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Motivation and reward seeking in dorsal raphe nucleus 

 

Abstract 

 

In this thesis, I investigate the role of the dorsal raphe nucleus (DRN) in reward-guided 
behaviour. DRN is an ancient part of the brainstem and an important source of serotonin in 
mammals, but fundamental aspects of its function remain elusive. Here, I present a combination 
of human and non-human primate experiments to argue that DRN controls changes in reward-
seeking. In Ch.III, I use recently developed analysis techniques to show that monkeys exhibit 
motivation-states during a foraging-style behavioural task. These states shaped their baseline 
predisposition to pursue rewards, and were linked to the richness of the environment: a high-
motivation state was occupied when the environment was rich with many high-value 
opportunities, and a low-motivation state was occupied when the environment was poor and 
low-value opportunities abounded. In Ch.IV, I show that distinctive patterns of DRN activity 
occurred when animals transitioned between these states. I then show that disrupting DRN with 
transcranial ultrasound stimulation reduced the frequency of motivation-state transitions and 
prevented animals from reconciling their motivation-state with the richness of the environment. 
Finally, in Ch.V I demonstrate that DRN has a similar role in the human brain. I show that 
human behaviour during a foraging-style task is characterised by temporally persistent 
behavioural policies, and that these policies were set according to the richness of the 
environment. DRN activity signalled changes in behavioural policy, but only for changes that 
were adaptive given the richness of the environment. Taken together, these experiments suggest 
that DRN has a conserved and causal role in reconciling general patterns of reward-seeking 
with general features of the environment.  

 
Luke Priestley 
Dissertation submitted in partial fulfilment of the requirements for the Degree of Doctor of 
Philosophy in Experimental Psychology at the University of Oxford 

Word count: 45.000 
Brasenose College 

Trinity Term 2024 
  



 

 ii 

 
  



 

 iii 

Acknowledgements 

 

First and foremost, I would like to thank my supervisors, Nima Khalighinejad and 

Matthew Rushworth. I will be forever grateful for their kind, patient and percipient guidance 

on all manner of things scientific and personal over the last four years. The fact that they coaxed 

an empirical thesis from someone so temperamentally philosophical is a sure testament to their 

pedagogical abilities!  

I would also like to thank all the other people who have been part of my scientific life 

at Oxford. In particular, I would like to thank Ali Mahmoodi for insightful discussions about 

the experiments in Ch.III–V and beyond – there was never a dull moment in his firebrand 

presence. I would also like to thank William Reith for his meticulous contributions to the 

experiment in Ch.V. In relation to Ch.III–IV, I would like thank Mark Chiew and Mo Shahdloo 

for their assistance with the fMRI recording and reconstruction protocols, and Xinghao Cheng 

and Robin Cleveland for their help with planning and validating the ultrasound brain 

stimulation experiment. I would additionally like to thank all the other members of the 

Rushworth and Klein-Flugge groups who inhabited the Tinsley building throughout my tenure 

– I am fortunate to have spent my time with such genial and passionate people.  

I would like to acknowledge the four macaque monkeys who participated in the 

experiments reported in Ch.III–IV: Ultra, Ulrich, Vampire and Winky. They are complex and 

sensitive creatures, and I did my best to treat them with the respect that they deserve. I will not 

forget them. I would also like to thank all the staff at the Biomedical Services Building involved 

in the care, welfare and training of the monkeys – in particular, Urs Schüffelgen and Andy 

Emberton, for their help with data collection.  



 

 iv 

I would like to thank the Clarendon Fund, Brasenose College, and the Oxford-Australia 

Fund, who generously supported my studies.  

Beyond the scientific, I would like to thank the people who have been part of my life 

in the UK; Ella and Ashna for their love and support; Clemence, Ellie, Fionn, Michał and 

Freddie for their friendship.   

Finally, I would above all like to thank my family: Bella, Anna & Mark; Nancy & Harry; 

Iris & John; Fred. I have enjoyed the rare privilege of pursuing ends of my own design, not just 

in the last four years but throughout my life in general. None of it would have been possible 

without them.    

  



 

 v 

 

 

 

 

 

 

 

 

This work is dedicated to my family:  

Bella, Anna & Mark; Nancy & Harry; Iris & John.



 vi 

Contents 

List of figures x 

Chapter I: Stage-setting 1 

Chapter II: Action, reward and the brain 3 

2.1 What makes a reward worth pursuing? 4 

2.2 Cortico-subcortical circuits for reward-guided behaviour 8 

2.2.1 Reward evaluation in dorsal anterior cingulate cortex and anterior insular 
cortex  9 

2.2.2 Action initiation in the basal ganglia 11 

2.3 Reward-related function of the ascending neuromodulatory systems 12 

2.3.1 What is neuromodulation, and why is it important? 12 

2.3.2 Anatomy of the ascending neuromodulatory pathways 14 

2.3.3 Substantia nigra and ventral tegmental area 17 

2.4.3.1: The serotonin-dopamine opponency hypothesis 19 

2.4.3.2 How is dorsal raphe nucleus neural activity related to rewards? 20 

2.4.3.3 Dorsal raphe nucleus and behavioural change 22 

2.3.5: Habenula 24 

2.4 The present work 25 

Chapter III: A Hidden Markov Model General Linear Model identifies motivation-

states in macaque monkeys 29 

3.1: Introduction 29 

3.2: Results 31 

3.2.1 Animals are more motivated to pursue rewards in rich environments 31 

3.2.2: A Hidden Markov Model identifies motivation-states in behaviour 37 

3.3: Discussion 49 



Contents 

 vii 

3.4: Materials and Methods 53 

3.4.1 Experimental model and subject details 53 

3.4.2 Behavioural training 53 

3.4.3 Behavioural task 54 

3.4.4 Behavioural analysis 57 

3.4.5 General Linear Model Hidden Markov Model 60 

Chapter IV: Dorsal raphe nucleus controls motivation-state transitions in monkeys 65 

4.1 Introduction 65 

4.2 Results 66 

4.2.1 Brain activity in DRN signals the richness of the environment and changes in 
motivation state 66 

4.2.2 Non-invasive disruption of DRN perturbs motivation-state transitions 78 

4.2.3 A cortico-subcortical circuit for reconciling behaviour with the environment 86 

4.3 Discussion 92 

4.4 Methods 95 

4.4.1 Experimental model and subject details 95 

4.4.2 Behavioural training 95 

4.4.3 Behavioural task and analysis of behavioural data 95 

4.4.4 Acquisition, reconstruction and pre-processing of MRI data 96 

4.4.5 fMRI data analysis 97 

4.4.6 Transcranial ultrasound stimulation (TUS) 102 

4.4.7 Acoustic modelling 103 

4.4.8 Resting-state imaging data acquisition, pre-processing, and analysis 104 

4.4.9 TUS data analysis 105 

Chapter V: Dorsal raphe nucleus signals behavioural policy changes in humans 107 

5.1 Introduction 107 

5.2 Results 109 

5.2.1 A behavioural task for manipulating the richness of the environment 109 



Contents 

 viii 

5.2.2 Reward-guided decisions are modulated by the richness of the environment 113 

5.2.3 Behaviour is organised in option-specific policies that are reconciled with the 
richness of the environment 117 

5.2.4 Brain activity in dorsal raphe nucleus represents the richness of the environment, 
and environment-driven changes in behaviour 121 

5.2.5 Multivariate representations of value in frontal cortex are modulated by the 
richness of the environment 128 

5.3 Discussion 136 

5.4 Methods 140 

5.4.1 Participants 140 

5.4.2 Behavioural task 140 

5.4.3 Behavioural analysis 143 

5.4.4 Imaging data acquisition 148 

5.4.5 fMRI data preprocessing 149 

5.4.6 Whole-brain fMRI data analysis 150 

5.4.7 ROI timecourse fMRI analysis 152 

5.4.8 Representational similarity analysis 155 

5.4.9 Analysis of midbrain dopaminergic function 159 

Chapter VI: General discussion 161 

Appendices 167 

Table 1: fMRI cluster locations from GLM5.9 167 

Table 2: fMRI cluster locations from GLM5.10 168 

References 169 

 



 ix 

  



 

 x 

List of figures 

3.1 A behavioural task for controlling the richness and stochasticity of the environment 31 
3.2 Animals are more likely to pursue reward opportunities in rich environments. 32 
3.3 A General Linear Model Hidden Markov Model for explaining temporal patterns in 

behaviour. 
41 

3.4 Validating and implementing a GLM–HMM fitting procedure using 5-fold cross 
validation. 

42 

3.5 A 2-state GLM–HMM captures key quantitative and qualitative patterns of animal 
behaviour. 

44 

3.6 GLM–HMM states and state-transitions are not reducible to fatigue, satiety or time-
on-task. 

46 

3.7 GLM–HMM shows distinct, persistent, and biologically meaningful motivation-
states during behaviour. 

47 

4.1 Diagram of fMRI scanning apparatus. 70 
4.2 Cortical and subcortical regions of interest. 71 
4.3 Brain activity in dorsal raphe nucleus represents the richness of the environment and 

changes in motivation-states. 
73 

4.4 No evidence of environment-stochasticity representations in ROIs. 76 
4.5 Further examination of motivation-state transitions in dorsal raphe nucleus 77 
4.6 Non-invasive disruption of dorsal raphe nucleus shows causal role motivation-state 

transitions 
82 

4.7 Simulation of the propagation of acoustic waves produced by the TUS protocol 
targeting DRN and VTA.   

84 

4.8 Anterior insula represents the richness of the environment with the same pattern as 
subcortical ROIs. 

88 

4.9 Habenula and anterior insula encode pursue-vs-reject decisions. 89 
4.10 A circuit for reconciling motivation with the environment. 90 
4.11 Dorsal raphe nucleus controls motivation-state transitions as a function of the 

environment. 
91 

5.1 A behavioural task for controlling the richness of the environment. 112 
5.2 Pursue-vs-reject decisions are modulated by the richness of the environment. 116 
5.3 Participants exhibit consistent behavioural policies that are shaped by the richness of 

the environment. 
120 

5.4 Brain activity in dorsal raphe nucleus represents the richness of the environment and 
environment-driven changes in behavioural policy. 

126 

5.5 Activity in the midbrain dopaminergic nuclei represents pursue-vs-reject decisions, 
and the value-difference between current and recent reward opportunities 

128 

5.6 Whole-brain fMRI analysis identifies regions of interest for representational 
similarity analysis. 

132 

5.7 Multivariate representations of value are modulated by the environment in dorsal 
anterior cingulate cortex and anterior insular cortex. 

133 

5.8 Univariate activity in dorsal anterior cingulate cortex and anterior insular cortex does 
not represent policy-switches. 

135 

5.9 A cortico-subcortical circuit for reconciling behavioural policies with the 
environment  

136 

 



 xi 



 1 

Chapter I 

Stage-setting 

 

What makes something worth doing? According to the philosopher Elizabeth 

Anscombe, the answer is simple: we do things to get what we want. “The primitive sign of 

wanting,” she writes, “is trying to get”, and so the teleological purpose of action is to help us 

achieve our goals and ends (1).    

In this thesis, I examine the mechanisms of reward-guided action in the brain. 

Anscombe’s truths are simple, but they are useful starting points, even for a neuroscientist. 

Sensorimotor control is a basic feature of the nervous system: it allows organisms to identify 

and act upon opportunities for reward in the world around them, and in complex animals takes 

the form of decision-making circuits that provide sophisticated voluntary control of behaviour 

(2, 3). Cognitive and systems neuroscientists have characterised aspects of these circuits in 

impressive detail, including how movements are organised into programmatic patterns of 

action, and how different courses of action are evaluated for prospective rewards. However, 

despite their phylogenetic link, voluntary action and reward-guided decision-making have been 

studied largely independently (§2.1). This leaves open the most pressing questions raised by 

Anscombe’s account: how the brain decides which rewards are worth wanting, and which 

rewards it should try to get.   

In this thesis, I attempt to bridge this gap. I report the results of two experiments 

examining how the brain decides whether to engage in reward-guided behaviour using whole-

brain imaging techniques capable of characterising many regions at once. I use these recordings 

to highlight the special role of a specific nucleus in the brainstem: dorsal raphe nucleus. The 

raphe nuclei are distinguished as conserved sources of serotonin in the mammalian, avian, 
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reptilian, and piscine brain, suggesting that they originated in an ancestral Euteleostomi animal 

approximately 400 million years ago (4–8). Here, I show that dorsal raphe nucleus in human 

and non-human primates exhibits two interrelated patterns of activity: (i) a pattern for the 

general value or ‘richness’ of the environment as a whole, as distinct from specific sources of 

reward, and (ii) a pattern for behavioural changes that follow from the richness of the 

environment, which are shaped by its ebbs and flows. In this way, I argue that dorsal raphe 

nucleus has a fundamental role in reconciling behaviour with the surrounding world, in keeping 

with its place in the shared history of vertebrate life. 



 3 

Chapter II 

Action, reward and the brain 

 

In this chapter, I provide the conceptual and empirical background to the experiments 

reported in Ch.III–V. In §2.1, I briefly introduce historical perspectives on voluntary action and 

reward-guided decision-making in cognitive neuroscience, and argue that their shortcomings 

are partly resolved in foraging theory – a branch of behavioural ecology related to food-seeking 

in animals. I then briefly review patterns of human and non-human primate decision-making 

that are consistent with foraging theory’s precepts, and introduce the concept of behavioural 

states as an organising principle for natural behaviour.    

In §2.2, I review the implementation of reward-guided action and motivation in the 

brain. To begin, I briefly describe the cortico-basal-ganglia circuit that has been the focus of 

many experiments. I then move to the ascending neuromodulatory systems. I describe the basic 

points and purposes of neuromodulation (§2.3.1) and the anatomy of the neuromodulatory 

pathways in mammals (§2.3.2), before undertaking a detailed review of the midbrain 

dopaminergic nuclei and their longstanding links with action and reward (§2.3.3). I 

subsequently turn to the dorsal raphe nucleus (DRN) – the focus of this thesis (§2.3.4). I argue 

that although DRN has proven recalcitrant to general theories of function, empirical studies of 

its activity during reward-guided behaviour cohere into two major themes: (1) DRN tracks the 

statistics of reward outcomes over extended time-horizons, akin to a recency-weighted 

distribution, and; (2) DRN activity is involved in changes between opposing modes of reward-

guided behaviour, like patience and impulsivity, and exploitation and exploration. I end by 

sketching a hypothesis for DRN function that integrates these themes, and which is tested in 

this thesis. Finally, I briefly review the function of the habenula (Hb) in the epithalamus. I pay 
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particular attention to Hb’s interconnections with the forebrain, midbrain and brainstem, and 

argue that it is an important source of reward information to DRN and other subcortical nuclei.    

In §2.4, I introduce the experimental work. I briefly explain the key methodological 

choices and techniques: recording of brain activity with functional magnetic resonance 

imaging, disruption of brain activity with transcranial ultrasound stimulation, and the use of a 

non-human primate model alongside human volunteers. I then prefigure the experiments 

reported in Ch.III–V and link them to the matters raised in the introduction.   

 
2.1 What makes a reward worth pursuing?    

 

This thesis examines how the brain determines whether an opportunity for reward is 

worth pursuing. It is related to a longstanding distinction in cognitive neuroscience between 

two types of action (9, 10): exogenous actions driven by stimuli external to an organism, and 

endogenous or voluntary actions generated by processes internal to an organism. Although few 

real-world behaviours cleave into these categories without proviso, the distinction highlights 

that complex organisms have control of their own movements and are not simply subject to 

input from surrounding environment (3). These abilities – to decide between different courses 

of action, and to decide whether action is worthwhile – underpin a variety of goal-directed 

behaviours that are critical for survival.    

Given the connection between voluntary action and reward-guided behaviour, it is 

perhaps surprising that they are rarely linked in experiments. The scientific study of voluntary 

action evolved out of human volunteers executing “spontaneous” movements, which explicitly 

served no purpose at all (11). At the other end of the spectrum, reward-guided decision-making 

studies have historically drawn inspiration from theories of rational choice developed in 

neoclassical economics (12). These experiments have made important contributions to 
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uncovering how human and non-human animals trade-off parameters like the identity, 

magnitude, probability, and timing of rewards in their behaviour (13). However, in the 

paradigm case, they involve forced choices between a range of simultaneously available 

options, akin to the way that consumers decide between economic goods (14, 15). This obviates 

basic questions about reward-guided behaviour, like whether the participant wants either 

option, or whether they want to engage in reward-seeking at all.  

These lacunae are elegantly resolved in a scenario called prey selection set forth in 

foraging theory – a branch of behavioural ecology concerned with food-seeking choices in 

animals (16, 17). During prey selection, a predator undergoes sequential encounters with prey 

(i.e. reward) opportunities and must decide, upon each encounter, whether to seize the presently 

available opportunity or search the environment for better alternatives. In contrast to economic 

decision-making paradigms, animals in prey selection do not have to act upon every 

opportunity they receive. The question at stake, thus, is whether an opportunity is worth 

pursuing. The behavioural experiments in this thesis follow a prey-selection-inspired structure 

to probe the neural mechanisms of this process.  

What makes an opportunity worth engaging with? It is trivial that animals are more 

likely to pursue opportunities as a function of their anticipated reward-value. However, theories 

of optimal foraging emphasise that a range of broader contextual factors should also be taken 

into account (16, 17). Many of these factors relate to the biological constraints that encumber 

animals, which mean that behaviour must carefully balance the reward value of food with the 

costs of obtaining it (18). Although planning and executing reward pursuit in the wild has many 

species-specific costs, the cost that features most prominently in theories is common to all 

creatures – time.  Normative models of prey selection therefore conceive prey selection as a 

comparison between (i) the reward value of an opportunity in the foreground, given the time 

needed to obtain it, with (ii) the time-averaged reward-value of the environment, which 
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represents what an animal can expect to encounter if equivalent time was spent searching for 

alternatives. According to this view, the relative richness or sparseness of an animal’s broader 

environment should therefore fundamentally change its propensity for reward-pursuit: in rich 

environments with many high-value opportunities, animals should be selective in their choices, 

whereas in poor environments with sparsely distributed rewards they should settle for meagre 

opportunities that might ordinarily be ignored.  

The hypothesis that animals track the richness of the environment is consistent with 

natural behaviour in many species across both vertebrate and invertebrate phyla (16, 18–23). It 

has also been useful for explaining behaviour in laboratory-based tasks (24–27). For example, 

Constantino and Daw examined human behaviour in foraging-inspired “patch-leaving” task, 

where participants collected stochastic rewards in patches that depleted in value over time (28). 

The critical decision was when to leave a patch and begin foraging at a new one, and the 

normative strategy involved pinpointing when the reward-rate in the present patch ebbed below 

the average patch in the environment. A quantitative model based on this strategy closely 

approximated human behaviour and – importantly – outperformed well-established algorithms 

for reward-guided learning and decision-making like temporal difference reinforcement 

learning. Macaque monkeys performing comparable tasks show the same pattern of sensitivity 

to reward-rates (24, 29). Indeed, reframing classic reward-guided tasks in foraging-style 

scenarios ameliorates some of the puzzling biases that animals typically show in these 

situations (30). Taken together, these results suggest that the richness of the environment is a 

fundamental and conserved influence on reward-guided behaviour across species. In this thesis, 

I examine how this influence is implemented in the primate brain using behavioural paradigms 

that feature carefully controlled changes in the richness of the environment.   

The final behavioural concept that is important for this thesis concerns behavioural-

states: temporally extended changes in the way an animal attends to, processes, and acts upon 
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external inputs from the surrounding world (31–33). Behavioural states are elusive phenomena 

precisely because they involve changes within an animal that affect how it responds to a given 

external stimulus. Notwithstanding basic survival states like fear-induced avoidance (32, 34), 

it is therefore difficult to experimentally evoke or manipulate behavioural states, and they 

instead need to be inferred retrospectively based on patterns of behaviour over time. New 

techniques for behavioural analysis are beginning to make this feasible, however (35, 36). For 

example, Ashwood and colleagues report a General Linear Model Hidden Markov Model 

(GLM–HMM) framework which shows that mice performing perceptual orientation 

discrimination tasks occupy discrete states of task engagement: (i) an engaged state, in which 

orientation decisions are strongly weighted to sensory evidence from visual stimuli, and; (ii) a 

series of disengaged states, in which decisions are loosely related to sensory input and instead 

arise from biases that cause habitual patterns of responding (35). The basic features of 

engagement states are visible in many perceptual decision-making studies, where errors or 

‘lapses’ tend to cluster together in time (37–39). The advantage of the GLM-HMM framework, 

however, is the ability to quantitatively delineate these periods from one another, and precisely 

identify their transition points.   

Behavioural states like engagement and disengagement likely arise from the same 

biological constraints emphasised in foraging and behavioural ecology: perceptual decision-

making tasks are difficult – especially for mice – and the fact that mice perform the task 

negligently for long periods of time is partly because they need to recuperate the resources 

depleted during accurate, engaged performance. In this way, although behavioural states are 

not formally included in foraging theory, foraging theory nevertheless makes implicit 

predictions about state-like fluctuations in behaviour. In the case of reward seeking, insofar as 

organisms aim to maximise their reward intake net of biological costs, an animal’s baseline 

propensity to pursue reward opportunities should vary according to the richness of the 
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surrounding environment (see above). In Ch.III, we adapt the GLM–HMM framework to study 

time-varying motivation-states in macaque monkeys and demonstrate that they are indeed 

shaped by the richness of the environment.  

In the next section, I review the neural mechanisms of reward-guided action. Although 

the experiments in this thesis focus on dorsal raphe nucleus, I begin with a broad overview of 

the cortico-subcortical circuits implicated in this process. I then describe the basic principles 

of neuromodulation, and the anatomy of the major ascending neuromodulatory pathways. 

Finally, I provide a detailed review of the substantia nigra and ventral tegmental area, and 

dorsal raphe nucleus, which are the neuromodulatory nuclei with the strongest links to reward-

guided behaviour.  

 
2.2 Cortico-subcortical circuits for reward-guided behaviour  

 

Historically, research on the neural mechanisms of reward-guided behaviour has 

focussed on an intricate series of cortico-subcortical loops involving interactions between the 

cortex and the basal ganglia (40–43). The function of the cortex, in this circuit, is to generate 

and evaluate possible behaviours given an animal’s goals and environment. The basal ganglia 

then translate these plans into organised patterns of movement (42). Below, I elaborate on 

salient aspects of this circuit, including two cortical regions implicated in evaluating whether 

rewards are worth pursuing: dorsal anterior cingulate cortex, and anterior insular cortex.  
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2.2.1 Reward evaluation in dorsal anterior cingulate cortex and anterior 
insular cortex 

 

Many areas of the cortex work in concert during reward-guided behaviour to evaluate 

courses of action and their reward consequences. Here, I review the contributions of dorsal 

anterior cingulate cortex and anterior insular cortex because they are specifically involved in 

the aspects of behaviour raised in §2.1.  

Dorsal anterior cingulate cortex (dACC) is the rostral and agranular portion of the 

cingulate cortex comprising Brodmann areas 24 and 32 in the human brain, and area 24 in the 

macaque monkey brain (44–48). Its anatomical connections are marked by prominent links to: 

(i) cortical and subcortical regions linked to reward, including the ventromedial prefrontal 

cortex, insular cortex, amygdala, hypothalamus and striatum, and; (ii) regions involved in 

motor control, including the motor cortex, premotor cortex and even direct projections to the 

spinal cord (49–52). dACC is thus ideally placed to synthesise information about action and 

reward (50, 53, 54).  

Recording and lesion experiments in many species indicate that this is an important 

aspect of dACC function (55, 56): for example, human and non-human animals with dACC 

lesions are unable to use action-outcome relationships to guide their choices (54, 57–61), and 

are seemingly unable to grasp the reward value of action when physical effort is required (62, 

63). In addition to this, a variety of experimental paradigms show that dACC activity encodes 

higher-order aspects of reward-guided tasks, like counterfactual outcomes in multi-option 

choices, and estimates of the global reward-rate in foraging-style behaviours (26, 29, 64–66).  

This suggests that dACC is fundamental not just for linking actions and rewards, but also for 
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appraising the value of specific reward opportunities relative to other sources of reward in the 

environment.   

In contrast to the medial location of dACC, insular cortex is located deep in the lateral 

sulcus of the cortex between the frontal and temporal lobes (44, 67). In the human brain it is 

divided by the central insular sulcus into an agranular/dysgranular anterior lobule, and a 

granular posterior lobule, which have different anatomical connections and functional 

properties (67). Macaque insular cortex is comparatively lissencephalic which makes 

demarcating the anterior and posterior aspects difficult, however there are emergent gyri that 

approximate agranular-to-dysgranular, and dysgranular-to-granular tissue transitions along the 

anterior-posterior axis (67–69). Anterior insular (AI) is marked by prominent connections with 

(i) reward-related cortical and subcortical regions including the orbitofrontal cortex, cingulate 

cortex, amygdala and ventral striatum; (ii) motor regions in the medial frontal cortex and 

subcortical visceromotor regions including the lateral hypothalamus and periaqueductal grey 

(PAG), and; (iii) strong intra-regional connections from the posterior insular lobule, which 

convey internal physiological signals from the body (70–72, 72–79). 

AI’s function is poorly understood relative to many other cortical regions because it is 

difficult to reach with invasive recording and lesion techniques. Early experiments involving 

electrical stimulation of insular neurons indicated that it controls visceromotor responses in the 

face and upper body, in addition to sympathetic and parasympathetic functions like cardiac 

activity and respiration (79–81). In combination with AI’s anatomical connections, this led to 

the hypothesis that AI facilitates interoception, or awareness and regulation of internal 

physiological states (82, 83). Subsequent study of AI with task-based fMRI has reinforced its 

links with interoception and implicated it in a so-called salience network for identifying and 

responding to homeostatically relevant stimuli like rewards (84–87). In this way, AI and dACC 

might evaluate reward opportunities with complementary frames of reference: dACC with an 
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external frame that contrasts reward opportunities to their external context, and AI with an 

internal frame that evaluates opportunities given the state of the body.  

 

2.2.2 Action initiation in the basal ganglia 
 

In contrast to the cortex, the fundamental role of the basal ganglia is movement (41, 

42). A rich vein of inputs conveying an animal’s external context, internal state and plans for 

action are sent from the cortex to the striatum – the basal ganglia’s main input nucleus (41). 

The striatum serves to organise these inputs, initially by inhibiting the motor and brainstem 

areas responsible for motor production so that competing possibilities for behaviour can be 

evaluated without generating disorganised patterns of movement (88). Action initiation 

requires suprathreshold activity in the striatum to overcome this inhibition. The ascending 

neuromodulatory systems have a critical role in this process, both by controlling neural 

dynamics in the striatum itself, and by modulating the cortical inputs that drive striatal activity 

to begin with (43).   

I review the ascending neuromodulatory systems in the next section. I begin by 

describing the basic principles of neuromodulation, and the anatomy of the major 

neuromodulatory pathways. I then provide a detailed review of the substantia nigra and ventral 

tegmental area, the dorsal raphe nucleus, and the habenula, with an emphasis on the reward-

related signals they are purported to transmit.  
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2.3 Reward-related function of the ascending neuromodulatory systems 

 

The ascending neuromodulatory systems (ANS) are an assemblage of phylogenetically 

ancient nuclei which are widely conserved throughout all vertebrate subphyla (89, 90). The 

ANS are so-named because they control the release of fundamental neurotransmitters: the 

indolamine serotonin [5-hydroxytryptamine; 5-HT], the catecholamines dopamine [4-(2-

Aminoethyl)benzene-1,2-diol] and norepinephrine [4-(2-Amino-1-hydroxyethyl)benzene-1,2-

diol], and the ester acetylcholine (2-Acetoxy-N,N,N-trimethylethanaminium). Although there 

are important differences between these chemicals, they have a common ability to engage 

metabotropic G protein-coupled receptors (GPCRs), which confers them with functional 

capabilities that differ from neurotransmitters linked to ionotropic receptors (91). These are 

briefly reviewed below.  

 
2.3.1 What is neuromodulation, and why is it important? 

 

The importance of neuromodulation is best illustrated by way of contrast with basic 

neurotransmission. Neurotransmission the fundamental biochemical process for information 

communication between neurons (91, 92). It is mediated by signalling molecules called 

neurotransmitters of which there are two canonical types: (i) excitatory compounds, like 

glutamic acid (glutamate), which potentiate neuronal activity, and; (ii) inhibitory compounds, 

like Gamma-aminobutyric acid (GABA), which reduce neuronal excitability. 

Neurotransmitters are released at the axon terminals of neurons after action-potentials before 

rapidly binding to ionotropic receptors at the dendrites of postsynaptic neurons. Binding 

influences the polarisation of the postsynaptic cell, and therefore the likelihood of a subsequent 

action potential and onward propagation of the signal. The overarching theme of 
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neurotransmission, thus, is specificity: it occurs on the order of milliseconds, is localised to 

synaptic contact sites, and involves one-to-one, neuron-to-neuron communication.   

In comparison, neuromodulation is diffuse and amorphous (92).  Many of the details 

remain poorly understood, and the distinction with basic neurotransmission is blurred by the 

fact that neuromodulatory chemicals also participate in neurotransmission at times: for 

example, acetylcholine interacts with the ionotropic receptors described above, while GABA 

acts upon metabotropic receptors linked to neuromodulation in some circumstances. However, 

neuromodulatory chemicals have two broad functional capabilities arising from their 

interactions with metabotropic GCPRs that form bases for a distinction (91). Firstly, GCPRs 

can initiate so-called second messenger intra-cellular signalling cascades which cause 

temporally extended changes in the receiving cell (91–93). In contrast to neurotransmission, 

neuromodulatory signals can therefore alter neural activity over long periods of time. Secondly, 

GCPRs occur extra-synaptically at the neuronal membrane. This facilitates an inter-cellular 

signalling process called volume transmission, in which neuromodulatory molecules diffuse 

through extracellular fluids and bind to extra-synaptic receptors that are remote from the release 

location (91, 94). The release of neuromodulatory molecules from a specific axon can thus 

have a spatially diffuse, wide-ranging impact on many downstream neurons, in contrast to the 

spatially specific communication accomplished by neurotransmission.  

These properties allow the ANS to control fundamental aspects of neural dynamics 

through direct excitation and/or inhibition of neurons, changes to tonic firing rates, 

modification of neuronal excitability, and regulation of synaptic plasticity, all at multiple 

timescales (95). This confers neural circuits with a degree of functional and structural plasticity 

that would be difficult to otherwise attain given that neuroanatomy is predominantly fixed in 

the developed brain (96, 97). According to a widely held theory, the ANS pathways might 

therefore be specialised for broadcasting critical, low-dimensional signals of brain-wide 
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relevance: for example, information about salient internal (e.g. hunger) and/or external (e.g. 

presence of food) states, which require co-ordinated sequences of behaviour to act upon, and 

therefore co-ordinated interactions between neural circuits (98, 99). These signals are important 

influences on a variety of reward-guided behaviours.  

 

2.3.2 Anatomy of the ascending neuromodulatory pathways 
 

Neuromodulatory axons originate from neurons with cell-type-specific genes that 

enable the synthesis and release of neuromodulatory chemicals (91). For the most part, these 

neurons cluster together in a series of nuclei across the brainstem, midbrain and basal forebrain. 

I describe the anatomy of each nucleus below.   

The main noradrenergic nucleus is the locus coeruleus (LC) located in the dorsomedial 

part of the pons in the brainstem, ventral to the cerebellum and adjacent to the edges of the 

fourth ventricle (44). LC’s name, meaning ‘blue spot’ in Latin, derives from its distinctive 

neuromelanin pigmentation which arises from byproducts of the noradrenaline synthesis 

process (100). It is the smallest nucleus in the ANS, comprising just 25–50,000 neurons in the 

developed human brain, and yet contains more than 50% of all noradrenergic neurons in 

mammals (101). Noradrenergic neurons outside LC connect mainly to the spinal cord and 

lower brainstem, and are therefore unlikely to be involved in cognition (102). Conversely, 

noradrenergic axons from LC reach nearly the entire cortex, the thalamic nuclei, and key 

aspects of the limbic system like the hippocampus and amygdala (103–108).  

