimal utility. The higher ω (between 0 and 1), the more a participant relied on a 

heuristic decision rule. 

 

Model comparison 

If the groups differ in their decision strategy, this should also be reflected in how well the models 

incorporating the different strategies can explain behaviour. To assess this, we compared the 

UtilityReward = µ ⇤ ProbabilityReward + MagnitudeReward
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model fits using the Akaike information criterion (AIC).  We calculated for each participant the 

AIC differences between the Optimal and the Heuristic model and also between the Heuristic 

and the Hybrid model. This allowed us to compare whether the d-cycloserine differed from the 

placebo group in how well their behaviour was explained by the Heuristic relative to the Optimal 

and by the Heuristic relative to the Hybrid model. 

 

The data of each person was fit individually, using matlab’s fminsearch. This was in contrast to 

analyses in chapter 2 which used a hierarchical fitting approach. The reason was that in the 

present study many more behavioural trials were available for each participant. Therefore, it was 

possible to obtain sensible fits for each model on the individual-subject level. When there is 

enough data available, this strategy has the advantage that it does not assume that the parameter 

values (e.g. learning rate) across participants are distributed normally. This is particularly 

relevant in a drug manipulation where participants might respond differently to the drug based 

on how well their bodies absorb the drug and their body mass etc. 

 

 To confirm the results from the modelling analysis using a different method, we performed an 

additional regression analysis with regressors analogous to the components of the Hybrid Model. 

We included regressors for the explicit magnitude differences, for the learnt probability estimate 

differences, as well as for the difference in optimal utilities (magnitude x probability). The 

probability estimates were obtained using a Bayesian Learner, like the one described in (Behrens 

et al., 2007), see below. These Bayesian probability estimates are the most accurate estimates a 

participant could have given the past outcomes (Figure 1d). If participants’ decision strategy is 

more heuristic, the main effects should have a larger impact on behaviour. Conversely, if the 

decision strategy is more optimal, the interaction term should have a higher impact.  
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Bayesian Learner 

In short, the model estimates the current reward/loss probabilities of an attribute (e.g. reward left 

option) based on the previous trials for each attribute separately. It does this by taking into 

account the following properties of the experimental task: 1) The reward/loss outcomes (either 1 

or 0) are determined by underlying reward/ loss probabilities. 2) The probability of an attribute 

can sometimes change. 3) How quickly each probability changes can vary over the course of the 

experiment. Sometimes, the probability changes more quickly (the attribute’s volatility is said to 

be high) whereas at other times, it changes more slowly (the volatility is said to be low). 4) The 

volatility of an attribute is not static but can also change over the course of the experiment. 

 

In other words, the parameters that the model estimates on every trial for each attribute are the 

reward/loss probability, the volatility (i.e. the change in probability) and the volatility change. 

The model estimates these parameters for the current trial based on last trial’s parameter 

likelihoods and the current attribute outcomes. It does this using Bayes’ rule, which is the most 

efficient way for updating beliefs given new evidence. For details on the specific mathematical 

implementation of the Bayesian learner, please refer to Behrens (2007). 

 

Learning about the unchosen option – control analysis 

There is some evidence (Boorman et al., 2011) that different brain areas are used to learn about 

the chosen and the unchosen option, thus there is a possibility they could be affected differently 

by d-cycloserine. 

 

To examine the effects of the chosen and alternative (unchosen) option we performed three 

regression analyses. In the first two analyses, we looked at the influence of the past chosen or 

unchosen outcomes on upcoming choices. In the third analysis, we looked at learning differences 

for the chosen and the unchosen option separately. 
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First, we ran a regression analyses, predicting switching or staying based on the probabilistic 

outcomes (1/0) for the chosen reward, the unchosen reward, the chosen loss and the unchosen 

loss. We also included regressors for the current reward and loss magnitudes. Second, we ran a 

regression analysis, again predicting switching or staying, based on the Bayesian probability 

estimates. The regressors were: Bayesian reward and loss probabilities for the past trial chosen 

and unchosen options and explicitly shown reward and loss magnitudes. Third, we also looked at 

whether learning from the chosen or the unchosen option differed. For this, we fitted a learning 

model. In the learning model, we fitted two separate learning rates for learning from the chosen 

and the unchosen option. To avoid over-parameterization, we did not split the learning rates 

further by learning rates for reward or loss. Apart from this, the model had the same parameters 

as the Heuristic Model described above. 
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4.3 Results 

General performance 

In the task, participants had to constantly track the independent win and loss probabilities of two 

options and integrate these with explicitly cued reward and loss magnitudes. The groups did not 

differ in the overall earnings or in the mean points won/lost (Table 2a). 

 
Table 2. a) Results of a general behavioural analysis. Parameter estimates (mean and standard 
error) for both groups and the results of significance tests for the Optimal decision model (b), 
the Heuristic decision model (c) and the Hybrid model (d). 
 

Logistic Regression.  

As a measure of learning, we assessed the impact of past reward/loss outcomes on choice, using 

a logistic regression analysis. We also included the currently displayed reward/loss magnitudes. 
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Participants were more likely to pick options with higher reward (t(46)=18.6, p=5*10-23) and 

lower loss magnitudes (t(46)=-14.9, p=3*10-19)  (Figure 1a). They also chose options more 

frequently when they were associated with more past wins and fewer losses (Figure 2a), thus 

suggesting that they were able to learn from past outcomes. 

 

To test whether learning differed between the groups, and maybe in dependence on reward and 

loss valence, we ran a 2 (group) x 5 (time point) x 2(valence) ANOVA on the regression weights 

of the past outcomes (Figure 2a). That participants learnt the reward/loss probabilities over time 

was evidenced by the fact that recent reward/loss outcomes influenced choices more than longer 

ago ones (main effect of time, F(4,180) = 80.6, p<10-6). This effect of time was stronger for 

losses than rewards (interaction effect, time x valence, F(4,180)=6.2, p=3.8*10-4), suggesting 

that loss probabilities were learnt more quickly.  

Importantly, the groups neither differed in overall learning speed (time x group: F(4,180)=0.9, 

p=0.42), nor  in their relative learning speeds for wins and losses (time x valence x group, 

F(4,180)=0.3,p=0.89). 

 



	 	 	 159	
	

 
Figure 2. a) Decision weights (beta) for placebo (white) and d-cycloserine (grey), showing the 
decision impact of current magnitude differences (left-right) and past gamble outcome 
differences (left-right), for one to five trials in the past, on choice. b) Decision weights (beta) 
based on a regression using shown magnitude differences, probability prediction differences 
(estimated using a Bayesian model) and their interaction for both groups. c) AIC difference 
scores comparing the relative fit of the Hybrid to the Heuristic and of the Heuristic to the 
Optimal model in both groups. Error bars indicate SE.  +p=0.056, *p≤0.05, 
**p<0.001,****p<10-4 
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Modelling 

The aims of the modelling analyses were to assess whether the groups differed in their learning 

rate (all three models), as well as whether they differed in their decision strategies (model three). 

Each model used a standard prediction-error learning rule for learning about reward/loss 

probabilities. The models only differed in how learnt probabilities were integrated with explicit 

reward/loss magnitudes.  

 

1. Optimal Model. This model integrated magnitudes and probabilities optimally using a 

multiplicative rule. For assessing differences in learning, we compared the learning rate 

parameters between the groups. Surprisingly, the groups did not differ in their learning rates 

(reward: t(45)= -0.2, p=0.8, loss: t(45)=0.7, p=0.5), nor did they differ in any other model 

parameter (Table 2b). 

 

2. Heuristic Model.  Participants might use a more heuristic and less optimal decision strategy 

to reduce task complexity. This was accounted for in the Heuristic model, in which the decision 

utility was calculated as a weighted sum of probability and magnitude. Here, we could detect a 

change in learning either as a changed learning rate or as a change in how much impact the learnt 

probabilities have on decisions relative to the explicit magnitudes. Again, we did not find any 

group differences for the two learning rates (reward: t(45)=1.3, p=0.20, loss: t(45)=0.7,p=0.5) or 

for the probability weighting factor (t(45)=-0.36, p=0.72). The groups did not differ either in any 

other model parameter (Table 2c). 

 

3. Hybrid Model. This model combined the Optimal and Heuristic Model’s decision strategy 

using an additional weighting factor (ω, heuristic weight). ω indexed the degree to which 

participants used the heuristic relative to the optimal strategy. Again, the two groups did not 

differ in their learning rates (Table 2d). However, there was a strong difference in the heuristic 
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weight between the groups, with the d-cycloserine group relying more on an optimal rather than 

heuristic decision strategy compared to the placebo group (t(45) = 4.6,  p=3.6*10-5).  

Model Comparison. To investigate this shift in decision strategy further we compared how well 

each model explained the behaviour of each group, using the AIC (Figure 2c). If participants in 

the d-cycloserine group used a more optimal decision strategy, models incorporating the optimal 

decision rule should better explain their behaviour compared to the placebo group. 

First, we compared the Optimal Model relative to the Heuristic model. In both groups, the 

Heuristic Model provided a better fit to the data than the Optimal Model. However, this effect 

was weaker in the d-cycloserine group than in the placebo group, as shown by a significant 

group difference (t(45)=2.1, p=0.046). This suggests that relative to the placebo, the d-

cycloserine group used a more optimal strategy. We also compared the fits of the Heuristic to the 

Hybrid Model. Similarly, we found that the difference scores varied significantly between the 

groups (t(45)=3.6, p=8.0*10-4). For the d-cycloserine group, the Hybrid Model provided the best 

fit (t(19)=3.9, p =0.01; sum of AIC scores for difference between the Hybrid and the Heuristic 

Models: -94, with values <2 suggesting strong evidence in favour of the Hybrid Model). But for 

the placebo group, both models explained their behaviour equally well (t(26)=1.6, p=0.11; sum 

of AIC scores for the Hybrid minus the Heuristic Model: 18, with values >10 suggesting strong 

evidence in favour of the Heuristic model). These findings are in-line with those from the 

modelling analysis above and suggest that d-cycloserine shifted participants’ behaviour to rely 

more on an optimal decision strategy. 

To investigate this further, we ran a logistic regression analysis, analogous to the Hybrid Model 

(Figure 2b). It included an interaction term for magnitude and probability (analogous to the 

Optimal Model), as well as each factor separately (analogous to the Heuristic Model). Similar to 

our Hybrid Model findings, the groups did not differ in the heuristic aspect: there was no 

difference between the main effects for magnitude and probability (magnitude: F(1,45)=2.2, 

p=0.14, probability: F(1,45)=0.98, p=0.33). In contrast, the groups differed on the optimal aspect 
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of the model: a 2-by-2 ANOVA analysis on the interaction regressors of magnitude and 

probability for reward and loss revealed that those regressors had a stronger impact on the 

decisions in the d-cycloserine group (F(1,45)=10.8, p=0.002). Post-hoc tests revealed that this 

effect was significant for loss (t(45)=-2.7, p=0.01)and was marginally significant for reward 

(t(32.4)=-2.0, p=0.056). 

 

Learning about the unchosen option – control analyses 

To examine the effects of the chosen and alternative (unchosen) option we performed three 

analyses. In short, we found that d-cycloserine did not affect the usage of the unchosen option’s 

outcomes for decision-making or learning.  