The cholinergic system is distributed across a basal forebrain complex comprising the 

medial septum, diagonal band nuclei, ventral pallidum, substantia innominata and nucleus 

basalis of Mynert (referred to collectively as BF, hence) (109). There are further cholinergic 
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nuclei in the brainstem, including the pedunculopontine nucleus (PPN) in the rostral pons 

adjacent to the superior cerebellar peduncle, and the laterodorsal tegmental (LDT) nucleus in 

the tegmentum of the pons, just caudal to PPN (44, 110, 111). PPN and LDT neurons project 

mainly to other subcortical regions, including the thalamus, basal ganglia, brainstem and spinal 

cord, and are linked primarily to movement (112, 113). The basal forebrain, in contrast, is 

characterised by ascending pathways to frontal and sensory cortex, in addition to the 

hippocampus, perirhinal cortex and entorhinal cortex, and the basolateral amygdala. (109, 114–

128, 128–132).  

The major dopaminergic (DA) nuclei are the substantia nigra (SN) and ventral 

tegmental area (VTA) in the tegmentum of the mesencephalon. VTA lies below the red nucleus, 

between the midline and medial forebrain bundle, and between the rostral pons and 

interpeduncular nucleus on the anterior-posterior axis (44). SN is anterior and lateral to VTA, 

and is divided into a medial pars compacta subdivision (SNc) containing dopamine neurons, 

and a lateral pars reticulata (SNr) subdivision that is predominated by GABAergic neurons and 

linked to the direct cortico-basal-ganglia pathway (44, 133, 134). Dopaminergic SNc and VTA 

axons form three ascending pathways: (i) a mesocortical pathway linking VTA to the frontal 

cortex, with particularly strong innervation of cingulate and orbitofrontal cortex (135–137); (ii) 

a mesolimbic pathway linking VTA to the ventral striatum  (138–141), and; (iii) a nigrostriatal 

pathway linking SNc to the dorsal striatum (133, 142, 143). There are additional dopaminergic 

axons to the hippocampus, amygdala, thalamus, and brainstem, however they are sparser than 

the canonical pathways described above (139, 144).  

Finally, serotonergic neurons occur mainly in the raphe nuclei in the brainstem. The 

dorsal raphe nucleus (DRN) is situated between the oculomotor nucleus and mid-pons and 

extends laterally from the midline to form a distinctive wing-like shape (44). The median raphe 

nucleus (MRN) lies ventral to DRN and spans the caudal edge of the superior cerebellar 
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peduncles to the motor nucleus of V (44). Of the two, DRN is more strongly serotonergic: it 

contains 30–40% of the serotonin neurons in rodent and human central nervous systems 

compared to just 5-10% in MRN, and approximately 30–50% of DRN’s total volume is 

serotonergic (145–149). DRN projects prominently to reward-related areas of the cortex 

including insular, cingulate, and orbitofrontal cortex (99, 145, 150). It has additional 

connections to sensory, somatosensory and parietal cortex, but these are limited compared to 

their frontal counterparts (145). Beyond the cortex, DRN has notable connections to the 

amygdala and basal ganglia, and to other the ANS nuclei including BF and SN/VTA (145, 150–

154). MRN’s connections are confined to brainstem structures at the midline, in addition to the 

thalamus, hypothalamus and hippocampus (99, 145, 146, 155, 156). DRN is therefore the major 

source of serotonergic innervation for the cortical mantle.  

The ANS nuclei, thus, are characterised by broad and arborising patterns of axonal 

projection, and there is significant overlap in their targets.  However, there are general patterns 

in these connections that hint at the likely function of each pathway. Projections from LC and 

cholinergic BF cover nearly the entire cortex including occipital, parietal and temporal lobes, 

in addition to the hippocampal complex. Accordingly, LC and BF alike have been implicated 

in attention and arousal states which help organisms adapt to unpredictable environments, and 

to the encoding, retrieval and manipulation of representations in working and long-term 

memory (100, 109, 157).  In contrast, SN/VTA and DRN are more prominently connected to 

so-called limbic areas of the cortex and basal ganglia, and therefore have strong links to reward-

guided learning and decision-making (158, 159).  

In the remainder of this section, I review SN and VTA, and DRN in more detail. I first 

discuss SN and VTA because of their long-standing association with reward-guided behaviour, 

and because hypotheses about DRN function have frequently been formulated in contrast to 

established ideas about dopamine.     
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2.3.3 Substantia nigra and ventral tegmental area 

 

SN and VTA have a well-characterised relationship with reward-guided behaviour. In 

perhaps the most influential demonstration of this link, Schultz, Dayan and Montague showed 

that dopamine neurons in macaque monkey VTA display phasic activity after unanticipated 

rewards and reward-predictive cues, and phasic depression after reward omissions in a classical 

conditioning task (160). The patterns resembled reward prediction errors – i.e., the discrepancy 

between the expected and actual reward received by an animal from moment to moment. 

Importantly, computation of reward prediction errors (RPEs) is a cardinal feature of 

reinforcement learning – a family of algorithms developed primarily in computer science to 

facilitate optimal reward-guided learning and decision-making (161). The experiment therefore 

linked three levels of analysis: it took an objective that animals have plausibly evolved to 

accomplish (reward-maximisation), connected the objective to a formal algorithmic theory 

(reinforcement learning), and showed that the algorithm was biologically implemented in the 

activity of dopaminergic neurons (162).  

The RPE hypothesis has since been affirmed in many different species, and with a 

variety of recording and causal intervention techniques (163–169). However, there are aspects 

of dopaminergic dynamics with which it is difficult to reconcile. One of the more perplexing 

is the fact that dopamine concentration in the striatum ‘ramps up’ as animals approach an 

anticipated reward (170). The effect is particularly robust in operant maze tasks, where animals 

freely navigate structured environments populated by hidden or distal rewards (170–172). It is 

difficult to see how ramping could represent an RPE in these contexts – if dopamine conveys 

the discrepancy between predicted and actual values of an animal’s external state, why are 

dopamine signals strongest in close proximity to rewards, where reward-predictions peak? And 
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why is ramping so prominent for operant behaviour, when animals presumably select actions 

with the highest predicted reward value? 

Despite attempts to explain ramping as a consequence of learning and prediction (173–

175), the phenomenon evokes an alternative perspective that predates the RPE hypothesis: 

dopamine as an invigorator of movement. The first selective ablations of dopaminergic 

pathways in animals showed that the primary consequence was “difficulty in initiating activity” 

(176). This paralleled developments in neurology at the time: although cell death in the SN of 

Parkinson’s patients was first noted in the late 19th century (177), it was the 1960s when the 

relationship between nigrostriatal degeneration and akinesia was formalised and treated with 

the dopamine precursor L-DOPA (178–181).  

State-of-the-art techniques for recording and manipulating brain activity in freely 

moving animals have since confirmed that SN and VTA are causally involved in voluntary 

actions (43, 170, 182–184). How might this reconcile with their learning-related functions? 

One hypothesis holds that movement and learning are subserved by discrete circuits involving 

different dopaminergic subpopulations (185–187), but the anatomical evidence for this 

dissociation is equivocal at best (43, 182, 188). An alternative proposal highlights the 

commonality between functions: in both cases, SN and VTA appear to signal something about 

value – i.e., about what an animal stands to gain either by initiating behaviour in the present 

(movement) or modifying behaviour in the future (learning) (189). This perspective emphasises 

that movement-related activity in SN and VTA neurons does not code movement per se, but 

rather invigorates movements in proximity to rewards, in the manner of the ramping signal 

observed in reward guided navigation (190–192). Thus construed, SN and VTA are likely to 

be critical for motivating the pursuit of specific reward opportunities, and this role might unfold 

on two different timescales – in the present, as during action, and in the future, as in learning.  

2.3.4: Dorsal raphe nucleus 
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In contrast to SN and VTA, DRN has proven recalcitrant to general theories of function. 

Serotonin’s purported physiological roles include sleep (193), nociception (194), appetite 

(195), cardiovascular rhythms (196), and respiration (197), and in relation to behaviour 

specifically, it has been connected to anxiety (198, 199), affect (98, 200), reward (201, 202), 

controllability (203), impulsivity and patience (204, 205), social behaviour and aggression 

(206, 207), and behavioural change and flexibility (208, 209). It is, to paraphrase Jacobs and 

Fornal, seemingly implicated in everything and yet essential for nothing (210).   

Here, I review the relationship between DRN and reward-guided behaviour. Because 

the experiments in this thesis involve recording and manipulating DRN activity, I 

predominantly discuss studies with the same focus, although I note where examination of 

DRN-derived serotonin has provided a complementary perspective.  

 
2.4.3.1: The serotonin-dopamine opponency hypothesis 

 

According to an influential hypothesis, DRN is an opponent motivational system to SN 

and VTA for reward-guided learning and decision-making (98, 158). This view holds that DRN 

activity represents negative valanced events like punishments and threats, and mediates 

aversive forms of learning that enable organisms to avoid undesirable outcomes. It is closely 

linked to the idea that DRN controls behavioural inhibition, which is often the adaptive strategy 

for avoiding punishments in the natural world (98, 211).  

The opponency hypothesis is appealing on three fronts. Firstly, having separate systems 

for appetitive and aversive events resolves lingering tensions in the dopaminergic theory of 

reinforcement learning and motivation: for example, because neurons cannot have negative 

activity, there are fundamental limits on the precision with which a single class of neurons – 
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i.e., dopaminergic neurons – can represent both appetitive and aversive outcomes, and control 

both approach and avoidance behaviour (158). This problem is obviated by the existence of an 

aversion-specific system. Secondly, an opponent interrelation between dopaminergic and 

serotonergic pathways is consistent with DRN’s dense innervation of VTA and SNc (146, 150) 

and evidence of pharmacological antagonism between the two: infusing dopamine into ventral 

striatum, for example, increases the likelihood of spontaneous locomotion, but this effect 

reverses when serotonin is administered to the same region (212–214). Finally, the hypothesis 

explains a longstanding historical association between DRN, aversion and inhibition dating to 

early recording and ablation experiments (200, 215, 216). For example, the first selective 

lesions of DRN’s serotonergic forebrain pathways prevented rats from acquiring punishment-

induced motor inhibition in an operant lever pressing task (217). This prefigured early 

extracellular recording experiments, where DRN neurons in anesthetised animals displayed 

phasic activations in response to noxious stimuli (218).  

 
2.4.3.2 How is dorsal raphe nucleus neural activity related to rewards?  

 

The problem for the opponency hypothesis is the weight of evidence against it: as the 

feasibility of recording and manipulating DRN activity has improved, it has become apparent 

that it is not specific to aversive events and not opposed to SN/VTA activity when both regions 

are compared (201, 202, 219–225). Indeed, although DRN’s reward-related responses are 

heterogenous (222, 223), many studies report that the majority of DRN neurons are positively 

modulated by rewards and reward-predictive cues (124, 201, 202, 219, 220, 222), and/or show 

subtle tonic activity changes that are not evoked by specific outcomes (202, 219–221).  

There are two general patterns in these experiments. Firstly, DRN activity often signals 

general reward-related features of an animal’s context (reward-context, henceforth), as 
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opposed to properties of specific reward outcomes (158, 159, 226). The most direct evidence 

for this is two macaque fMRI studies in which there is a clear relationship between reward-

context and behaviour. In the first, Wittman and colleagues recorded whole-brain activity with 

fMRI while monkeys performed a reversal-learning style task (227). In addition to standard 

reinforcement-learning processes, animals exhibited a ‘spread of effect’, whereby choices were 

not linked precisely to the rewards they produced but instead diffusely to an animal’s 

overarching context, like the rewards from several preceding trials. fMRI analysis indicated 

that compared to the rest of the brain, BOLD signal in DRN prominently covaried with the 

average value of recent rewards.   

Khalighinejad and colleagues demonstrated a qualitatively similar phenomenon during 

a reward-guided action-timing task (228). Here, animals needed to decide when to act upon 

reward opportunities that increased in reward-probability over time. A key influence on waiting 

was the duration of inter-trial-intervals (ITIs), which modulated the time-averaged rate at which 

animals could obtain rewards. Whole-brain fMRI analysis indicated that BOLD signal in DRN 

tracked block-wise changes in ITI duration across the course of the experiment and – by 

association – changes in an animal’s reward-context.  

Several other experiments have connected DRN activity with reward context, albeit in 

tasks where reward context has no clear link with behaviour. For example, in blocked classical 

conditioning tasks, photometric recordings in mice and electrophysiological recordings in 

monkeys indicate that tonic DRN activity discriminates appetitive from aversive conditioning 

blocks – in other words, DRN represents the value of the context the animal finds itself in (220, 

221). Similarly, in macaque monkeys performing cue-guided saccade tasks, tonic DRN activity 

codes an animal’s reward expectation given the stage of the task it occupies (202, 219, 229). 

This phenomenon spans relatively simple discriminations like distinguishing ITI periods from 

intra-trial periods where rewards are imminent, to higher-order information like an animal’s 
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stage of progress in multi-step tasks requiring many decisions before reward delivery. This is 

broadly consistent with DRN neurons coding ‘state-value’ – the future reward that can be 

expected given the current context (230).   

The second recurring observation is DRN activity that represents reward uncertainty 

(222, 231, 232). Unlike the reward-context view, this hypothesis holds that DRN codes the 

deviation of specific reward outcomes from reward expectations. Such prediction-error-like 

responses are present in both photometric and electrophysiological recordings of DRN neurons 

(202, 223), and include so-called ‘unsigned’ prediction-errors that approximate statistical 

measures of uncertainty (222). In the most thorough exploration of this phenomenon, 

Grossman and colleagues recorded genetically identified serotonergic DRN neurons in mice 

performing a multi-armed bandit task (231). Here, tonic DRN activity in inter-trial intervals 

covaried with ‘expected-uncertainty’ – a recency weighted average of unsigned prediction-

errors capturing the average dispersion of reward-outcomes from the mean. In tandem, phasic 

responses at reward-delivery covaried with ‘unexpected-uncertainty’ – the degree to which a 

particular reward outcome departed from the expected uncertainty distribution.  

Clearly, the notion that DRN activity represents the expected uncertainty of reward 

sources is closely related to the reward-context hypothesis: in the uncertainty experiments, 

DRN was proposed to track a recency-weighted average over prediction errors, whereas in the 

reward-context experiments it was linked to reward-expectancy which, in its simplest form, is 

an average over outcomes. The common theme of both views is that DRN activity reflects 

general, slow-fluctuating features of the environment that encompass many individual reward 

events. This is an important point of contrast with the phasic patterns of SN and VTA activity 

linked to reward-guided action initiation and learning.   

 
2.4.3.3 Dorsal raphe nucleus and behavioural change 
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A separate group of experiments has examined how causal manipulations of DRN 

activity change behaviour in self-paced tasks. Many of these studies involve intertemporal 

choice: the ability to forego small rewards in the present in return for large rewards in the 

future, or even the ability to wait for future rewards altogether. In the standard inter-temporal 

choice paradigm, animals self-initiate trials in which they must wait for delayed rewards that 

vary in their timing and reward probability (i.e. the probability that reward will be delivered at 

all). Tonic patterns of DRN activity during these tasks distinguish between patient and 

impulsive periods of behaviour (233), and optogenetic stimulation of serotonergic neurons 

increases waiting times – i.e., it makes animals more patient (204, 234, 235). Subsequent 

experiments have demonstrated that this effect is specifically reward-guided.  For example, 

DRN photostimulation does not make animals less likely to produce motor activity in general, 

meaning that the link is not reducible to behavioural inhibition (236). Similarly, optogenetic 

activation of DRN neurons does not appear to have primary rewarding qualities, meaning that 

animals do not wait because they find the interim stimulation reinforcing (237).  

Does DRN activity control patience, or is patience an expression of broader function? 

Lottem and colleagues show that optogenetic manipulation of DRN produces a strikingly 

similar pattern of behaviour in a foraging-inspired reversal learning task, where animals needed 

to actively nose-poke for rewards at a series of negatively-correlated rewards ports (209). 

Under DRN stimulation, animals performed more continuous nose pokes at a particular reward 

port – in other words, they tended to exploit a reward source for more time before exploring 

other alternatives. This is remarkably similar to earlier experiments in marmosets, in which 

removal of serotonergic inputs to prefrontal cortex caused perseveration errors during reversal 

learning (208, 238).  
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Taken together, these results suggest that DRN does not control patience for rewards 

per se, but rather how long animals will persist with a form of behaviour: in intertemporal 

choice, persistence is expressed as waiting for a particular reward, whereas in reversal learning 

it is expressed as exploitation of a specific reward source.  

Importantly, foraging theory emphasises that deciding whether to engage with an 

opportunity like a delayed reward depends partly on knowing the distribution of alternative 

rewards elsewhere (see §2.1). It is therefore plausible that DRN’s role in behavioural 

persistence is fundamentally related to reward-evoked patterns of activity signalling general 

features of recent outcomes, like their average value and/or uncertainty. DRN, thus, might track 

the general distribution of rewards in the environment to drive changes between different 

modes or strategies of behaviour. The experiments in this thesis aimed to test this hypothesis.    

 
2.3.5: Habenula 

 

Finally, in reviewing reward-related function of SN, VTA and DRN it is important to 

highlight the contribution of the habenula (Hb) – a pair of nuclei in the epithalamus, located at 

the posterior-dorsal-medial aspect of the thalamus proper (44). Although Hb is not part of the 

ANS per se, it is a similarly ancient structure with strong and reciprocal connections to several 

ANS nuclei (239–242). It has a particularly well-characterised inhibitory relationship with SN 

and VTA: Hb activity during reward-guided behaviour is distinguished by a negative value 

signal which mirrors activity in SN and VTA and, indeed, mediates inhibition of the midbrain 

dopaminergic nuclei in response to negatively-valanced events (243–245). This connection is 

mediated by a cluster of GABAergic neurons in the rostro-medial tegmentum (RMTg): in brief, 

negative outcomes produce excitation of habenula neurons, which in turn drive excitation of 

GABAergic RMTg neurons that subsequently inhibit SN and VTA (246, 247). It has therefore 
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been argued that Hb is a key precursor to the reward and movement signals imparted by SN 

and VTA (239, 240, 248).  

Hb activity has a similar form of inhibitory control over DRN, which it connects to via 

the interpeduncular nucleus (249–251). However, it is not reward-induced inhibition per se that 

makes Hb important. The lateral subdivision of Hb (LHb) implicated in reward has two broad 

classes of afferent connection. Medial LHb receives input from forebrain limbic structures that 

are directly innervated by the cortex, including the lateral hypothalamic and preoptic areas, the 

ventral pallidum, substantia innominata, and diagonal band, and the amygdala(240, 252). 

Lateral LHb, meanwhile, receives input from the globus pallidus internal segment which 

connects to frontal cortex via the striatum as part of the basal ganglia (240, 252). Hb, thus, 

receives integrated information from a range of higher-order brain regions which are important 

for sensing, predicting and evaluating reward opportunities. It is therefore likely that Hb is a 

critical source of reward-related information to SN, VTA and DRN which is both parallel to, 

and independent of, major descending pathways in the medial forebrain bundle.  

 
2.4 The present work 

 

The experiments reported in this thesis examine the implementation of reward-seeking 

in the macaque monkey and human brain. We accomplished this using a series of foraging-

inspired behavioural tasks. These tasks had a common basic structure, in which participants 

encountered a single reward opportunity on each trial that could be pursued or rejected, and in 

which the distribution of opportunities over time was controlled to engender changes in the 

richness of the environment. Incorporating these elements of foraging scenarios allowed us to 

investigate how the brain decides whether to engage in reward-seeking in the first instance, and 

how this process is reconciled with statistical features of the external world.  
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We recorded brain activity during behaviour using functional magnetic resonance 

imaging (fMRI). fMRI measures the relative concentration of diamagnetic oxyhaemoglobin 

and paramagnetic deoxyhaemoglobin – the so-called blood oxygenation level dependent 

(BOLD) signal – which changes as a function of the metabolic processes that support neural 

activity (253). Although there are limits on its spatial and temporal resolution, a distinct 

advantage of BOLD signal is that it can be recorded and precisely localised from the whole 

brain simultaneously. In the present experiments, this allowed us to directly compare activity 

in DRN with activity in other regions for two purposes: (i) to specify the DRN’s role compared 

to functionally related brain regions, and (ii); to identify patterns of DRN coactivation with 

other regions, indicating how they might cohere together as neural circuits (84, 254, 255).  

Like all recording techniques, fMRI is a correlational tool that cannot show whether 

brain activity is causally linked to behaviour. It is possible to make such inferences, however, 

when fMRI-identified patterns of activity are disrupted. In Ch.IV, we report an experiment that 

accomplished this with transcranial ultrasound stimulation (TUS): a reversible and minimally 

invasive technique for perturbing neural activity using focussed ultrasonic waves. The basic 

mechanism of TUS is kinetic interactions between ultrasonic waves and mechanosensitive ion 

channels at the neuron and astrocyte membrane (256, 257). These interactions can produce 

short term changes in neural activity by inducing N-methyl-d-aspartate (NMDA)-dependent 

plasticity (258–262). Previous experiments have shown that short TUS trains of the type used 

here can transiently change neural activity in deep and spatially specific targets without causing 

long-term perturbation or structural damage (263–265). On account of this, TUS is ideally 

suited to probing several different brain regions within the same animal.  

Finally, we used a combination of non-human primate and human participants across 

different experiments.  The main scientific advantage of model organisms is that a wider range 

of causal intervention techniques are available for use in animals: in the present experiments, 
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for example, it would not be possible to perform TUS of the human midbrain and brainstem 

given the incipient stage of TUS techniques. In addition, it is perhaps more feasible to directly 

engage the mechanisms of reward-seeking in animal subjects compared to human volunteers. 

Animals receive primary rewards for their performance on behavioural tasks, which are likely 

more salient than the secondary reinforcers offered to their human counterparts. Similarly, 

animals are not subject to demand characteristics – a phenomenon whereby human volunteers 

try to anticipate the aim of experiments, and behave in ways that the experimenter ‘wants’ them 

to perform.  Demand characteristics might have been especially important in the present case 

because we examined the process of deciding whether to engage in reward-guided behaviour. 

In Ch.III–IV we report two experiments that used rhesus macaques (Macaca mulatta), a species 

of old world monkey which diverged from hominids approximately 25 million years (266). 

Rhesus macaques are the most widely used non-human primate model in cognitive and systems 

neuroscience, and the homologies between human and macaque brains have been extensively 

characterised (45, 267–270). This makes them ideally placed for characterising the function of 

conserved regions in the primate brain.  

The experiments are reported in Ch.III–V as follows. In Ch.III, we show that macaque 

monkeys performing reward-seeking tasks exhibit discrete motivation-states that determine 

their baseline propensity for reward-pursuit. We show, moreover, that these motivation-states 

are related to the distribution of rewards in the environment, whereby animals adopt a high 

motivation-state when the environment is rich, and a low-motivation state when the 

environment is poor. 

 In Ch.IV, we show that DRN has a fundamental role in implementing these changes. 

We use fMRI recordings to demonstrate that patterns of brain activity in DRN – but no other 

neuromodulatory nucleus – signalled transitions between motivation-states and the 

fundamental aspects of the environment on which they depend.  Disrupting DRN activity with 
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TUS reduced the frequency of motivation-state transitions and diminished the relationship 

between motivation-states and the richness of environment demonstrated in Ch.III. This 

suggests that DRN has a causal role in changing an animal’s behaviour to match its 

environment. In addition, we take advantage of fMRI’s whole-brain perspective to examine 

how DRN co-ordinated with other regions during reward-seeking behaviour.  We show that in 

contrast to DRN’s role in motivation change, activity in nearby subcortical nuclei like VTA and 

Hb tracked the level of an animal’s motivation-state from one trial to the next. Finally, activity 

in AI signalled the richness of an animal’s environment, which was an important organising 

principle for the motivation-states linked to subcortical nuclei. We then show patterns of 

functional connectivity between AI, and DRN, Hb and VTA which suggested they form a 

circuit for deciding whether to pursue reward opportunities.    

In Ch.V we examine DRN function in the human brain. To do this, we developed a 

novel behavioural task featuring a limited set of reward options that are cyclically encountered, 

making it possible to track how and when a participant’s behavioural policy toward each option 

changed. Similar to Ch.III, we show that option-specific policies in human behaviour were 

fundamentally shaped by the richness of the environment. We further show that activity in DRN 

– but no other neuromodulatory nucleus – signalled changes in behavioural policy that were 

driven by the environment, in addition to an evolving estimate of the environment’s value. 

Finally, we show that multivariate patterns of activity in AI and dACC coded the relative value 

of each reward-option given the richness of the environment. This suggests that dACC and AI 

are important sources of information to DRN for reward-guided changes in behaviour.  
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Chapter III 

A Hidden Markov Model General Linear Model identifies 

motivation-states in macaque monkeys 

 

3.1: Introduction 
 

Animals need rewards for their survival, and they need to obtain them as efficiently as 

possible. In many naturalistic scenarios, this means tracking general features of the surrounding 

environment: the foraging behaviour of many species, for example involves comparing the 

opportunity an animal is currently confronted with against the general richness and 

stochasticity of opportunities it has encountered in the recent past, which guide its expectations 

for the future (16, 17). These are rational considerations for animals given the biological 

constraints that encumber them. Finding and pursuing rewards consumes precious metabolic 

resources that must later be replenished, and so it is critical that animals organise their reward-

seeking activities in ways that exploit their external milieu – to press their advantage when 

things are good, and conserve their energy when things are bad. 

In this chapter, we investigate this phenomenon in the behaviour of macaque monkeys. 

We gave animals a novel behavioural task with two important features. Firstly, each trial of the 

task involved an encounter with a single reward opportunity which animals could pursue in 

return for a probabilistic reward, or reject by withholding any behavioural response. This 

allowed us to study how animals became engaged in reward-guided action in the first instance, 

in contrast to canonical reward-guided decision-making paradigms with forced choices 

between different reward options (12, 13). Secondly, we systematically manipulated the 

general richness and stochasticity of reward opportunities over time. This meant that we could 
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examine how an animal’s broader environment influenced its propensity to pursue reward 

opportunities.   

We predicted that an animal’s motivation to pursue rewards would be affected by the 

richness and stochasticity of its environment given the considerations set forth in foraging 

theory (16, 17). Our task design allowed us to directly test this by comparing behaviour 

between experimentally manipulated environments. In addition, we tested the hypothesis in a 

complementary way using a General Linear Model Hidden Markov Model (GLM-HMM) – a 

novel analytic approach for decoding temporal patterns in behaviour (35, 36). The GLM–HMM 

extends the standard GLM by allowing a GLM’s parameters to have different values depending 

on the state variable in a Hidden Markov Model (HMM). Conceptually, HMM states thus 

correspond to behavioural states in which there are systematic and temporally extended 

changes in the way an animal makes decisions. Here, we used the GLM–HMM framework to 

probe time-varying changes in an animal’s baseline propensity to pursue reward, akin to 

motivation-states.  

In brief, we found that animals were ceteris paribus more likely to pursue opportunities 

that occurred in rich environments relative to poor environments. In addition, we found 

evidence for two discrete motivation-states that followed the same logic: a high-motivation 

state was occupied in rich environments with abundant high-value opportunities, and a low-

motivation state was occupied in poor environments where rewards were scarce. Taken 

together, these results provide converging evidence that an animal’s motivation for rewards is 

influenced by the richness of the environment, and that this is explicable by environment-

dependent motivation-states.   
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3.2: Results 
  

3.2.1 Animals are more motivated to pursue rewards in rich environments 
 

Four rhesus monkeys (Macaca mulatta) performed a simple decision-making task 

involving sequential encounters with reward opportunities that varied in reward-magnitude and 

reward-probability (fig. 3.1A). Upon each encounter, animals could either pursue the 

opportunity and incur a short temporal cost or let the opportunity pass and proceed to the next 

encounter. Each session comprised four blocks of 40-50 trials. We systematically controlled 

the distribution of reward-probabilities within blocks to engender different reward 

environments. These blocks varied on two levels across two dimensions: (i) richness, defined 

by the mean reward-probability of opportunities (i.e., the value of an average opportunity in a 

block), and where μreward-probability(rich) = 0.75 and μreward-probability(poor) = 0.55, and; (ii) 

stochasticity, defined as trial-to-trial variability in reward-probability, and implemented by 

changing the width of reward-probability distributions where σreward-probability(stochastic) = 0.13 

and σreward-probability(predictable) = 0.05 (fig. 3.1B & 3.1C; see §3.4: Methods for details). 

We first examined how behaviour changed between the experimentally defined blocks. 

We quantified this using a series of mixed-effect binomial general linear models (GLM) that 

accounted for animal-specific variation in behaviour. In these GLMs, motivation was 

conceived as the binomial likelihood of an animal pursuing a reward opportunity on a given 

trial.  

Because rich and poor blocks were underpinned by trial-by-trial reward-probability 

values, it was not possible to enter reward-probability and block-richness regressors in the same 

GLM due to collinearity (r = 0.80). However, the reward-probability distributions for stochastic 

blocks were carefully chosen to ensure partial overlap between rich-stochastic and poor-
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stochastic distributions. This provided a subset of opportunities that occurred in different 

contexts (rich-vs-poor) despite having the same reward values. Analysing data from 

overlapping trials indicated that animals were markedly more likely to pursue opportunities 

that occurred in rich blocks relative to poor blocks (GLM3.1, see §3.4: Methods for details and 

for all subsequent GLMs; βrich-vs-poor=0.90, SE=0.14, p<.001; fig.3.2A). In contrast, there was 

no evidence that animals behaved differently in stochastic compared to predictable blocks 

(GLM3.2; βstochastic-vs-predicable=-0.08, SE=0.11, p=.486; fig.3.2B).   

The first analysis showed that animals were influenced by the environment as 

operationalised by the experimentally controlled blocks. We reasoned, however, that an 

animal’s trial-by-trial understanding of the environment would likely depend on its recent 

reward history. We tested this hypothesis by quantifying the time-horizon of sensitivity to past 

rewards with a mixed-effects GLM that had individual terms for reward outcomes on trials t-1 

to t-10, where t indicates the current trial (GLM3.3, see Methods). This suggested that 

behaviour was modulated by rewards as distant as five trials into the past, but not further 

(GLM3.3; fig. 3.2C). We therefore operationalised the richness of the environment as the 

average reward accumulated in the previous five trials, and the stochasticity of the environment 

as the standard deviation of the reward rate over the same five trial period. Importantly, 

changing the time-window used to operationalise environments did not impact any of the 

inferences drawn from the following analysis (see fig. 3.2D–ii).  

Quantifying the influence of these factors revealed that animals were more likely to 

pursue opportunities as a function of increases in the richness and stochasticity of the 

environment (GLM3.4, see Methods; βenvironment-richness=0.46, SE=0.08, p<.001; fig.3.D; 

βenvironment-stochasticity=0.08, SE=0.03, p=.020; fig.3.2E). These effects were independent of trial-

by-trial reward value – for example, opportunities with the same expectation-value were more 

likely to be pursued when the recent environment was compared to when it was poor, meaning 
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that the effect was not due to the correlation between rich environments and high-value reward 

opportunities on individual trials (fig.3.2D & 3.2E).  