In the first analysis, we predicted stay/switch behaviour based on the past (last trial) outcomes of 

the chosen and the unchosen option (figure 3, table 3A). In both groups, participants were 

influenced in their future choices by the past chosen and unchosen probabilistic outcomes. 

However, there was no difference between the groups in the impact of past chosen or unchosen 

reward or loss outcomes (reward chosen, p=0.94; reward unchosen, p=0.71; loss chosen, p=0.67, 

loss unchosen p=0.78). 

 

 
Figure 3. Results of the regression predicting stay or switch on the current trial, based on the 
last trial reward/loss probabilistic outcomes and the current magnitude values of the option that 
was chosen/unchosen on the last trial. Error bars show s.e.m.  
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Second, we ran a regression analysis, again predicting switching or staying, but this time based 

on the Bayesian probability estimates (figure 4, table 3B). Again, we found no group differences 

in the impact of the past chosen or unchosen options. 

Figure 4. Results of the regression analysis predicting stay or switch on the current trial, based 
on the reward/loss probability estimates and explicit magnitudes of the option that was 
chosen/unchosen on the last trial. Error bars show s.e.m. 
Third, we also looked at whether learning from the chosen or the unchosen option differed. For 

this, we fitted a learning model. In the learning model, we fitted two separate learning rates for 

learning from the chosen and the unchosen option. We found (table 3C) that the placebo and the 

d-cycloserine group did not differ in the learning rates for the chosen option (p=0.52) or for the 

unchosen option (p=0.3). 

 

The results of these three analyses show that participants are influenced by the outcomes from 

the options they had chosen, as well as the outcomes of the alternative option. The d-cycloserine 

and the placebo group did not differ in how much their choices were influenced by the chosen or 

the unchosen options. Similarly, we did not find a difference between the groups in how much 

they learnt about the chosen or the unchosen options. 
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Table 3. a) Results of the regression predicting stay or switch on the current trial, based on the 
last trial reward/loss probabilistic outcomes and the current magnitude values of the option that 
was chosen/unchosen on the last trial. Mean and standard error of the decision weights are 
shown for the two groups (Pla – placebo, DCS- d-cycloserine), as well as the results of between-
subject t-tests comparing the placebo and the d-cycloserine groups. b) Results of the regression 
analysis predicting stay or switch on the current trial based on the reward/loss probability 
estimates and explicitly shown magnitudes of the option that was chosen/unchosen on the last 
trial. Decision weights are mean values with standard error; p-values are the results of between-
subject t-tests. c) Parameter estimates of the learning model with separate learning rates for the 
chosen and the unchosen option (mean values with standard errors shown), p-values are the 
results of between-subject t-tests. 
 

 

 

 

 

 

 

 

 

 

 

Pla DCS p
Last reward outcome chosen 0.65±0.06 0.66±0.06 0.94
Last reward outcome unchosen -0.50±0.04 -0.53±0.07 0.71
Last loss outcome chosen -0.51±0.06 -0.55±0.08 0.67
Last loss outcome unchosen 0.55±0.05 0.52±0.07 0.78

Pla DCS p
Reward probability chosen 0.57±0.06 0.61±0.06 0.97
Reward probability unchosen -0.48±0.04 -0.53±0.07 0.67
Loss probability chosen -0.47±0.05 -0.56±0.09 0.49
Loss probability unchosen 0.49±0.04 0.49±0.06 0.34

Pla DCS p
Learning rate chosen option 0.48±0.05 0.43±0.04 0.52
Learning rate unchosen option 0.42±0.05 0.34±0.05 0.3
Beta 0.04±0.00 0.04±0.00 0.87
Loss weight 0.88±0.04 0.88±0.05 0.98
Prob weight 65.7±8.7 71.8±12.4 0.68
fval 147±5 143±5 0.57

a) Last outcome GLM Switch-stay

b) Bayesian GLM Switch-Stay

c) Learning model, chosen and unchosen learning rates
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4.4 Discussion 

Summary of the results 

We studied the effect of changes in NMDA activity on human reward-guided learning and 

decision-making using d-cycloserine, a partial NMDA agonist. Participants had to learn 

changing probabilities of positive and negative outcomes over time and integrate them with 

explicitly cued reward and loss magnitudes in order to make decisions. While participants were 

able to track the changing probabilities, this learning was not modulated by d-cycloserine. If 

there had been an effect on learning, we would have expected either a change in learning rates or 

alternatively a changed reliance on the learnt compared to the explicit information, neither was 

the case. 

However, d-cycloserine had a significant effect on decision-making. The drug shifted decision-

making away from a heuristic approach towards a more optimal one. In the current context, more 

optimal behaviour meant that participants multiplied the learnt probability and the displayed 

magnitude information rather than adding them (heuristic behaviour). Note, however, that such 

multiplication might be more demanding especially since participants tracked several pieces of 

information at a time, making heuristic strategies an appealing way of reducing task complexity.  

 

Absence of a learning effect 

To our knowledge, there are no studies in humans that have looked at the effects of d-cycloserine 

on reward-guided learning and decision-making. However, animal studies suggest that d-

cycloserine improves fear extinction (Walker et al., 2002), drug use extinction (Flavell et al., 

2011) and appetitive conditioning (Golden and Houpt, 2007). However, our task is most similar 

to instrumental reward reversal learning task paradigms and it is still unknown whether this 

neurally distinct form of learning is also improved by d-cycloserine, with Golden and Houpt 

(2007) finding that at least simple reversal learning might not be.  
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Additionally, evidence for learning effects in human studies analogous to the animal studies 

above has been more inconsistent. While there is evidence from clinical trials that d-cycloserine 

may accelerate the therapy of different anxiety disorders (reviewed in Hofmann et al. (2013)) 

some experimental studies have not been able to replicated the basic fear extinction effects in 

humans (Guastella et al., 2007; Klumpers et al., 2012). Furthermore, clinical trials for alcohol  or 

for cocaine use extinction have failed to find an enhancement by d-cycloserine (Kamboj et al., 

2011; Price et al., 2013). This discrepancy between human and animal studies could be due to 

the strong dose dependency of d-cycloserine’s effects (Walker et al., 2002): in general animal 

studies have used a higher dose (by about a factor of three) and injection rather than oral 

administration of the drug.  

 

Changes in evidence integration for decision-making 

We found that d-cycloserine led to a very selective shift in participants’ decision strategy, 

making them integrate different sources of information in a more optimal manner, compared to 

the placebo group. More specifically, participants integrated the learnt probability and the 

explicitly cued magnitude more multiplicatively (i.e. non-linearly) and thus less additively (i.e. 

linearly). 

Recent work has suggested functions for NMDA receptors beyond traditional long–term 

consolidation in learning. To our knowledge, nobody has yet tested whether changes in NMDA-

mediated neural processing would affect evidence integration in a complex value-based 

decision-making task in humans. But there is some evidence that NMDA receptors can modulate 

higher cognitive functions, like working memory (Wang et al., 2013), attention (Herrero et al., 

2013; Meuwese et al., 2013; Self et al., 2012) or delay discounting (Floresco et al., 2008). 

However, it is important to note that it is unlikely that the decision-making effects in our task are 

a working-memory effect in disguise. Collins and Frank (2012) have shown that in a standard 

human learning paradigm (similar to the one used here), learning rate captures a mixture of 
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cortico-striatal learning systems as well as prefrontal working memory. Therefore, if the 

observed effect were driven by a working-memory mechanism, we would have expected to see a 

change in at least one of the different measures we used to probe for learning effects. However, 

we did not see any such effects. Thus at least it appears likely that the maintenance of items in 

working memory was not affected; it would nevertheless be possible that another working 

memory ability, such as modulating items in working memory (here using them for decisions) 

might be affected. Future studies should address this. 

There are at least two theoretical frameworks that are however in line with our results. First, 

NMDA receptors have been proposed as crucial for the integration of information over time 

during decision-making in a biophysical model (Wang, 2002). While this model was originally 

based on animal recordings during perceptual decision-making tasks (reviewed in Wang (2008)), 

recent human brain imaging studies have shown that it is also relevant for human reward-based 

decision-making (Chau et al., 2014; Hunt et al., 2012; Jocham et al., 2012). Simulation studies 

have suggested that modulation of the NMDA receptor activity should enhance or impair 

decision-making, depending on the baseline activation of NMDA receptors (Standage and Pare, 

2011). Following these findings, the decision-making improvement in our study could be 

explained as shifting the NMDA receptor activation into a more favourable range for decision-

making.  

Second, there is evidence that NMDA receptors are important for neural computations when 

more than one input is integrated non-linearly. For example, Binns and Salt (1996) have shown 

that NMDA receptors are crucial for multisensory integration. More specifically, they found that 

the neuronal super-additivity between inputs of different modalities in the cat superior colliculus 

was strongly reduced by NMDA blockade. Furthermore, Self and colleagues (2012) have shown 

that NMDA receptors are crucial for the integration of top-down and bottom up information 

during figure-ground separation. In the context of our task the optimal way to integrate the 

probabilities and the magnitudes presented, is non-linearly (i.e. multiplicatively), rather than 
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linearly (additively). Therefore d-cycloserine may have led to more optimal integration by 

biasing processing towards more non-linear neural interactions. 

One possible explanation for the occurrence of an effect on decision-making in the absence of a 

learning effect is that while both are supported by NMDA receptors, there is a different optimal 

range of NMDA activation supporting both functions (Standage and Pare, 2011). In addition, the 

strength of the effect of d-cycloserine might vary across brain areas, due to different NMDA-

receptor subunit compositions or different local levels of glycine (see Yang and Svensson (2008) 

for a review). Therefore, the behavioural dissociation could be explained as due to different d-

cycloserine sensitivities in reward decision- compared to reward learning-related brain areas. 

 

Future directions 

Future experiments will have to establish whether our results generalize to the integration of 

dimensions other than probability and magnitude, and to situations where all information to be 

integrated is explicitly shown rather than learnt.  

It would also be interesting to manipulate the predicted choices for linear versus non-linear 

integration more widely to produce more distinct changes in choices and outcome between the 

groups, as well as testing whether other forms of non-linear integration or conditional reasoning 

(model-based) would also be affected.  

Lastly, future decision-task designs could explicitly contrast which theoretical NMDA 

integration mechanism mentioned above drives the behavioural effect: while the biophysical 

model explanation would predict decision enhancements in situations where attributes are 

integrated linearly or non-linearly, the super-additivity mechanism would predict enhancements 

only where attributes need to be integrated non-linearly. 

 

Conclusion: 

We have found that enhancing the activation of NMDA receptors changed how humans 
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integrated evidence in a multi-attribute decision-making and learning task in the absence of more 

direct effects on learning. This suggests a role for NMDA receptors beyond their well-studied 

role in long-term consolidation and plasticity. Although we cannot clearly dissociate between 

different candidate mechanisms for our observed effect, either biophysical attractor networks or 

basic super-additivity models could plausibly explain our data. 
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5. Reward and effort learning in dysphoria 
 
Summary 
In chapters 3 and 4 we looked at whether and how different pharmacological manipulations 
could influence different aspects of reward-guided decision-making and learning. In the present 
chapter, we now turn to the question how these effects compare to those seen in depression, i.e. 
whether treatments reverse the effects seen in depression. If it turns out that the effects do not 
match, this could suggest cognitive mechanisms that future treatments should target. To answer 
this question, we measured the effect of dysphoria, on a concurrent reward and effort learning 
task, very similar to the task used in chapters 2 and 3. We collected data from 17 control 
participants and 17 dysphoric participants (included based on a Beck Depression Inventory Score 
above 15). Using a model-based analysis approaches, we could tease apart different components 
of reward- and effort-guided learning and decision-making. We then examined these components 
separately. We found that dysphoric participants took the information that they had learnt less 
into account when making decisions compared to controls. However, the two groups did not 
differ in their speed of learning. This result highlights the importance of using modelling 
approaches to tease apart the different components making up complex behaviours. 
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5.1 Introduction 

Major depression is a heterogeneous disorder with varied emotional symptoms. One key 

symptom of depression is anhedonia - a reduced interest in or enjoyment of activities. This 

symptom may conceptually relate to the psychological construct of processing of valenced 

(rewarding or punishing) information. This is further supported by meta-analyses finding that 

processing of reward and punishment is biased, or ‘blunted’, in depression and that these biases 

affect diverse domains such as autonomic responses, memory and attention. This chapter focuses 

on one aspect of reward-guided behaviour, namely how humans learn how desirable and 

aversive stimuli in the environment are, how they update/revise this expectation over time and 

use it to make decisions. As discussed in the introduction (chapter 1.2.1), several studies have 

previously addressed the question whether depression affects learning but have given conflicting 

results. It has been proposed (Huys et al., 2013) that one reason for this heterogeneity of results 

is that a conceptual distinction needs to be made between learning as ‘improving performance 

with practice’ versus ‘the speed of learning associations’. While the speed of learning is what 

most studies were interested in measuring, what was actually often measured was improving 

performance with practice. However, performance itself is influenced by many other factors, 

such as sensitivity to rewards or punishments or being able to behave consistently, which are 

also known to be affected in depression (Blanco et al., 2013). Therefore, to be able to tease apart 

changes in performance into its components, including speed of learning, an appropriate 

experimental design and model-based analysis are necessary (Huys et al., 2013). 

 

In addition, it is still unknown whether the presumed learning deficit for valenced stimuli is 

specific to only positive dimensions (reward) or also extends to negative ones, such as effort. 

 

To measure whether valenced learning is affected by depression independent of other distinct 

aspects of valuation and learning, we tested 17 dysphoric and 17 control participants on a 
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learning task specifically designed to separate these different factors. We analysed the behaviour 

in a model-based fashion allowing the dissociation between distinct components necessary for 

task performance. The task was adapted from the concurrent reward and effort learning task 

described in chapters 2 and 3. In this task, participants again concurrently learnt the reward and 

effort magnitudes of two options. To select between both options, they had to use this learnt 

information. However, this time they integrated the learned information with explicitly shown 

probabilities of how likely each option was to require exertion of an effort, rather than 

probabilities of receiving reward. In other words, whereas the last chapters had real or 

hypothetical rewards, this study had real and hypothetical effort. 

 

Effort was selected as the second dimension to be learnt because symptoms of depression, such 

as fatigue or loss of energy or reduced engagement in pleasurable activities, can be related to 

psychological concepts of motivation, i.e. the willingness to exert effort to obtain rewards. As 

reviewed in the introduction (chapter 1.2.3), several studies have suggested that effort-based 

decision-making is affected by depression with depressed participants being less willing to 

engage in effortful behaviour. However, in real life situations, it is not very common for choices 

to be presented together with explicit reward and effort; rather, humans need to learn from 

experience how rewarding and effortful different courses of actions are. It is therefore possible 

that this learning about effort requirements is specifically affected in depression, so that patients 

might not be willing to engage in effortful behaviour because, based on past experience, they 

have an exaggerated expectation of how effortful it will be.  

 

Additionally, this design specifically allowed us to dissociate different potential effects of 

depression on overall learning performance, namely: 1) speed of learning (for both reward and 

effort), 2) reward vs. effort sensitivity, 3) use of the learnt information to make decisions and 4) 

effects of actual vs. hypothetical effort exertion. Based on the meta-analysis by Huys et al. 
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(2013) discussed in the introduction we hypothesise that dysphoric participants will differ in how 

well they use the learnt information to make decisions or in their sensitivity to reward or effort. 

While based on (Chase et al., 2010) we could expect an effect on the speed of learning. 
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5.2 Methods 

Procedure 

All participants were initially recruited through posters and an online questionnaire. Those who 

fulfilled the study criteria were then invited to a screening visit at least one week later followed 

by a testing visit involving performing a learning task while we recorded their brain activity 

using functional magnetic resonance imaging. This chapter focuses on the behavioural data only. 

 

Initial recruitment 

The study was approved by the local ethics council (CUREC Ref: MSD-IDREC-C2-2013-29). 

Dysphoric and control participants were recruited via poster and online advertising. Control 

participants were recruited with poster advertising ‘Healthy volunteers wanted’, while dysphoric 

participants were advertised with posters either headed ‘Are you feeling down?’ or ‘Are you 

feeling blue?’. Participants interested in taking part were directed to the study website which 

provided them with more information about the study (participant information sheet) and 

allowed them, after indicating that they consented, to fill in the BDI-II questionnaire (Beck 

Depression inventory, (Beck et al., 1996)). If they scored either no more than 5 (controls) or at 

least 15 points (classified as mild depression, dysphorics), they were then invited for the 

screening visit. As a study safety measure, if participants indicated on the BDI suicide item that 

they were considering suicide and provided contact information, this was passed on to the 

psychiatrist overseeing the study who then contacted them. About 250 participants completed the 

online questionnaire. 

 

Screening visit 

If they fulfilled criteria, participants were then invited for the screening visit, at least one week 

after filling in the initial questionnaires, to avoid including participants in the dysphoric group 

who only had a very short term negative mood fluctuation. In the screening visit, we ensured that 
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participants fulfilled the study inclusion criteria, after obtaining informed consent. The inclusion 

criteria for both groups were: no counter-indications to the MRI scan (2 controls and 1 dysphoric 

were excluded), no current psychoactive medication (i.e. all dysphoric participants were 

unmedicated for depression), no recreational drugs in the last month, no more than occasional 

tobacco consumption (<5 cigarettes per week), being right-handed, showing sensitivity to the 

effort manipulation used during the screening visit (see below for details; excluded 7 controls 

and 5 dysphorics), BDI in the range stated above (3 dysphorics were excluded). In the dysphoric 

group, participants were additionally excluded if they had current or past psychiatric 

comorbidities other than anxiety disorders, as assessed using the SCID (First, 1996), 3 

participants were excluded. In the control group, participants were additionally excluded if they 

indicated any current or past psychiatric problems or any first degree relative with a psychiatric 

problem (4 participants were excluded). Furthermore, one participant in the dysphoric group 

withdrew from the study during the screening visit. Overall, 62 participants were screened and 

36 were included in the main part of the study. Of these, however, data from 2 participants was 

excluded after it was collected because of reports of feeling unwell during the MRI scan or lack 

of sensitivity to the effort manipulation(which made analysis of the behavioural data 

impossible). This left a sample of 17 participants in each group. (Robinson et al., 2012a) 

reported that depressed patients showed a more than twice higher error rate in a learning task 

(Cohen’s d=1.14). Based on this effect size, a study with 14 participants per group would be 

sufficient to detect an effect (at a significance level 0.05, two-tailed) with a power of 

0.8.Robinson et al. (2012a) 

 

As part of the screening visit, participants also completed several questionnaires and a 

computerized task measuring their effort sensitivity (see below) to ensure they were sensitive to 

the effort manipulation used in the study. 
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Testing visit 

The testing visit took place one week after the screening visit for the dysphorics and at a variable 

time after the screening visit for the control group. The window of one week was chosen to 

reduce the likelihood of dysphorics showing spontaneous remission. As main part of the testing 

visit, participants performed a concurrent reward and effort learning task (see below) while we 

measured their brain activity using fMRI for about an hour. After a short break, they performed 

another schedule of the same task outside the scanner for an hour to increase the number of trials 

for data analysis. They also completed several questionnaires (see below). 

 

Questionnaires 

Depressive symptoms were measured using the Beck Depression Inventory (BDI-II, Beck et al. 

(1996)), the interviewer-led version of the Hamilton Rating Scale for Depression (HRSD, 

Hamilton (1960)) and the Structured Clinical Interview for DSM-IV Axis I Disorders (SCID-I, 

First (1996)). BDI-II was scored as a total summed score across all items, as well as subscore for 

anhedonia (items 4, 12, 15, 21). For HRSD interview questions and scoring, guidelines from 

Williams (1988) were followed. Symptoms of anhedonia were further also assessed using the 

Snaith Hamilton Pleasure Scale (SHAPS, Snaith et al. (1995)). Responses were scored according 

to Franken et al. (2007) between 1 and 4, with higher values indicating higher symptoms of 

anhedonia, as well as by binarizing the data. Symptoms of apathy were assessed using the 

Starkstein scale (Starkstein et al., 2001), with higher values indicating greater apathy. Persistence 

was measured using the persistence subscale of the Temperament and Character Inventory 

(Cloninger et al., 1993), using a binary scaling with higher values indicating higher persistence. 

Persistence or willingness to exert effort was also measured using the ‘Work and Acitivty’ item 

of the HRSD (item 7). Anxiety was measured using the Spielberger State and Trait anxiety 

questionnaire (Spielberger and Gorsuch, 1983). Positive and negative affect was measure using 
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the Positive and Negative Affect Schedule (PANAS, Watson et al. (1988)), which includes 

separate subscores for subjective positive and negative affect. 

 

During the screening visit, participants completed: BDI-II, HRSD, SCID, Trait/State anxiety, 

PANAS. During the test visit, they completed: BDI-II, State anxiety, PANAS, SHAPS, 

Persistence scale, Starkstein scale.  

 

Learning task 

Participants performed a concurrent reward and effort learning task (fig 1), very similar to the 

one described in chapters 2 and 3, with some modifications (highlighted in detail below). 