The fact that the richness of the environment predicted whether animals would pursue 

reward opportunities indicated a subtle but important feature of behaviour. Animals could only 

obtain rewards by pursuing reward opportunities, meaning that rich environments effectively 

corresponded to periods where many rewards had been pursued in the recent past. Insofar as 

receiving rewards in the past encouraged animals to pursue opportunities in the present, the 

richness of the environment effect therefore indicated that pursue-vs-reject decisions were 

autocorrelated over consecutive trials. We tested this hypothesis by predicting the pursue-vs-

reject decision taken on each trial as a function of the pursue-vs-reject decision on the previous 

trial (behavioural history, hence). This confirmed that animals tended to repeat pursue-vs-reject 

decisions over consecutive trials, even though each trial featured a separate reward opportunity 

with distinct magnitude and probability parameters (GLM3.5; βbehavioural-history=0.64, SE=0.24, 

p<.001; fig.3.2G).   
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Figure 3.1. A behavioural task for controlling the richness and stochasticity of the 

environment. (A) Animals performed a behavioural task involving sequential encounters 

with reward opportunities that varied in reward-magnitude (stimulus-colour) and reward-
probability (dots-per-stimulus). Animals performed the task while undergoing functional 

magnetic resonance imaging and pupillometry (see Ch.IV for fMRI). (B) The probability 

density of reward-probability in different reward environments. Rich environments 
[purple; mean(reward-probability)=.75] were characterised by higher mean reward-
probability than poor environments [blue; mean(reward-probability)=.55]. Stochastic 
environments [light colours; sd(reward-probability)=.13] were characterised by uniform 
distributions and predictable environments by normal distributions [dark colours; 

sd(reward-probability)=.05]. (C) A depiction of changes in reward-probability as a 

function of the environment in an example session. Each session comprised four blocks 
covering each combination of richness and stochasticity. 
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Figure 3.2. Animals are more likely to pursue reward opportunities in rich 

environments. (A) The reward-probability distributions for rich-volatile and poor-

volatile blocks partly overlapped (fig.3.1B), which produced a subset of trials with the 
same reward value in different contexts (rich-vs-poor). Animals were more likely to 
pursue opportunities that occurred in rich blocks relative to poor blocks. Dots indicate 

mean rates of responding in each session and animal. (B) There was no evidence that 

animals behaved differently between predictable and stochastic blocks. Note that unlike 
(A), this analysis was performed over all trials because the block-stochasticity regressor 
was not collinear with other regressors. Dots indicate mean rates of responding in each 

session and animal. (C) The effect of reward outcomes from past trials on the pursue-

vs-reject decision on the current trial in a mixed-effects logistic regression. Points and 
whiskers indicate effect-size (i.e. regression-weight) ± 95%CI for each predictor. Note 

that effects for outcomes past t-5 are not significant at .05 level. (D–i) When richness 

was operationalised relative to an animal’s recent experience of reward outcomes, 
animals were more likely to pursue opportunities as the richness of the environment 
increased. X-axis indicates the expected value of the reward opportunity on each trial. 
Y-axis indicates rate of reward-pursuit. Colour-scale indicates mean-split according to 
richness of the environment [high = trials where richness(t) > μ(richness) and low = 
richness(t) ≤ μ(richness)]. Dots and whiskers indicate mean ± SEM of the pursue-rate in 

deciles of expected-value for each animal in each session. (D–ii) Importantly, the 

relationship shown in panel (D–i) was the same when the richness of the environment 
was operationalised using different time horizons of previous reward. Graph shows that 
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the effect-size for the richness of the environment in a GLM is similar regardless of the 
time-horizon used. We tested two additional time-horizons: (i) where the richness of the 
environment was operationalised as the reward outcome on the preceding trial 
[β(environment-richness)=0.34, SE=0.12, p=.006; GLM3.4], and; (ii) where the richness 
of the environment was operationalised as the average reward outcome on the previous 
ten trials [β(environment-richness)=0.44, SE=0.03, p<.001; GLM3.4]. Y-axis shows 
effect-size for the richness of the environment in GLMs. X-axis indicates the time 
horizon of previous reward outcomes used to operationalise the richness of the 
environment. Points and whiskers indicate effect-size (i.e. regression-weight) ± 95%CI 

for each predictor. (E) When stochasticity was operationalised relative to an animal’s 

recent experience of reward outcomes, animals were more likely to pursue opportunities 
as the stochasticity of the environment increased. X-axis, Y-axis, dots, whiskers and 
follow conventions of panel D–i. Colour-scale indicates mean-split according to 
stochasticity of the environment [i.e. high corresponds to trials where stochasticity(t) > 

μ(stochasticity) and low to stochasticity(t) ≤ μ(stochasticity)]. (F) Animals were likely to 

repeat the pursue-vs-reject decision taken on the previous trial on the current trial. Dots 
indicate mean pursue-rate in each animal in each session.    
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3.2.2: A Hidden Markov Model identifies motivation-states in behaviour 
 

We reasoned that the autocorrelations in animal behaviour evinced by the richness of 

the environment and behavioural history effects might reflect motivation-states – that is, 

changes in an animal’s baseline predisposition to pursue-vs-reject rewards that were 

independent of the reward opportunity on each trial, and that persisted over many trials 

(fig.3.3A–B). It has recently been shown that latent time-varying dispositions in behaviour can 

be uncovered using a General Linear Model Hidden Markov Model (GLM-HMM) approach 

(35, 36). We therefore tested the motivation-state hypothesis using a GLM-HMM.  

GLM-HMMs are an extension of the classical GLM in which the parameter values of 

a GLM are allowed to change according to time-varying latent states. Transitions between 

latent states are governed by Markovian dynamics and are thus called ‘HMM-states’. In simple 

terms, this means that if animals behave in fundamentally different ways – for example, if they 

adopt different motivation-states – over the course of the task, the GLM-HMM can detect these 

states, and specify how the relationship between the task and behaviour changes in each state 

via the weights in the GLM part of the model (fig.3.3B).  

We formulated a GLM-HMM where the pursue-vs-reject decision on each trial was 

predicted with a binomial GLM that included the following terms: (i) a bias or ‘intercept’ term, 

(ii) a predictor for the expectation-value of the reward opportunity available on the current trial, 

and (iii) predictors for external environment cues that were presented throughout the task 

(fig.3.3B; see §3.4: Methods for details). Our hypothesis was that animals experienced changes 

in their baseline predisposition to pursue-vs-reject reward opportunities, over and above the 

influence of external factors like the value of the current opportunity. We therefore let only the 

bias parameter change between HMM-states and held the weights on other predictors constant. 
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Incorporating predictors for features of the task in the GLM part of the model ensured that 

patterns identified by the GLM-HMM were specifically due to shifts in an animal’s baseline 

predisposition to pursue-vs-reject rewards, after taking into account external factors like the 

reward value on the current trial. 

We used a previously reported model-selection procedure which involved testing 

models with different numbers of HMM states using 5-fold cross validation (35) (fig.3.4). We 

validated the procedure using a series of parameter recovery tests on simulated data (fig.3.4A–

C). After confirming successful parameter recovery, we implemented it on behavioural data. 

This indicated that cross-validated log-likelihoods for 2-state GLM-HMMs were higher than 

1-state GLM-HMMs for all animals (fig.3.4D & fig.3.5A), but that invoking additional states 

beyond this number was not warranted for any animal. We therefore used 2-state GLM-HMMs 

for all further analyses.  

Each animal-specific 2-state GLM-HMM featured clearly distinct HMM-state-specific 

bias parameters (fig.3.5B) and profoundly autocorrelated HMM-state transition matrices, 

which were consistent with state-like fluctuations in baseline predispositions to pursue-vs-

reject rewards (fig.3.5C). Furthermore, simulating data from fitted 2-state GLM-HMMs 

reproduced salient features of animal behaviour including qualitative patterns of 

autocorrelation in decision-making (fig.3.5D–E),  and the richness of the environment and 

behavioural history effects described earlier (fig.3.5F–G). This demonstrates that the key 

behavioural effects described above – the richness of the environment effect, and the 

behavioural history effect – can be parsimoniously explained by a 2-state GLM-HMM in which 

there are changes in the bias term governing an animal’s predisposition to pursue-vs-reject 

rewards. Further analyses demonstrated that HMM-states were not reducible to satiety, fatigue, 

or time-on-task (fig.3.6A–C).  
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We tested whether the statistical patterns identified by the GLM–HMM corresponded 

to biological motivation-states with a series of follow-up analyses. To do this, we first decoded 

the maximum a posteriori HMM-state on each trial using a well-established procedure called 

the Viterbi algorithm (see §3.4: Methods for details). We validated the Viterbi algorithm on 

simulated data, which demonstrated that it identified the correct HMM-state on 90% of trials, 

and identified HMM-state transitions within +/- 3 trials of a true transition in 85% of cases 

(fig.3.7A–C). We then examined how decoded HMM–states were related to behaviour. As 

expected, animals were markedly more likely to pursue reward opportunities in the putative 

high-motivation state compared to the low-motivation state, regardless of the reward value 

available (GLM3.6; βmotivation-level=2.66, SE=0.56, p<.001; fig.3.7D). Behaviour during 

transitions between HMM-states was characterised by abrupt changes in pursue-rates, 

suggesting that the GLM-HMM captured state-like differences in behaviour with a high degree 

of temporal precision (GLM3.7; βbefore-vs-after-transition(high-to-low)=-1.48, SE=0.08, p<.001; βbefore-vs-

after-transition(low-to-high)=1.80, SE=0.30, p<.001, fig.3.7G). Finally, we tested the model’s 

convergent validity by comparing HMM-states to: (i) trial-by-trial pupil-size, a well-validated 

indicator of physiological arousal (271), and (ii) trial-by-trial reaction times (RT) to pursued 

rewards, a simple way of quantifying vigour. Consistent with the link between HMM-states 

and motivation, the putative high-motivation state featured faster RTs when rewards were 

pursued (GLM3.8; βmotivation-level=-0.20, SE=0.03, p<.001; fig.3.7F) and increased pupil-

diameter during decision-making (GLM3.9; βmotivation-level=0.20, SE=0.02, p<.001; fig.3.7E). 

The GLM-HMM, thus, provided quantitative evidence for discrete, persistent, and biologically 

meaningful motivation-states in monkey behaviour.  

Finally, we tested the hypothesis that motivation-states were related to the external 

environment: was it the case, for example, that animals matched their motivation-state with the 

shifting distribution of reward opportunities in the task over time? We quantified the 
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availability of rewards by calculating, for each trial, the average expectation-value of reward 

opportunities in the preceding five trials. We did not use the richness of the environment metric 

introduced earlier because this was calculated from an animal’s recent history of reward, and 

therefore was contingent on its behaviour – relating an animal’s motivation-state to its recent 

history of behaviour, thus, would be a logically circular analysis. In contrast, the expectation 

value of reward opportunities was experimentally controlled via the reward distributions 

characterising the task (fig.3.1B) and was therefore not affected by an animal’s decisions. This 

showed that animals were more likely to occupy high-motivation states as the average 

expected-value of recent reward opportunities increased (GLM3.10; βAve.EV=0.19, SE=0.08, 

p=.022; fig.3.7H). The GLM-HMM therefore demonstrated not just that animals experienced 

motivation-states that determined their predisposition to pursue-vs-reject rewards, but also that 

motivation-states were matched to the distribution of rewards in the environment.   
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Figure 3.3. A General Linear Model Hidden Markov Model for explaining temporal 

patterns in behaviour. (A) Animals exhibited autocorrelated patterns of behaviour in 

which they were biased to pursue (red) or reject (pink) reward opportunities almost 
regardless of expectation-value. Data shows pursue-vs-reject decisions (stars at top 
indicate pursuits; dots at bottom indicate rejections) as a function of expectation-value 

(y-axis) over time (x-axis) in an example session. (B) We quantified these patterns using 

a GLM-HMM with HMM-state dependent bias parameters. This produced 
corresponding HMM-state dependent decision functions, which captured changes in 
the way animals made decisions over time.   
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Figure 3.4. Validating and implementing a GLM–HMM fitting procedure using 5-fold 

cross validation. We implemented a previously reported fitting procedure for GLM-

HMMs that involved 5-fold cross validation within each animal (35). In brief, we divided 

the data into five folds and iteratively fit the model to sessions in four folds (i.e. training 
folds) before testing performance on the held-out (i.e. test) fold. We assessed model 
performance using the log-likelihood of held-out sessions, which we computed using 
the forward algorithm (see §3.4: Methods). We constructed folds between-sessions 
instead of trials-within-sessions because between-session variance was greater than 
within-session variance. Between-session cross-validation was therefore a more 

demanding test of performance (35). For each fold, we tested models with s ∈ {1, 2, 3, 

4, 5} HMM-states and calculated the log-likelihood of test sessions in each case. (A) 

We validated the procedure by simulating 10 datasets from a fitted 2-state GLM-HMM. 
Each dataset was approximately the same size as the total dataset obtained from each 
individual animal (~16 sessions, ~3000 trials). We first tested whether the procedure 
recovered the true number of HMM-states when the data was generated by a 1-state 
(i.e. Binomial GLM; left panel) and/or 2-state GLM-HMM (right panel) models. 2-state 
GLM-HMMs fit better for data generated from a 2-state GLM–HMM, but not for data 
generated by a Binomial GLM. The number of generative states, thus, was successfully 
recovered. All subsequent data pertains to simulations with 2-state GLM-HMM 

generative models. (B) In addition, the fitting procedure successfully recovered 

transition-matrix parameters used to generate simulated data. Graphs show posterior 
distributions over transition-matrix components in fitted 2-state GLM-HMMs. Black 
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dashed lines indicate generative model parameters and coloured lines indicate mean 

parameters over all fitted models. (C) Finally, the fitting procedure successfully 

recovered HMM-state specific bias/intercept parameters used to generate simulated 
data. Graphs show posterior distributions over state-specific bias values. Dashed black 
lines indicate generative parameters and coloured lines indicate mean parameters over 

all fitted models. (D) Implementing the fitting procedure on behavioural data showed 

that all animals followed a similar pattern whereby 2-state GLM-HMMs performed better 
than Binomial GLMs (i.e. 1-state GLM–HMMs). Additional states, however, either failed 
to improve model performance, or impaired it. Graphs show relationship between log-
likelihood of the held-out sessions as a function of HMM-states (foregrounded bold lines 
indicate mean log-likelihood of held-out sessions; background lines indicate log-
likelihood of individual sessions).  



III: GLM–HMM identifies motivation-states in monkeys 

 44 

 

Figure 3.5. A 2-state GLM–HMM captures key quantitative and qualitative patterns 

of animal behaviour. (A) A model incorporating two HMM-states clearly improved 

model fit compared to alternative numbers of states. Here, this is shown using AIC – a 
form of log-likelihood that penalises model complexity (see supplementary fig.3.6 for 

full cross-validation results). Points show mean session-wise AIC for each animal. (B) 

The posterior probabilities of state-specific bias parameters in all animals (M1 – M4) 
indicate that HMM-states impact an animal’s baseline predisposition to pursue-vs-

reject rewards.  (C) Transition matrices that describe the conditional probability of 

HMM-states from one trial to the next show strong autocorrelations in HMM-states in 

all animals (M1–M4). (D) Simulating data from a 2-state GLM-HMM reproduced trial-to-

trial autocorrelations in behaviour, which were a key feature of animal behaviour. A 
binomial GLM was unable to reproduce this pattern. Y-axis shows autocorrelation 
function (ACF) between the decision on trial t and decisions on previous trials spanning 
(t-1):(t-10) for recorded behaviour (grey), the 2-state GLM-HMM (dark blue) and a 

Binomial GLM (light blue) for an example animal. Lines and shaded areas show the mean 
and SEM, respectively, of the ACF at each individual lag. ACFs for the behavioural data 
were obtained by calculating the ACF at each lag in each individual session (N=16) and 
then taking the mean and SE of ACFs at each level of lag. Simulated ACFs were obtained 
by simulating datasets from Binomial and 2-state GLM-HMM models that were fit to 
animal behaviour. We then calculated the mean and SE of the ACF at each lag, as per 

the behavioural data. (E) A concrete demonstration of autocorrelations in behaviour is 
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the number of times that the same pursue-vs-reject decision is repeated over 
consecutive trials. Here, we have called these decision run-lengths, where rejecting 
three consecutive reward opportunities would constitute a decision run-length of 3, for 
example. See also (35). The GLM-HMM closely tracks the tendency of animals to repeat 

their decisions over consecutive trials, especially for decision run lengths spanning five 
or more trials. A binomial GLM is unable to reproduce this pattern. Data from the same 

example animal and simulations as panel (E). (F) and (G) Implementing the GLMs (GLM 

3.1–3.2) used to analyse behaviour in §3.2.1 on data simulated from a 2-state GLM-
HMM recapitulated the richness of the environment effect (F) and behavioural history 
effect (G). The same patterns did not occur when data was simulated from a Binomial 
GLMs. In (F), dots indicate mean pursue-rate in deciles of richness of the environment 
across simulations, and shaded area indicates SEM around line-of-best-fit. In (G), dots 
indicate mean pursue-rates in individual simulations.   
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Figure 3.6. GLM–HMM states and state-transitions are not reducible to fatigue, 

satiety or time-on-task (A) The relative probability of motivation-states (y-axis) over 

time (x-axis). Animals are more likely to occupy the high-motivation state early in a 
session, and approximately equally likely to occupy the high-motivation and low-
motivation states at the end of a session. The GLM–HMM states thus, are not reducible 
to satiety, fatigue, or time-on-task. Black line and shaded areas indicate mean and SEM, 
respectively, of state-occupancy as a function of time; dashed red line indicates mean 

probability of motivation-state occupancy, regardless of time. (B) Histogram of the 

number of GLM–HMM state transitions per session (x-axis). One session features no 

transitions. Data from all animals included. (C) The probability of GLM–HMM state 

transition (y-axis) as a function of time (x-axis). Although transitions are more likely to 
occur in later trials, there is no consistent and specific temporal pattern in transition 

events, which suggests that they are not reducible to the passage of time (per (A)). Line 

and shaded area indicate mean and SEM, respectively, of state transitions rates in 
quintile bins of trials. Dashed red line indicates overall mean probability of state-
transition, regardless of time. Data from all animals included. 
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Figure 3.7. GLM–HMM shows distinct, persistent, and biologically meaningful 

motivation-states during behaviour. We further probed HMM-states by decoding the 

maximum a posteriori state on each trial and comparing it to features of an animal’s 

behaviour and physiology. Decoding was accomplished using the Viterbi algorithm. (A) 

We established the accuracy of the Viterbi decoding algorithm by applying it to 
simulated datasets in which the true HMM-state was known. Viterbi decoding was 
successful on 90.68% (± 0.72%) of trials. Histogram shows distribution of session-level 
decoding accuracy (%) across 10 simulated datasets comprising 16 sessions each (i.e. 
160 sessions total). Data simulated from a 2-state GLM–HMM fit to animal behaviour 

(B) True-HMM-state vs Viterbi-decoded-state in a representative example simulated 

session. (C) We assessed the Viterbi algorithm’s ability to identify state-transitions by 

quantifying – for each decoded transition – the distance to the nearest true state-
transition in simulated data (where distance was measured in number of trials). The 
majority of transition-points were exactly identified (mean-distance = -0.03 trials) and 
84% of decoded transitions occurred within ±3 trial window of a true transition. 
Histogram shows proportion of decoded-vs-true transition differences. Same simulated 

data as (A). (D) Animals were more likely to pursue reward opportunities when occupying 

the high-motivation state relative to the low-motivation state regardless of the reward 
available on the current trial. Dots and whiskers indicate mean ± SEM pursue-rates in 

deciles of expected-value in each animal in each session. (E) Pupil-diameter – a 

common indicator of physiological arousal – when animals are making decisions is 
larger when animals occupy the high-motivation state compared to when they occupy 
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the low-motivation state. Dots indicate mean pupil-size in each animal in each session. 

(F) When rewards are pursued, reaction time – a common measure of vigour – is faster 

when animals occupy the high-motivation state. Dots indicate mean RT for each animal 

in each session. (G) Pursue-rates changed abruptly at decoded motivation-state 

transitions. For decoded low-to-high transitions, the pursue rate is lower in the five trials 
before the transition-trial than it is in the five trials after the transition trial. Similarly, for 
high-to-low transitions, the pursue-rate is higher in the five trials before the transition-
trial than it is in the five trials after the transition trial. This suggests that the GLM-HMM 
identifies abrupt and state-like changes in behaviour, rather than gradual changes. 
Colour shades indicate transition direction. Line and shaded area indicates mean ± SEM 

of pursue-rate across all animals in all sessions (H) The likelihood that animals occupy 

the high-motivation state increases as a function of the expectation-value of recent 
reward opportunities (Ave. EV). Dots and whiskers indicate mean ± SEM of rate of 
motivation-state occupancy in deciles average expectation-value in all animals in all 
sessions. 
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3.3: Discussion 
 

 The constraints of biology dictate that animals should change their propensity 

for reward-seeking depending on the distribution of rewards in the environment. Here, we show 

with two complementary analytic approaches that macaque monkeys are more motivated, 

ceteris paribus, to pursue rewards in rich environments with many high-value opportunities.   

We designed a task which featured experimentally controlled changes between rich and 

poor environments.  Animals were markedly more likely to pursue opportunities that occurred 

in rich environments compared to poor environments, regardless of whether the environment 

was operationalised relative to experimentally controlled blocks, or an animal’s recent 

empirical history of reward. We then implemented a novel GLM–HMM to show that these 

observations could be explained by state-like changes in an animal’s baseline predisposition to 

pursue-vs-reject rewards. We found evidence for two motivation-states that were 

fundamentally related to the richness of the environment: a high motivation-state that was 

occupied when many high-value opportunities were available, and a low-motivation state that 

was occupied when low-value opportunities predominated.  

Behavioural states are ubiquitous features of human and non-human animal behaviour. 

In systems neuroscience, they have traditionally been studied in simple organisms using 

stimulus-evoked paradigms, like avoidance states in response to predatory threats, aggression 

in response to social challenges, and courtship in response to reproductively salient stimuli (32, 

272–274). Here, we add to an emerging body of experiments showing that it is possible to 

decode states reflecting internal changes within an animal, like fluctuations in their motivation, 

attention, and arousal (35, 275, 276). It is likely that internal states of this kind arise from the 

biological constraints emphasised in behavioural ecology. For example, in the present case, 

animals needed to encode and interpret abstract visual stimuli, evaluate each stimulus given its 
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reward-probability and reward-magnitude, and enact swift and accurate movements to ensure 

that valuable opportunities were captured. The costs imposed by these processes were evinced 

in the fact that on approximately 50% of all trials, animals decided that the reward opportunity 

available was not worth engaging with.  

What are the implications of biological constraints for reward-guided behaviour? In the 

present experiment, we found that animals were more motivated to pursue rewards that 

occurred in rich environments. This observation is striking because it appears to controvert 

prominent formulations of foraging theory. In brief, these theories suggest that animals should 

be less selective (i.e. more motivated) during periods of reward scarcity because they have 

homeostatic needs that must be met, regardless of how bad their opportunities are (16–18). A 

simplifying assumption of these models, however, is that animals know the background 

distribution of rewards in the environment. Although this is a reasonable assumption for species 

that occupy stable ecological niches, it is plausible that when animals lack this knowledge, they 

should instead concentrate their efforts on rich environments where they have the most to gain. 

The pattern observed in the present experiments may therefore ensure that reward intake is 

maximised in the manner that foraging theories envisage.   

In support of this view, several other experiments in behavioural neuroscience have 

documented similar patterns of animal behaviour (227, 228, 264, 277, 278). For example, 

rodents sample rewards more frequently and vigorously when many high-value rewards are 

available, similar to the behavioural changes displayed by monkeys in the present experiment 

[reviewed in (277)]. Many of these rodent experiments involved operant self-paced paradigms 

in which the speed and vigour of responding determined an animal’s reward intake. Although 

animals in the present task did not control the rate at which they encountered rewards in the 

same fashion, their behaviour may nevertheless have been shaped by a mechanism for 

invigorating reward-seeking in rich and opportune environments.  
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An alternative perspective is that the phenomenon derives from the so-called “spread 

of effect”: a failure of credit assignment whereby rewards are not linked precisely to the choices 

which caused them (227, 279). The spread of effect has a well-documented history in animal 

learning, and was recently advanced by Wittman and colleagues (227) to explain why ‘global’ 

average reward-rates (as opposed to option-specific reward rates) influence reversal learning 

in rhesus monkeys.  Importantly, however, the reward-magnitude and reward-probability of 

opportunities in the present task were explicitly cued. This is fundamentally unlike learning 

tasks, where the critical aspects of reward options are uncertain and must, indeed, be learned. 

In principle, the fact that animals had complete knowledge about the value of each opportunity 

should have diminished the influence of credit assignment processes – and failures thereof – 

on behaviour.  

Finally, it is important to touch on the stochasticity of the environment, which was the 

other experimentally controlled change in the task. Foraging theory implies that organisms 

should be more likely to pursue rewards in stochastic environments where future opportunities 

might be of little or no value (280). This is broadly consistent with the behavioural effect of 

stochasticity in the present work: although there was no evidence that behaviour differed 

between experimentally controlled stochastic and predictable blocks, animals were marginally 

more likely to pursue rewards as a function of stochasticity in their reward history.  The size of 

this effect, however, paled in comparison to the richness of the environment. It is therefore 

possible that animals are, indeed, sensitive to the stochasticity of reward opportunities over 

time, but that the experimental manipulation was too subtle to elicit a meaningful signature of 

this in behaviour.  In relation to this, it is important to note that although stochasticity was 

manipulated via the distribution of reward-probabilities, reward opportunities were 

characterised on both reward-magnitude and reward-probability dimensions. The relationship 

between manipulated stochasticity changes and the value of reward opportunities might 
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therefore have been outweighed when animals combined reward-magnitude with reward-

probability into a scalar subjective-value.  Future experiments could address this by 

operationalising environments using distributions over expectation-value instead of reward-

probability. This would likely require finer quantisation of reward magnitude than the present 

experiment, because small gradations (e.g., rw-mag ∈ {1, 2, 3}, as used here) make it 

challenging to control expectation-value without inducing correlations between reward-

probability and reward-magnitude dimensions.  
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3.4: Materials and Methods 
 

3.4.1 Experimental model and subject details 
 

The experiments were performed with four male rhesus macaques (Macaca mulatta). 

The sample size corresponded to those used in previous studies where it has been possible to 

identify significant and reliable whole-brain functional magnetic resonance (fMRI) and 

transcranial ultrasound stimulation (TUS) effects across multiple testing sessions but with the 

minimum number of animals (fMRI and TUS results are reported in Ch.IV). The animals were 

10-12 years of age and weighed 14.30–17.09 kg. They lived in group housing with a 12hr light 

dark cycle and were afforded access to water for 12–16 hr on testing days and free access on 

non-testing days. All procedures were conducted under a license issued by the UK Home Office 

in accordance with the Animal (Scientific Procedures) Act 1986 and the European Union 

guidelines (EU Directive 2010/63/EU).  

 

3.4.2 Behavioural training 
 

All monkeys were fitted with magnetic resonance imaging (MRI) compatible cranial 

implants that facilitated head-fixation during testing and training (Rogue Research). Training 

was conducted in MRI compatible chairs designed to accommodate monkeys in a sphinx 

position, and took place in custom-built environments that replicated an MRI scanner. Animals 

were trained on simplified versions of the task in which they did not need to wait for go-cue 

and action-outcome delays, and were not exposed to controlled changes in their reward 

environment. Go-cue and action-outcome delays were then introduced and carefully increased 

over the course of training until they were sufficient for an fMRI experiment (see Ch.IV). 
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Changes in the reward environment were introduced after animals were accustomed to the final 

delay timings. Testing for both the fMRI and transcranial ultrasound stimulation (TUS) 

experiments began when the proportion of pursued trials per session was stationary over 

consecutive days. The behavioural data reported in this chapter was recorded during fMRI 

testing sessions.  

 
3.4.3 Behavioural task  

 

Animals performed a simple decision-making task involving sequential encounters 

with reward opportunities that appeared on a computer screen. Reward opportunities were 

presented in visual form via coloured boxes (size of the box: 8 x 26 cm) that were filled with 

dots. The colour of the stimulus indicated the number of juice drops that the opportunity was 

worth {red = 1; green = 2; blue = 3}. The number of dots comprising the stimulus indicated the 

probability that reward would be delivered if the opportunity was pursued. Reward 

probabilities ranged between (.05, 1), and dots indicated .05 linear increments of reward 

probability. The stimuli were designed so that dots gradually filled the box from the top 

downwards.  

Opportunities first appeared in the centre of the screen before displacing either right or 

left (fig.3.1A). The displacement of the reward opportunity stimulus functioned as a go-cue 

which indicated that it was available for pursuit. Monkeys could pursue opportunities by 

manually responding to an infrared sensor corresponding to the opportunity’s on-screen 

location – for example, if the opportunity displaced right, they needed to touch a sensor with 

their right-hand, and vice versa if it displaced left. The go-cue was designed to temporally 

dissociate neural activity related to pursue-vs-reject decisions from the motoric processes 

which translated decisions into movement. Similarly, the randomised right/left displacement of 
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the reward opportunity stimulus prevented monkeys from motor planning during the decision 

phase. The durations separating reward opportunity onsets and go-cues were drawn from go-

cue ~ uniform(3, 4) and were optimised for a canonical macaque hemodynamic response 

function (HRF) of approximately 3-4s. Monkeys had 1s to pursue opportunities after the go-

cue. If a reward opportunity was pursued, monkeys needed to wait an action-outcome delay 

drawn from the distribution A-O-delay ~ uniform(3, 4). They then received any potential juice 

reward accompanied by visual reward feedback. The next trial then began after an inter-trial 

interval spanning ITI ~ N(4, 1). If monkeys rejected a reward opportunity, they bypassed the 

action-outcome and reward-delivery delays and proceeded to the next trial. If monkeys pursued 

a reward opportunity before the go-cue – i.e. prematurely – they needed to wait the remaining 

duration of the reward opportunity presentation, in addition to go-cue, action-outcome and 

reward-feedback delays. The reward opportunity which elicited the premature response was 

then repeated on the next trial.  

Each session of the task comprised four blocks of 40–50 trials. These blocks were used 

to engender different reward environments by systematically controlling the reward-probability 

dimension of reward opportunities. Environments varied on two dimensions: (i) richness was 

defined by the mean of the reward-probability distribution, where μrich = 0.75 and μpoor = 0.55, 

and (ii) stochasticity was defined by the width of reward-probability distributions, where 

predictable environments were generated from Gaussian distributions with σpredictable = 0.05 and 

unpredictable environments from random-uniform distributions with ranges of 0.40 such that 

σstochastic= 0.13. Blocks were characterised along both richness and stochasticity dimensions, 

which yielded four distinct environment-types – rich-predictable, rich-stochastic, poor-

predictable, and poor-stochastic. Each session featured one of each environment-type, and the 

order of environments was counterbalanced along the richness dimension to avoid long periods 

of low-value offers (e.g., during consecutive poor environments) which were difficult for 
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monkeys to perform.  Environment-types were indicated by visual cues which bordered the 

screen.  

The behavioural data reported in this chapter was recorded during fMRI testing 

sessions. Three animals performed 16 sessions of the task and one animal performed 14 

sessions.  

The task was implemented in MATLAB v2019 (MathWorks) using Psychophysics 

Toolbox v3 (281) and presented on MRI-compatible screens (23in BOLD screen; Cambridge 

Research Systems) approximately 30cm away from the subjects. Juice rewards consisted of a 

solution of water, blackcurrant cordial and banana and each juice drop was approximately 1mL. 

Pupillometric data was obtained during fMRI sessions via an MR-compatible infrared EYElink 

1000 eye-tracker device (SR Research Ltd.), which recorded pupil-diameter and gaze-direction 

along x and y planes at a 250-Hz sampling rate.  

Pre-processing and analysis of pupillometric data was performed in R and entailed the 

following steps [adapted from (282)]. Samples reflecting eye blinks were identified with a 

detection algorithm native to the EYElink device. Artefacts were defined as consecutive 

samples with discrepancies of > 50 a.u. All samples within symmetric 25 sample (i.e., 0.1s) 

windows of artefacts or eye blinks were scrubbed and linearly interpolated, and interpolated 

time series were then low pass filtered with a 4Hz cut-off. These processes were performed for 

pupil-size, x-gaze-direction, and y-gaze-direction timeseries respectively. All timeseries were 

then z-scored, and we then regressed variance due to x-gaze-direction and y-gaze-direction 

from pupil-size via linear regression. All subsequent analysis was performed using the 

residuals. 

To incorporate pupillometry in our behavioural analysis, we extracted pupil-size in 

specific epochs of the task, with a focus on periods after the presentation of reward 
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opportunities, when animals were making decisions. In particular, we quantified – for each trial 

– mean pupil-size 0.5–1.0s after stimulus presentation. We selected this epoch to avoid 

pupillometric responses reflecting sudden luminance changes, which occurred when the reward 

opportunity visual stimulus first appeared.  

 
3.4.4 Behavioural analysis 

 

Our initial behavioural analysis characterised which factors influenced the binomial 

pursue-vs-reject decision made on each trial. We accomplished this with mixed-effect binomial 

generalised linear models (GLMs) with subject-identity as a random variable – this means that 

all GLMs accounted for inter-subject variability for the effect of interest. We began by 

investigating the influence of experimentally defined block-types (rich-vs-poor, and stochastic-

vs-predicable). We investigated the effect of block-richness with the following GLM: 

GLM3.1 
logit(decisiont) = βo + β1reward-magnitudet + β2block-richnesst + β3trial-
numbert  + μ0 + μ1block-richnesst + ε  
 

where β0-3 are fixed-effects, μ0 is the by-subject random intercept, μ1 is a by-subject random 

slope, and ε is an error term. GLM3.1 was fit to a subset of trials with overlapping reward-

probabilities drawn from rich-stochastic and poor-stochastic blocks (see §3.2.1). There was 

therefore no term for block-stochasticity. We tested the effect of block-stochasticity with a 

separate GLM:  

GLM3.2 
logit(decisiont) = βo + β1reward-magnitudet + β2reward-probabilityt + 
β3block-stochasticity +  β4trial-numbert  + μ0 + μ1block-stochasticityt + ε  
 

where β0-4 are fixed-effects, μ0 is the by-subject random intercept, μ1 is a by-subject random 

slope, and ε is an error term. 
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We then analysed the effect of an animal’s recent reward history, as distinct from the 

experimentally manipulated block-types. We began by investigating the time-horizon of 

sensitivity to past rewards with the following GLM: 

GLM3.3 
logit(decisiont) = βo + β1reward-magnitudet + β2reward-probabilityt + β3 

(reward-magnitudet*reward-probabilityt) + β4reward-outcomet-1 + 
β5reward-outcomet-2 + β6reward-outcomet-3 + β7reward-outcomet-4 + 
β8reward-outcomet-5 + β9reward-outcomet-6 + β10reward-outcomet-7 + 
β11reward-outcomet-8 + β12reward-outcomet-9 + β13reward-outcomet-10 + 
μ0 + ε  

 

The small number of subjects precluded meant that it was not possible to fit GLM3.3 with the 

full random-effects structure – that is, with random effects for all predictors. To assess the 

significance of past reward outcomes whilst also taking inter-subject variability into account, 

we therefore fit an iterative series of GLMs in which one previous outcome predictor was given 

a random-slope (e.g. in the first GLM, reward-outcome(t-1)  was given a random slope). We 

assessed the statistical significance of past outcome regressors using the random effect in the 

relevant GLM. Fig.3.2C shows the outcome of this analysis. Given the results from GLM 3.3, 

we operationalised the richness of an animal’s reward environment as a moving-average with 

a retrospective five-trial window, and the stochasticity of its environment as the standard-

deviation of the reward rate over the same period:  

 
Richness of environment 
environment-richnesst = mean(reward-receivedt–5: reward-receivedt–1) 

 
Stochasticity of environment 
Environment-stochasticityt = sd(richnesst–5: richnesst–1) 
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We implemented the following model to assess how richness and stochasticity influenced 

pursue/reject decisions:  

GLM3.4 
logit(decisiont) = βo + β1reward-magnitudet + β2reward-probabilityt + 
β3environment-richnesst + β4environment-stochasticityt + β5 (reward-
magnitudet*reward-probabilityt) + β6trial-numbert + μ0 + ε  
 

where β0-6 are fixed-effects, μ0 is the by-subject random intercept and ε is an error term. The 

small number of subjects precluded fitting GLM3.4 with the full random-effects structure. We 

therefore fit an iterative series of models in which the key predictors of interest – environment-

richness and environment-stochasticity – were individually afforded random effects. To test 

whether the environment-richness effect was sensitive to the time horizon of past outcomes 

used to operationalise the richness of the environment, we repeated GLM3.4 for two additional 

cases: (i) a case where the richness of the environment was operationalised as the reward 

outcome on only the previous trial, and; (ii) a case where the richness of the environment was 

operationalised as the average reward outcome on the previous ten trials (fig.3.2D). Finally, we 

investigated the effect of behavioural history with the following GLM: 

GLM3.5 
logit(decisiont) = βo + β1reward-magnitudet + β2reward-probabilityt+ 
β3behavioural-historyt + β4environment-stochasticityt + β5trial-numbert 
+ μ0 + μ1behavioural-history +  ε  
 

where β0-6 are fixed-effects, μ0-1 are random effects, and ε is an error term. Behavioural-history 

is a binary variable reflecting the pursue-vs-reject decision taken on the previous trial. We did 

not enter behavioural-history and environment-richness regressors into the same model 

because these effects were correlated (r = 0.40).  

All mixed-effects GLMs were performed in R and models were fit via maximum 

likelihood estimation as implemented in the lme4 toolbox. 
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3.4.5 General Linear Model Hidden Markov Model 
 

We used a GLM-HMM to probe time-varying patterns in behaviour that might reflect 

motivation-states. A GLM-HMM is an extension of the GLM that consists of two parts. The 

HMM part of the model assumes that time series events arise from so-called hidden states, 

which produce observations according to state-dependent probability distributions (35, 36). 

These states have Markov relations to one another, meaning that the state at time t is determined 

strictly by the state at time t-1, and the respective probabilities of transition between states. A 

simple HMM of animal behaviour in this context, for example, might comprise states in which 

responses arise from binomial distributions with state-dependent probability parameters that 

reflect changes in an animal’s pursue-vs-reject decisions across time. 

The GLM part of a GLM-HMM parameterises state-dependent probability distributions 

according to predictors (35). The weights afforded to each predictor can vary from state-to-

state, which enables the model to capture time-varying differences in an animal’s decision-

making process. We implemented a GLM-HMM in which pursue-vs-reject decisions were 

parameterised by a bias term, in addition to a predictor for the expectation-value of the reward 

opportunity on the current trial, and binary environment cues indicating the experimentally 

controlled richness and stochasticity of the current block. We were interested in motivation-

states – that is, changes in an animal’s baseline predisposition to pursue-vs-reject reward 

opportunities. We therefore let only the bias parameter(s) change between states and 

constrained the GLM weight on expectation-value and environment-cue parameters to be the 

same across states. Formally:  

𝑝(𝑦! = 𝑝𝑢𝑟𝑠𝑢𝑒|𝑧! = 𝑘, 	𝒙𝒕, 𝒘𝒌) = 	
1

1 + 𝑒$𝒘𝒌∙𝒙𝒕 
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Where y ∈ {pursue, reject}T is the animal’s decisions across T trials, zt is the HMM state at trial 

t and zt ∈ {1,..., K} such that there are K states, xt ∈ ℝM is a matrix containing values trial-by-

trial values for M predictors in the GLM part of the model, and wk ∈ ℝM represents M GLM 

weights over predictors that are specific to state k. Transitions between the states unfold 

according to a transition matrix A ∈ ℝK x K: 

𝑝5𝑧!() = 𝑘6𝑧* , 𝐴8 = 	𝐴*,, 

where transition matrix is stationary. The joint probability of behaviours and HMM states is 

given by:  

𝑝(𝐲, 𝐳|{𝐱}!-). , {𝐰},-)/ , 𝐴, 𝜏) = 	𝑝(𝑧))@𝑝(𝑧!()|𝑧!)𝑝(𝑦! , 𝒙!)
.

!-0

 

Where 𝜏 ∈ ℝK is the initial state distribution such that 𝜏, = 𝑝(𝑧) = 𝑘). The likelihood function 

was fit to behavioural data via Markov Chain Monte Carlo optimisation implemented in STAN 

(283). A separate GLM-HMM was fit to each individual animal’s behaviour.  

We probed validity of the GLM–HMM framework by fitting a series of models with K 

∈ {1, 2, 3, 4, 5} states. To begin, we performed a five-fold cross-validation protocol in which 

models were iteratively fit to 80% of sessions and tested on the remaining 20% of sessions 

(35). This process was performed within each animal. The best fitting model was determined 

on the basis of the log-likelihood of held-out sessions (see fig.3.4). In the main text, we further 

report session-wise AIC scores – a well-established and easily interpretable metric of model fit 

that penalises model complexity, and is a demanding test for GLM–HMMs with K ≥ 2 because 

additional states increase complexity exponentially (fig.3.5A).  

We further validated the GLM-HMM framework using simulated data.  To begin, we 

tested whether the fitting procedure accurately recovered the parameters used to generate 

simulated datasets by taking a fitted Binomial GLM (i.e. K =1) and 2-state GLM–HMM for an 
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example animal and generating 10 datasets comprising 16 sessions from each model (i.e. the 

typical size of the behavioural data recorded from each animal). We then implemented the 

fitting procedure on simulated datasets and tested (i) whether the correct number of HMM-

states was recovered (1-state vs 2-states), and (ii) whether the correct parameters were 

identified in the 2-state case (fig.3.4). We additionally examined simulated data for qualitative 

patterns that were reminiscent animal behaviour (fig.3.5). After model selection, we decoded 

the maximum a posteriori sequence of HMM-states in each session via the Viterbi algorithm 

(283): 

𝐳𝒔∗ =	𝑎𝑟𝑔𝑚𝑎𝑥𝒛):.𝑝(𝒛5,):.|𝒚5,):.) 

 
We used simulated data from a 2-state GLM HMM to validate the Viterbi decoding algorithm 

(fig. 3A–C).  

Decoding HMM-states with the Viterbi algorithm allowed us to quantify their impact 

on behaviour, which we did using the following mixed-effects GLMs with subject-identity as 

the grouping variable: 

GLM3.6 
logit(decisiont) = βo + β1reward-magnitudet + β2reward-probabilityt + 
β3motivation-levelt + β4 reward-magnitudet*reward-probabilityt + β5trial-
numbert + μ0 + μ1motivation-levelt + ε  
 

where β0-5 are fixed-effects, μ0-1 are by-subject random effects for intercepts and motivation-

level, respectively, and ε is an error term. Motivation-level ∈ {0,1} is a binary variable 

reflecting the decoded motivation-state (low vs high) occupied on trial t. We identified 

motivation-state transitions by searching for cases where decoded motivation-states were 

different across consecutive trials (i.e., motivation-levelt ≠ motivation-levelt-1). We compared 

behaviour before-vs-after motivation-state transitions with the following mixed-effects GLM: 



III: GLM–HMM identifies motivation-states in monkeys 

 63 

GLM3.7 
logit(decisiont) = βo + β1reward-magnitudet + β2reward-probabilityt + 
β3before-vs-after-transitiont + β4 reward-magnitudet*reward-probabilityt 
+ β5trial-numbert μ0 + μ1before-vs-after-transitiont  + ε  
 

where β0-5 are fixed-effects, μ0-1 are by-subject random effects for intercepts and time-from-

transition, respectively, and ε is an error term. Before-vs-after-transition was a binary variable 

that grouped trials into two categories: (i) ‘before-transition’ trials, defined as the five trials 

preceding a motivation-state transition, and (ii) ‘after-transition’ trials, defined as the five-trials 

in the immediate aftermath of a transition. We performed GLM3.7 separately for low-to-high 

and high-to-low motivation-state transitions.  

We then characterised the GLM-HMM’s convergent validity by comparing decoded 

states with variables that should change with motivation: (i) reaction-time, and (ii) pupil-size. 

To do this, we implemented the following mixed-effects GLMs:  

GLM3.8 
Pupil-sizet = βo + β1reward-magnitude+ β2reward-probability+ β3HMM-
state + β4trial-number + μ1HMM-state + ε 
 
GLM3.9 
log(Reaction-timet) = βo + β1reward-magnitude+ β2reward-probability+ 
β3HMM-state + β4trial-number + μ1HMM-state + ε 
 

Where β0-4 are fixed-effects and μ1 is a random-effect within subjects. We did not implement 

random intercepts (i.e. μ0) for either model because pupil-size and reaction-time were z-scored 

within-subjects during pre-processing. This meant that the central tendency of within-subject 

distributions for reaction-time and pupil-size was the same value (i.e., 0), and it was not 

necessary to add terms capturing inter-subject differences in the mean.  

We used changes in decoded HMM-states to examine how motivation-states evolved 

over time. In particular, we probed the link motivation-states and aspects of an animal’s 
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external environment, like the recent history of reward opportunities it had been presented with. 

We quantified the latter by calculating a moving average of the expectation-value of reward 

opportunities received in the previous five trials. 

Availability of rewards (Ave. EV) 
Ave. EVt = mean(EVt–5: EV–1) 
 

We used Ave. EV to predict motivation-states via the following mixed-effects Binomial GLM:   

GLM3.10 
logit(motivation-statet) ∈ {0,1} = βo + β1EV + β2Ave.EV + β3trial-number 
+ μ0 + μ1Ave.EV + ε  
 

Where β0-3 are fixed-effects and μ0-1 are random-effects within each subject. We used EV – the 

expected value of the reward opportunity on the current trial – to control for the effects of the 

current reward opportunity on an animal’s motivation-state. We used EV rather than the 

separate reward-magnitude and reward-probability dimensions of offers because Ave. EV and 

reward-probability were meaningfully correlated (r = 0.49). This was an inherent feature of the 

task because reward environments were engendered by manipulating the distribution of 

reward-probabilities over time,  which therefore caused correlations between reward-

probability and retrospective summary statistics of task events like the Ave.EV. Scaling reward-

probabilities by reward-magnitude as in the expectation-value formula dampened this 

correlation (r = 0.23), meaning that EV and Ave. EV could be part of the same regression 

without collinearity.
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Chapter IV 

Dorsal raphe nucleus controls motivation-state transitions in 

monkeys 

 

4.1 Introduction 
 

In Ch.III, monkeys exhibited two motivation-states that shaped their baseline 

disposition to pursue-vs-reject rewards: a high motivation-state that was occupied in rich 

environments with many high-value opportunities, and a low motivation state that was 

occupied in poor environments with many low-value opportunities. In this chapter, we examine 

how the brain reconciles motivation for reward-seeking with the environment in this way. We 

argue for a critical role for the dorsal raphe nucleus (DRN) – a phylogenetically ancient part of 

the brainstem that is distinguished by its serotonergic innervation of the mammalian forebrain. 

Although fundamental aspects of DRN’s function remain elusive, there are two discernible 

themes in previous experiments: (i) that DRN controls changes between opponent behavioural 

modes, like patience and impulsivity, or exploitation and exploration, and; (ii) that DRN 

responds to reward-related features of an animal’s milieu, like the value, valence and 

uncertainty of recent outcomes (202, 204, 208, 221, 227, 228, 284, 285).  

We build on this previous work by arguing that DRN controls transitions between 

motivation-states that reconcile behaviour with the distribution of rewards in the environment. 

We take advantage of the whole-brain perspective afforded by functional magnetic resonance 

imaging (fMRI) to show that brain activity in DRN – but no other neuromodulatory nucleus – 

signals transitions in motivation-states. Such comparisons are critical for identifying the 

different functions of neuromodulatory nuclei (286). Interpreting the causal significance of 
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fMRI activation patterns is possible when the impact of disrupting the activity can be examined 

(265, 287, 288). We therefore conducted an additional experiment in which we perturbed 

neural activity with minimally invasive transcranial ultrasound stimulation. This demonstrated 

that DRN, but not ventral tegmental area (VTA) – a functionally related neuromodulatory 

nucleus – is causally involved in motivation-state transitions (265, 287, 288). We therefore 

provide the first demonstration that minimally invasive modulation of DRN is possible, and a 

new perspective on DRN’s behavioural function. 

 
4.2 Results 

 

4.2.1 Brain activity in DRN signals the richness of the environment and changes 
in motivation state 

 

To begin, we analysed fMRI recordings of brain activity that were taken while animals 

performed the task reported in Ch.III (see fig.4.1 for fMRI recording apparatus). Our analysis 

focused on a priori regions of interest (ROI; fig.4.2) comprising the ascending 

neuromodulatory systems (ANS) – an assemblage of phylogenetically ancient nuclei which 

includes the serotonergic DRN, in addition to the dopaminergic ventral tegmental area (VTA) 

and substantia nigra (SN), the cholinergic nucleus basalis (NB), and the noradrenergic locus 

coeruleus (LC). We also examined the habenula (Hb) – an epithalamic nucleus with diverse 

subcortical connections, including to several ANS nuclei (245, 289). Broadening our analysis 

beyond DRN provided a comparative perspective on its function, which is valuable given that 

reward functions have been jointly attributed to different subcortical areas. For example, the 

richness of the environment has been linked to both VTA and DRN (158, 227, 228, 277), while 

reward uncertainty has been ascribed in various guises to DRN, LC, and BF alike (157, 286, 

290–292). We were able to address this by using fMRI’s wholistic perspective to compare 
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signals between DRN and other ANS nuclei (293). This was accomplished with a novel suite 

of fMRI acquisition and pre-processing methods that optimised blood oxygen level dependent 

(BOLD) signal from subcortical regions and minimised artefacts and noise sources for 

midbrain and brainstem regions (see §4.4: Methods).  

We first examined brain activity during the pursue-vs-reject decision made on each trial 

(GLM4.1 & GLM4.2; see §4.4: Methods for details, and for all subsequent GLMs). We focused 

on activity representing the richness and stochasticity of the reward environment at this time. 

Importantly, the richness of the environment was correlated with an animal’s behavioural 

history (see Ch.III, §3.2.1). We therefore performed our analysis separately for trials in which 

the previous encounter was (i) pursued and (ii) rejected to ensure that any patterns of brain 

activity identified were specific to the richness of the environment, and not related to 

behavioural history. We note, however, that the key aspects of DRN’s relationship with the 

richness of the environment hold regardless of whether the data are analysed separately in this 

way (fig.4.3A–B).  

DRN activity was negatively correlated with the richness of the environment after 

rejection of opportunities (one-sample two-tailed t-test; GLM4.2; tDRN; rejected(58)=-2.80, p 

=.034; tDRN; pursued(58)=-0.37, p=.713  after Bonferroni correction for multiple comparisons, as 

are all subsequent t-tests; fig.4.3A & 4.3B; see also fig.4.3A top panel for effect of richness of 

the environment in all trials [i.e. regardless of behavioural history]; see fig.4.3 legend for 

further discussion of timing of BOLD signal). In contrast, VTA activity was prominent 

following opportunity pursuits while Hb exhibited aspects of both DRN and VTA patterns 

(fig.4.3A–B). Despite previous evidence linking DRN with reward uncertainty, we found no 

relationship between the stochasticity of the environment and DRN activity (GLM4.1; 

tDRN(58)=1.10, p=.824) and no evidence that stochasticity was represented in any other ROI 

(GLM4.1; see fig.4.4).  
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After determining that DRN, VTA and Hb represented the richness of the environment, 

we tested whether they were linked to the motivation-states identified with the GLM-HMM. 

We first quantified the relationship between brain activity and motivation-state level (high vs. 

low). This showed that high motivation-states were signalled by increased activity in VTA and 

Hb, but not in DRN (GLM4.4; tHb; motivation-level (58)=2.34, p=.045; tVTA; motivation-level (58)=2.82, 

p=.019; tDRN; motivation-level (58)=1.75, p=.084; fig.4.3C–D). We next examined activity related to 

motivation-state transitions (change vs. no-change) by identifying transition-trials on which 

the maximum a posteriori motivation-state was different from the preceding trial. For each 

transition-trial, we defined a corresponding transition-period spanning a 7 trial window that 

was centred on the transition-trial (i.e. the transition trial +/- 3 trials) – this window was based 

on simulations showing that decoding of motivation-state transitions was accurate over similar 

timescales (see fig.3.7C, §3.2.2). Brain activity on these trials showed a striking dissociation 

whereby DRN – but neither Hb nor VTA – signalled transitions between motivation-states 

(GLM4.4; tDRN; state-transition(58)=-3.211, p=.006; tHb; state-transition(58)=-1.43, p=.160; tVTA; state-

transition(58)=-1.80, p =.152; fig.4.3C–D).   

To confirm that the motivation-state transition effect was specific to DRN, we analysed 

BOLD signal from adjacent anatomical features such as the medial raphe nucleus (MRN) and 

fourth ventricle. There was no evidence of corresponding effects in these areas, and the 

motivation-state effect in DRN was, furthermore, greater than the null effects in MRN and the 

fourth ventricle (GLM4.4; fig.4.3F–G; tDRN(58) =-3.21, p=.006, tMRN(58)=1.01, p=.638, 

tVent.(58)=-0.007, p =.994, tDRN-vs-MRN(58) =-3.13, p=.003, tDRN-vs-Vent(58) =-2.21, p=.031). We 

then probed the temporal specificity of the DRN activity pattern by varying the position of the 

transition-periods examined in the fMRI analysis relative to the actual transition-trials 

identified by the GLM-HMM. Activity changes in DRN were most prominent when the 

analysed period was closely aligned with the transition-trial decoded by the GLM-HMM, 
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suggesting that they were indeed specific to motivation-state transition events (fig.4.3H; fig.4.5 

for further detail). Finally, we parsed motivation-state transitions according to their direction 

(i.e. high-to-low and low-to-high). This indicated that DRN activity signalled high-to-low 

transitions but not low-to-high transitions (GLM4.4 tDRN; high-to-low-transitions (58)=-2.51, p=.015; 

tDRN; low-to-high-transitions (58)=-0.91, p=.365; fig.4.3E). Taken together, these analyses suggest that 

DRN – and DRN specifically – implemented negative changes in an animal’s motivation-state.  
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Figure 4.1. Diagram of fMRI scanning apparatus. Animals performed the task under 

fMRI. They were seated in MRI compatible behavioural testing chairs (Rogue Research) 
designed to accommodate the sphinx position, which can be occupied for long 
durations without discomfort. Animals were head-fixed using an extracranial head-post 
(Rogue Research) and positioned in front of a screen that displayed the behavioural 
task. Animals performed the behavioural task by making manual responses to 
lateralised infrared touch sensors, and received juice rewards via a delivery spout 
system. Pupil-size and gaze-direction data was collected with an Eyelink-1000 device 
positioned in front of the stimulus display screen (not pictured). Figure adapted from 
(294).  
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Figure 4.2. Cortical and subcortical regions of interest. An illustration of the ROIs 

implemented during fMRI analysis in CARET f99 macaque space. Subcortical and SMA 
ROIs consisted in anatomical masks that were drawn on a group structural template in 
CARET F99 macaque monkey space and then warped to individual structural and 
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functional spaces by nonlinear transformation. These masks were constructed 
separately by two-different assessors based on the Rhesus Monkey Brain Atlas (69) and 
then evaluated for convergence across assessors. ACC and AI ROIs were defined as 
3mm spheres centred on the peak of functionally relevant activation contrasts obtained 
in previous studies (227, 264). The medial raphe nucleus (MRN) and fourth ventricle were 

only used during control analyses to validate the effects observed in DRN.  
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Figure 4.3 Brain activity in dorsal raphe nucleus represents the richness of the 

environment and changes in motivation-states. (A) Timecourse of the effect that the 

richness of the environment (β-richness) has on BOLD signal in subcortical ROIs. Time 
(x-axis) is depicted relative to the onset of reward-opportunities when pursue-vs-reject 
decisions are made (i.e. time=0 corresponds to decision-time). In macaque monkeys, 
BOLD signal reaches its maximum approximately 2-4s after the neural activity which 
caused it. The timing of peak β-weights in DRN, VTA and Hb is therefore consistent with 
brain activity that occurs at the time of decision-making. Top panel shows effects over 
all trials (GLM4.1) and bottom panel shows the analysis separately as a function of 
behavioural history (GLM4.2; see main text for explanation). Despite the partial 
collinearity between richness of the environment and behavioural history regressors, 
BOLD signal in both DRN and Hb represents richness of the environment across all trials 

(GLM4.1; tDRN(58)=-2.79, p=.036; tHb(58)=-2.86, p=.035). (B) Distribution of peak effect 

sizes for richness of the environment (β-richness) on BOLD signal. Dots indicate peak 
effect sizes for individual sessions. Separating the data as a function of behavioural 
history revealed striking patterns in the direction of representations across regions. DRN 
represented the richness of the environment with negative sign when the previous 
reward opportunity was rejected (GLM4.2; tDRN; rejected(58)=-2.80, p=.034; tDRN; pursued(58)=-
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0.37, p=.713); BOLD signal in VTA represented richness with positive sign when the 
previous reward opportunity was pursued (GLM4.2; tVTA; pursued(58)=3.30, p=.009; tVTA; 

rejected(58)=1.60, p=.350); finally, Hb recapitulated the sign and behavioural contingency 
of DRN and VTA with distinct positive and negative signals on trials after pursuits and 
rejections on the previous trial, respectively (GLM4.2; tHb; pursued(58)=3.32, p=.009; tHb; 

rejected(58)=-3.37, p=.008; tHb; rejected-vs-pursued(58)=4.95, p<.001). A two-way ANOVA followed 
by pairwise comparisons confirmed that signals in DRN and VTA after previous trial 
rejections and pursuits were different from one another but not from the corresponding 
Hb effect (FROI(2, 348)=8.106, p<.001, FBehav.-history(1, 348)=22.305, p<.001; FROI-by-Behav.-

history(2, 348)=4.521, p=.012; tVTA vs DRN; pursued(58)=2.501, p=.015; tDRN vs VTA; rejected(58) =-

3.403, p<.001; tVTA vs Hb; pursued(58) =0.650, p=.518; tDRN vs Hb; rejected(58)=-0.214, p=.831). (C) 

Timecourse of the effect of motivation-state level (high-vs-low motivation state; purple) 
and motivation-state transitions (red) on BOLD activity in ROIs that represented the 
richness of the environment. Given haemodynamic delay (see (A)), the neural activity 
underlying the motivation-state transition signal in DRN is likely to occur in the ITIs 
preceding trials on which transitions occur, meaning that it is not an epiphenomenon of 

action or outcome related processes. (D) Distribution of peak effect sizes for motivation-

state level (purple) and motivation-state transitions (red). Only DRN represents 
transitions between motivation-states. Dots indicate peak effect sizes for individual 

sessions. (E) The timecourse of the effect that low-to-high (red) and high-to-low (pink) 

motivation-state transitions have on DRN BOLD activity. The effect is strongest for high-

to-low state transitions. Inset panel shows distribution of peak effect sizes. (F) and (G) 

Motivation-state transitions are signalled in BOLD activity in DRN but not in 
neighbouring areas like the median raphe nucleus (MRN) and 4th ventricle. This 

suggests that the pattern was DRN-specific (H) Shifting the position of transition-

periods in the fMRI analysis relative to the transition points decoded in behaviour 
indicated that activity changes were specific to decoded transition-times. X-axis 
indicates position of transition-period relative to decoded transition time (where t=0 
represents decoded transition trial). Dots and error bars indicate mean and 95% 
confidence interval of effect-sizes for each transition-window. See fig. 4.5 for further 
detail.  In timecourse graphs (A, C, E and F), lines and shadings show the mean and 
standard error (SE) of the β weights across the sessions, respectively. Effect-size graphs 
(B, D, E inset, and G) show size of the peak regression weight in the timecourse selected 
using an unbiased leave-one-out procedure (see methods). Dots indicate peak 
regression weight from individual sessions. Error bars in E inset show SD of session-
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wise regression weights. Dots and error bars in (H) show mean ± 95% confidence 
interval of regression weights for different transition-period windows.  
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Figure 4.4. No evidence of environment-stochasticity representations in ROIs. The 

time-course of the effect of reward-stochasticity on BOLD activity in subcortical ROIs. 
Epochs are time-locked to decision-making. Reward-stochasticity had a modest 
influence on behaviour but there was no evidence that it was represented in the brain 
activity of ROIs (GLM4.1). Lines and shadings show the mean and standard error (SE) 
of the β weights across the sessions, respectively. 
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Figure 4.5. Further examination of motivation-state transitions in dorsal raphe 

nucleus. (A) Our analysis of behaviour indicated that animals were more likely to occupy 

high motivation-states as the average expected-value of recently encountered rewards 
increased (fig. 3.7H). Given that BOLD activity in DRN represented transitions between 
motivation-states, we tested whether DRN also encoded the average expected-value of 
recent reward opportunities – the idea being that DRN might control changes in 
motivation-states specifically in relation to the distribution of available rewards. This 
was, indeed, the case – the average expected-value of the preceding five reward 
opportunities exerted a negative effect on BOLD activity in DRN, comparable to the 
effect of the richness of the environment (tEV(58) =-2.89, p=.005; GLM4.5). Inset panel 

shows distribution of peak regression coefficients. (B&C) We initially tested the effect 

of motivation-state transitions on brain activity in a symmetric 7 trial window centred on 
the transition-trial identified by the GLM–HMM (i.e. the transition trial +/- 3 trials). This 
indicated that transitions were signalled by BOLD activity in DRN, as reported in the 
main text. We confirmed that this effect was not an artefact of our initial time-window 
selection by iterating the analysis over 7-trial windows with different positions relative 
to transitions trials identified with the GLM–HMM. This showed that the effect was 
robust to window position (t(t-5):(t+1)(58)=-2.63, p=.011; t(t-4):(t+2)(58)=-3.69, p<.001; t(t-

3):(t+3)(58)=-2.70, p=.009; t(t-2):(t+4)(58)=-2.60, p=.012; t(t-1):(t+5)(58)=-2.69, p=.009; t(t-

0):(t+6)(58)=-1.88, p=.065; GLM4.6). Note that the windows featuring the least overlap with 
decoded motivation-transitions show non-significant effects (t(t-6):(t+0)(58)=-1.34, p=.180; 
t(t-0):(t+6)(58)=-1.88, p=.065). Inset panel in C shows mean ± 95% confidence interval of 

transition effect across time-windows.
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4.2.2 Non-invasive disruption of DRN perturbs motivation-state transitions  
 

fMRI recordings linked DRN to behaviour in two complementary ways; (i) DRN 

represented the richness of the environment, which modulated an animal’s pursue-vs-reject 

decisions for specific reward opportunities and (ii) DRN represented transitions between 

motivation-states, and therefore patterns of behaviour over multi-trial timescales. We tested 

DRN’s causal contribution in these respects with a second experiment using transcranial 

ultrasound stimulation (TUS; fig.4.6A). TUS is a minimally invasive and reversible technique 

that disrupts brain activity via kinetic interactions between focused ultrasound waves and the 

neuronal and astrocyte membrane that, in turn, induce changes in adjacent synapses (256, 257). 

Short TUS trains of the type used here are known to produce short term changes in neural 

activity by inducing N-methyl-d-aspartate (NMDA)-dependent plasticity (258–262). As a 

result, a region targeted with TUS alters its responsiveness to activity in interconnected areas, 

while non-targeted areas show no such change (265).  

We used an offline TUS protocol that modulates neural activity for over an hour after 

sonication (264, 265, 295). We compared DRN-TUS to three control conditions: a sham 

condition (sham-TUS), an active cortical control condition (superior temporal sulcus; STS-

TUS), and an additional active subcortical control condition  (VTA). We chose VTA as a 

subcortical control region because it was implicated in motivation-states during fMRI 

recordings in distinct ways to DRN, thereby allowing us to test the specificity of DRN function. 