 

In short, the task was as follows: Participants repeatedly chose between the same two options, 

aiming to choose the options maximizing their monetary gain and minimizing the effort they 

needed to exert to obtain the reward. When making their decision (Fig. 1A), they therefore had 

to take into account the independent reward and the effort magnitudes of the two options, which 

they had to learn and track from experience across trials as they slowly varied over the course of 

the experiment. At the time of the decision, they were additionally explicitly shown how likely 

each option was to require exertion of an effort. If an option led to a ‘real effort’ outcome, 

participants needed to complete an effort exertion phase (see below) following the outcome 

phase; if not, the effort exertion phase was skipped. After each choice, participants saw the 

outcome of their choice. At this time point, participants could learn about the two options. This 

task was designed to be challenging for participants: they had to simultaneously learn about all 

the different attributes, as well as learn about efforts in the same way when they were real or 

hypothetical. Thus, optimal learning needed to represent all these components separately to 

prevent them interfering with one another. In the effort exertion phase, participants needed to 

perform a sustained effort involving clicking on targets as they appeared on the screen.  
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The specific modifications of this task compared to the one used in chapters 2 and 3 were: 

Firstly, and most importantly, the meaning of the probability values shown at the time of the 

decision was changed to now relate to the effort rather than the reward magnitude. This meant 

that in the outcome phase, participants were shown for the chosen option whether they had to 

exert the effort associated with it in the following effort phase. If not, the effort phase was 

replaced by a short delay of 4s. In other words, in this task, the reward was always real, but the 

effort of the chosen option could be real or hypothetical. This change was made because many 

participants in the study in chapters 2 and 3 reported a strong aversion to the effort in the scanner 

and we considered it possible, that dysphoric participants were more sensitive to the effort. We 

therefore wanted to reduce the effort requirements of the task. However, we note that this also 

decreased easy comparison with the other chapters. Secondly, the effort phase was also slightly 

modified. The maximum allowed duration was increased from 25s to 30s and there was no 

longer a requirement to maintain central fixation. This was again done to reduce the effort 

requirement. Thirdly, if participants failed to complete the effort phase, they lost a fixed reward 

value equivalent to a full bar (100 points, i.e. 10 pence), rather than the reward value of the 

chosen option. Fourthly, there were no more effort query trials, where participants had to 

indicate which option had the higher reward, and the number of Special-option-trials (SOTs) was 

reduced to 16 out of 124. Sixthly, the stimuli and screen background were adapted to have 

approximately the same brightness (see Fig. 1). This was to reduce potential brain activations 

due to changes in brightness and furthermore to make the viewing of the stimuli more pleasant as 

some participants in the previous study had reported some discomfort at the brightness changes. 
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Figure 1. Task description. In the decision phase (A), participants were shown two options (i.e. 
choices), overlaid with the probability of receiving a reward for each choice. They could only 
decide after an initial monitoring phase (1.9-4.6s). The chosen option was then highlighted for 
2.9-8s. In the following outcome phase (B), participants saw the outcome for the chosen option 
first (1.9-2.1s on all trials but the first three trials inside the MRI scanner, where the duration 
was 4s). The reward magnitude was shown as a purple bar (top of the screen), the effort 
magnitude was indicated through the position of a dial on a circle. The reward was added to a 
status bar at the bottom of the screen, which tracked rewards over the course of the experiment. 
Whether they had to exert an effort was indicated by either a box around the effort dial (‘real 
effort’, top display) or a crossed out circle on top of the effort dial (‘hypothetical effort’, bottom 
display). A reminder of what option they had chosen was shown at the top of the screen. Then the 
reward and effort magnitudes were shown for the unchosen option (1.9-6.9s). Finally, if effort 
was real, participants performed the effort phase (C) where the number of targets was 
equivalent to the chosen effort outcome.  

Timings: Event timings were drawn from Poisson distributions to optimise separation of events: 

Monitoring phase: mean 2.7s, min: 1.9s, max: 4.6s; RT: mean: 1.3s; Highlight chosen option 

phase: mean: 4.4s, min: 2.9s, max: 8s; Outcome chosen option phase: mean: 2s, min: 1.9s, max: 

2.1s (apart from first three trials: 4s); Outcome of both options phase: mean: 3.3s, min: 1.9s, 
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max: 6.9s; Effort exertion phase: during fMRI scan: mean:14.6s, outside scanner: mean 12.4s; 

ITI: when trial included the effort phase: mean 4.2s, min 2.3s, max 7.4s; when trial did not 

include effort phase: mean: 8.1s, min: 4.6s, max: 11.7s . 

 

Data Analysis 

All data analysis was performed in Matlab and SPSS. In ANOVA, when assumptions of 

sphericity were violated, Greenhouse-Geisser corrections were used. In t-tests, when the data 

was not normally distributed, non-parametric tests (one-sample Wilcoxon Signed rank test) were 

used. 

 

Questionnaires 

Different questionnaire measures were collected to further describe our dysphoric and control 

samples. These measurements also allowed putting different of self-reports of day-to-day 

function and feelings in relation to our behavioural task measurements. The data from each 

questionnaire was first recoded according to standard procedures as indicated in the 

questionnaire references provided above (e.g. reverse coding of some items). We then compared 

the data of each questionnaire between the two groups using two-tailed between-subject t-tests. 

When single items from one questionnaire were missing, we replaced them by the mean of the 

other items from that person. When whole questionnaires were missing from the testing day 

(BDI-II, PANAS, State anxiety, Cloninger, Starkstein: 1 participant; SHAPS: 10 participants), 

they were replaced, where possible (Cloninger and Starkstein data remained missing for one 

person), with data from the screening visit. 

 

To assess whether the different questionnaires measured different cognitive phenomena, we 

correlated the summary scores from the different questionnaires (Pearson correlation 
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coefficient). This was done separately for each group so as to avoid spurious correlations due to 

main effect differences between the groups.  

 

The different questionnaire scores were also correlated with relevant behavioural measurements. 

We correlated questionnaire scores across all participants (n=34) and also within just the 

dysphoric group. We also performed partial correlations across all participants, controlling for 

group assignment. 

 

Decision and learning behaviour analysis  

The aim of the decision analyses was to separate out different factors contributing to the reward- 

and effort- guided behaviour and see how they are affected by depression. Specifically, these 

components were: 1) learning speeds (i.e. learning rates) for effort and reward magnitude 

learning associated with the different options, 2) behavioural sensitivity to reward relative to 

effort, 3) behavioural sensitivity to learnt compared to explicitly shown value information, 4) 

behavioural stochasticity, or in other words ability to use the overall value difference (i.e. a 

combination of reward, effort and probability differences) of the two options to select between 

them consistently and accurately.  

 

Distinguishing these different components was made possible by using computational analyses 

methods as well as the specific features of this concurrent learning task: 1) As two dimensions 

(reward and effort) needed to be learnt, we could dissociate whether only learning about reward 

or learning more generally, about both reward and effort was affected. 2) As participants needed 

to combine learnt (reward and effort magnitude) and explicitly shown (i.e. not learnt) dimension 

(effort probability), we could dissociate sensitivity to reward or effort from both sensitivity to 

learnt value information compared to value information in general and from choice stochasticity. 

3) As a consequence of the effort probabilities, effort was sometimes real and sometimes 
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hypothetical, we could perform exploratory analyses similar to chapters 2 and 3, examining the 

effect of interferences of irrelevant interferences on model-based behaviour. 

 

Regression analyses 

Decision regression with learnt dimensions as past trial outcomes 

In the first regression analysis (dGLM1), we predicted whether participants repeated the same 

choice as on the last trial (‘stay’) or selected the alternative choice (‘switch’) based on the 

information explicitly shown at the time of the choice and the information participants needed to 

learn. Specifically, the regressors were: effort probability (explicitly shown at the time of the 

choice), reward and effort magnitude outcomes from the past four trials, whether the effort had 

been real or hypothetical on the last trial. This is thus similar to a truncated reinforcement 

learning. In this and the following regression analyses of the decisions, all of the predictors 

(apart from whether effort had been real or hypothetical) were entered as difference between the 

option in favour of ‘stay’ minus in favour of ‘switch’. This was done because it is the difference, 

not the absolute values that should influence decisions and to reduce the total number of 

regressors entered in the analysis. The regressions were performed using matlab’s glmfit 

function with a ‘logit’ link function (binomial distribution). All regressors were normalised 

before being entered into the regression. As in chapters 2 and 3, we only included trials on which 

no ‘special options’ were present (216 out of 248 trials), as stay/switch was not defined on those 

trials. 

 

This regression analysis was performed for each participant individually, based on the combined 

data from inside and outside the scanner. For each participant, we thus obtained one regression 

weight for each predictor. Significance tests were then performed on these regression weights. 

To test whether participants across both groups were sensitive to the different features they 
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should use to make their decisions (the learnt and explicitly shown information), we tested the 

combined data from both groups using ANOVAs or one-sample two-sided t-tests.  

 

The following group differences were analysed: Firstly, to test whether the groups differed in 

their learning speed or the use of learnt information, the regression weights for the past reward 

and effort magnitudes (effort values were sign-reversed ) were entered into a 2 (valence – 

reward/effort) x 4 (time steps in the past) x 2 (group) ANOVA. In this analysis, a difference in 

learning speed would be indicated by a group x time interaction, a different sensitivity to reward 

vs. effort would be reflected as a group x valence and interaction and finally, a different 

sensitivity to both types of learnt information would result in a main effect of group. Secondly, 

to test whether the groups differed in how they used the explicitly shown information, the 

regression weights for the shown probability were compared using t-tests. Thirdly, to test for 

differences in the tendency to repeat a previous choice (‘perseveration’), we compared the 

constant, indicating a tendency to stay rather than switch beyond value differences of the option, 

of the regression analysis using a t-test. 

 

Decision regression with learnt dimensions as Bayesian values 

As explored in the introduction (chapter 1.1) and experimental chapters 2 and 3, a key 

component of learning models is the prediction error, i.e. the difference between the actual and 

the expected outcome. While the analysis above (dGLM1) could measure a proxy of learning 

(ANOVA: effect of time), it did not directly contain the prediction error itself, i.e. a key 

component of learning as discussed in the chapter 3, explicitly. To address this (dGLM2), we 

again followed the approach from chapter 3 (and also Chiu et al. (2008)): we used the same 

Bayesian model as described in chapters 2 and 3 to create trial-by-trial predicted reward and 

effort values for the current experiment. We then split these values into their components, 

namely the predicted value preceding the last outcome and the prediction error of the last 
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outcome. Including these regressors in the analysis from above we replaced the past trial 

outcomes for reward and effort magnitudes. We then tested whether the groups differed in their 

use of the Bayesian predictions and PEs using a 2 (Valence: reward/ effort) x 2 (type: last trial 

prediction / PE) x 2 (group) ANOVA. As follow-up tests, we performed two ANOVAs, 

separately for the last trial prediction weights and the last trial prediction error weights. 

 

Decision regression – motivational fluctuations  

As an exploratory analysis, we tested whether fluctuations in trial-by-trial motivation might have 

effects on choice. We hypothesized that having or not having to exert an effort on one trial might 

affect how much participants value the different dimensions at the time of choice on the next 

trial. For example, they might feel more motivated after not having had to exert an effort on one 

trial, leading them to take reward more into account on the current trial or conversely, they might 

feel less motivated after having had to exert an effort and might therefore try harder to avoid the 

effort on the current trial. To measure this effect, we performed a regression analysis (dGLM3), 

which included a measure of whether effort on the last trial affected how much the other decision 

relevant information was taken into account in the current trial. The three regressors of interest 

where interactions of effort type on the last trial (real vs. hypothetical) with: 1) relative (in 

favour of stay minus in favour of switch) probability, 2) relative reward and 3) relative effort 

magnitudes (from Bayesian model). As regressors of no interest, we also included the relative 

probability, learnt reward and effort Bayesian values and the effort type. We then entered the 

resulting regression weights for the interaction regressors in a 3 (type: probability, reward, 

effort) x 2 (group) ANOVA. 

 

Effort exertion 

Previous studies looking at the effects of depression on effort-based decision making have often 

examined mostly physical effort, such as squeezing of a hand dynamometer. Less is known 
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about how depression effects exertion of effort that also has cognitive components, such as 

movement planning. In the present study, the effort participants needed to exert was physical – 

moving a mouse cursor using a trackball mouse -, sustained – effort exertion phases lasted up to 

30s – and also involved a cognitive planning element – participants needed to plan in which 

order to select the effort targets. 

 

From this more complex effort behaviour, we could obtain several behavioural measurements. 