We first performed simulations of acoustic wave propagation under the TUS protocol, which 

established that selective perturbation of DRN and VTA was feasible despite their diminutive 

size and anatomical location (fig.4.6B, fig.4.7). We then empirically tested the TUS protocol’s 

anatomical specificity by measuring changes in functional connectivity between DRN, VTA 
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and a series of key brain areas before-vs-after DRN-TUS and – as a control – before-vs-after 

VTA TUS. This showed striking and target-specific changes functional connectivity. After 

DRN-TUS, DRN’s usual patterns of coactivation with key interconnected regions changed, but 

VTA connectivity did not (fig.4.6C).  Conversely, after VTA-TUS, VTA-connectivity changed 

but DRN connectivity did not (fig.4.6C). In combination with the sonication simulations, this 

indicated that TUS induced, safe, efficacious, and highly localised disruption of DRN and VTA 

activity, analogous to previous investigations of TUS in cortical brain regions (264, 265, 295).  

We tested the same monkeys from the fMRI experiment on five sessions of the 

behavioural task per TUS condition in a counterbalanced and pseudorandomised order (see 

§4.4: Methods). We first investigated how TUS modulated the influence of (i) richness of the 

environment, and (ii) behavioural history, which were the key factors driving the pursue-vs-

reject decisions made on each trial of the fMRI experiment. DRN-TUS diminished the effect 

of richness of the environment relative to all other conditions (GLM4.9; βDRN-TUS vs sham-

TUS*richness=-0.18, SE=0.05, p<.001; βDRN-TUS vs STS-TUS*richness=-0.12, SE=0.06, p=.025; βDRN-TUS 

vs VTA-TUS*richness=-0.12, SE=0.06, p=.035; fig.4.6D). Similarly, DRN-TUS clearly reduced the 

effect of behavioural history relative to sham-TUS and STS-TUS, and produced a marginal 

difference relative to VTA-TUS (GLM4.10; βDRN-TUS vs sham-TUS*behave-history=-0.42, SE=0.11, 

p<.001; βDRN-TUS vs STS-TUS*behave-history=-0.24, SE=0.11, p=.027; βDRN-TUS vs VTA-TUS*behave-history=-

0.20, SE=0.11, p=.057; fig.4.6E). There were no differences between active control conditions 

(STS-TUS and VTA-TUS) and sham-TUS for the richness of the environment and behavioural 

history effects (GLM4.9 &  fig.4.6D; βVTA-TUS vs sham-TUS*richness=-0.06, SE=0.06, p=.282; βSTS-

TUS vs sham-TUS*richness=-0.06, SE =0.05, p=.306; GLM4.10 & fig.4.6E; βVTA-TUS vs sham-TUS*behavioural-

history=-0.20, SE=0.10, p=.060; βSTS-TUS vs sham-TUS*behavioural-history=-0.18, SE=0.11, p=.090). DRN, 

therefore, was specifically and causally involved in the influence exerted by the richness of the 

environment and behavioural history on pursue-vs-reject decisions made in the present.    
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Next, we applied the GLM-HMM to behavioural data from the TUS experiment (see 

§4.4: Methods). Our analysis focused on motivation-state transitions, which were the 

distinguishing feature of DRN activity in fMRI recordings. These recordings suggested that 

DRN was specifically involved in high-to-low motivation-state transitions, but we first 

performed the analysis in a direction-neutral way due to the interdependence of time-series 

observations: because animals typically began the task in a high-motivation state (p(init-

state=high)=0.70), reducing the likelihood of high-to-low transitions would necessarily reduce 

the frequency of low-to-high transitions in a fixed-length time series, even if the underlying 

low-to-high transition probability was unchanged. The analysis showed a striking pattern 

whereby DRN-TUS reduced the likelihood of motivation-state transitions relative to all other 

TUS conditions (GLM 4.11; βDRN-TUS vs sham-TUS=-1.08, SE=0.27, p<.001; βDRN-TUS vs VTA-TUS=-

0.71, SE=0.29, p=.013; βDRN-TUS vs STS-TUS=-0.57, SE=0.29, p=.051; fig.4.6F–G). There was no 

effect of VTA-TUS relative to sham-TUS (GLM4.11; βVTA-TUS vs sham-TUS = -0.37, SE = 0.22, p 

= .090). There was a moderate effect of STS-TUS compared to sham-TUS but this was 

outweighed by the fact that DRN-TUS reduced the likelihood of transitions even relative to 

STS-TUS (GLM4.11; βSTS-TUS vs sham-TUS=-0.51, SE=0.23, p=.022; βDRN-TUS vs STS-TUS=-0.57, 

SE=0.29, p=.051). DRN-TUS was, moreover, the only condition that reduced high-to-low 

transitions specifically (GLM4.12; βDRN-TUS vs sham-TUS=-0.77, SE=0.32, p=.016; βVTA-TUS vs sham-

TUS=-0.33, SE=0.28, p=.238; βSTS-TUS vs sham-TUS=-0.43, SE=0.29, p=.139). Finally, DRN-TUS 

caused animals to spend more time in the high-motivation state relative to sham-TUS 

(GLM4.13; βDRN-TUS vs sham-TUS=0.28, SE=0.07, p<.001), consistent with the idea that DRN-TUS 

prevented animals from transitioning to low motivation states.  

Finally, we sought to specify how DRN controlled transitions between motivation 

states. To do so, we returned to an earlier analysis demonstrating that motivation-states were 

matched to the availability of rewards: in brief, animals were more likely to occupy high-
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motivation states when there were many high-value rewards available, analogous to the way 

that animals pursued more opportunities in rich environments (fig.3H). Given DRN’s critical 

involvement in the latter phenomenon, we asked whether its control of motivational-state 

transitions was mediated by the availability of rewards. Consistent with this view, DRN-TUS 

diminished the relationship between the availability of rewards and motivation-states relative 

to all other TUS conditions (GLM4.13; fig.4.6H; βDRN-TUS vs sham-TUS*Ave. EV=-0.28, SE=0.07, 

p<.001; βDRN-TUS vs STS-TUS*Ave. EV=-0.29, SE=0.07, p<.001; βDRN-TUS vs VTA-TUS*Ave. EV=-0.30, 

SE=0.07, p<.001). There were no effects of VTA-TUS or STS-TUS relative to sham-TUS 

(βVTA-TUS vs sham-TUS*Ave. EV=-0.03, SE=0.06, p=.610; βSTS-TUS vs sham-TUS*Ave. EV=-0.05, SE=0.07, 

p=.499). Intriguingly, DRN-TUS’s influence was more prominent for the link between low-

value reward environments and low-motivation states, which dovetailed with fMRI signals 

implicating DRN specifically in high-to-low motivation-state transitions (GLM4.13;  for 

Ave.EV< μAve.EV  βDRN-TUS*Ave. EV=-0.52, SE=0.19, p=.006; for Ave.EV ≥ μAve.EV  βDRN-TUS*Ave. 

EV=-0.13, SE=0.15, p=.403). Taken together, these results suggest that DRN has a fundamental 

role in ensuring that an animal’s motivation-state is appropriate to the distribution of rewards 

in the environment.    
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Figure 4.6. Non-invasive disruption of dorsal raphe nucleus shows causal role 

motivation-state transitions. (A) We investigated DRN’s causal role in behaviour with 

transcranial ultrasound stimulation (TUS) – a minimally invasive form of brain stimulation 

suited to subcortical brain regions. (B) Simulating the propagation of acoustic waves 

under the TUS protocol suggested that sonication was target-specific after DRN-TUS 
and VTA-TUS trajectories. Colour map indicates probability of neuromodulation after 
bilateral TUS, calculated as the sum of stimulation intensity (Isppa) maps across two 
consecutive stimulations delivered over left and right hemispheres, respectively (see 

fig.4.7). Combined impact probability maps are overlaid on a standard F99 brain. (C) 

DRN-TUS (left) disrupted DRN (red) connectivity with key brain regions whilst leaving 
VTA (blue) connectivity intact. Conversely, VTA-TUS disrupted VTA connectivity whilst 
leaving DRN connectivity intact. Radial axis shows absolute-value of the difference in 
connectivity between seed and connectivity ROIs pre-vs-post TUS (see §4.4: Methods 
for details). ROIs were ventrolateral prefrontal cortex (vlPFC), anterior insular (AI), 
anterior cingulate cortex (ACC), habenula (Hb), ventral tegmental area (VTA), substantia 
nigra (SN), ventral striatum (VS), median raphe nucleus (MRN) and dorsal raphe nucleus 

(DRN). (D) DRN-TUS (left) attenuated the effect that the richness of an animal’s 

environment had on behaviour relative to sham-TUS (left), STS-TUS (middle), and VTA-
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TUS (right). Points and whiskers indicate mean ± SEM pursue-rate in decile bins of 

richness-of-the-environment in all animals. (E) DRN-TUS attenuated the effect of 

behavioural history on current behaviour relative to sham-TUS and STS-TUS, and 
marginally with respect to VTA-TUS. Y-axis indicates difference in pursue-rate as a 
function of behavioural history, coded as [pursue-rate(behav.history==pursue) – pursue-
rate(behav.history==reject)]. Positive values therefore indicate that animals are more 
likely to pursue reward opportunities if they pursued the previous opportunity on the 
previous trial. Points indicate differences in mean pursue-rates for each animal in each 

session. (F) The posterior-probability of state-transitions in GLM-HMMs fit to data from 

each TUS condition. The central tendency of DRN-TUS posteriors is lower than for to 

STS-TUS, VTA-TUS and sham-TUS. (G) Fewer decoded motivation-state transitions 

occur in DRN-TUS sessions relative to sessions from other TUS conditions. Data are 

shown as sum of all motivation-state transitions occurring in each TUS-condition. (H) 

DRN-TUS diminishes the relationship between that the average value of recent 
opportunities and an animal’s motivation-state level. Dots and whiskers indicate mean 
± SEM of high-motivation state occupancy in deciles of average expected value (Ave. 
EV). 
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Figure 4.7.  Simulation of the propagation of acoustic waves produced by the TUS 

protocol targeting DRN and VTA.  Simulated focused ultrasound peak intensities and 

spatial distributions from successive left and right DRN / VTA stimulation. The skull was 
estimated from pseudo-CT images obtained from each monkey using a Black Bone MRI 
sequence (296). The maximum spatial-peak pulse-averaged intensity (Isppa) at the 

acoustic focus point was 24.4 W/cm2 (0.86 MPa) for the left DRN target, 21.5 W/cm2 
(0.80 MPa) for the right DRN target, 30.3 W/cm2 (0.95 MPa) for the left VTA target and 
19.9 W/cm2 (0.77 MPa) for the right VTA target.  The combined impact is calculated as 
the sum of stimulation intensity map across the two consecutive stimulations delivered 
over the left and right hemisphere for DRN and VTA targets, respectively.  The simulation 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 4.7.  Simulation of the propagation of acoustic waves produced by the 
TUS protocol targeting DRN and VTA.  Simulated focused ultrasound peak 
intensities and spatial distribution in the brain from successive left and right DRN / 
VTA stimulation. The skull was estimated from pseudo-CT images obtained from 
each monkey using a Black Bone MRI sequence (25). The maximum spatial-peak 
pulse-averaged intensity (Isppa) at the acoustic focus point was 24.4 W/cm2 (0.86 
MPa) for the left DRN target, 21.5 W/cm2 (0.80 MPa) for the right DRN target, 30.3 
W/cm2 (0.95 MPa) for the left VTA target and 19.9 W/cm2 (0.77 MPa) for the right VTA 
target.  The combined impact is calculated as the sum of stimulation intensity map 
across the two consecutive stimulations delivered over the left and right hemisphere 
for the DRN and VTA targets.  The simulation procedure is described in the Methods 
and previous studies(26). The simulated data shown here is from monkey M2. 
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Figure 4.7.  Simulation of the propagation of acoustic waves produced by the 
TUS protocol targeting DRN and VTA.  Simulated focused ultrasound peak 
intensities and spatial distribution in the brain from successive left and right DRN / 
VTA stimulation. The skull was estimated from pseudo-CT images obtained from 
each monkey using a Black Bone MRI sequence (25). The maximum spatial-peak 
pulse-averaged intensity (Isppa) at the acoustic focus point was 24.4 W/cm2 (0.86 
MPa) for the left DRN target, 21.5 W/cm2 (0.80 MPa) for the right DRN target, 30.3 
W/cm2 (0.95 MPa) for the left VTA target and 19.9 W/cm2 (0.77 MPa) for the right VTA 
target.  The combined impact is calculated as the sum of stimulation intensity map 
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procedure is described in the §4.4: Methods and previous studies (297). The simulated 
data shown here is from monkey M2. 
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4.2.3 A cortico-subcortical circuit for reconciling behaviour with the 
environment 

 

In a final analysis, we examined interactions between DRN and other brain regions 

related to its behavioural function. To do so, we first reverted to the analysis of brain activity 

and behaviour which did not rely on the GLM-HMM framework (fig.4.3A–B). Here, DRN, 

VTA and Hb represented an animal’s environment with complementary patterns of activity, 

which suggested that they might form a circuit for reconciling decisions with the environment. 

To test the circuit hypothesis, we expanded our purview to functionally relevant cortical ROIs 

in supplementary motor area (SMA), anterior cingulate cortex (ACC) and anterior insula (AI) 

based on previous work implicating these regions in behavioural change (227, 264, 298–300). 

Only AI activity signalled the richness of the environment and with the distinctive contingency 

on behavioural history as seen in subcortical ROIs, and we therefore retained AI as a cortical 

ROI for connectivity analyses (see fig.4.8).  

Next, we asked which ROIs coded the pursue-vs-reject decision on each trial – in other 

words, which ROIs might be the output stage of the decision-making circuit. This demonstrated 

that BOLD activity time-locked to decision-making in both Hb and AI represented the contrast 

between pursue-vs-reject decisions (GLM4.3; tpursue; Hb(58)=3.24, p=.011; tpursue; AI(58)=2.78, 

p=.028; fig.4.9). We then conducted psychophysiological interaction (PPI) analyses to probe 

changes in pairwise connectivity between regions as a function of the environment (301). PPIs 

mirrored the patterns observed earlier: connectivity between DRN and AI increased as a 

function of richness of the environment after rejections (GLM4.6; tPPI(DRN-AI by richness); 

rejected(58)=2.84, p=.006; fig.4.10Ai) and increased between VTA and AI after pursuits (GLM 

4.6; tPPI(AI-VTA by richness); pursued(58)=2.14, p=.036; fig.4.10Aiii). Adopting the GLM-HMM 
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analysis approach showed a corresponding pattern of results (GLM4.7; figs.4.10A-i & 4.10A-

iii). Connectivity between Hb and AI was not modulated by the richness of the environment 

but instead by the pursue/reject decision taken on each trial, consistent with a role in translating 

motivation to action (84) (GLM4.8 tPPI(AI-Hb by action)(58)=2.25, p=.028; fig.4.10A-ii).   
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Figure 4.8. Anterior insula represents the richness of the environment with the 

same pattern as subcortical ROIs. The time-course (A) and peak-regression-

coefficients (B) of the relationship between richness of the environment and BOLD signal 

in cortical ROIs. All epochs are time-locked to decision-making. AI is the only cortical 
ROI to represent an animal’s environment as a function of behavioural history – i.e., the 
pursue-vs-reject decision taken on the previous trial (GLM4.2; tAI; rejected(58)=-1.94, 

p=.057; tAI; pursued(58)=3.02, p=.004; tAI; pursued-vs-rejected(58)=3.73, p<.001; Holm-Bonferroni 
correction not applied).   
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Figure 4.9. Habenula and anterior insula encode pursue-vs-reject decisions. The 

time-course and peak regression-coefficients of the relationship between pursue-vs-

reject decisions and BOLD signal in subcortical (A) and cortical (B) ROIs. Epochs are 

time-locked to decision-making. (C) Pursue decisions were signalled by increased 

BOLD activity in Hb (tHB(58) = 3.25, p = .012) and AI (tAI(58) = 2.78, p = .022). No other 
ROIs represented pursuit decisions.  
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Figure 4.10. A circuit for reconciling motivation with the environment. (A) PPIs 

indicated the following patterns of cortico-subcortical connectivity. (i) Connectivity 

between DRN and AI increased as a function of the richness of the environment in the 
aftermath of rejections (GLM4.6; upper panel), and as a function of high-to-low 
motivation-state transitions (lower panel; GLM4.7; tPPI(high-to-low)=3.64, p<.001), consistent 

with DRN’s fMRI signals. (ii) Connectivity between AI and Hb increased as a function of 

the pursue-vs-reject decision taken on the current trial (GLM4.8). (iii) In contrast to DRN, 

connectivity between VTA and AI increased as a function of the richness of the 
environment in the aftermath of pursuits (GLM4.6; upper panel), and during high-
motivation states (GLM3.7; tmotivation-level=2.47, p=.016). 
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Figure 4.11. Dorsal raphe nucleus controls motivation-state transitions as a 

function of the environment. (A) We provide converging evidence from recording and 

disruption methods that DRN controls transitions between motivation-states, and that 
its control of these transitions reconcile an animal’s motivation state with the richness 

of the environment. (B) We thereby distinguish DRN’s function from interconnected 

subcortical nuclei which are also implicated in motivation. In combination with previous 
studies, we suggest a complementary scheme in which DRN (left) controls transitions 
between motivation states, VTA (middle) implements and maintains the changes in 
reward sensitivity that characterise motivation-states, and habenula (right) integrates an 
animal’s internal and external context to control its behavioural output.
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4.3 Discussion 
 

Here, we provide converging evidence that DRN controls changes in motivation for 

reward-seeking. We used fMRI recordings to establish that DRN activity exhibits two 

distinctive patterns: (1) a pattern that represents the richness of the environment, particularly 

during periods of behavioural inactivity, and; (2) a pattern that represents transitions between 

temporally extended motivation-states, as identified with a GLM–HMM (see Ch.III). We 

probed the causal function of these patterns with first-of-its-kind minimally invasive DRN 

disruption using TUS. Disrupting DRN diminished the relationship between an animal’s 

behaviour and the richness of the environment, and reduced the frequency of motivation-state 

transitions. This suggests that DRN causally controls changes in motivation for reward-

seeking.    

Our findings dovetail with two prevailing views on DRN function: the first view 

emphasises DRN’s role in changes of behavioural strategy, for example between exploration 

and exploitation, or patience and impulsivity (208, 238, 302); the second view has linked DRN 

activity to statistical aspects of rewards, like the general value and/or uncertainty of the options 

characterising an environment (202, 219, 221, 227, 228, 231). We observed similar 

relationships between brain activity and behaviour in this experiment, and the co-occurrence 

of both phenomena suggests that they are fundamentally related. In support of this 

interpretation, we found that disrupting DRN prevented animals from changing their 

motivation-state to match the recent distribution of rewards, which was an important motif in 

their usual behaviour. Taken together, these results suggest that previous observations regarding 

DRN function might in fact be different expressions of a common mechanism, whereby DRN 

implements behavioural change specifically by representing the distribution of rewards in the 

surrounding world (fig.4.11).  
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Several previous studies have linked DRN activity to uncertainty during learning 

paradigms, in which there is corresponding uncertainty about stimulus-outcome or action-

outcome contingencies (204, 234, 303). We observed no evidence of uncertainty related DRN 

activity here, although this is likely attributable to features of the experimental design. Firstly, 

the reward-probability and reward-magnitude of the reward opportunity on each trial were 

directly cued, meaning that animals had complete knowledge of its expectation-value. This is 

fundamentally unlike standard learning paradigms, which require animals to infer reward 

values from experience. The closest approximation of uncertainty in the present task was 

controlled changes in the stochasticity of reward opportunities from one trial to the next. 

Stochasticity had a subtle influence on behaviour at best, befitting its null relationship with 

brain activity.  

It is perhaps surprising that VTA was not more prominently involved in behaviour given 

its well-documented links with reward and motivation. However, many of these links pertain 

to reinforcement learning, and as described above, the task did not require reinforcement 

learning per se. It therefore obviated a cardinal function of the dopaminergic nuclei (160). The 

patterns of VTA activity we observed instead appeared to represent (i) the richness of the 

environment, particularly in the aftermath of reward-pursuits, and (ii) trial-by-trial fluctuations 

in motivation-state level, as distinct from the motivation-state transitions linked to DRN. These 

patterns are broadly consistent with auxiliary functions for the dopaminergic nuclei in 

signalling reward-value, and in motivating behaviour in proximity to specific rewards (fig.4.11) 

(277).  

fMRI’s wholistic perspective on brain activity enabled us to compare how DRN 

coordinated with other regions to control behaviour. These comparisons suggested that Hb is a 

key nucleus in this regard. Unlike other subcortical ROIs, Hb activity signalled the pursue-vs-

reject decisions that animals ultimately made,  in addition to the factors determining these 
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decisions like the richness of the environment. This is consistent with an emerging theory that 

Hb integrates motivationally-salient information from a diverse range of afferent sources to 

facilitate motor control via the basal ganglia (fig.4.11) (84, 254, 304, 305). Intriguingly, 

although Hb is renowned for its inhibitory control over dopaminergic neurons in the midbrain, 

reward- and motivation-evoked Hb and VTA activity had the same sign in the present results. 

It is difficult to specify why this is the case. Previous recordings of Hb and VTA activity with 

fMRI show similar patterns, suggesting that it might be a feature of BOLD signal (84).   

Finally, AI emerged as a critical cortical region for reward-seeking decisions, consistent 

with previous fMRI recordings in monkeys and human volunteers (84, 227). AI has rich 

reciprocal connections with many subcortical regions, including to DRN, VTA, and Hb, 

specifically (145, 306, 307). Given the computational complexity of tracking rewards over 

multiple timepoints, AI is likely an important source of reward-related information to these 

nuclei (84, 145, 227, 306–308). Although it is difficult to specify directions of influence from 

fMRI recordings, we observed patterns of functional connectivity between AI-DRN, AI-VTA, 

and AI-Hb that are consistent with this hypothesis. Cortico-subcortical interactions of this kind 

echo a common motif whereby information is first synthesised in the cortex and then 

transmitted to subcortical nuclei, which have wide-ranging efferent connections that can 

orchestrate brain-wide activity (84, 254).   
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4.4 Methods 
 

4.4.1 Experimental model and subject details 
 

The experiments were performed with same four male rhesus macaques described in 

Ch.III, §3.4.1. All procedures were conducted under a license issued by the UK Home Office 

in accordance with the Animal (Scientific Procedures) Act 1986 and the European Union 

guidelines (EU Directive 2010/63/EU).  

 

4.4.2 Behavioural training 
 

Training and testing for the fMRI experiment is described in Ch.III, §3.4.2. Training 

for the transcranial ultrasound stimulation (TUS) experiment involved re-acclimatising animals 

to the behavioural task using a version with reduced go-cue and action-outcome delays. Delays 

were carefully increased until animals reached the same delay durations implemented in the 

fMRI experiment. Testing for the TUS experiment began when the proportion of pursued trials 

per session was stationary over consecutive sessions, similar to the criterion for beginning 

fMRI testing.  

 

4.4.3 Behavioural task and analysis of behavioural data 
 

The behavioural task used for both fMRI and TUS experiments is described in Ch.III, 

§3.4.3. The analysis of behavioural data for the fMRI experiment is also described in Ch.III, 
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§3.4.4–5. Analysis of behavioural data for the TUS experiment involved additional modelling 

described later in this chapter (§4.4.9)   

 
4.4.4 Acquisition, reconstruction and pre-processing of MRI data 

 

During collection of fMRI data, monkeys were head-fixed in a sphinx posture within 

an MRI compatible chair (Rogue Research). MR images were acquired with a horizontal bore 

clinical 3T scanner with a 15-channel non-human primate (NHP)-specific receive coil (RAPID 

Biomedical). Structural images were acquired during a previous experiment (264). Functional 

images were acquired via a CMMR multiband gradient-echo T2* echo planar imaging (EPI) 

sequence designed specifically to achieve high signal-to-noise (SNR) in subcortical structures 

(309, 310) with the following parameters; 1.25mm isotropic voxels; repetition time (TR) = 

1282ms; echo time (TE) = 25.40ms; multiband acceleration factor MB = 2; in-plane 

acceleration factor R = 2, and; flip angle = 63°.  

Offline reconstruction of the raw functional data was performed following the dynamic 

off-resonance correction method developed by Shahdloo et al (311). In summary, standard 

Nyquist ghost correction and dynamic zeroth-order B0 correction were applied first. Then, the 

EPI reference navigator data acquired at every time-point was compared to navigator data from 

single-band references to estimate first-order dynamic off-resonance perturbations arising from 

the awake animal’s body movements. Finally, the off-resonance estimates were used to correct 

the raw data prior to reconstruction. 

Pre-processing of MR images was performed with a combination of FMRIB’s software 

library, Advanced Normalization Tools, the Human Connectome Project Workbench and 

Magnetic Resonance Comparative Anatomy Toolbox (312). Although monkeys were head-

fixed during MRI acquisition, incidental limb and body movements caused time-varying 
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distortions in the B0 magnetic field and therefore non-linear motion artefacts along the phase 

encoding direction. To account for this, a low-noise EPI volume was identified for each session 

and then implemented as a reference to which other volumes were non-linearly registered slice-

by-slice along the phase-encode direction. Aligned and distortion-corrected EPIs were then 

registered non-linearly first to monkey-specific high-resolution images, and then to a group 

template in CARET f99 macaque space. Further details of the group template construction are 

described elsewhere (295). Finally, the functional images were temporally filtered (high-pass 

temporal filtering, 3-dB cutoff of 100s) and spatially smoothed (Gaussian spatial smoothing, 

full-width half maximum of 2.5mm). 

 Three measures were used to detect artefacts in the data: (1) For each slice in each 

volume, we assessed the linear transform (in the y-plane) from that slice to the corresponding 

slice in the mean reference image; (2) we further assessed the normalised correlation between 

that slice and the corresponding slice in the mean reference image, and; (3) for each volume, 

we calculated the correlation between the volume (mean-filtered across z-slices) and the mean 

reference image after correction. Volumes were removed when they exceeded 2.5 SDs above 

the median of each measure. This threshold was chosen to keep the number of censored 

volumes below 10% of total volumes. We also added 13 PCA components describing, for each 

volume, the warping from that volume to the mean reference image when correcting motion 

artefacts as parametric regressors of non-interest that were not convolved in our general linear 

models.  

 

4.4.5 fMRI data analysis 
 

We focused our analysis of fMRI data on circumscribed a priori regions of interest 

(ROIs) comprising the dorsal raphe nucleus (DRN), ventral tegmental area (VTA), substantia 
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nigra (SN), nucleus basalis (NB), locus coeruleus (LC) and habenula (Hb) in the subcortex, 

and anterior cingulate cortex (ACC), anterior insula (AI) and supplementary motor area (SMA) 

in the cortex. Subcortical and SMA ROIs consisted in anatomical masks that were drawn on a 

group structural template in CARET F99 macaque monkey space and then warped to individual 

structural and functional spaces by nonlinear transformation. These masks were constructed 

separately by two-different assessors based on the Rhesus Monkey Brain Atlas (69) and then 

evaluated on for convergence across assessors. ACC and AI ROIs were defined as 3mm spheres 

centred on the peak of functionally relevant activation contrasts obtained in previous studies 

(227, 264).  

We extracted the filtered time series of BOLD signal from each ROI. The extracted 

signals were then averaged, normalised and up-sampled by a factor of 15 (227, 264, 295). The 

upsampled data was then epoched to 6s time windows spanning 1s before to 5s after the 

appearance of the reward-opportunity stimulus on each trial. We then examined the relationship 

between behaviour and brain activity with ordinary least squares (OLS) GLMs performed at 

each timepoint in each epoch. 

 Inferential statistics for time-course GLMs were performed using a leave-one-out 

cross-validation (LOOCV) procedure designed to estimate the peak regression-coefficient in 

each session without selection bias (227, 264, 295). For each session s (N = 59), we determined 

the timepoint t at which the largest absolute-value regression coefficient occurred in the 

remaining N-1 (i.e., 58) sessions. We restricted our search for t to a 4s window from 1s after to 

5s after the decision-making time – that is, a four second window centred on the mean macaque 

HRF. We then calculated the regression coefficient in session s at time t. We repeated this 

iteratively for each session, which yielded a series of 59 regression coefficients. We performed 

significance testing on regression coefficients with one-sample two-tailed t-tests.  To control 

for multiple comparisons, we applied the Bonferroni-Holm correction for any analysis 
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performed on more than one ROI. For each GLM, we repeated this for each regressor in each 

ROI. All time course analysis was conducted in MATLAB (MathWorks) using custom analysis 

scripts.  

We implemented the following series of GLMs: 

GLM4.1 
BOLDROI = βo + β1reward-magnitude+ β2reward-probability + 
β3environment-richness + β4environment-stochasticity + β5behavioural-
history + β6environment-richness*behavioural-history + β7environment-
stochasticity*behavioural-history + β8pupil-size + β9trial-number 
 

Where BOLDROI indicates a t-by-s matrix containing time-series data for a given ROI (where t 

is trial, and s is time-sample). Pupil-size and trial-number were added as confound regressors 

to control for the effects of arousal and fatigue, respectively.  

GLM4.2 
BOLDROI = βo + β1reward-magnitude+ β2reward-probability + 
β3environment-richness + β4environment-stochasticity + β5pupil-size + 
β6trial-number 
 

GLM4.2 was performed separately for subsets of trials in which animals (i) pursued and (ii) 

rejected the previous opportunity, respectively.  

 We tested which ROIs signalled the pursue-vs-reject decision made on each trial with 

the following GLM:  

GLM4.3 
BOLDROI = βo + β1decision + β2pupil-size + β3trial-number 
 

Where decision is the pursue-vs-reject decision made on a given trial.  
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 We next tested which ROIs signalled features of the motivation-states identified with 

the GLM–HMM with the following GLMs: 

GLM4.4 
BOLDROI = βo + β1transition-period + β2 motivation-state-identity + 
β3pupil-size + β4trial-number 
 

Where transition-period is a dummy-coded variable covering symmetric 7-trial windows (t-

3:t+3) around decoded motivation-state transitions and motivation-state-identity is the decoded 

motivation-state (high vs. low) for a given trial. We performed GLM4.4 separately for low-to-

high and high-to-low transitions (see fig.4.3).We also performed it with 7-trial transition-

periods aligned to from (t-6:t+0) to (t-0:t+6) relative to decoded transitions (where t indicates 

motivation-state transition trial decoded by the GLM-HMM). We did this to identify whether 

DRN’s ostensive motivation-state transition representation was, indeed, specific to trials 

surrounding decoded motivation-state transitions (see fig.4.4 & fig.4.5).  

We tested whether DRN coded the value of recently available rewards (Ave. EV) with 

the following GLM:  

GLM4.5 
BOLDDRN = βo + β1EV + β2Ave. EV + β3pupil-size + β4trial-number 
 

GLM4.5 was performed on data from DRN alone, as it was designed to test a specific 

hypothesis arising from the combined neural and behavioural data. We used EV to control for 

the effects of the currently available reward opportunity instead of separate reward-magnitude 

and reward-probability regressors as in previous GLMs of BOLD signal. This is due to 

collinearity between Ave. EV and reward-probability regressors (see Ch.III, §3.4: Methods for 

details). 
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We probed changes in connectivity as a function of the richness of the environment 

using the following PPI-GLM.  

GLM4.6 
BOLDROI = βo + β1BOLDseed + β2PPI + β3environment-richness + 
β4reward-magnitude + β5reward-probability + β6environment-
stochasticity + β7pupil-size + β8trial-number 
 

Where BOLDseed is a t-by-s matrix containing timeseries data for seed regions in PPI analysis, 

and PPI is the interaction between BOLDseed and environment-richness regressors. GLM 4.6 

was performed separately for subsets of trials in which an animals (i) pursued and (ii) rejected 

the previous reward opportunity, respectively. Analogously, we tested differences in functional 

connectivity with respect to (i) motivation-state level, and (ii) motivation-state transitions with 

the following PPI:   

GLM4.7 
BOLDROI = βo + β1BOLDseed + β2PPI + β3transition-period + 
β4motivation-state-identity + β5pupil-size + β6trial-number 
 

Where BOLDseed is a t-by-s matrix containing time-series data for seed regions in PPI analysis. 

The analysis was performed twice – once where PPI was the interaction between BOLDseed and 

transition-period regressors, and once where PPI was the interaction between BOLDseed and 

motivation-state-identity regressors. Finally, we tested differences in functional connectivity 

with respect to pursue/reject decisions with the following PPI:  

GLM4.8 
BOLDROI = βo + β1BOLDseed + β2PPI + β3decision + β4pupil-size + β5trial-
number 
 

Where BOLDseed is a t-by-s matrix containing time-series data for seed regions in PPI analysis, 

and PPI is the interaction between BOLDseed and decision regressors. 

 



IV: Dorsal raphe nucleus controls motivation-state transitions in monkeys 

 102 

 

4.4.6 Transcranial ultrasound stimulation (TUS) 
 

TUS was performed using a four-element annular array transducer (NeuroFUS CTX-

500, 64mm active diameter, Brainbox Ltd, Cardiff, UK) combined with a programmable 

amplifier (Sonic Concept Inc’s Transducer Power Output System, TPO-105, Brainbox Ltd, 

Cardiff, UK). The transducer was paired with a transparent coupling cone filled with degassed 

water and sealed with a latex membrane. The water was degassed for 4-5 hr before each 

stimulation session and was replaced after each session. The resonance frequency of the 

ultrasonic wave was set to 500kHz. The stimulation protocol was based on previously 

established protocols in macaques (263).  We used the following protocol: duty cycle 30%; 

pulse length 30ms; pulse repetition interval 100ms; total stimulation duration 30s. The pressure 

field from the transducer was measured in a water tank with a 75 µm diameter PVDF needle 

hydrophone (Precision Acoustics, Dorset UK) which had been calibrated at 500 kHz by the 

National Physical Laboratory (Teddington UK). The free-field spatial-peak pulse-average 

intensity (Isppa) at 60mm focal depth was 120 W/cm2, which was consistent with the output 

given by the transducer manufacturer. 

At the beginning of each stimulation session the animal’s skull was shaved and a 

conductive gel (SignaGel Electrode; Parker Laboratories Inc.) was applied to the skin. The 

water-filled coupling cone and the gel was used to ensure ultrasonic coupling between the 

transducer and the animal’s head. Next, the ultrasound transducer / coupling cone was placed 

on the skull and a Brainsight Neuronavigation System (Rogue Research, Montreal, CA) was 

used to position the transducer so that the focal spot would be centred on the targeted brain 

region.  There were four stimulation conditions: 1) DRN (target of interest); 2) VTA 

(subcortical active control condition); 2) superior-temporal-sulcus (STS; cortical active control 
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condition); 4) sham (passive control condition).  DRN and VTA targets were approximately 

50mm, and the STS 35mm, from the surface of the transducer (the exact focal distance 

depended on the subject).  All targets were sonicated bilaterally for 60s in total, with 30s of 

stimulation applied from each hemisphere. Sonication of the midline targets (DRN and VTA) 

from one hemisphere was immediately followed by sonication of the same target from the 

contralateral hemisphere (cross-beam stimulation; (264)).  Sonication of the STS in one 

hemisphere was immediately followed by sonication of a homologous target in the contralateral 

hemisphere. Hemispheres were sonicated in a pseudo-random order. After stimulation, 

monkeys were immediately moved to a testing room for behavioural data collection. The sham 

condition completely matched a typical stimulation session (setting, stimulation procedure, 

neuro-navigation, targeting, transducer preparation and timing of the bilateral application to 

the shaved skin on the head of the animal) except that sonication was not triggered. During the 

sham session, the montage was pseudo-randomly positioned to target DRN, VTA or STS. Each 

stimulation condition was repeated five times, on separate days, and the order of the stimulation 

sessions was pseudo-randomized for each animal. The stimulation was always performed at 

the same time of the day and there was always a 24-hour gap between each session, regardless 

of it being a real or sham stimulation session. 

 

4.4.7 Acoustic modelling 
 

We simulated the propagation of acoustic waves produced by the TUS protocol as 

described in (297). In brief, we used k-wave – a k-space pseudospectral solver (313) – and 

kArray tools to obtain estimates for the pressure amplitude, peak intensity and spatial 

distribution of TUS at steady-state. First, we simulated the acoustic wave propagation in water 

(free field) to characterise ultrasound beam for a target intensity of 120 W/cm2 at 50mm focal 
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depth (focal depth of VTA and DRN from transducer).  Next, we performed the simulation for 

DRN and VTA targets in the skull.  The skull was estimated from pseudo-CT images obtained 

from each monkey using a Black Bone MRI sequence (296), and obtained by thresholding the 

pseudo-CT images at 1400-2100 Hounsfield Units (HU). We assumed a linear relationship 

between the pseudo-CT Hounsfield Units and the sound speed, as well as the density, and 

absorption coefficient as described elsewhere (314, 315). The simulation grid size was set to 

the size of the T1-weighted MRI with a grid spacing of 0.5 mm which results in approximately 

6 points per wavelength in water and tissue and up to 12.4 points per wavelength in bone. 

 

4.4.8 Resting-state imaging data acquisition, pre-processing, and analysis 
 

We further validated the TUS protocol by examining its effect on resting state 

coactivation patterns between VTA/DRN and key interconnected cortical and subcortical 

regions. Awake resting-state fMRI (rs-fMRI) data was acquired for all four monkeys (same 

animals as used in the fMRI experiment) pre-vs-post DRN-TUS and pre-vs-post VTA-TUS. 

Pre-processing and analysis of rs-fMRI data has been described elsewhere (263, 265).   

We characterised the effects of TUS on coactivation between DRN, VTA and key ROIs 

by comparing rs-fMRI data collected before DRN/VTA TUS with the rs-fMRI data collected 

immediately after DRN/VTA TUS.  Pre-stimulation and post-stimulation rs-fMRI were 

collected on the same day. The impact of DRN/VTA TUS on coactivation patterns was 

quantified with seed-based connectivity analyses, which involved calculating a series of 

pairwise linear correlations in BOLD activity between a seed region (DRN or VTA) and the 

remaining ROIs.  The resulting pre-stimulation connectivity fingerprints for DRN-TUS and 

VTA-TUS were then contrasted with post-stimulation connectivity fingerprints after DRN-

TUS and VTA-TUS, respectively (see fig4.6C).  
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4.4.9 TUS data analysis 

 

We characterised the behavioural effect of TUS by examining its two-way interactions 

with key predictors of decision-making in a series of Binomial GLMs. In these GLMs, the 

effect for TUS-condition was constructed to compare each individual active stimulation 

condition (STS, VTA, DRN) to sham-TUS as a reference. On some occasions, we compared 

DRN-TUS to one of the other active stimulation conditions – for example, DRN-TUS vs STS-

TUS. We did this by performing GLMs on subsets of data that included only the TUS-

conditions of interest. These analyses are specifically noted in the main text. 

We used the following GLMs to examine how TUS modulates the effect of the richness 

of the environment, and the effect of behavioural history effects:   

GLM4.9 
logit(decisiont) = βo + β1reward-magnitude + β2reward-probability + 
β3environment-richness + β4environment-stochasticity + β5 TUS-
condition + β6 (reward-magnitude*reward-probability) + β7 

(environment-richness*TUS-condition) + β8 (trial-number) + μ0 + ε  
 

Where β0-8 are fixed-effects, μ0 is the by-subject random intercept and ε is an error term.  

GLM4.10 
logit(decisiont)  = βo + β1reward-magnitude + β2reward-probability + 
β3behavioural-history + β4 TUS-condition + β5 (reward-
magnitude*reward-probability) + β6 (behavioural-history*TUS-condition) 
+ β7 (trial-number) + μ0 + ε  
 

Where β0-7 are fixed-effects, μ0 is the by-subject random intercept and ε is an error term. The 

paucity of data in each TUS condition for each subject prevented us from fitting models with 

more complex random-effects structures for these models. We examined the influence of TUS 

on the frequency of transitions between motivation-states with the following GLM: 
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GLM4.11 
logit(state-transitiont) = β0 + β1reward-magnitude + β2reward-
probability+ β3TUS-condition + β4reward-magnitude*reward-
probability + β5trial-number + μ0 + ε 
 

Where state-transition ∈ {0,1} is a binary variable reflecting whether a motivation-state 

transition occurred, β0-5 are fixed-effects, μ0 is the by-subject random intercept and ε is an error 

term. We performed a similar GLM to examine the influence of TUS on high-to-low transitions 

specifically:  

GLM4.12  
logit(state-decreaset) = βo + β1reward-magnitude + β2reward-
probability+ β3TUS-condition + β4reward-magnitude*reward-
probability + β5trial-number + μ0 + ε 
 

Where state-decrease ∈ {0,1} is a binary variable reflecting whether a high-to-low motivation-

state transition occurred, β0-5 are fixed-effects, μ0 is the by-subject random intercept and ε is an 

error term. We analysed the effect of TUS on the relationship between motivation-states and 

the availability of rewards (Ave. EV) with the following GLM:  

GLM4.13  
logit(motivation-statet) = βo + β1EV + β2Ave.EV + β3TUS-condition + 
β4TUS-condition*Ave.EV + β5trial-number + μ0 + ε 
 

Where motivation-state ∈ {0,1} is a binary variable reflecting the decoded motivation-state on 

each trial and the high-motivation state =1 (i.e., positive coefficients correspond to increases 

in the likelihood of occupying the high-motivation state), β0-5 are fixed-effects, μ0 is the by-

subject random intercept and ε is an error term. We performed GLM4.5 separately on 

behavioural data mean-split according to Ave.EV to determine whether DRN-TUS affected the 

relationship between low-value environments and low-motivation states., specifically. 
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Chapter V 

Dorsal raphe nucleus signals behavioural policy changes in 

humans 

 

5.1 Introduction 
 

What makes a reward worth pursuing? For both humans and non-human animals, these 

judgments depend on the context in which they are made. A quintessential example is the prey 

selection dilemma set forth in behavioural ecology, in which a predator must decide whether 

to seize a foreground opportunity available in the present, or search the environment for better 

alternatives (16, 316). According to normative accounts of this scenario, an opportunity should 

only be pursued if its value meets or exceeds the opportunity cost of obtaining it. In practice, 

this means that opportunities with the same value will evoke different behavioural policies 

depending on the context they occur in: for example, it is rational to pursue an objectively 

mediocre opportunity in a poor environment where everything on the horizon is similar or 

worse, and yet the same opportunity might be rejected in the context of a rich environment with 

plentiful high-value alternatives.  

How does the brain adapt behavioural policies to the environment in this way? Here, 

we extend the hypothesis developed in Ch.III–IV and argue for the importance of a cortico-

subcortical circuit comprised by dorsal raphe nucleus (DRN) – a brainstem nucleus that is the 

primary source of serotonin to the forebrain in mammals – , and anterior cingulate cortex 

(ACC) and anterior insular cortex in the cerebral cortex (AI) (148, 317, 318). This builds on 

previous studies in both human and non-human primates showing that activity in ACC and AI 

tracks reward-related statistics that are critical for adaptive decision-making, like the value, 



V: Dorsal raphe nucleus signals behavioural policy changes in humans 

 108 

valence and background-rate of recent reward outcomes (24, 26, 84, 227). Similarly, it extends 

upon a rich vein of experiments in animal models linking DRN activity to learning and 

decision-making. A consistent theme in these studies is that DRN controls the balance between 

opponent modes of reward-driven behaviour, like patience and impulsivity, exploration and 

exploitation (204, 228, 302, 319), and even motivation and demotivation for reward-seeking 

(Ch.III–IV). Here, we argue that these seemingly disparate functions involve a common 

process of setting a behavioural policy. We employ a novel behavioural task that allows us to 

identify when and how behavioural policies are set, and demonstrate for the first time that 

activity in human DRN is associated with policy changes.  

 We gave participants a novel, foraging-inspired behavioural task in which they 

encountered a limited set of reward options in a series of rich and poor environments. As 

expected, participants systematically changed their behavioural policy depending on the 

richness of the environment, and were especially responsive to poor environments which 

caused them to become less selective in their choices. We recorded brain activity while 

participants performed the task using an ultra-high field functional magnetic resonance imaging 

(fMRI) protocol specifically designed to maximise signal from brainstem and midbrain areas. 

These recordings demonstrated that DRN – but no other major neuromodulatory nucleus – 

exhibited distinctive univariate patterns of activity during behavioural-policy changes. In 

contrast, multivariate patterns of activity evoked by reward-options in dACC and AI paralleled 

the relative-value of each option given the environmental context, suggesting that these regions 

construct a representation of the environment in the first instance. Taken together, these results 

suggest that DRN, dACC and AI form a cortico-subcortical circuit that reconciles the brain’s 

behavioural policy with the distribution of rewards in the environment.   
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5.2 Results 

 

5.2.1 A behavioural task for manipulating the richness of the environment 
 

Twenty-seven participants performed a simple decision-making task involving 

sequential encounters with reward opportunities (fig.5.1A–C). On each trial, participants were 

presented with a single reward opportunity drawn from a set of three possible options with 

known a priori values: a low-value option (5-points; bronze medallion), a middle-value option 

(10-points; silver medallion), and a high-value option (50 points; gold medallion). Upon each, 

encounter, participants could pursue opportunities by making a button press response or reject 

opportunities by withholding any response and waiting for the next trial to begin (see Methods).  

Pursue a reward opportunity incurred a temporal opportunity cost equivalent to 

forgoing a single reward opportunity in the future. It was therefore critical to consider the 

prospective frequency of each reward-option when deciding whether an opportunity was worth 

pursuing. The frequency of reward-options was systematically manipulated by dividing the 

task into 4.5-minute blocks of trials with different reward-option frequency distributions 

(fig.5.1C). There were two types of block; (1) rich blocks, where the 50-point option was more 

frequent than the 10-point and 5-point options P(5-point|Rich) = 0.16, P(10-point|Rich) = 0.33, 

P(50-point|Rich) = 0.50), and; (2) poor blocks where the 5-point option was more frequent 

than the 10-point and 5-point options (P(5-point|Poor) = 0.50, P(10-point|Poor) = 0.33, P(50-

point|Poor) = 0.16). These blocks allowed for experimental control of the richness of the 

environment throughout the task (fig.5.1C–D). Importantly, the frequency of the 10-point 

option was constant across both rich and poor blocks, meaning that changes in a participant’s 
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behaviour with respect to the 10-point option could only arise from changes in the 

environmental context within which it occurred.   

The parameters of the task were carefully chosen to ensure that the rational strategy 

was to accept the 10-point option in poor environments, and to reject the 10-point option in 

rich environments (fig.5.1E–F). Environments were not signalled to participants, and we 

therefore did not expect them to exhibit precisely this pattern. Nevertheless, the design ensured 

that there was a reward-maximising rationale for participants to change their behaviour toward 

the 10-point option. Accordingly, we focus predominantly trials featuring the 10-point option 

in the following behavioural analyses, although the same conclusions hold in omnibus analyses 

where all reward-options are considered together (fig.5.2).  

  



V: Dorsal raphe nucleus signals behavioural policy changes in humans 

 111 

Figure 5.1. A behavioural task for controlling the richness of the environment. (A) 

Participants played the role of a treasure-seeking ship’s captain in a behavioural task 
involving sequential encounters with reward-options. A single reward opportunity was 
encountered on each trial, and subjects needed to decide whether to pursue (button-
press response) or reject (no response) that opportunity. Pursuing an opportunity 
incurred a temporal opportunity cost that was equivalent to giving up a future encounter, 
which was symbolised by a passing black treasure-chest during the action-outcome 
delay period. To earn as many points as possible, participants therefore needed to 
compare the reward-option available during each opportunity with the distribution of 
options they expected in future opportunities. Reward-options were symbolised by gold 
(50-points), silver (10-points) and bronze (5-points) medallions. The remaining time in 
the current round of the task was shown via a timer at the top left corner of the screen. 

(B) Diagram of the experiment’s round and block structure in an example session. Each 

experimental session comprised five, 9-minute rounds of the behavioural task, and each 
round of the task involved two time-limited 4.5-minute blocks. Each round included one 

rich block and one poor block, which were randomised in order. (C) The frequency of 

5-point, 10-point and 50-point reward options was systematically manipulated to 
engender differences in the richness of the environment. In rich blocks, the 50-point 
option was more frequent than 10-point and 5-point options, whereas in poor blocks 
the 5-point option was more frequent than 10-point and 50-point options. Note that the 
frequency of the 10-point option remained constant, meaning that behaviour toward the 

10-point option could be compared across blocks without bias. (D) An example 

Inter-trial interval 
(3.5–5.5s)

Offer (3.5–5.5s)
+ Go-cue (1s)

Response

No response

A-O delay
(3.5-5.5s) 

Feedback
(3.5-5.5s)

9:00 8:55 8:50 8:45 8:40

8:50

50pts

Trial

2673

2663

2649

2647

2640

2633

2626

2626

2615

2690

2670

2643

2667

2652

2652

2645

2633

2636

2692

2689

2686

2677

2670

2654

2649

2653

2643

2694

2707

2695

2688

2670

2682

2671

2658

2646

2720

2712

2705

2693

2689

2680

2683

2664

2653

2722

2707

2716

2702

2687

2704

2684

2674

2664

2724

2726

2729

2726

2714

2705

2692

2683

2690

2746

2744

2735

2737

2718

2709

2708

2687

2686

2743

2746

2733

2737

2727

2724

2730

2704

2693

0.2

0.4

0.6

0.8

1.0

0.2 0.4 0.6 0.8 1.0
p(accept|mag=10, poor)

p(
ac

ce
pt

|m
ag

=1
0,

 ri
ch

)

2600 2800
total points

Inter-trial interval 
(3.5–5.5s)

Inter-trial interval 
(3.5–5.5s)

A

Poor Rich

5 10 50 5 10 50

0.2
0.3
0.4
0.5

Rw−magnitude

p(
O
pt
io
n)

C

0

20

40

0 10 20
Time [trials]

Av
e.

 v
al

ue
D

E

2673

2663

2649

2647

2640

2633

2626

2626

2615

2690

2670

2643

2667

2652

2652

2645

2633

2636

2692

2689

2686

2677

2670

2654

2649

2653

2643

2694

2707

2695

2688

2670

2682

2671

2658

2646

2720

2712

2705

2693

2689

2680

2683

2664

2653

2722

2707

2716

2702

2687

2704

2684

2674

2664

2724

2726

2729

2726

2714

2705

2692

2683

2690

2746

2744

2735

2737

2718

2709

2708

2687

2686

2743

2746

2733

2737

2727

2724

2730

2704

2693

0.2

0.4

0.6

0.8

1.0

0.2 0.4 0.6 0.8 1.0
p(accept|mag=10, poor)

p(
ac

ce
pt

|m
ag

=1
0,

 ri
ch

)

2600 2800
total points

2673

2663

2649

2647

2640

2633

2626

2626

2615

2690

2670

2643

2667

2652

2652

2645

2633

2636

2692

2689

2686

2677

2670

2654

2649

2653

2643

2694

2707

2695

2688

2670

2682

2671

2658

2646

2720

2712

2705

2693

2689

2680

2683

2664

2653

2722

2707

2716

2702

2687

2704

2684

2674

2664

2724

2726

2729

2726

2714

2705

2692

2683

2690

2746

2744

2735

2737

2718

2709

2708

2687

2686

2743

2746

2733

2737

2727

2724

2730

2704

2693

0.2

0.4

0.6

0.8

1.0

0.2 0.4 0.6 0.8 1.0
p(accept|mag=10, poor)

p(
ac

ce
pt

|m
ag

=1
0,

 ri
ch

)

2600 2800
total points

2673

2663

2649

2647

2640

2633

2626

2626

2615

2690

2670

2643

2667

2652

2652

2645

2633

2636

2692

2689

2686

2677

2670

2654

2649

2653

2643

2694

2707

2695

2688

2670

2682

2671

2658

2646

2720

2712

2705

2693

2689

2680

2683

2664

2653

2722

2707

2716

2702

2687

2704

2684

2674

2664

2724

2726

2729

2726

2714

2705

2692

2683

2690

2746

2744

2735

2737

2718

2709

2708

2687

2686

2743

2746

2733

2737

2727

2724

2730

2704

2693

0.2

0.4

0.6

0.8

1.0

0.2 0.4 0.6 0.8 1.0
p(accept|mag=10, poor)

p(
ac

ce
pt

|m
ag

=1
0,

 ri
ch

)

2600 2800
total points

2673

2663

2649

2647

2640

2633

2626

2626

2615

2690

2670

2643

2667

2652

2652

2645

2633

2636

2692

2689

2686

2677

2670

2654

2649

2653

2643

2694

2707

2695

2688

2670

2682

2671

2658

2646

2720

2712

2705

2693

2689

2680

2683

2664

2653

2722

2707

2716

2702

2687

2704

2684

2674

2664

2724

2726

2729

2726

2714

2705

2692

2683

2690

2746

2744

2735

2737

2718

2709

2708

2687

2686

2743

2746

2733

2737

2727

2724

2730

2704

2693

0.2

0.4

0.6

0.8

1.0

0.2 0.4 0.6 0.8 1.0
p(accept|mag=10, poor)

p(
ac

ce
pt

|m
ag

=1
0,

 ri
ch

)

2600 2800
total points

Rich Poor

14

16

18

20

Poor Rich
Environment−type

M
ax

.tr
ia

ls
 [N

]

Block 1 Block 2

Block 3 Block 4

Block 5 Block 6

Block 7 Block 8

Block 9 Block 10

R1

R2

R3

R4

R5

9 min.
PoorRich

Block-type

F

50pts 10pts 5pts

Reward-options

R
ou

nd

B



V: Dorsal raphe nucleus signals behavioural policy changes in humans 

 112 

sequence of rich and poor blocks illustrating key reward statistics and their evolution 
over time. Coloured dots indicate the specific reward-option available on each trial 
(dark-blue = 50-points, mid-blue = 10-points, light-blue = 5-points). Dashed red line 

indicates the mean value of rewards over the preceding five trials (i.e., t-1:t-5). (E) The 

temporal and reward-option value parameters of the task were carefully chosen to 
engender changes in behaviour toward the 10-point option. Tile-map and colour-scale 
shows the total points earned by a simulated agent performing the experiment as a 
function of different pursue-rates for the 10-point option in rich-blocks (y-axis) and poor 
blocks (x-axis). Note that environments were not signalled to participants, and so we 
did not expect them to display this pattern of behaviour immediately upon entering a 
new environment. Instead, we expected that they would approach the pattern as they 

accumulated experience within an environment. (F) Because blocks were time-limited, 

and the duration of each trial depended on whether the reward opportunity was pursued 
or rejected, the number of trials in each block was variable. Overall, participants 
performed more trials in poor blocks compared to rich blocks because they pursued 
fewer reward opportunities in poor blocks (tpoor-vs-rich(26) = 15.52, p <.001; see fig.5.2 for 
further details). Dots show participant-level mean number of trials in poor and rich 

blocks.  
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5.2.2 Reward-guided decisions are modulated by the richness of the 
environment 

 

To begin, we tested the hypothesis that participants were more likely to pursue the 10-

point option in poor environments compared to rich environments. All analyses in this section 

were implemented as mixed-effect generalised linear models (GLM) which account for 

subject-specific variation in behaviour. The dependent variable was the binary pursue-vs-reject 

decision on each trial.  

We first tested the hypothesis by asking whether the experimentally manipulated 

environment-type (rich-vs-poor) influenced pursue/reject decisions. This showed that 

participants were, indeed, more likely to pursue the 10-point when it occurred in a poor 

environment compared to a rich environment (GLM5.1b; βenvironment-type = -0.19, SE = 0.10, p = 

.045; fig.5.2A–B). There was no evidence for similar effects in 5-point (GLM5.1b; βenvironment-

type = -0.58, SE = 0.31, p = .062; fig.5.2A–B) or 50-point options (GLM5.1b; βenvironment-type = 

0.64, SE = 0.51, p = .206; fig.5.2A–B). Analysing all options together in a single GLM 

indicated a two-way interaction between option-value and environment-type that was 

consistent with the pattern evinced by option-specific analyses (GLM5.1a; βenvironment-type*reward-

option = -3.09, SE = 0.19, p < .001; fig.5.2A–B). Importantly, the difference in 10-point option 

pursue-rates between poor and rich environments [Δ(pursue-rate) = pursue-ratepoor – pursue-

raterich] was positively correlated with total points earned in the experiment (rΔ(pursue-rate) vs total-

points = 0.40, p = .040; fig.5.2C). The degree to which participants changed their behaviour 

between environments determined thus their performance on the task, as intended by the 

experimental design.   
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Participants were not informed that there were distinct rich and poor environments, and 

they received no cues to this effect during the task. Environment-driven changes in behaviour 

therefore involved tracking the frequency of reward-options over time. To investigate whether 

the effect emerged over time in this way, we tested the two-way interaction between 

environment-type and time elapsed within an environment, where time was quantified in trials. 

This revealed that environment-driven changes in behaviour increased as a function of time-

within-environment for the 10-point option (GLM5.2; βenvironment-type*trial-in-environment= -0.20, SE 

= 0.06, p = .001; fig.5.2D), but that there were no such changes for the 5-point (GLM5.2; 

βenvironment-type*trial-in-environment= -0.04, SE = 0.12, p = .693; fig.5.2D) and 50-point options 

(GLM5.2; βenvironment-type*trial-in-environment= -0.43, SE = 0.25, p = .092; fig.5.2D). Simple main-

effects analysis for the 10-point option indicated asymmetric sensitivity to environments, 

whereby participants were more likely to pursue the 10-point option as time elapsed in poor 

environments (GLM5.2; βtrial-in-environment= 0.27, SE = 0.08, p < .001), but not in rich 

environments (GLM5.2; βtrial-in-environment= -0.13, SE = 0.09, p = .165). This pattern of results 

was confirmed in a conceptually similar analysis in which the environment was operationalised 

as the average value of recently encountered reward-options, as distinct from experimentally 

defined environments (GLM5.3; fig.5.2E).  
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Figure 5.2 Pursue-vs-reject decisions are modulated by the richness of the 

environment. (A) & (B) A GLM predicting the probability of reward-pursuit indicated 

main effects of reward-magnitude (GLM5.1a; βreward-magnitude= 6.12, SE = 0.25, p < .001) 

and environment-type (GLM5.1a; βenvironment-type= -2.03, SE = 0.13, p < .001), in addition 
to a two-way interaction between these predictors (GLM5.1a; βreward-magnitude*environment-type= 
-3.09, SE = 0.19 p < .001). Follow-up tests on the interaction indicated that the effect 
of environment-type was contingent on reward-magnitude: as per the main text, 
participants were more likely to pursue the 10-point option in poor environments relative 
to rich environments, but there was no evidence of changes for the 5-point or 50-point 

option as a function of environment-type. In (A), bars and dots indicate sample-level 

and subject-level mean pursue-rates, respectively, for each reward option in each 

environment. In (B), dots indicate participant-level difference-scores [Δ = μ(pursue)poor 

– μ(pursue)rich] at each level of reward-magnitude. (C) The degree to which subjects 

changed their behaviour between environments predicted their success on the task. Y-
axis denotes total-points earned in the experiment and x-axis denotes mean difference 
in 10-point option pursue-rates between poor environments and rich environments 

[poor – rich]. Dots represent data from individual subjects. (D) Environments were not 

explicitly signalled to subjects and needed to be inferred from the relative frequency of 
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each reward options over time. Accordingly, the difference between 10-point option 
pursue-rates (y-axis) for poor-environments and rich-environments increased as a 
function of time spent in an environment (x-axis). There were no such changes for 5-
point and 50-point options. Dots and whiskers indicate mean ± SEM of pursue-rate in 

each level of trial-within-environment (x-axis). (E) Similarly, predicting the probability of 

reward pursuit as a function of the average-value of recent opportunities (where ave.-
valuet = mean(reward-magnitudet-1: mean(reward-magnitudet-5); see §5.4: Methods) 
indicated that participants were more likely to pursue the 10-point (GLM5.3; βaverage-value 
= -0.33, SE = 0.06, p = .003) and 5-point (GLM5.3; βaverage-value = -0.40, SE = 0.18, p = 
.021) options as average-value decreased. There was no evidence of this effect for the 
50-point option (GLM5.3; βaverage-value = -0.14, SE = 0.47, p = .765). This is consistent with 

the hypothesis that participants changed their behaviour as a function of recently 
encountered reward opportunities. Dots and error bars indicate mean ± SEM pursue-
rate in deciles of average-value.  



V: Dorsal raphe nucleus signals behavioural policy changes in humans 

 117 

 

5.2.3 Behaviour is organised in option-specific policies that are reconciled with 
the richness of the environment 

 

Having shown that pursue-vs-reject decisions were influenced by the richness of the 

environment, we performed complementary analyses focussed on the temporal organisation of 

behaviour. Because the task featured only three reward-options, we reasoned that participants 

would form a behavioural policy for each option – that is, an option-specific pursue-vs-reject 

strategy that was consistent over successive encounters with the option in question (fig.5.3A). 

We validated this hypothesis by testing whether pursue-vs-reject decisions were autocorrelated 

across encounters with the same reward-option. This confirmed that participants tended to 

repeat their decisions across successive encounters, consistent with a temporally persistent 

behavioural policy (GLM5.4; βprevious-policy = 1.53, SE = 0.28, p < .001; fig.5.3B). Importantly, 

when the pursue-vs-reject decision on the preceding trial concerned a different option, it did 

not influence the pursue-vs-reject decision on the next trial, suggesting that policies were 

option-specific (GLM5.5; βprevious-action= 0.05, SE = 0.17, p =.737; fig.5.3B; see also fig.5.3A 

for explanation of distinction between switching in relation to a previous-action and switching 

in relation to a previous-policy). 

Adopting the behavioural-policy perspective enabled us to precisely identify changes 

in behavioural policy (policy-switch, hence). We operationalised policy-switches as trials on 

which the pursue-vs-reject decision diverged from the policy exhibited the previous time the 

reward-option was encountered (fig.5.3A). Consistent with earlier analyses showing 

behavioural changes for the 10-point option, policy-switches were more frequent for the 10-

point option compared to both its 5-point (GLM5.6; βmiddle-vs-low = 1.52, SE = 0.39, p < .001; 

fig.5.3C) and 50-point counterparts (GLM5.6; βmiddle-vs-high = 3.63, SE = 0.67, p < .001; 
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fig.5.3C). Subsequent analysis of policy-switches therefore focused on trials featuring the 10-

point option.  

Based on our analysis of pursue-vs-reject decisions, we predicted that policy-switches 

would be influenced by the richness of the environment. To test this, we categorised policy-

switches into two-types depending on the direction of change: (i) pursue-switches, when the 

reward-option was pursued on the current trial after being rejected on the previous encounter, 

and (ii) reject-switches, when the reward-option was rejected on the current trial after being 

pursued on the previous encounter. Insofar as participants approximated the optimal task 

strategy, we expected that pursue-switches would be more likely in poor environments and 

reject changes would be more likely in rich environments.  