Firstly and most coarsely, we measured how long participants took on each trial to complete the 

effort and on what percentage of trials they managed to complete it successfully.  

 

Secondly, we could also obtain two measure related to motivation. We measured the rate of 

clicking with the mouse during the effort exertion, which we found (chapter 2) to be sensitive to 

incidental reward levels. In the present experiment, the reward received (or of the unchosen 

option), as well as the probabilities associated with them should again be irrelevant for 

performing the effort: they have no influence on how the effort should be exerted or on the 

potential punishment for not completing the effort. To measure whether indeed participants’ 

clicking rate showed this pattern in the current study we performed a regression analysis 

(eGLM1) predicting clicking rate, based on the probabilities and the effort and reward magnitude 

outcome of both the chosen and the unchosen options. We also included as confound regressor 

whether the data was collected in the session inside or outside the scanner. This was because 

while participants had to lie down inside the scanner, which made using a trackball mouse 

somewhat uncomfortable, they sat upright in front of a computer in the session outside the 

scanner. The regression was performed using matlab’s glmfit with a ‘log’ link function (poisson 

distribution) because visual inspection of the clicking rate data suggested that it was not 

normally distributed (as also found in chapter 2).  
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We also measured the trajectories along which participants selected the effort targets as a 

measure of planning. Specifically, we recorded where participants clicked when they selected an 

effort target and at what time. From this we reconstructed the total trajectory of each trial and 

from this the relative trajectory length per target (as a measure that is more comparable across 

trials than the total trajectory length). We used this measure instead of the actual mouse cursor 

trajectory of mouse movement on each trial, as this data was not available. To test whether 

motivational factors affected this measure, we performed a regression analysis (eGLM2) with 

the same predictors as above, but this time using an ‘identity’ link function (normal distribution) 

as this data visually appeared normally distributed. The resulting regression weights for reward 

and probability were then entered into a 2 (valence: reward, probability) x 2 (choice: chosen, 

unchosen option) x 2 (group) ANOVA.  
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5.3 Results 

Participant characteristics 

The two groups were well matched in terms of age and years of education (all p>0.8). There 

were strong differences (all p<10-4) between the groups in all questionnaires (table 1), i.e. they 

differed in symptoms of depression (BDI, HRSD), anxiety (Spielberger Trait/State anxiety), 

anhedonia (SHAPS, BDI anhedonia subscale), apathy (Starkstein scale), positive and negative 

affect (PANAS) and motivation (Persistence subscale of the Temperament and Character 

Inventory). Notably, while the BDI-II values in the dysphoric group (mean 32±3.0) indicated 

severe depression, their HDSR values (mean 16.0±1.5) only indicated mild depression. 

According to the SCID, 12 of the dysphoric participants fulfilled criteria for major depression 

while 5 did not. Incidentally, we also observed that several participants expressed confusion with 

respect to what the questions of the Starkstein Apathy questionnaire asked of them – e.g. 

whether ‘Are you concerned about your condition?’ meant whether they cared about how they 

felt or whether they thought they had health problems. This suggests, that the results from this 

questionnaire need to be interpreted cautiously.  
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Table 1. Mean and standard errors of questionnaire scores for the control and the dysphoric 
group. P-values indicate the result of two-tailed between-subject t-tests. Abbreviations: BDI 
(Beck Depression Inventory) –total: summed score across all items, BDI – anhedonia: score of 
anhedonia items, BDI - not anhed.: score of BDI items excluding anhedonia items; HRSD 
(Hamilton Rating Scale for Depression) – total: summed score of all items, HRSD - item 7: score 
of the ‘work and activities item’; SHAPS (Snaith-Hamilton Pleasure Scale) – vas: sum of scores 
when coded ranging from 1 to 4, SHAPS – binary: sum of scores when coded as 0 or 1; 
Persistence – subscale from the Temperament and Character Inventroy; Apathy - from 
Starkstein Apathy scale; Trait and state anxiety from Spielberger Trait/State anxiety scale; 
PANAS (Positive and Negative Affect Schedule): positive items and negative items subscores. 
 
We calculated the correlations among questionnaire items (Fig. 2), separately for controls and 

dysphorics. Looking at these correlations is particularly relevant for the dysphoric group, as it 

can tell us whether – even though they differ from controls on all these measures – the 

questionnaires measure different symptoms of depression. However, it is important to keep in 

mind that in actually, this can only tell us whether we are measuring different dimensions of 

subjective reporting of symptoms, not whether we are measuring different behavioural or neural 

dimensions. For this it will be necessary to correlate these questionnaire measurements – if they 

cover different dimensions – with different behavioural and neural measures. 

 

Overall, there were strong correlations among many of the different measures used (Fig. 2B). 

Particular exceptions to this pattern were persistence, apathy and positive PANAS scores. This 

suggests that while many of the questionnaires measured at least partially overlapping 

constructs, some measured separate constructs. Scores of depression measured with BDI or 

Control Dysphoric p-value
Aged 24.2±1.3 24.2±1.0 0.9
Education (yrs) 15.2±0.4 15.2±2.2 0.9
BDI - total 0.2±0.2 32.1±3.0 5*10-12

BDI - anhedonia 0.0±0.0 5.7±0.7 3*10-9

BDI - not anhed. 0.2±0.2 26.4±2.4 3*10-12

HRSD - total 0.5±0.2 16.0±1.5 10*10-12

HRSD - item 7 0.0±0.0 2.1±0.3 2*10-9

SHAPS - vas 17.9±1.1 33.7±1.5 1*10-9

SHAPS - binary 0.3±0.2 5.9±0.9 5*10-7

Persistence 15.5±0.8 9.4±1.1 2*10-4

Apathy 6.8±1.1 19.8±1.6 2*10-7

Trait anxiety 25.1±0.9 58.4±2.4 3*10-14

State anxiety 24.8±1.2 52.3±2.7 2*10-10

PANAS - positive 35.4±1.5 19.2±2.1 3*10-7

PANAS - negative 10.6±0.3 25.5±2.5 2*10-6
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HDSR were strongly correlated (p<0.01). This suggests that they indeed both capture the same 

construct of ‘depression’. Both questionnaires also strongly correlated with trait and state anxiety 

and with negative affect scores, which is unsurprising given the high rates of comorbidity and 

shared symptoms between depression and anxiety disorders (Mineka et al., 1998).  

 

A questionnaire measure that is particularly relevant to reward processing is anhedonia. The two 

measures of anhedonia, BDI anhedonia items and SHAPS, correlated with each other (p<0.05). 

SHAPS anhedonia did not correlate with the non-anhedonia items of the BDI, suggesting that it 

may measure a separate concept to the non-anhedonia items. However, it is also of note that the 

anhedonia items in the BDI strongly (p<0.001) correlated with the non-anhedonia items of the 

BDI. Surprisingly, SHAPS anhedonia scores did not correlate with positive affect in the PANAS, 

suggesting reporting feeling pleasure in response to imagined positive events is not the same as 

reporting currently felt positive emotions. Furthermore, SHAPS anhedonia scores did not 

correlate either with persistence scores, suggesting that, at least to some extent, unwillingness to 

exert an effort in depression may be more than just the result of reduced enjoyment of the 

rewards that can be obtained through exerting an effort. 
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Figure 2. Correlations between questionnaire scores. A) Correlations within the control group 
(n=17), B) Correlations within the dysphoric group (n=17). Colours indicate the strength of the 
correlations (r-values), while significance of the correlations are indicated as: *p<0.05, 
**p<0.01, ***p<0.001. Black squares indicate where no correlations could be computed for the 
control group because all participants indicated the same score. 
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Decision Regression analyses 

Regression with learnt dimensions as past trial outcomes 

We performed a regression analysis to assess whether dysphoria affected specific components of 

reward/effort guided decision making and learning (fig 3A, dGLM1). In the regression analysis, 

we predicted whether participants selected the same option again as on the last trial (‘stay’ with 

the last choice) or whether they selected the alternative option (‘switch’ to the alternative). We 

found that participants across the two groups used all the relevant information to make their 

choices: they were more likely to select an option if it had a lower probability of requiring effort, 

had been associated with higher reward magnitudes and lower effort magnitudes in the past (all 

p<0.001). Furthermore, participants also evidenced learning, seen as a decrease in impact of 

outcome information that was more trials ago in the past (ANOVA, effect of time: F(3, 96)=63, 

p<0.001). Different from the results in chapters 2 and 3, in this specific analysis, there was no 

main effect of the irrelevant information – i.e. of whether effort had to be exerted on the last trial 

– affecting the current choice in either group (t(33)=0.09, p=0.93).  

 

Next, we examined whether controls and dysphorics differed in their learning or how they used 

the learnt information to make choices. We found that they did not differ in their learning speed 

for reward or effort magnitudes (ANOVA, group x time interaction: F(3, 96)=0.08, p=0.97). 

However, dysphorics used the learnt information – across both effort and reward – less than 

controls when making decisions (ANOVA, main effect of group: F(1, 32)=4.79, p=0.036). This 

was in the absence of changes to the use of the explicitly shown probability information (t(32)=-

0.135 , p=0.89). This pattern of results is in support of a reduced sensitivity to value information 

that was learnt. Additionally, while participants in general had a strong tendency to ‘stay’ with a 

previously chosen option, this again did not differ between the groups (t(32)=1.048, p=0.30). 

 

 



	 	 	 192	
	

Regression using Bayesian values of learnt reward and effort 

In dGLM1, learning behaviour only be measured somewhat indirectly as slope of how past 

outcomes were weighted. To measure this learning again using a different approach, we 

performed a separate regression analysis, dGLM2 (Fig. 3Bi), which included prediction errors 

(PEs) for reward and effort as markers of learning. At the same time, this analysis also included 

the prediction prior to last trials outcome. This allowed us to find that the groups differed in how 

much their decisions were influenced by the last trial PEs compared to the previously learnt 

predicted values (ANOVA, type x group interaction F(1, 32)=4.468, p=0.042). Follow-up 

ANOVAs revealed that more specifically, dysphorics used the past predictions less than controls 

(ANOVA, main effect of group: F(1, 32)=3.747, p=0.062). This result was reminiscent of the 

analysis above (dGLM1) that also found that learnt information was used less by dysphorics. At 

the same time, the groups did not differ in how much their choices were influenced by the last 

PE (F(1, 32)=0.646, p=0.427). This result can again be related to dGLM1, which found no 

difference in the learning speed between the groups. 