When analysed in relation to the experimentally defined environments, pursue-switches 

followed the expected pattern: in poor environments, pursue-switches were more likely to 

occur than reject-switches (GLM5.7a; βpursue-switch vs reject-switch= 0.89, SE = 0.19, p <.001; 

fig.5.3D-i), and pursue-switches in poor environments were also more likely to occur than 

pursue-switches in rich environments (GLM5.7b; βrich-vs-poor= -0.36, SE = 0.12, p = .002; 

fig.5.3D-ii). Reject-switches, however, did not differ across environment types (GLM5.7c, 

βpursue-switch vs reject-switch= -0.22, SE = 0.20, p =.274; GLM5.7d, βrich-vs-poor= 0.07, SE = 0.12, p = 

.550; fig.5.3D).  A similar pattern obtained when policy-switches were compared against the 

average-value of recent reward-options: pursue-switches were more likely as average-value 

decreased (GLM5.8a; βave.-value= -0.76, SE = 0.14, p <.001; fig.5.3E-i), but there was a null 

effect for reject-switches, which occurred at an approximately constant rate (GLM5.8b; βave.-

value= 0.13, SE = 0.15, p = .386; fig.5.3E-i). In tandem with previous analyses, these results 

suggest that changes in behavioural policy approximated the rational task strategy, and that this 

pattern was more pronounced in poor environments.  
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Figure 5.3 Participants exhibit consistent behavioural policies that are shaped by 

the richness of the environment. (A) Presenting a limited set of reward-options across 

the task allowed us to precisely track changes in option-specific behaviour. We 
categorised these changes along two dimensions: (1) a policy dimension reflecting the 

option-specific decision to pursue-vs-reject each of the three available reward-options, 
and (2) an action dimension reflecting the general decision to pursue-vs-reject 
opportunities regardless of the reward-option available. Within this framework, we then 
categorised trials as (i) policy-stay events if the pursue-vs-reject decision was 
consistent with the previous encounter, or (ii) policy-switch events if the pursue-vs-

reject decision was different to the previous encounter. Correspondingly, we defined 
trials as (i) action-stay if the pursue-vs-reject decision was the same as the immediately 
preceding trial (regardless of reward-option), and (ii) action-switch if the pursue-vs-

reject decision changed. (B) Participants were more likely to pursue a reward-option if 

they pursued it the previous time they encountered it and vice versa (previous-policy 
effect; left panel). Conversely, pursue-vs-reject decisions were not influenced by the 
action made on the previous trial (previous-action effect; right panel). Bars show 
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sample-mean pursue-rate in each condition. Dots indicate subject-specific pursue-
rates. Dashed red line indicates overall mean pursue-rate, regardless of previous-policy 

and/or previous-action condition. (C) Policy-switches were more frequent for the 10-

point option than for the 5-point and 50-point options. Bars show sample mean count 

of policy-switches per experimental session. Dots indicate subject-specific counts. (D) 

Policy switches approximated the rational task strategy. In (i), pursue-switches (i.e. 

switching from reject-to-pursue) are more likely to occur than reject-switches in poor 
environments, consistent with the rational strategy for performing the task. There was 
no corresponding difference between pursue-switches and reject-switches in the rich-

environments. Similarly, in (ii) pursue-switches were more likely to occur in poor 

environments compared to rich environments but there was no difference in the 
frequency of reject-switches between environment types. Colour-scale denotes 
congruency of switch-direction relative to environment-type – i.e., the switch-direction 
that subjects should display if following the rational strategy. Data shown for 10-point 
option only. Bars indicate overall mean rate of switch-events and dots indicate subject-

specific rates of switch events. (E) Probability of pursue-switch and reject-switch events 

when the richness of the environment is operationalised as the average value of recent 

reward-options. Similar to (D), for the 10-point option (i),  pursue-switches are more 

likely to occur as the richness of the environment decreases (i.e. in poor environments) 
but reject-switches follow no systematic pattern. There was no evidence of a 

relationship between the richness of the environment and switches for 5-point (ii) and 

50-point (iii) options. Points and error bars indicate mean ± SEM switch-rates in decile 

bins of average-value. 
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5.2.4 Brain activity in dorsal raphe nucleus represents the richness of the 
environment, and environment-driven changes in behaviour 

 

Participants performed the behavioural task while undergoing ultra-high field fMRI 

recordings of blood oxygen level dependent (BOLD) signal. We used these recordings to 

investigate brain activity related to tracking the richness of the environment, and to 

environment-driven changes in behavioural policy. We focused on a priori regions of interest 

(ROIs) comprising the ascending neuromodulatory systems (ANS): an assemblage of 

phylogenetically ancient nuclei in the basal forebrain, midbrain, and brainstem that release 

fundamental neuromodulatory chemicals via diffuse, whole-brain connections (89, 90, 320). 

According to a prominent theory, the ANS broadcast salient low-dimensional signals that 

orchestrate activity across multiple brain regions at once (320). The ANS, thus, are ideally 

placed to implement changes in behavioural policy.   

We extracted BOLD signal from an anatomical ROI for the dorsal raphe nucleus 

(DRN), in addition to a combined ROI covering the substantia nigra and ventral tegmental area 

(midbrain dopaminergic nuclei; MBD), the  locus coeruleus (LC), the nucleus basalis (NB), 

and the habenula – an epithalamic nucleus characterised by reciprocal interactions with 

subcomponents of the ANS (245, 289) (see fig.5.4A for anatomical illustration of ROIs and 

§5.4: Methods for details of ROI construction). Although our key hypotheses concerned DRN, 

expanding our purview allowed us to compare DRN activity with patterns in other ANS nuclei, 

which is critical for identifying functional specialisations in different brain regions (286).   

We first examined brain activity related to the pursue-vs-reject decision made on each 

trial, with a focus on activity related to the richness of the environment. Although there were 

no differences in activity between experimentally manipulated rich-vs-poor environments 
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(fig.5.4B–C), DRN activity was modulated by the two-way interaction between environment-

type and time-within-environment in a manner that paralleled the gradual adjustment of 

behaviour to the environment illustrated in fig.5.2D (GLM5.11; tDRN; environment-type*trial-in-

environment(26)=2.84, p=.043; fig.5.4B–C). No other ROI exhibited this pattern. It is, perhaps, 

surprising that MBD did not evince environment-related activity given its widely reported role 

in reward-value. Further examination of MBD activity, however, demonstrated two patterns of 

activity that dovetail with the broader literature on MBD: (i) activity related to the pursue-vs-

reject decision made on each trial, and reminiscent of an action initiation signal, and; (ii) 

activity conveying the value-difference between the reward opportunity on the current trial and 

the average value of the recent environment, akin to a reward prediction-error response (fig.5.5) 

(254, 321–323). 

We next examined brain activity related to policy-switches. We did this by contrasting 

brain activity on policy-switch trials with brain activity on policy-stay trials – i.e., we asked 

whether specific patterns of brain activity occurred when a policy-switch was revealed in 

behaviour. This indicated that activity in DRN – but no other subcortical ROI – signalled 

policy-switch trials (GLM5.12; tDRN; policy-change(26)=2.84, p=.043; fig.5.4D–E). We confirmed 

that this effect was specific to behavioural-policy changes by testing DRN’s relationship with 

other forms of behavioural change, like action-switches where both the pursue-vs-reject 

decision and option-identity changed across consecutive trials such that the change in 

behaviour did not constitute change in option-specific behavioural policy (fig.5.3A). Action-

switches had a null effect on DRN activity (GLM5.12; tDRN; action-change(26)=-1.69, p=.110; 

fig.5.4D–E), and the policy-switch signal reported earlier was, moreover, significantly different 

to the null action-switch signal (GLM5.12; tDRN; action-switch vs policy-switch(26)=3.18, p=.002; 

fig.5.4D–E).  
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After linking DRN activity to policy-switches in general, we next tested whether DRN 

was involved in environment-driven policy-switches specifically. We therefore examined DRN 

activity during policy-switches for the 10-point option that were congruent with the 

environment – i.e., pursue-switches in poor environments, and reject-switches in rich 

environments. DRN activity signalled both congruent pursue-switches and congruent reject-

switches, albeit with oppositely signed patterns of activity (GLM5.13a; tDRN; pursue-

change(26)=2.79, p=.009; GLM5.13c; tDRN; reject-change(26)=-2.81, p=.009; fig.5.4F-i). Because 

pursue-switches were correlated with action and reject-switches were correlated with inaction, 

we ensured the effects were not artefacts of motor preparation by comparing DRN activity for 

congruent-vs-incongruent pursue-changes, and congruent-vs-incongruent reject-switches: in 

other words, we compared events with the same motor-output that occurred in different 

environmental contexts. Unlike congruent-pursue switches (GLM5.13a; tDRN; congruent 

pursue(26)=2.38, p=.024; fig.5.4F-ii), incongruent-pursue switches (GLM5.13b; tDRN; incongruent 

pursue(26)=-1.10, p=.280; fig.5.4F-ii) had a null effect on DRN activity, and the congruent-

pursue switch signal was stronger than its incongruent-pursue counterpart (tDRN; congruent-vs-

incongruent pursue(26)=2.60, p=.014; fig.5.4F-ii). Similarly, incongruent-reject switches had a null 

effect on DRN activity (GLM5.13d; tDRN; incongruent reject(26)=-1.35, p=.189; fig.5.4F-iii) in 

contrast to the significant effect of congruent-reject switches (GLM5.13c; tDRN; congruent 

reject(26)=-2.08, p=.046; fig.5.4F-iii), although the difference between these patterns was not 

significant (tDRN; congruent-vs-incongruent reject(26)=-1.30, p=.204; fig.5.4F-iii). In this way, DRN 

policy-switch representations paralleled behavioural adjustment to the environment (fig.5.3D–

E):  they were only significant for policy-switches that were appropriate for the richness of the 

environment, and they were especially prominent for pursue-switches engendered by poor 

environments (fig.5.3D–E).   
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As a final test of DRN policy-switch signals, we compared congruent policy-switches 

for the 10-point and 5-point options. Behavioural analysis (fig.5.3) demonstrated that policy-

switches for the 10-point option were modulated by the richness of the environment, whereas 

policy-switches for the 5-point option instead appeared to be random or exploratory in nature. 

Comparing the two events therefore allowed us to further isolate policy-switches driven by the 

richness of the environment from behavioural switches with other origins. Unlike the 

significant effect of congruent 10-point option pursue-switches (GLM5.13a; tDRN; 10pt-option pursue 

(26)=2.38, p=.024; fig.5.4F-iv), 5-point option pursue-switches in poor environments had a 

null relationship with DRN activity (GLM5.13a; tDRN; 5pt-option pursue (26)=-1.23, p=.229; 

fig.5.4F-iv). These signals were significantly different from one another (tDRN; 5pt-vs-10pt pursue 

(26)=2.52, p=.020; fig. 5.4F-iv). Similarly, reject-switches for the 5-point option in rich 

environments had a null relationship with DRN activity (GLM5.13c; tDRN; 5pt-option reject(26)=-

0.73, p=.471; fig.5.4F-v) in contrast to the significant effect of middle-option reject-switches 

(GLM5.13c; tDRN; 10pt-option reject(26)=-2.08, p=.046; fig.5.4F-v) although the difference between 

signals was not significant in this case (tDRN; 5pt-vs-10pt reject(26)= 1.77, p=.090; fig.5.4F-v). This 

provides further evidence that DRN activity was specifically linked to environment-driven 

policy-switches.  

Taken together, these analyses suggest that activity in DRN – but no other ANS nucleus 

– signalled changes in the richness of the environment and changes in behavioural policy that 

aligned behaviour with the environment. The policy-switch effect was specifically linked to 

environment-driven changes in behaviour and was consistently more prominent for policy-

switches engendered by poor environments. In this way, policy-switch representations in DRN 

parallelled behavioural sensitivity to poor environments (fig.5.4Fi–v & fig.5.3D–E).  
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Figure 5.4 Brain activity in dorsal raphe nucleus represents the richness of the 

environment and environment-driven changes in behavioural policy. (A) fMRI 

analysis focussed on anatomical regions of interest (ROIs) in the ascending 
neuromodulatory systems. ROIs comprised the dorsal raphe nucleus (DRN), habenula 
(Hb), locus coeruleus (LC), substantia nigra and ventral tegmental area (MDB), and 

nucleus basalis (NB). See §5.4: Methods for details of mask construction. (B) 

Timecourse of the relationship between BOLD signal and (i) experimentally-manipulated 
environment-type (i.e., rich-vs-poor; light-blue), and (ii) interaction between 
environment-type and time-within-environment (dark-blue). Time=0 on the x-axis 
corresponds to the onset of the reward-opportunity stimulus. Given haemodynamic 
delay of approximately 4-6s, neural activity related to the reward-opportunity stimulus 

should therefore appear 4-6s after onset in BOLD signal (i.e. at 4-6s on the x-axis). (C) 

Distribution of peak regression-weights for environment-type and environment-
type*time-in-environment predictors in DRN. Brain activity in DRN – but no other ROI– 
was modulated by environment-type, but only as time within the environment increased, 

parallelling behavioural adaptations to the environment as per fig.5.2D. (D) Timecourse 

of the relationship between BOLD signal and: (i) policy-switch events (dark-pink), and; 
(ii) action-switch (light-pink) events. Per (B), time=0 on the x-axis corresponds to the 
onset of the reward-opportunity stimulus. Given haemodynamic delay, it is likely that 
policy-switch neural activity in DRN occurs in ITI periods, when subjects are integrating 

reward feedback from the previous trial and planning their future behaviour. (E) 
Distribution of peak regression-weights for policy-switch and action-switch events in 
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Fig. 5: Time course analysis of effects of decision and offer on BOLD signal. a. Effect of decision 
on BOLD signal with representative images of ROIs. Arrows point to significant peak effects in a 2-7s 
window after offer onset. While DRN and LC show a peak in this window followed by a decline, AI, HB, 
and MBD show a peak in the window followed by a ramping effect at the end of the plotted regression, 
indicating a potential role in action-related processes. PPN and dACC show peak activity at 7s, which is 
coincident with subsequent ramping activity, suggesting a stronger role in action-related processes. 
Leave-one-out procedure corrected for multiple comparisons in brainstem and subcortex using the Holm-
Bonferroni method: DRN, t = 3.36, p < 0.01; LC, t = 3.68, p < 0.01; MBD, t = 2.48, p < 0.05; PPN, t = 5.26, 
p < 0.001; HB, t = 2.15, p < 0.05; dACC, t = 3.17, p < 0.01 ; AI, t = 3.10, p < 0.01. b. Effect of decision on 
BOLD signal. Arrows point to significant peak effects in a 2-7s window after offer onset. Leave-one-out 
procedure corrected for multiple comparisons in subcortex using the Holm-Bonferroni method: DRN, t = 
3.08, p < 0.05; LC, t = 3.05, p < 0.05; PPN, t = 6.09, p < 0.001; dACC, t = 2.52, p < 0.05 ; AI, t = 3.20, p 
< 0.01.  
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Fig. 5: Time course analysis of effects of decision and offer on BOLD signal. a. Effect of decision 
on BOLD signal with representative images of ROIs. Arrows point to significant peak effects in a 2-7s 
window after offer onset. While DRN and LC show a peak in this window followed by a decline, AI, HB, 
and MBD show a peak in the window followed by a ramping effect at the end of the plotted regression, 
indicating a potential role in action-related processes. PPN and dACC show peak activity at 7s, which is 
coincident with subsequent ramping activity, suggesting a stronger role in action-related processes. 
Leave-one-out procedure corrected for multiple comparisons in brainstem and subcortex using the Holm-
Bonferroni method: DRN, t = 3.36, p < 0.01; LC, t = 3.68, p < 0.01; MBD, t = 2.48, p < 0.05; PPN, t = 5.26, 
p < 0.001; HB, t = 2.15, p < 0.05; dACC, t = 3.17, p < 0.01 ; AI, t = 3.10, p < 0.01. b. Effect of decision on 
BOLD signal. Arrows point to significant peak effects in a 2-7s window after offer onset. Leave-one-out 
procedure corrected for multiple comparisons in subcortex using the Holm-Bonferroni method: DRN, t = 
3.08, p < 0.05; LC, t = 3.05, p < 0.05; PPN, t = 6.09, p < 0.001; dACC, t = 2.52, p < 0.05 ; AI, t = 3.20, p 
< 0.01.  
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Fig. 5: Time course analysis of effects of decision and offer on BOLD signal. a. Effect of decision 
on BOLD signal with representative images of ROIs. Arrows point to significant peak effects in a 2-7s 
window after offer onset. While DRN and LC show a peak in this window followed by a decline, AI, HB, 
and MBD show a peak in the window followed by a ramping effect at the end of the plotted regression, 
indicating a potential role in action-related processes. PPN and dACC show peak activity at 7s, which is 
coincident with subsequent ramping activity, suggesting a stronger role in action-related processes. 
Leave-one-out procedure corrected for multiple comparisons in brainstem and subcortex using the Holm-
Bonferroni method: DRN, t = 3.36, p < 0.01; LC, t = 3.68, p < 0.01; MBD, t = 2.48, p < 0.05; PPN, t = 5.26, 
p < 0.001; HB, t = 2.15, p < 0.05; dACC, t = 3.17, p < 0.01 ; AI, t = 3.10, p < 0.01. b. Effect of decision on 
BOLD signal. Arrows point to significant peak effects in a 2-7s window after offer onset. Leave-one-out 
procedure corrected for multiple comparisons in subcortex using the Holm-Bonferroni method: DRN, t = 
3.08, p < 0.05; LC, t = 3.05, p < 0.05; PPN, t = 6.09, p < 0.001; dACC, t = 2.52, p < 0.05 ; AI, t = 3.20, p 
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DRN. Policy-switches – but not action-switches – modulate DRN activity, suggesting 

that DRN is involved in option-specific forms of behavioural change. (F) Timecourse and 

peak regression-weights (inset panels) for additional analyses linking DRN to 
environment-driven policy switches. Time=0 on the x-axis corresponds to the onset of 

the reward-opportunity stimulus in all timecourse graphs. (i) indicates DRN activity 

during policy-switches that are congruent to the environment – i.e., pursue-switch 
events in poor environments (dark-pink) and reject-switch events in rich environments 

(light-pink). (ii) shows DRN activity during pursue-switch events in poor environments 

(dark-pink) and rich-environments (grey) – i.e., events with the same motor output, but 

that differ in environment-congruence. (iii) shows DRN activity during reject-switch 

events in rich environments (light-pink) and poor-environments (grey) – i.e., events 

matched on motor output, but that differ in environment-congruence. (iv) shows DRN 

activity during pursue-switch events for the 10-point option (dark-pink) and 5-point 
option (grey). In behaviour, only 10-point policy-switches are modulated by the 

environment (fig.5.3). (v) shows DRN activity during reject-switch events for the 10-point 

option (light-pink) and 5-point option (grey). In timecourse graphs (B, D, and F), lines 
and shadings show the mean and standard error (SE) of the β weights across 
participants. In effect-size graphs (C, E, F inset panels), bars show sample-mean 
magnitude of the peak regression weight in the timecourse according to an unbiased 
leave-one-out procedure (see §5.4: Methods). Dots indicate peak regression weights 
for individual participants. 
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Figure 5.5. Activity in the midbrain dopaminergic nuclei represents pursue-vs-

reject decisions, and the value-difference between current and recent reward 

opportunities. (A) BOLD signal in the MBD ROI was strongly modulated by the pursue-

vs-reject decision made on each trial, consistent with the link between dopaminergic 

nuclei and action initiation (GLM5.15; tMBD; pursue-vs-reject (26)=5.21, p<.001). (B-i) Although 

BOLD signal in the MBD ROI did not covary with experimentally controlled block-type 
or average-value, it was modulated by the value-difference between the reward 
opportunity on the current trial and the average-value of recent opportunities [i.e. value-
differencet = reward-magnitudet – average-valuet]. This response is reminiscent of a 
reward-prediction error in the sense that the average-value of recent trials constitutes 
a simple prediction for the reward-value of the current trials (GLM5.17; tMBD; value-

difference(26)=3.96, p<.001). (B-ii) Importantly, participants were also more likely to pursue 

reward-opportunities as a function of value-difference (GLM5.16; βvalue-difference= 0.90, SE 
= 0.07, p <.001). In this way, the value-difference signal in MBD is consistent with the 

hypothesis that it invigorates pursuit of specific reward opportunities. In (B-i), dots and 

error bars indicate mean ± SEM pursue-rate in deciles of value-difference. In (A) and 

(B-ii), lines and shadings of the time course graph show mean ± SEM of β weights 

across participants. Inset panels show effect-size graphs, where bar indicates mean 
peak regression weight in the timecourse according to an unbiased leave-one-out 
procedure (see). Dots indicate peak regression weights for individual participants. 
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5.2.5 Multivariate representations of value in frontal cortex are modulated by 
the richness of the environment 

 

Having shown that DRN activity signalled the richness of the environment and 

environment-driven policy-switches, we expanded our fMRI analysis to cortical areas that 

might construct representations of the environment in the first instance. We hypothesised that 

in regions encoding the task structure, the distance between neural representations of each 

specific reward-option would change in tandem with the relative-value of reward options given 

the environment (fig.5.7A). We tested this using representational similarity analysis (RSA) on 

a series of ROIs deriving from functional fMRI analyses (324). First, we searched for relevant 

ROIs in our own data using two whole-brain fMRI analyses that searched for regions coding: 

(i) the pursue-vs-reject decision made on each trial (GLM5.9; fig.5.6A), and (ii) the reward-

magnitude of the opportunity on each trial (GLM5.10; fig.5.6B). This identified clusters of 

activity related to the pursue-vs-reject contrast in anterior insular cortex (AI), dorsal anterior 

cingulate cortex (dACC), and lateral frontopolar cortex (lFPC), and a cluster in subgenual 

anterior cingulate cortex (sgACC) related to the reward-magnitude contrast (fig.5.6A–B; see 

appendix Tables 1 and 2 for full results of whole-brain analyses; see §5.4: Methods for details 

of ROI construction from functional activations).  In addition, we investigated ROIs in 

dorsomedial prefrontal cortex (dmPFC) and pregenual anterior cingulate cortex (pgACC) 

based on activations observed in previous studies (325, 326) (fig.5.7B).    

Our analysis focussed on four representational distances; (i) d1, the distance between 5-

point and 10-point options in poor environments; (ii) d2, the distance between 10 and 50-point 

options in poor environments; (iii) d3, the distance between 5-point and 10-point options in rich 

environments, and; (iv) d4, the distance between 10-point and 50-point options in rich 
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environments (fig.5.7A). Insofar as the neural representation of reward-options tracked the 

relative value of reward-options given the environment, we made the following predictions: 

(1) H1: d1 - d3 > 0 – i.e., that the 10-point option’s representation is closer to the 5-point  option’s 

representation in rich environments compared to poor environments, and; (2) H2: d4 - d2 > 0 – 

i.e., that the 10-point option’s representation is closer to the 50-point option’s representation 

option in poor environments compared to rich environments (fig.5.7A). Importantly, not all 

participants followed the rational strategy of pursuing the 10-point option more frequently in 

poor environments (fig.5.2). We therefore anticipated that the magnitude of representational 

distance changes would be correlated with participant-specific levels of behavioural change 

between environments. 

Comparing neural representations with behaviour demonstrated a striking effect in 

dACC and AI whereby the magnitude of H2 ( d4 - d2) was positively correlated with behavioural 

change between environments (rACC-vs-behav.=0.60, t(23)=3.46, p=.002; rAI-vs-behav.=0.65, 

t(23)=3.90, p<.001; fig.5.7E; correlation statistics reported after familywise error control using 

Bonferroni-Holm method) – in other words, in participants who adopted the rational strategy, 

neural representations of the 10-point option were more similar to the 50-point option in poor 

environments compared to in rich environments. We confirmed this interpretation by 

contrasting d4 - d2 in participants who were sensitive and insensitive to task environments (see 

§5.4: Methods for details). This indicated that the d4 - d2 difference was greater in the 

environment-sensitive group than in the environment-insensitive group (tACC(11) = 3.36, p = 

.006; tAI(11) = 3.15, p = .012). There was no evidence of these patterns in any other ROI. 

Similarly, there was no evidence that the distance between 10-point and 5-point options (i.e. 

H1, or d3-vs-d1) was related to behaviour (fig.5.7D-i), and no evidence that H2 (d4-vs-d2), or 

H1 (d3-vs-d1) were different from 0 in and of themselves (fig.5.7D-ii). This suggests that 

participants represented the structure of the task in terms of the 50-point and 10-point options, 
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and that such representations were stronger in participants who adopted the rational task 

strategy.   

Having shown that multivariate patterns of activity in dACC and AI captured critical 

aspects of the task, we conducted univariate timecourse analysis in these regions to relate them 

to subcortical ROIs. In contrast to multivariate patterns, there was no evidence of univariate 

relationships between dACC or AI activity and experimentally manipulated environments 

(tdACC; environment-type(26)= 1.52, p=.282; tAI; environment-type(26)= 0.48, p=.636). There was, 

similarly, no evidence that dACC or AI represented environment-driven policy-switches in the 

manner of DRN (tdACC; pursue-change(26)=-1.81, p=.081; tdACC; reject-change(26)= -2.14, p=.085; tAI; 

pursue-change(26)=0.96, p=.346; tAI; reject-change(26)=-2.13, p=.085; fig.5.8). In combination with 

earlier analyses of DRN activity, we therefore reasoned that DRN and dACC/AI might 

constitute a circuit in which cortical components represented salient aspects of the task 

structure like the relative value of each reward-option contingent on the richness of the 

environment, while DRN implemented the changes in behavioural policy consequent on these 

values. We tested this hypothesis with a series of psychophysiological interaction (PPI) 

analyses, which quantified changes in DRN–dACC/AI connectivity that might reflect 

communication between regions as a function of the environment. Consistent with this 

hypothesis, there was a PPI between dACC and DRN whereby coactivation was stronger in 

poor environments, in which environment-driven behavioural changes and neural signals were 

most prominent (tPPI; dACC-DRN(26) = -2.45, p = .021; fig.5.9B). There was no evidence of the 

same pattern between DRN and AI (tPPI; AI-DRN(23) = -0.86, p = .400).  
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Figure 5.6. Whole-brain fMRI analysis identifies regions of interest for 

representational similarity analysis. We conducted representational similarity analysis 

(RSA) to probe patterns of brain activity that captured the value of a reward options 
relative to the richness of the environment. We identified regions of interest (ROIs) for 

RSA partly using whole-brain fMRI GLMs. (A) In the first whole-brain analysis (GLM5.9), 

we searched for activity related to the pursue-vs-reject decision made on each trial. 
This indicated a prominent series of clusters in dorsal anterior cingulate cortex (dACC) 
centred on the cingulate sulcus and extending dorsally into supplementary and 

presupplementary motor areas (z-max = 4.95; MNI-coordinates = [-1, 5, 38]). (B) In 

addition there were bilateral clusters in anterior insular cortex (AI) at the border with the 
frontal operculum (left z-max = 3.89, MNI-coordinates = [-32, 10, 10]; right z-max = 

4.36, MNI-coordinates = [43, 9, 3]). (C) In the second whole-brain analysis, we searched 

for activity related to the factors which influenced pursue-vs-reject decisions. This 
identified a cluster of activity in subgenual anterior cingulate cortex (sgACC) related to 
the reward-magnitude of the opportunity on each trial (z-max=3.87, MNI coordinates = 
[2, 36, -3]). The z-score for the cluster was below the conventional cluster-correction 
threshold of z=3.1. However, we retained it as an ROI because sgACC and neighbouring 

areas like perigenual anterior cingulate cortex (pgACC) have been linked to the neural 
representation of subjective value, which is a closely related concept to relative-value 
(325). 
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Figure 5.7 Multivariate representations of value are modulated by the environment 

in dorsal anterior cingulate cortex and anterior insular cortex. (A) We used 

representational similarity analysis (RSA) to examine how the distance between neural 
representations of reward options changed between rich and poor environments. Our 
hypothesis was that in regions representing the task’s structure, the distance between 
representations would mirror changes in the relative value of the 10-point option. We 
therefore formulated two key hypotheses: (H1) that the 10-point option would be closer 
to the 5-point option in rich environments (d3) compared to poor environments (d1), i.e., 
d3 – d1 > 0, and; (H2) that the 10-point option would be closer to the 50-point option in 

poor environments (d4) compared to rich environments (d2), i.e., d4 – d2  > 0. (B) Diagram 

of method for calculating representational distances for RSA. The RSA approach 
involved comparing the representational distance between pairs of reward options 
across rich and poor environments (i.e. blocks). We calculated representational 
distances by comparing the similarity of multi-voxel reward-evoked patterns of activity. 
To avoid similarity artefacts arising from temporal autocorrelations in BOLD signal, 
these calculations used multi-voxel patterns from non-contiguous blocks (see diagram). 
For example, to estimate the distance between 5-point and 10-point options during poor 
blocks, we might compare the similarity of 10-point evoked patterns of activity in Block 
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5 (a poor block) to 5-point evoked patterns of activity in Block 7 (also a poor block). See 

§5.4: Methods for further details. (C) We tested H1 and H2 in six cortical ROIs: 

subgenual anterior cingulate cortex (sgACC), dorsal anterior cingulate cortex (dACC), 
pregenual anterior cingulate cortex (pgACC), anterior insular cortex (AI), dorsomedial 
prefrontal cortex (dmPFC) and lateral frontopolar cortex (lFPC). Colour scale 

corresponds to ROI identity. (D) In (i), there was no evidence that representations of 10-

point and 5-point options were different between poor and rich blocks in any ROI. 

Similarly, in (ii) there was no evidence that representations of 10-point and 50-point 

options were different between poor and rich blocks. Together with the result in fig.5.7E, 
this suggests that the neural representation of reward-options only obeyed changes in 
the relative value of reward-options in participants who adopted the rational task 
strategy. Bold points and error bars indicate mean ± 95%CI H1 & H2 scores in each 
ROI (n.b. CI not corrected for multiple comparisons). Dots indicate H1 and H2 values 

for individual participants. (E) In (i) dACC and AI, H2 [d4 – d2] (i) was positively correlated 

with the degree of behavioural change between environments – i.e., the more neurally 
similar the 10-point option was to the 50-point in poor environments, the more 
frequently subjects pursued the 10-point option in poor environments (and vice versa in 

rich environments). In contrast (ii), H1 [d1 – d3] was not correlated with behaviour in 

dACC or AI (tdACC(21) = -1.12, p=.271; tAI(21) = -0.45, p=.650), nor in any other ROI. 
Points indicate individual participants. Dashed lines indicate line-of-best-fit. 

  



V: Dorsal raphe nucleus signals behavioural policy changes in humans 

 134 

Figure 5.8 Univariate activity in dorsal anterior cingulate cortex and anterior insular 

cortex does not represent policy-switches. In contrast to DRN (iii), univariate activity 

in dACC (i) and AI (ii) did not covary with environment-driven changes in behavioural 

policy (see fig.5.4). This suggests that although dACC and AI represent changes in the 
relative value of reward-options given the environment, they do not implement changes 
in behaviour that arise from those values (see also fig.5.9).  Lines and shadings show 
the mean and standard error (SE) of β weights across participants. Inset panels show 
distribution of peak regression weights, where bar indicates mean value and dots 
indicate participant-specific regression weights.  
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Figure 5.9. A cortico-subcortical circuit for reconciling behavioural policies with 

the environment. (A) We demonstrate complementary patterns of brain activity in the 

cortex and dorsal raphe nucleus (DRN) during reward-guided decision-making. In 
tandem with previous studies, we propose a circuit in which: (i) regions of cortex such 
as dACC and AI compute the relative value of reward-options given the distribution of 
recent opportunities and outcomes, and; (ii) DRN implements and/or facilitates changes 

in behavioural policy that arise from relative value computations. (B) Consistent with 

this hypothesis, we observed a PPI between dACC and DRN as a function of 
environment-type. The sign of the PPI indicates that there was stronger coactivation 
between DRN and dACC in poor environments, where behavioural changes were most 
prominent.  
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5.3 Discussion  
 

Normative theories of reward-guided behaviour suggest that reward opportunities 

should be evaluated relative to the context they occur in (17). Here, we show that human 

behaviour obeys this principle. We gave participants a novel behavioural task involving 

repeated encounters with the same set of reward options, and found that participants were 

ceteris paribus more likely to pursue opportunities in poor environments with few high-value 

alternatives. fMRI recordings of brain activity linked successful task performance to a 

distributed neural circuit comprising DRN in the brainstem, and dACC and AI in the cerebral 

cortex. Within this group, DRN activity signalled changes in option-specific behavioural 

policies, but only insofar as those switches were appropriate to the richness of the environment. 

In contrast, multivariate activity in dACC and AI paralleled changes in the relative value of 

reward opportunities given the environment, suggesting that these regions represented the task 

structure. Co-activation between DRN and cortical regions like dACC changed as a function 

of the environment, and was particularly strong during poor environments where changes in 

behaviour and brain activity were most prominent. We therefore suggest that DRN, dACC and 

AI constitute a circuit for reconciling behaviour with the richness of the environment – a circuit 

in which cortical components calculate the relative value of reward opportunities given the 

current context, and DRN implements changes in behavioural policy consequent on these 

values.  