 

Relationship between decision making and questionnaire measures of depression and 

anhedonia 

Lastly, we sought to see how measures of learning (i.e. regression weights for the prediction 

errors derived from the Bayesian model, Fig. 3Bi) correlated with questionnaire measures of 

either depression (BDI, HRSD) or anhedonia (SHAPS, BDIa) across both groups of participants 

combined, controlling for group (partial correlation). In other words, we tested whether these 

questionnaire measurements correlated with the behavioural measures beyond any main 

differences across the two groups. There were no correlations between any of the regression 

weights for either reward or effort reward PEs (i.e. measuring learning specific to one 

dimension) or their average (i.e. measuring learning across both dimensions) with any of the 

questionnaire measures (all p>0.2 for either parametric (Pearson) or non-parametric (Spearman) 
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correlations. Next, as a confirmatory analysis of the group difference trend seen in the above 

analysis, we analysed correlations between the questionnaire measures with how much learnt 

information was used (i.e. regression weights for the last trial predicted reward or effort value 

derived from the Bayesian model, Fig. 3Bi). How much participants used the learnt information 

correlated negatively (parameteric, Pearson correlation) with measures of depression (BDI: 

p=0.019, r=-0.40; HRSD: p=0.044, r=-0.35) and anhedonia (BDIa: p=0.031, r=-0.37; SHAPS: 

p=0.010, -0.44). This suggests that participants who were more depressed or more anhedonic 

relied less on the learnt information when making decisions. However, once group assignment 

was controlled for, these correlations were no longer significant (all p>0.1). Similarly, when we 

only tested these correlations within the dysphoric group, none reached significance, though 

there was a trend for the BDI scores towards significance (p=0.07, r=-0.45; BDIa:  p=0.19, r=-

0.33; BDIna: p=0.06, r=-0.46). This suggests that within the dysphoric group, people with higher 

symptoms of depression tend to also be more affected in their use of learnt information when 

making decisions. 

 

Decision making – motivational fluctuations 

Lastly, we performed an exploratory analysis (dGLM3) to assess whether the effort being real or 

hypothetical – which might lead to motivational fluctuations - across trials influenced decisions. 

Specifically, we measured whether having to exert effort on one trial might influence 

participants in how much they take certain dimensions into account when deciding on the next 

trial. The analysis revealed that across both groups, participants took the decision relevant 

dimensions in account differently as a function of having had to do effort on the last trial 

(ANOVA, main effect of intercept: F(1, 32)=4.49, p=0.042). Follow-up t-tests/ non-parametric 

tests revealed that this was in particularly true for reward: participants took reward more into 

account after not having done effort (effort type interactions with reward: z=-2.4, p=0.016; with 

effort: t(33)=0.249, p=0.81; with probability: z=1.359, p=0.174). This however did not differ 
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between the groups (all p>0.13). As an aside, we also noted that, different from the results 

before, there was now a significant main effect of real/hypothetical (t(33)=-2.713, p=0.011). 

Participants tended to chose an option more if it had been associated with hypothetical rather 

than real effort on the last trial. This effect was thus conceptually the same as the effect found in 

chapters 2+3 for real vs. hypothetical reward. This difference in results between this and the 

previous regression analyses could be due to the fact that, here, we controlled for other potential 

effects of effort type (having a main effect on the decision, as well as influencing other choice 

variables). In other words, these effects may only become clear when controlling for the other 

factors at the same time. Additionally or alternatively, it is possible that in this task the main 

effect of real/ hypothetical effort was weaker than the effect of real/ hypothetical reward in the 

previous chapters and therefore harder to detect. This could be so because effort type (real vs. 

hypothetical) might be processed in other brain areas than reward type and these areas may be 

less sensitive to biases.  
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Figure 3.  Decision data analysis. A) A regression analysis (dGLM1) showed that participant 
were more likely to stay with an option (i.e. chose it again) rather than switch to the alternative 
when relative (in favour of the ‘stay’ minus the ‘switch’ option) probability of effort shown at the 
time of choice was lower and when the reward/effort magnitude on the past one to four trials (t-1 
to t-4) had been higher/lower (i). The dysphoric group used the learnt information less when 
deciding compared to the controls (ANOVA, main effect of group: F(1)=4.79, p=0.036), but did 
not differ in their speed of learning (ANOVA, group x time interaction: F(3)=0.08, p=0.97). This 
effect is shown again in ii) where the average regression weight of the learnt information 
(average of t-1 to t-4 for reward and (sign reversed) effort) is shown. B) A regression analysis 
(bGLM2) including the learnt dimensions as prediction errors (PEs) and predictions, based on a 
bayesian model, found that while dysphorics took the learnt predictions less into account when 
making decisions, but used the prediction error – i.e. learning signal – similarly. C) A regression 
analysis, again using predicted values from a Bayesian model, showed that across both groups, 
participants were more influenced by the learnt reward dimension when making their decision if 
they had not had to exert effort on the previous trial (z=-2.4, p=0.016).  
 
 
Effort exertion behaviour 

The effort exertion behaviour was analysed with the aim to understand whether dysphoria affects 

how effort is exerted and how this is modulated by motivational factors. Different from chapter 

2, we could use data from both the session inside and outside the scanner for analysis of the 

execution phase as the trackball mouse measurements in the present study functioned with very 

high accuracy in both sessions. Participants needed on average to do the effort phase on 79.1 

(inside the scanner) and on 79.8 (outside the scanner) trials out of 124. Out of these, they on 

average did not manage to complete the effort on 2.0% (inside the scanner) or 0.3% (outside the 

scanner) of trials. Dysphorics were more likely to not complete the effort successfully 

(t(21.3)=2.42, p=0.024; 99.4±0.2% of trials completed successfully for controls and 98.3±0.4% 

for dysphorics). The trials on which participants failed to complete the effort were excluded from 

further analyses. In the remaining trials, there was still a trend for the dysphorics to take longer 

to complete the effort phase (t(32)=-1.864, p=0.071; 12.9±0.3s for controls and 13.7±0.3s for 

dysphorics). Additionally, parametric correlations across all participants similarly showed that 

the time to complete the effort phase correlated positively with measures of depression (BDI: 

p=0.042, r=0.35; HRSD: p=0.023, r=0.39). Time to complete the effort phase also correlated 

with some measures of every day motivation, namely the HRSD item 7 (p=0.0084, r=0.44) and 

the Persistence score (p=0.068, r=-0.32). When either including group as a controlling factor in a 
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partial correlation, or performing the correlations only within the dysphoric group, the only 

correlation that remained significant was between time to complete the effort phase and HRSD 

item 7 (p=0.047, r=0.49; all others: p>0.1). 

 

In the first analysis (eGLM1) we tested whether the reward or other valence dimensions affected 

motivational vigour, approximated by clicking rate (Fig. 4A). Different from the results in 

chapter 2, we failed to find such effects with either the reward of the chosen or the unchosen 

option affecting clicking rate (both p>0.5), or any group differences in this (both p>0.3). 

Similarly, we found no correlations between these measures of motivations with any 

questionnaire measurements (all p>0.1 for either parametric or non-parametric correlations). 

 

In the second analysis (eGLM2), we tested whether the different valence aspects of the outcome, 

that should be irrelevant for executing the effort, influenced motivational trajectory planning 

(Fig. 4B), i.e. the average length of the path they took with the mouse between two targets. We 

found that across both groups together, this measure was modulated by the chosen and unchosen 

probabilities and reward magnitude outcomes (ANOVA, main effect of intercept: F(1, 

32)=18.363, p<0.001): The higher the reward and the lower the probability of the chosen option 

(and vice versa for the unchosen option), the better participants were at planning efficient, i.e. 

shorter, distances between chosen targets. Qualitatively, this effect was present separately in 

both the data collected inside and outside the scanner. However, this effect differed between the 

two groups with the dysphorics showing this motivational modulation to a lesser extent 

(ANOVA, main effect of group: F(1, 32)=4.897, p=0.034). 
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Figure 4. Effort exertion behaviour. A) Regression analysis of the effect of different motivational 
aspects on rate of mouse clicking. There was no motivational effect for reward outcomes of the 
chosen or the unchosen option. B) Regression analysis examining the effect of different 
motivational aspects on mouse movement trajectory planning (relative trajectory length per 
effort target. While controls were strongly affected by incidental motivational aspects of reward 
outcomes and effort probabilities of the chosen and unchosen options, this effect was reduced in 
the dysphoric group (F(1)=4.897, p=0.034). Note units of the y-axis are arbitrary 
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5.4 Discussion 

For learnt information to guide behaviour adaptively it is important to be able to learn separately 

about different types of value information. Furthermore, when making choices the different 

dimensions of the learnt information need to be integrated. Depression has been associated 

specifically with impairments in reward learning (General introduction section 1.2.1). However, 

because value learning contains multiple aspects, it is still unclear whether the behavioural 

deficits seen in depression were due to impairment in the speed of learning, insensitivity to 

rewarding information (blunting) or impairment in using the learnt information to make 

decisions. To address this question, we tested dysphoric participants and healthy controls in a 

multi-dimensional learning task in which they learned concurrently about reward and effort 

magnitudes. Using this learned information as well as explicitly shown effort probability 

information, they repeatedly chose between two options.  

 

Learning in depression 

Using two separate model-based logistic regression analyses, we dissociated different 

components influencing decision making and learning. We found that while dysphoria did not 

affect the learning speed, it did reduce how much participants relied on the learnt information 

when making decisions.  

 

This finding agrees with other studies reporting deficits in improving performance with practice 

across trials in depression (Cella et al., 2010; Herzallah et al., 2013; Mueller et al., 2015; Must et 

al., 2006; Pechtel et al., 2013; Remijnse et al., 2009; Taylor Tavares et al., 2008; Thoma et al., 

2015; Vrieze et al., 2013). At the same time, our study is also in agreement with others that have 

not found learning speed – rather than other aspects of learning more generally – to be affected 

in depression (Gradin et al., 2011); Huys et al. (2013); Kumar et al. (2008); Kunisato et al. 

(2012). We however also note that on the other hand, some studies have found that depression 
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changes updating of predictions (Chase et al., 2010; Garrett et al., 2014; Korn et al., 2014). As 

discussed in detail in the General Introduction (section 1.2.1), these results may be specific to the 

updating of personal odds of negative life events in the light of information about population 

level risks specifically, rather than learning more generally. 

 

Our results are particularly related to Huys et al. (2013) and Kunisato et al. (2012) who found 

that depression, or specifically the symptom anhedonia, was not related to a change in learning 

speed, but related to the sensitivity to reward or choice stochasticity. While sensitivity to 

rewarding (or punishing) information is conceptually different from overall choice stochasticity, 

previous studies have not dissociated between them. In our design however, we could 

differentiate between them because participants needed to learn about how rewarding and 

effortful two options were at the same time and integrate this with explicitly shown effort 

probabilities. We could therefore show that neither dysphoria, nor anhedonia more specifically, 

were associated with generally more stochastic decision making or behaviour, but instead 

dysphoria was specifically with a reduced sensitivity to learnt information that was either 

rewarding or punishing: while dysphoric participants used the learnt information less when 

making their decisions, they could use the explicitly shown information equally well. 

 

There could be different reasons for the reduced use of learnt information. Firstly, it could be due 

to blunting, i.e. reduced sensitivity to different types, positive or negative, of valenced 

information that has been described in depression in a non-learning context before (Bylsma et 

al., 2008). However, if this was the case, it would not explain why dysphoric participants used 

the learnt information less to make choices, but not the, also valenced, explicitly shown 

information. Secondly, it could be that dysphoric participants were less motivated to do the task 

well and that this would particularly show in the most difficult component of the task, namely 

learning about the rewards and efforts, rather than just relying on the explicit information. If this 
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was true, then one could also have expected dysphoric participants to try avoiding other effortful 

(and thus requiring motivation) components of the task. However, dysphoric participants did not 

show a selectively increased sensitivity to avoiding the effort task.  

 

Thirdly, it could be that dysphoric participants learn the rewarding and effortful information 

equally well, but thought that they did not, i.e. had reduced confidence in their learnt estimates 

(as suggested in other contexts (Fu et al., 2005; Spada et al., 2008; Yilmaz et al., 2011), but not 

universally (Sarisoy et al., 2014)). In this case, it would be reasonable to rely less on the learnt 

information compared to the explicit information, because they would perceive it as less reliable. 

To test more directly whether this was the case, future studies should measure confidence in 

learnt information more directly. Fourthly, it could be that, as suggested in other studies (Gradin 

et al., 2011; Kumar et al., 2008) our behavioural analyses were less sensitive to finding effects of 

learning speed than analyses of neural (fMRI) data could be. This could mean that there were 

actually learning effects that we could not detect with the behavioural analyses. To address this, 

fMRI data we acquired will be essential. It is noteworthy in this context that our design of 

learning reward/effort magnitudes, rather than probabilities, means that neural prediction error 

signals at the time of the outcome can be dissociated from outcome signals. This would allow 

answering the question more firmly which parts of the learning process are affected. 

Additionally, we can use the fMRI data, to further understand difference between the groups in 

terms of effort and reward learning and choice, beyond what we can observe behaviourally. 

Particularly, we can hopefully dissociate between neural activity which allowed the dysphoric 

group to 'function' in the paradigm compared to potentially distinct motivational activations in 

the controls.  
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Effort and motivation in depression 

The effort that participants had to learn about was of mixed physical and cognitive nature. They 

had to move a mouse cursor (physical effort) to select targets on a computer screen. While doing 

so, they were free to plan and decide their trajectory and had to attend to different parts of space 

and the targets appearing i.e. (cognitive effort).  

 

We found that dysphoric participants were more prone to failing to complete the effort task 

within the time limit and that symptoms of depression, and in particular every day motivation, 

were related to taking longer to complete the task. This is in agreement with a large body of 

previous research finding different kinds of motor retardation in depression (Buyukdura et al., 

2011). It is theoretically possible that an increased risk of failing the task would make 

participants more sensitive to the effort dimension, despite such probabilities being generally 

very low. However, surprisingly, dysphoric participants were, if anything, less sensitive to the 

effort when making decisions. This result is furthermore in disagreement with some previous 

studies that found that depression or anhedonia was related to a decreased willingness to exert 

effort and a decreased willingness to exert more effort for more reward (which would correspond 

to an increase impact of the effort level on choice on our task) (Treadway et al., 2009; Treadway 

et al., 2012; Yang et al., 2014; Yang et al., 2015); though this result has not been found by all 

studies (Clery-Melin et al., 2011; Sherdell et al., 2012). This difference in results could be due to 

about 1/3 of our sample not reaching levels of clinical depression (though other studies that also 

failed to find effects of depression on effort decision behaviour (Clery-Melin et al., 2011; 

Sherdell et al., 2012) included MDD patients). Alternatively, differences could be due task 

differences (e.g. effort being embedded in a learning task, presenting options with varying levels 

of effort, rather than one default option) or our group sample consisting of large highly 

functioning university students.  
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This task also allowed us to measure both cognitive motivation, i.e. efficiency of participants’ 

movements trajectories, and invigoration, i.e. speed of clicking. We found that the control group 

modulated their planning as a function of incidental motivational factors. When the relative 

reward and probability associated with their chosen option were more favourable, they optimized 

their movement trajectories to be shorter. This effect was absent in the dysphoric group. This 

suggests that in the domain of cognitive effort, depression is associated with a reduced 

sensitivity to incidental motivational stimuli. Again, we note that this was distinct from effects of 

the same dimensions on choice: the dimension of probability did not have less influence on the 

choices in the dysphoric group.  

 

Surprisingly, while the questionnaire self-reports of the dysphoric participants about motivation 

in daily life suggested very marked motivational problems compared to controls, our 

measurements of effort-based decision-making and actual effort exertion behaviour only found 

relatively small differences. This could be because dysphoric participants’ self-reports were 

exaggerated. Alternatively, the task used here did not tap into the same kind of motivation that is 

relevant for real-life behaviour, though we note that some features of the task, such as duration to 

complete the effort did correlate with self-report measures of real-life persistence. One striking 

difference from daily life is that in this study, participants had to decide on every trial between 

two concrete options. In contrast, in daily life, one may instead be faced with doing a default 

action – such as lying in bed – and then have first to motivate oneself that one should now decide 

whether to continue the default or engage in an effortful activity. Further studies, for example 

using designs inspired by the foraging literature (e.g. Constantino and Daw (2015), should look 

at this kind of situation in more detail. 
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Conclusion 

Using a novel reward and effort learning task, we dissociated learning behaviour into different 

components. We found that while dysphoria did not affect the speed of learning, it reduced how 

much participants relied on the learnt information. This highlights the importance of dissociating 

different components of complex behaviours to understand which ones are affected by 

psychopathology.  
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6 General discussion 

Depression is a multi-facetted illness with a diverse set of possible symptoms. Several of these 

symptoms are related to psychological aspects of reward or punishment processing, such as 

decision-making and learning. Using a computational approach, these concepts can be 

mathematically formalized, thus allowing measurements of specific cognitive and neural 

mechanisms. The experiments in this thesis then examined these processes in the context of 

depression and commonly used or putative treatments.  

 

6.1 Neural and behavioural mechanisms of learning in complex, naturalistic 

environments 

Experiments in chapters 2, 3 and 4 examined the basic cognitive and neural mechanisms of 

learning in complex, naturalistic environments. For this, I firstly designed novel tasks in which 

human participants needed to concurrently learn the reward and effort magnitude values of two 

options and chose between them based on this information. Learning in complex environments 

of this kind posed specific challenges for participants that went beyond those encountered in 

simpler environments in which for example only one kind of information needs to be tracked at 

any given time: Participants needed to simultaneously keep a large amount of information in 

mind and update or learn about it. Importantly, as part of this, they needed to learn about and 

remember the different kinds of information, i.e. about reward and effort, separately, rather than 

integrate them into one dimension such as ‘feeling of preference for one option’. Participants 

needed to then use this learnt information correctly, namely ensuring that they only based their 

decisions on relevant information, while at the same time ignoring irrelevant information that 

they might also be learning about. Furthermore, while choosing, it was also important to 

integrate information from the different dimensions using the appropriate strategy, e.g. 

representing value as a multiplicative interaction between reward magnitude and probability 
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rather than as a linear sum. In the experimental chapters 2 and 3, I showed that these different 

processes rely on different brain areas, as well being influenced by different neurotransmitter 

systems. 

 

I found that participants were generally able to learn about this diverse information and use it for 

choices and that this learnt information was represented widely in neural networks that had 

previously been associated with learning and decision-making. However, I also found (chapter 2) 

that participants were biased by irrelevant reward information; they were biased towards 

choosing information that had in the past been paired with an irrelevant reward dimension. 

Neurally, I found that this bias was associated with processing in the ventral medial prefrontal 

cortex (vmPFC) and the amygdala. On the other hand, the ability to overcome this bias was 

associated with the lateral anterior prefrontal cortex (aPFC), another prefrontal area. Another 

way to look at the ‘ability to overcome a reward bias’ would be to call it ‘model-based’ 

behaviour: participants needed to use a model of the world – namely, only the relevant 

dimensions should be learnt while the irrelevant reward should not be learnt about and ignored 

for future decisions. It is of special note in this context that other studies in the past have 

identified the vmPFC with promoting model-based behaviour (see 1.2 General Introduction). 

The results of chapter 2 are therefore also important for highlighting that model-based behaviour 

is not a unitary process and instead, it might be more appropriate to consider each specific 

behaviour separately. 

 

Another challenge of learning in naturalistic environment for participants was learning about 

each dimension of reward/punishment separately without being influenced by the other 

dimensions (chapter 3). I found that participants’ learning about reward information was 

interfered with by negative information present at the same time: the more negative the other 

information, the worse their learning about reward information. This effect could be due to 
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competition of the different dimensions to be learnt for limited processing resources. We found 

that this bias was ameliorated when the neural reward learning signals were enhanced by 

increasing serotonin levels (see below).  

 

At the same time as the information needed to be kept separate during learning, it also needed to 

be integrated for making decisions. In other words, the good and bad of each option needed to be 

weighed up against each other to eventually produce one decision, namely choosing one option 

or the other. I found across all studies (chapters 2-5) that while participants took into account all 

information when making decisions, they did not integrate it optimally. Instead, they had a 

strong tendency to rely on a heuristic strategy, presumably for ease of implementation. 

Interestingly, I again found that this integration mechanism was specific and could be modulated 

selectively using a drug manipulation (NMDA study, chapter 4, see below). 

 

In summary, chapters 2, 3 and 4 showed that successful learning behaviour in complex, 

naturalistic environments relies on a myriad of different cognitive and neural mechanisms that 

go beyond those observed in more simple environments. I also found that, because these 

mechanisms rely on different neural substrates, they could be modulated independently from 

each other using for example different pharmacological manipulations (discussed in more detail 

below). It will be important in the future to address whether these mechanisms are affected 

differently by diverse psychiatric disorders that involve deficits in reward guided learning or 

decision-making. If this were the case, it would suggest specific treatments tailored to these 

problems that could be most relevant for specific disorders. 

 

One of the learning mechanisms that were not affected by the pharmacological manipulations 

used here was the ability to overcome the bias to repeat choices that had been associated with 

irrelevant rewards in the past, i.e. ignoring very salient information that is irrelevant for future 
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choices. Therefore, another future direction of research could be to examine whether this process 

can be modulated directly. As I found the lateral anterior prefrontal cortex to be particularly 

important in this process, a simple first step would be to modulate activity in this region. As this 

region lies on the surface of the brain, it is accessible to both electrical (transcranial direct 

current stimulation, tDCS) and magnetic (transcranial magnetic stimulation) brain stimulation. 

Therefore, an experiment could test firstly whether this region really plays a causal role. This 

would thus go beyond the correlational evidenced based on fMRI that was provided in this 

thesis. Secondly, an experiment could test whether it might even be possible to enhance this 

ability to overcome reward biases by enhancing activity in this area. 

 

6.2 Serotonin and learning 

The most common treatment for depression are selective serotonin re-uptake inhibitors (SSRIs). 

There are different theories of how they function that either highlight the role of serotonin in the 

coding of valence (how positive or negative something is) or in neural plasticity – the latter one 

based almost exclusively comes from animal studies (see 1.3 General Introduction). 

Experimental chapter 3 addressed the question whether firstly these presumed plasticity effects 

are found in humans when SSRIs are given at clinical relevant doses. Secondly, whether the 

plasticity effects lead to behavioural effects in behaviours relevant for depression, such as value 

based learning. And thirdly, whether the plasticity/ learning effects are simply secondary to 

changes in valuation of rewards or punishments as could be expect from a purely valenced-based 

view of SSRI action. For this, I measured the effects of prolonged (20mg citalopram/day for 2 

weeks) manipulations of serotonin on behavioural and neural learning of both appetitive 

(monetary reward) and aversive (effort information) as a proxy for plasticity.  

 

I found evidence for enhanced neural learning signals in both the appetitive and the aversive 

dimension. Concurrently, the behavioural results showed an improvement in reward learning 
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behaviour under interference. Thus this supports the view that prolonged increases in serotonin 

at clinically relevant doses can indeed improve neural and behavioural markers of learning. I 

also noted that this was in the absence to the neural coding of reward or effort receipts per se, 

thus suggesting that it is unlikely that the improvements in learning were secondary to changes 

in valence processing. These results should not be taken to mean that serotonin does not play a 

role in any valenced processing – there is also strong support for this view from other studies 

(see 1.3 General Introduction). Instead, these findings highlight that the function of a 

neurotransmitter such as serotonin can only be understood fully by studying it at different 

timescales as new functions that are not predicted from those on other timescales can emerge. 

 

What is the clinical relevance of these findings? At first sight, the fact that neural learning 

signals about negative, and not just positive, information was enhanced might be a concern for 

the role of SSRIs in the treatment of depression. In this context, it has been proposed (see 1.3 

General Introduction) that if SSRIs are given to treat depression they might have mostly 

beneficial effects on mood and depressive symptoms if the environment is positive – and new 

learning about how good the environment is can occur. But that at the same time, SSRIs might 

have mostly negative effects if the environment is negative – and thus new learning reinforces 

the negative views about the self and the environment further. However, it is also possible to 

look at this differently: As our experiment showed, better neural learning is not the same as 

faster learning. Instead, I found that better learning could mean stronger learning signals, i.e. 

learning signals that are more robust to interference. In other words, learning can be improved by 

allowing a clearer representation of the information to be learnt. In real life this could translate to 

having a clearer sense of the true contingencies in the environment. As an example, a person 

could in this way relearn correct predictions about negative outcomes such as that ‘feeling bad’ 

is not because of ‘being a guilty person’, but rather due to some very specific environmental 

event or internal thought. Whether our results really translate to this kind of real-life situation 
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needs to be borne out by further experiments. Another clinical aspect of our results is that 

learning was enhanced in general, which may be relevant for psychological therapies: it may be 

possible that the increased plasticity increases the speed of learning from therapy, which would 

suggest that giving SSRIs in combination with psychotherapy might also be relevant for other 

disorders that would not usually be treated with SSRIs. 

 

As a future direction, it may be important to repeat the study with depressed, rather than just 

healthy control, participants. On one hand it seems likely that serotonin increase would lead to 

plasticity enhancements in this population, based on the robustness of the effect in healthy and 

depressed animals. On the other hand it is nevertheless possible that there may be differences, 

based on some studies suggesting that on a molecular level, some down-stream effects of 

serotonin may differ between depressed and healthy animals.  

 

Lastly, in this study, I could dissociate learning from potential valence effects. While I did not 

find any valence shifts, there is also strong evidence (see 1.3 General Introduction) that 

prolonged administration of SSRIs shift the processing of social cues towards more positive, 

away from negative. As our study did not measure a social dimension, it cannot speak to how 

these effects relate to each other. It is well possible that both exist independently from each other 

and that in terms of clinical benefit, they interact with each other. It could be that social cues are 

perceived as more positive and that at the same time, relearning about these new more positive 

associations is speeded up. Future studies could investigate both phenomena in the same 

participants to determine how they relate.  

 

While this study could answer the question that prolonged increases in serotonin can modulate 

plasticity related learning, it could not answer the question what about the plasticity is related to 

mood. This was for two reasons, firstly because the study used healthy volunteers, the SSRI did 
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not affect their mood. Secondly, because of the potential effects on social valenced processing, 

even if I had found an effect on mood, I would not have known whether they were really due to 

the plasticity. If it was the case that neural plasticity is directly relates to mood (see 1.3.2 General 

Introduction for considerations why this might be so), then a medication that modulates plasticity 

without changing valenced processing should also lead to improvements in mood. I addressed 

this question in chapter 4 where I looked at another pharmacological manipulation of plasticity. 

 

6.3 NMDA-receptors, learning and decision-making 

In chapter 4, I sought to establish whether modulation of the activity of NMDA receptors could 

modulate learning and plasticity in humans. A large number of animal studies (see 1.4 General 

Introduction) have highlighted the importance of NMDA receptors in various kinds of learning. 

On the other hand, human studies have produced less consistent results, often failing to find an 

effect on learning. However, no human study had previously looked at its role in value-based 

learning, which might potentially be a more relevant kind of plasticity in depression, and thus for 

influencing mood, than other kinds of learning. Therefore, instead of measuring the effect of 

manipulating NMDA receptor activity on mood in depressed participants, I first thought to 

establish whether it could indeed modulate plasticity. For this I measured the effects of the 

partial NMDA agonist d-cycloserine (250mg, single dose) on concurrent reward (winning 

money) and punishment (losing money) learning. I found no evidence for any changes in 

learning for either reward or punishment. Similar, in the same participants, we also found no 

evidence for changes in motor sequence learning Günthner and Scholl et al. (in submission).  

 

These results showed that d-cycloserine, at least at the dosage used here, is not well suited for 

studying whether a drug that modulates plasticity can modulate mood directly. We noted (see 

also 1.4 General Introduction) that one problem in using d-cycloserine in general is that while it 

acts as an agonist at low doses, which should enhance learning, its action reverses at higher 
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doses. It is unclear what the specific dose is for different brain regions at which this shift occurs. 

Therefore, future research might prefer to use another NMDA partial agonist, such as serine, that 

has more controlled properties.  

 

The reason that I chose to use d-cycloserine however was that it has been found in several 

studies to increase the speed of different forms of cognitive behavioural therapy (CBT), which 

had been hypothesized to be due to its effects on learning and plasticity (Hofmann et al., 2015). 

Again, our results do not support this view. This however is not to say that d-cycloserine could 

not possibly speed up CBT (though there have been doubts about whether it in fact does speed 

up CBT). Instead, I suggest that it is possibly via a different mechanism. Based on theoretical 

considerations and some experimental data (see chapter 4.1 and 4.4), NMDA receptors have also 

been proposed to play a crucial role in other cognitive functions such as working memory or 

decision-making. Indeed, in chapter 4, I found that d-cycloserine improved how participants 

made decisions. Specifically, I found that participants were better at integrating the different 

dimensions that should influence decisions optimally, rather than relying on heuristic strategies. 

This was again further supported by related findings in a motor learning task (Günthner and 

Scholl et al. (in submission)), in which we found that d-cycloserine shifted how participants 

made decisions, making them decide more slowly, but also more accurately.   

 

The importance of decision-making and the integration of evidence to make decision for 

psychotherapy have not been thoroughly investigated yet. It could be possible that DCS shifting 

a decision bias towards taking more time instead of ‘jumping to conclusions’ could be 

advantageous: DCS could help patients with anxiety disorders, who tend to decide too quickly 

that stimuli in the environment are threatening, to first reflect on the stimulus and then decide 

more accurately. As a consequence, it could be that patients can implement the instructions of 

psychotherapy more correctly and thus show enhancements by DCS. Future studies should 
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address this by measuring effects of DCS on decision-making in paradigms optimized for this 

purpose. 

 

6.4 Depression and learning  

In chapters 2-4, I identified different mechanisms of learning relying on anatomically and 

pharmacologically distinct processes. To know which – if any - of these is most relevant for 

depression, I lastly measured learning behaviour in dysphoric participants (chapter 5). I found 

that dysphoria did not affect how information about reward or effortful stimuli was learnt. 

Instead, depression affected how this information was used for learning: Dysphoric participants 

used the learnt information less compared to controls. 

 

However, as a caveat to these results, it should be kept in mind, as also found in chapter 3 and 

previous studies (see 1.2 General Introduction), that neural learning signals can be more 

sensitive to subtle effects than behavioural measurements. This is potentially so because for any 

given behaviour, different brain areas are involved and code the same information redundantly 

(see chapters 2 and 3). Then even if learning processes might be affected in one brain area, 

another area may be able to compensate so that the overall behavioural output might not be 

affected. Therefore, it will be crucial in the future to analyse the neural data accompanying the 

behavioural data from chapter 5, to have more certainty that there really is no learning deficit in 

dysphoria. 

 

This caveat aside, our results are not in support of a view that mild to moderate depression has a 

strong learning or plasticity component – at least in the domain of reward or effort guided 

learning measured here. Similarly, our results do not support the view that SSRIs help depression 

by restoring a plasticity deficit. This does not mean that increasing plasticity is not a clinically 

relevant function of SSRIs. Instead, it can be that increasing plasticity may be beneficial 
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because, as discussed above, it allows re-learning of faulty associations in depression or it could 

enhance the speed at which psychological therapy can lead to a re-learning of mental habits. 

 

6.5 Technical implications 

The findings of this thesis highlighted the advantage of using a computational approach to 

psychiatric questions. This approach allowed teasing apart different components of behaviour. 

Otherwise, this behaviour was a just a series of binary choice on each trial, with many different 

cognitive and neural processes leading to a single output. However, the findings also showed 

difficulties with this approach: for complex designs, many trials, and therefore potentially long 

testing sessions are needed to acquire enough data. This could be challenging for more severely 

affected patient populations. In the future it may be worthwhile considering simulating data at 

the time of designing an experiment to find out the best ways to optimize paradigms to be at the 

same time sensitive to small differences in behaviour, but also efficient in the number of data 

required to measure these differences.  

 

It is also of note that while there are advantages to adjusting experimental designs across specific 

studies, there can also be disadvantages. For example, using learning about monetary losses 

rather than about effort in chapter 4 allowed collecting more trials in a shorter time, which 

increased sensitivity of the behavioural analyses, mitigating the absence of neural data to further 

support conclusions. However, at the same time this meant that results were less comparable – it 

is unclear whether d-cycloserine might have had an effect on effort learning or whether 

citalopram might not have had an impact on neural learning signals for monetary losses. 

Similarly, while adjusting the learning paradigm in chapter 5 ensured that the task was not too 

effortful for the dysphoric participants to perform, it did not allow us anymore to look at the 

effects of real/ hypothetical reward on reward learning, which was the condition under which the 

behavioural effects of the serotonin manipulations were most obvious.  
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The present findings also underline the usefulness of neural data beyond its role in understanding 

what functions different brain areas have: Neural data can have a greater sensitivity than 

behavioural data, as detailed above. In chapter 3, I found that while a prolonged increase in 

serotonin levels only affected learning quite mildly, I could find larger neural differences in 

specific brain networks. Neural data can also answer questions about cognitive mechanisms that 

go beyond what can sometimes be revealed by modelling. In chapter 2, I found that using neural 

data I could determine the cognitive process of how reward biases are introduced and overcome 

more specifically.  

 

6.6 Conclusions 

In this thesis, I investigated neural and cognitive mechanisms of learning and plasticity in the 

context of depression and pharmacological treatments. In chapter 2, I found specific ways in 

which complex, naturalistic, learning recruits prefrontal brain circuits that are not engaged in the 

same way by more simple kinds of learning. Using the same paradigm, I also found (chapter 3) 

that a serotonergic antidepressant increased learning signals in the brain across both appetitive 

and aversive dimensions. On the other hand (chapter 4), d-cycloserine, a putative novel treatment 

for depression, did not lead to any improvement in reward or punishment learning. Finally 

(chapter 5), I compared these treatment effects to those found, in depression. Depression did not 

lead to a reduced speed of learning. However, depressed participants used the learnt information 

less than controls when making decisions. These results suggest that while depression and the 

most common treatment show some overlap in the processes they affect, this overlap is not 

perfect. Therefore, in the future, novel treatments should try to target those processes that were 

not affected by current treatments. 
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