The present work adds to a growing corpus of experiments inspired by behavioural 

ecology (26, 28, 84, 254). These studies have shown that human participants are keenly 

sensitive to background reward-rates during foraging-style scenarios, where their behaviour 

approximates the predictions of optimal foraging theory. Here, we provide further evidence to 
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this effect by showing that participants pursued a moderately-valuable reward option – the 10-

point option – more frequently in poor environments compared to rich environments. A novel 

feature of our task design was that participants repeatedly encountered the same reward options 

many times over, and that changes in the environment were engendered by simply manipulating 

the frequency of each individual option. This meant that we could explicitly track option-

specific behavioural policies and their relationship with the richness of the environment. Policy 

switches were consistent with the behavioural patterns described above, whereby participants 

switched toward pursuing the 10-point option in poor environments. This is unsurprising 

because the policy switch framework was a complementary perspective on pursue-vs-reject 

decisions, rather than a separate behaviour per se.  

Importantly, pinpointing the trials when policy switches occurred allowed us to uncover 

changes in DRN activity that signalled these switches. This pattern was specific to DRN, and 

was specific to switches that were appropriate to the richness of the environment. It was further 

accompanied by activity representing the richness of the environment itself, which emerged 

gradually over time within in the same way as environment-related patterns of decision-

making. The joint observation of these neural signals is consistent with animal experiments 

implicating DRN in environment-driven changes in behaviour. This has now been 

demonstrated for many kinds of behavioural change, including changes between patience and 

impulsivity during intertemporal choice (204, 233), exploitation and exploration during 

reversal learning (208, 222, 231, 302), and motivation and demotivation during reward seeking 

(Ch.III-IV). The present results provide the first evidence of this phenomenon in the human 

brain, and indicate that DRN has a conserved function of matching the general policy governing 

behaviour with the general reward statistics of the environment.  

Intriguingly, environment-related modulation of both behaviour and DRN activity was 

more prominent in poor environments compared to rich environments. Given that DRN is the 
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main source of serotonin to the mammalian forebrain, it is tempting to relate this asymmetry 

to classic theories implicating serotonin in aversive processing (158, 211, 327). The present 

results do not implicate DRN activity in aversion per se – for example, one of DRN’s critical 

activity patterns related to pursuits of the 10-point option in poor environments – but they are 

broadly consistent with the notion that DRN facilitates behavioural adaptation to adverse 

circumstances. Whether this function arises specifically from serotonin neurons is, however, 

unclear from the present data, as many DRN neurons are non-serotonergic, and it is not possible 

to discriminate serotonergic from non-serotonergic populations in fMRI recordings (327, 328). 

Future experiments could address this using genetically specific recording and manipulation 

techniques in rodents, which should be capable of the basic behavioural paradigm developed 

here.   

In contrast to DRN’s role in policy switches, dACC and AI were linked to changes in 

the external task environment. This accords with previous evidence that these regions track 

rewards over multiple timesteps and, in dACC’s case, that it evaluates rewards relative to the 

counterfactual alternatives of the current context (24, 65, 84, 227). We probed this role here by 

testing whether the representational distance between reward options changed across rich and 

poor environments. This demonstrated that individual differences in the distance between 10-

point and 50-point options paralleled the degree of behavioural adaptation to rich and poor 

environments, suggesting that successful performance of the task was fundamentally linked to 

warps in the neural representations of value – warps which brought the 10-point and 50-point 

options closer together when they evoked the same behavioural policy, and pushed them further 

apart when behaviour diverged. Strikingly similar patterns have been observed in experiments 

applying RSA to other cognitive domains like navigation, where neural representations of 

spatial location appear to warp according to an agent’s current and goal locations (329). To our 
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knowledge, the presents results are the first evidence of the same phenomenon in value-space, 

and suggest that warping is a common neural motif of context-dependent computation.  

Notably, dACC and AI were the only ROIs with task-related changes in representational 

distances, and they were selected as ROIs in the first instance because they showed univariate 

increases in activity during reward-pursuit decisions. It is important to highlight, therefore, that 

we measured the distance between multivariate patterns of reward-evoked activity with cosine 

dissimilarity – a method that obviates the influence of univariate changes on representational 

distance. This means, for example, that environment-driven changes in the representational 

distance between 10-point and 50-point options is not reducible to the fact that: (i) both 10-

point and 50-point options are pursued in poor environments, and therefore evoke similar levels 

of univariate activity, and (ii) the 50-point option is pursued more than the 10-point option in 

rich environments, leading to divergent in univariate activity.   
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5.4 Methods 
 

5.4.1 Participants 
 

Twenty-nine participants performed the experiment. All were between 18-40 years of 

age, reported normal or corrected-to-normal vision, and reported no current diagnosis or 

treatment for psychiatric or neurological disorder. Participants received £40 for completing the 

experiment and could earn an additional payment of up to £10 depending on their performance 

in the decision-making task. All relevant ethical regulations governing research with human 

participants were observed, and participants provided written informed consent at the 

beginning of each session. Ethical approval was given by the Oxford University Central 

University Research Ethics Committee (CUREC) (Ref-Number: MSD-IDREC-

R55856/RE001). Two participants were excluded due to excessive head motion during fMRI 

scans, which prevented accurate registration (motion outliers > 15% of total fMRI volumes).  

 

5.4.2 Behavioural task 
 

Before performing the experiment in the MRI scanner, participants received written 

instructions and completed a short practice version of the task. The experiment proper involved 

five rounds of the behavioural task, and each round was approximately 9 minutes (fig.5.1B). 

Participants were given a 60s break between rounds, meaning that the total duration was 

approximately 50 minutes.  
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 The behavioural task involved a series of encounters with sequential reward 

opportunities (fig.5.1A). The aim was to earn as many points as possible in a fixed amount of 

time (45 minutes), and participants were incentivised to do this because their payment was 

partly determined by their performance. In brief, participants were presented with a single 

reward opportunity on each trial and needed to decide whether to pursue (i.e. accept) or reject 

it. Pursuing an opportunity incurred a temporal opportunity cost. Given the time-limited nature 

of the experiment, it was therefore critical to track the frequency of the reward options over 

time – i.e., to anticipate what kind of reward opportunity they might get in future trials – when 

deciding whether the opportunity cost was worth incurring. To make the task intuitive, it was 

presented as a treasure-hunt scenario in which the participant played the role of a ship’s captain 

searching for treasure opportunities (fig.5.1A). Upon encountering a treasure opportunity, the 

captain needed to decide whether it was worth the time and effort to sail toward it (pursue-

decision), or to continue to explore the seas elsewhere (reject-decision). 

Reward opportunities were drawn from a set of three, discrete options represented by 

visual stimuli: (1) a low-value option (5 points; bronze medallion) (2) a moderate-value option 

(10 points; silver medallion), and (3) and a high-value option (50 points; gold medallion). The 

value of options was deterministic, constant over time, and known a priori to participants 

before they performed the experiment. The task, thus, did not involve learning about stimulus-

reward relationships, or uncertainty about the payout of an option if/when it was pursued. 

Although option values were constant, the frequency of each option was systematically 

manipulated to create differences in the richness of the environment. Environments were 

operationalised via blocks of trials that were time-limited to 4.5 minutes. In rich blocks, the 50-

point option was more frequent than the 10-point and 5-point options [fig.5.1B; P(5pt|Rich) = 

0.16, P(10pt|Rich) = 0.33, P(50pt|Rich) = 0.50]. In poor blocks, the 5-point option was more 

frequent than the 10-point and 50-point counterparts [fig.5.1B; P(5pt|Poor) = 0.50, 
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P(10pt|Poor) = 0.33, P(50pt|Poor) = 0.16]. There were no environment-related cues during the 

task, and participants were not informed that the task was divided into discrete rich and poor 

blocks – all they were told was that the frequency of the options might vary over time. As such, 

participants needed to learn the richness of the environment by tracking the frequency with 

which specific options occurred.  

Per above, the experiment consisted of five, 9-minute rounds and each round consisted 

of two 4.5-minute blocks (fig.5.1B). The amount of time remaining in each round was signalled 

using a timer in the top right-hand side of the screen. Each round featured one rich block and 

one poor block, and the order of rich/poor blocks within each round was random (fig.5.1B). 

The precise number of trials completed in each block – and therefore each round – varied 

depending on how many options were pursued during the allotted time (see supplementary 

fig.5.1F; μ(trials)rich = 15.95 ± 1.06, μ(trials)poor = 18.06 ± 1.27, t(26)rich-vs-poor= 15.52 , p <.001). 

Each trial began with an inter-trial-interval (ITI; ITI ~TruncExp(μ = 4.5, min=3.5, max=5.5), 

during which a treasure chest visual stimulus representing an upcoming reward opportunity 

descended from the top to the centre of the screen. A picture of a medallion replaced the treasure 

chest when the chest reached the centre of the screen, thereby revealing the reward-value of 

the opportunity on the current trial. Participants needed to consider the reward-option for a 

short duration (Opportunity ~TruncExp(μ = 4.5, min=3.5, max=5.5) before it displaced either 

left- or right-ward from the centre. The displacement functioned as a go-cue which indicated 

that the opportunity was eligible for pursuit. Imposing the go-cue delay created a temporal 

dissociation between brain activity related to pursue-vs-reject decisions, and the motor 

processes undertaken to execute the decision via button press. Participants could pursue options 

by making a button press response within 1s of the go-cue. Different responses were required 

for leftward and rightward pursuits to prevent anticipatory planning of movements during the 
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go-cue delay. To reject an opportunity, participants needed to withhold any button-press 

response and let the opportunity pass.  

Pursuing an opportunity incurred a temporal opportunity cost via an action-outcome 

delay (Action-outcome ~ TruncExp(μ = 4.5, min=3.5, max=5.5) and a reward feedback delay 

(Rw-feedback ~ TruncExp(μ = 4.5, min=3.5, max=5.5). The duration of these delays was 

equivalent to the time needed for one future encounter – in other words, pursuing a reward 

opportunity on the current trial meant forgoing a reward opportunity in the future. The 

magnitude of this cost was explained to participants during the instructions, and visually 

indicated during the task via a passing treasure-chest stimulus during the action-outcome delay, 

which represented the opportunity forgone.  

The parameters of the task were carefully chosen to ensure that the optimal strategy 

was to always pursue the 10-point option in poor blocks, and to never pursue the 10-point 

option in rich blocks. Per above, blocks were not signalled to participants, and we therefore did 

not expect them to display the optimal pattern of behaviour immediately. Instead, we expected 

that they would move towards the optimal pattern after accumulating experience of each 

environment over time. Designing the task in this way ensured that there was a reward-

maximising rationale for participants to change their behavioural policy toward the 10-point 

option.  

The task was implemented in MATLAB R2022b (Mathworks Inc.) using the 

Psychophysics Toolbox extension (281).  

 
5.4.3 Behavioural analysis 

 

Our initial analysis of behaviour quantified the factors influencing the pursue-vs-reject 

decision made on each trial. We accomplished this with a series of mixed-effect binomial 
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generalised linear models (GLMs) with participant-identity as a random variable. All GLMs 

therefore accounted for inter-subject variability in effects of interest.  

We first investigated whether pursue-vs-reject decisions were influenced by the 

richness of the environment, where richness of the environment was operationalised as the 

experimentally controlled environment-type (i.e. rich-vs-poor block) on a given trial: 

GLM5.1a 
logit(decisiont) = βo + β1reward-magnitudet + β2environment-typet + 
β3(reward-magnitudet*environment-typet) + μ0 + μ1reward-magnitudet + 
μ2environment-typet + μ3(reward-magnitudet*environment-typet) + ε 
 

Where β0-3 are fixed-effects and μ0-3 are random-effects within each participant.  

We followed this with a GLM that tested the effect of the environment separately for 

each reward option: 

GLM5.1b 
logit(decisiont) = βo + β1environment-typet  + μ0 + μ1environment-typet + 
ε 
 
Where β0-1 are fixed-effects, μ0-1 are random-effects within each participant. Per above, 

GLM5.1b was fit separately to subsets of trials featuring the 5-point, 10-point and 50-point 

options, respectively.  

We then investigated whether the effect of environment-type on pursue-vs-reject 

decisions was modulated by the amount of time elapsed within a block (trial-within-block). 

This interaction is consistent with the hypothesis that participants incrementally learned the 

richness of the environment with experience.  

GLM5.2 
logit(decisiont) = βo + β1environment-typet + β2 trial-within-blockt  + 
β3(environment-typet*trial-within-blockt) + μ0 + μ1environment-typet + ε 
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Where β0-3 are fixed-effects and μ0-1 are random-effects within each participant. GLM5.2 was 

fit separately to subsets of trials featuring the 5-point, 10-point and 50-point options, 

respectively. 

We then tested the same hypothesis from a complementary perspective by 

operationalising the richness of the environment as the average-value of the reward-options 

encountered on the previous five-trials (average-value):  

Average-value 
average-valuet = mean(reward-magnitudet-1: reward-magnitude t-5) 
 

Operationalising the richness of the environment in this way captured a participant’s experience 

of the task, instead of relying on the task’s underlying generative structure. We investigated the 

effect of average-value on pursue-reject decisions with the following GLM:  

GLM5.3 
logit(decisiont) = βo + β1average-valuet + μ0 + μ1average-valuet + ε 

 
Where β0-1 are fixed-effects and μ0-1 are random-effects within each subject. GLM5.3 

was fit separately to subsets of trials featuring the 5-point, 10-point and 50-point options, 

respectively. 

Because the task featured three discrete reward-options that occurred many times over, 

we were able to precisely identify changes in a participant’s behavioural policy toward each 

option (where behavioural policy indicates an option-specific pursue-vs-reject strategy; 

fig.5.3A). We first tested the hypothesis that participants formed option-specific policies by 

examining whether pursue-vs-reject decisions were autocorrelated over consecutive encounters 

with a particular reward-option:  
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GLM5.4 
logit(decisiont) = βo + β1reward-magnitudet + β2previous-policyt + μ0 + μ1 
reward-magnitudet  + μ2 previous-policyt + ε 
 

Where β0-2 are fixed-effects and μ0-2 are random-effects within each subject. Here, previous-

policy indicates the pursue-vs-reject decision the last time that the reward option on trial t was 

encountered.  

We confirmed that behavioural policies were option-specific by testing the effect of the 

pursue-vs-reject decision taken on the preceding trial (i.e. t-1) regardless of which reward 

option occurred:  

GLM5.5 
logit(decisiont) = βo + β1reward-magnitudet + β2previous-actiont + μ0 + 
μ1 reward-magnitudet  + μ2 previous-actiont + ε 
 

Where β0-2 are fixed-effects and μ0-2 are random-effects within each subject. Together, GLM5.4 

and GLM5.5 allowed us to test whether temporal structure in behaviour was option-specific, 

or whether participants also had autocorrelated predispositions to pursue-vs-reject options in 

general, regardless of reward-option identity. 

We then operationalised policy-switches as trials on which participants changed their 

pursue-vs-reject decisions across successive encounters with a particular option – for example, 

if a participant rejected the 10-point option on trial t=1 and subsequently pursued the 10-point 

option on trial t=5, trial t-5 was therefore coded as policy-switch event (fig. 5.3A). We also 

defined trials along an action dimension, where an action-switch occurred when participants 

changed their pursue-vs-reject decision across consecutive trials (regardless of which reward-

option appeared). This allowed us to compare option-specific tendencies (i.e. the policy 

dimension) in purse-vs-reject decisions with general tendencies (i.e. the action dimension) in 

pursue-vs-reject decisions.  
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After defining each trial along policy-switch and action-switch dimensions, we 

conducted a series of analyses to identify the factors that predicted policy-switches. Because 

the policy-switch status of each trial was binary (switch=1, stay =0), we used mixed-effect 

binomial generalised linear models (GLMs) where the dependent variable was the policy-

switch status on each trial, and participant-identity was a random variable.  

We first investigated whether the probability of policy-switches differed as a function 

of reward-option:  

GLM5.6 
logit(policy-switcht) = βo + β1reward-magnitudet + μ0 + μ1reward-
magnitudet + ε 
 

Where β0-1 are fixed-effects and μ0-1 are random-effects within each participant. 

We then investigated whether the direction of policy-switches for the 10-point option 

was modulated by environment-type. To do this, we separated policy-switches into two 

different types: (1) reject-switches, when subjects rejected a given reward-option after pursuing 

it on the preceding encounter, and (2) pursue-switches, where subjects pursued a given reward-

option after rejecting it on the previous encounter. The optimal strategy for performing the task 

involved pursuing the 10-point option in poor environments and rejecting the 10-point option 

in rich environments. Insofar as behaviour approximated this strategy, we expected that pursue-

switches would occur more frequently in poor environments and reject-switches would occur 

more frequently in rich environments. We tested these hypotheses with the following GLMs:  

GLM5.7a 
logit(reject-switcht) = β0 + β1environment-typet + μ0 + μ1environment-
typet + ε 
 
GLM5.7b 
logit(pursue-switcht) = β0 + β1environment-typet + μ0 + μ1environment-
typet + ε 
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Where β0-1 are fixed-effects and μ0-1 are random-effects within each participant. GLM5.7a and 

GLM5.7b were fit separately to subsets of trials featuring the 5-point, 10-point and 50-point 

options respectively. We then tested the same hypotheses in an analysis where the richness of 

the environment was operationalised as the average-value of the reward-options encountered 

on the previous five-trials:  

GLM5.8a 
logit(pursue-switcht) = βo + β1average-valuet + μ0 + μ1environment-typet 
+ ε 
 
GLM5.8b 
logit(reject-switcht) = βo + β1averaget-valuet + μ0 + μ1environment-typet 
+ ε 
 

Where β0-1 are fixed-effects and μ0-1 are random-effects within each participant. GLM5.8a and 

GLM5.8b were fit separately to subsets of trials featuring the 5-point, 10-point and 50-point 

options respectively. All behavioural analyses were performed in R (R Core Team, 2023) using 

the lme4 implementation of mixed-effects GLMs (330).  

 
5.4.4 Imaging data acquisition 

 

Structural and functional MRI data was collected with a Siemens 7 Tesla MRI scanner. 

High-resolution functional data were acquired with a multiband gradient-echo T2* echo planar 

imaging sequence with 1.5mm isotropic voxels, multiband acceleration factor 2, repetition time 

(TR) = 1.775s, echo time (TE) = 17.8ms, flip angle = 66°, and GRAPPA acceleration factor 2. 

The parameters were selected to maximise signal-to-noise ratio in subcortical areas. To 

accommodate the high temporal and spatial resolution of the protocol, functional scans had a 

limited field of view (FOV) oriented at 30 degrees with respect to the AC-PC line (66 slices 
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with a coverage of 99 mm). The FOV captured all regions of interest in the midbrain, brainstem 

and cortex. Before acquiring the task-related functional scan, we acquired a pre-saturation 

single-measurement, whole-brain functional scan with the same orientation. The pre-saturation 

scan was used to facilitate registration of the limited-FOV task-related functional scan to the 

whole brain.  

Structural data were acquired using a T1-wieghted MP-RAGE sequence with 0.7mm 

isotropic voxels, GRAPPA acceleration factor 2, TR = 2200ms, TE = 3.02ms, and inversion 

time (TI) = 1050ms. To correct distortions arising from inhomogeneities in the magnetic field, 

a fieldmap sequence was acquired with 2mm isotropic voxels, TR = 620ms, TE1 = 4.08ms, 

and TE2 = 5.1ms. To account for the effects of physiological noise on functional MRI data, 

participants were fitted with a pulse oximeter and respiratory bellows that acquired cardiac and 

respiratory timeseries at 50Hz using a BioPac MP160 device (BIOPAC Systems Inc., USA).  

 
5.4.5 fMRI data preprocessing 

 

Preprocessing of fMRI data was performed with the FMRIB Software Library (312, 

331). The Brain Extraction Tool (332) was used to separate brain from non-brain matter in 

structural and functional images. Functional images were normalised, spatially smoothed 

(Gaussian kernel with a 3mm full-width half-maximum) and temporally high-pass filtered (3 

dB cut-off = 100s), and artefacts arising from head motion were removed using MCFLIRT 

(333). Registration of task-related functional images to Montreal Neurological Institute (MNI)-

space was performed in three stages:  

1. The task-related limited-FOV EPI was registered to the pre-saturation whole-brain 

EPI using FMRIB’s Linear Image Registration Tool with 6 degrees of freedom 

transformation. 
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2.  The whole-brain EPI was registered to the subject-specific structural image using 

Boundary-Based Registration (BBR) incorporating fieldmap correction (334).  

3. The subject-specific structural image was registered to a 1mm resolution Standard 

MNI template with FMRIB’s Non-linear Registration Tool (FNIRT; (312)).  

 
5.4.6 Whole-brain fMRI data analysis 

 

Statistical analysis of whole-brain functional data was performed at two levels using 

FMRIB’s Expert Analysis Tool (FEAT; (312)). In the first level, a univariate general linear 

model was used to compute parameter estimates for each regressor in each participant (335). 

Contrast and variance estimates for each parameter in each participant were subsequently 

combined in a mixed-effects analysis conducted at the second level (FLAME 1 + 2), where 

participant-identity was a random effect (336). Significance testing was performed with 

cluster-correction, a cluster significance threshold of p = .001, and a voxel inclusion threshold 

of z = 3.1. Data were pre-whitened before analysis to account for temporal autocorrelations in 

BOLD signal.  

We performed two-whole brain analyses. The first GLM identified voxels where BOLD 

signal represented the pursue-vs-reject decision made on each trial. Note that the pursue-vs-

reject decision was regressed at two different timepoints: (i) at the time of opportunity onset, 

i.e., when participants made a decision about whether to pursue the reward opportunity, and; 

(ii) at go-cue onset, i.e., at the time when participants implemented their decision in motor 

output. These events were separated in time by a jittered interval drawn from Opportunity ~ 

TruncExp(μ = 4.5, min=3.5, max=5.5), meaning that neural activity at each time was 

temporally decorrelated. The second GLM identified voxels where BOLD signal represented 

the reward-magnitude of the reward-option on each trial. We could not include both pursue-vs-
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reject and reward-magnitude regressors in the same GLM because they were highly correlated 

(r = 0.64). The formulas for GLMs were:  

GLM5.9 
BOLDv,t = 𝛽1opportunity-onset + 𝛽2trial-number + 
𝛽3decision(opportunity-onset) + 𝛽4go-cue-onset + 𝛽5 decision(go-cue-
onset)  + 𝛽6feedback-onset+ 𝛽7reward-feedback 
 
GLM5.10 
BOLDv,t = 𝛽1opportunity-onset + 𝛽2trial-number + 𝛽3reward-magnitude 
+ 𝛽4go-cue-onset + 𝛽5decision(go-cue-onset) + 𝛽6feedback-onset + 
𝛽7reward-feedback 
 

Where BOLDv,t is a t x v matrix containing the BOLD signal measurements at time t in voxel 

v. The regressors are as follows: opportunity-onset is an unmodulated regressor representing 

the occurrence of the reward-option stimulus on each trial; trial-number is a parametric 

regressor representing the number of trials completed in the experiment as a proxy for the 

passage of time, time-locked to opportunity onset; decision(opportunity-onset) is a binary 

regressor reflecting the pursue-vs-reject decision on each trial, timelocked to opportunity onset; 

reward-magnitude is a parametric regressor reflecting the value ∈ {5, 10, 50} of the reward-

option timelocked to opportunity onset; go-cue-onset is an unmodulated regressor representing 

the occurrence of the go-cue stimulus on each trial; decision(go-cue-onset) is a binary regressor 

reflecting the pursue-vs-reject decision on each trial, timelocked to the onset of the go-cue 

stimulus; feedback-onset is an unmodulated regressor representing the occurrence of reward-

feedback received on trials when the opportunity was pursued; reward-feedback is a parametric 

regressor with three levels (5, 10, 50) representing the value of the reward-option, and time-

locked to feedback presentation on trials where opportunities were accepted.  

All regressors were boxcar functions with a constant duration of 0.1s and convolved 

with a double-gamma hemodynamic response function. Further non-task confound regressors 
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were added to reduce noise in BOLD signal, including: (1) head motion parameters estimated 

using MCFLIRT during pre-processing (333); (2) regressors for voxel-wise estimates of 

physiological noise arising from cardiac and respiratory activity, estimated using FSL’s 

Physiological Noise Monitoring (PNM) tool (337), and; (3) regressors for motion outliers, 

indicating volumes with head motion that could not be corrected with linear methods.   

 
5.4.7 ROI timecourse fMRI analysis 

 

Additional analysis of brain activity was conducted on epoched timeseries extracted 

from regions of interest (ROIs). Anatomical ROIs were constructed for a series of brainstem 

and midbrain nuclei previously implicated in reward-guided decision-making including dorsal 

raphe nucleus (DRN), Locus Coeruleus (LC), Nucleus Basalis (NB), a combined mask 

covering the Substantia Nigra and Ventral Tegmental Area (Midbrain Dopaminergic Nuclei; 

MDB), and Habenula (Hb). The LC mask derived from a brain atlas developed by Pauli and 

colleagues (338). DRN, MDB, Hb and NB masks were manually drawn in MNI-space based 

on an atlas of the human brain (44). The DRN mask was drawn in consultation with the 

anatomical guidelines of Kranz and colleagues (339) to ensure  specificity to the dorsal portion 

of raphe nucleus. Standard-space masks were transformed to subject-specific structural space 

by applying a standard-to-structural warp field. To ensure conformation between anatomical 

masks and subject-specific neuroanatomy, subject-specific masks were manually checked and 

edited by two experimenters and evaluated for inter-rater reliability by a third experimenter.  

Structural-space masks were then transformed from structural to functional space by applying 

a structural-to-functional affine matrix, and were subsequently thresholded, binarized and 

dilated by one voxel.  
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To prepare ROI data for analysis, the filtered time-series of BOLD signal from each 

voxel was averaged, normalised and up-sampled by a factor of 20 with spline interpolation 

(340). Up-sampled timeseries were then epoched in 10s windows starting 2s before and ending 

8s after the reward-opportunity onset on each trial. Timeseries data was analysed by fitting a 

GLM with ordinary least squares (OLS) at each timepoint in each epoch. The statistical 

significance of parameters in GLMs was assessed using a leave-one-out procedure that avoided 

temporal biases in the selection of peak-effects (341). The procedure involved estimating, for 

each regressor r in each participant s, the time t at which the mean effect of r was greatest in 

the remaining N-1 participants. The effect of r in s was then estimated by calculating the effect 

size for r at time t in participant s. This was repeated iteratively for each participant, leaving an 

Nx1 vector of parameter estimates that were not biased by the timecourse of data of individual 

participants. We assessed statistical significance of participant -specific parameter estimates by 

running a single-sample t-test on the vector of parameter estimates. All t-tests were two-sided. 

Whenever analyses involved three or more ROIs, we maintained the family-wise error rates at 

α=.05 using the Holm-Bonferroni procedure for multiple comparisons (342).  

We tested which ROIs represented the richness of the environment with the following 

GLM:  

GLM5.11 
BOLDi, t, r = 𝛽0constant + 𝛽1environment-type + 𝛽2trial-within-block  + 
𝛽3(environment-type)*(trial-within-block) + 𝛽4trial-number 
 

Where: BOLDi,t is an i x t x r (i = timepoint, t = trial, r = ROI) matrix containing the average 

BOLD signal at each timepoint in each epoch in ROI r; constant is an unmodulated constant 

regressor; environment-type is the experimentally manipulated environment-type (rich-vs-

poor) on trial t; trial-within-block is the trial-number within the block at time t as a proxy for 
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time-elapsed within the environment, and; trial-number is number of trials passed from the 

beginning of the experiment to trial t.  

We then tested which ROIs represented policy-switches with the following GLM: 

GLM5.12 
BOLDi, t, r = 𝛽0constant + 𝛽1policy-switch + 𝛽2action-switch + 𝛽3trial-
number 
 

Where policy-switch is a binary variable indicating whether a policy-switch occurred on trial t, 

and action-switch is a binary variable indicating whether an action-switch occurred on trial t 

(see fig.5.3A for definitions). 

To investigate brain activity related specifically to environment-driven policy-switches, 

we classified policy-switch events as either congruent or incongruent in relation to the 

environment they occurred in. Recall that the optimal strategy for preforming the task was to 

pursue the 10-point opportunity in poor environments and reject it in rich environments. 

Accordingly, we coded pursue-switches in poor environments as congruent and pursue-

switches in rich environments as incongruent. Correspondingly, reject-switches in rich 

environments were congruent and reject-switches in poor environments were incongruent. We 

used these four event types as regressors in the following series of GLMs:  

GLM5.13a 
BOLDi, t, r = 𝛽0constant + 𝛽1congruent-switch-poor + 𝛽3trial-number 
 
GLM5.13b 
BOLDi, t, r = 𝛽0constant + 𝛽1incongruent-switch-poor + 𝛽3trial-number 
 
GLM 5.13c 
BOLDi, t, r = 𝛽0constant + 𝛽1congruent-switch-rich + 𝛽3trial-number 
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GLM 5.13d 
BOLDi, t, r  = 𝛽0constant + 𝛽1incongruent-switch-rich + 𝛽3trial-number 
 

Where congruent-switch-poor is a binary variable indicating whether a congruent policy-

switch in a poor environment occurred on trial t, incongruent-switch-poor is a binary variable 

indicating whether an incongruent policy-switch in a poor environment occurred on trial t, 

congruent-switch-rich is a binary variable indicating whether a congruent policy-switch in a 

rich environment occurred on trial t, and incongruent-switch-rich is a binary variable indicating 

whether an incongruent policy-switch in a rich environment occurred on trial t. We tested 

differences in the brain activity evoked by these event-types by performing paired-sample t-

tests on the effect-sizes for different event types. 

Per above, the optimal strategy in the task involved changing behavioural-policy toward 

the 10-point option depending on the environment. Conversely, there was no environment-

driven reason for changing behavioural-policy toward the 5-point option, which should always 

have been rejected. To further test for brain activity related to environment-driven policy-

switches, we separately analysed the effect of policy-switches on trials featuring the 10-point 

and 5-point options. We did this by performing the analyses in GLM5.13a and GLM5.13c for 

subsets of data containing 10-point option trials and the 5-point option trials, respectively.  

 
5.4.8 Representational similarity analysis 

 

We further investigated neural representations of the task environment using 

representational similarity analysis [RSA; (324)]. RSA was performed on the following cortical 

ROIs: anterior insular cortex (AI), dorsal anterior cingulate cortex (dACC), lateral frontopolar 

cortex, subgenual anterior cingulate cortex (sgACC), pregenual anterior cingulate cortex 

(pgACC) and dorsomedial prefrontal cortex (dmPFC). AI, dACC and lFPC were selected 
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because they exhibited clusters of activity related to the pursue-vs-reject contrast in whole-

brain fMRI analysis (GLM5.9; see appendix table 1). Similarly, sgACC was selected because 

it exhibited activity related to the reward-magnitude contrast in a whole-brain fMRI analysis 

(GLM5.10; see appendix table 2). dmPFC and pgACC were selected based on functional 

activations in previous studies (325, 326). Each ROI was constructed as a sphere with 7mm 

radius centred on the voxel with the highest cluster-corrected β-weight.  

We used RSA to compare differences in the neural representation of reward-options 

between rich and poor environments. We predicted that the distance between option-specific 

neural representations would mirror changes in the relative-value of reward options given the 

environment – i.e., the 10-point would be closer to the 50-point option in poor environments 

compared to in rich environments, and closer to the 5-point option in rich environments 

compared to poor environments (fig.5.7A). The analysis consisted of two stages: (i) quantifying 

the multi-voxel patterns of activity evoked by 5-point, 10-point and 50-point reward options in 

rich and poor blocks of the experiment, and; (ii) computing the distance between multi-voxel 

representations, and quantifying how distances changed as a function of environment-type.  

We measured multi-voxel representations of reward-options using a GLM implemented 

in FSL FEAT. fMRI data pre-processing followed the pipeline described in fMRI data 

preprocessing above except that spatial smoothing was omitted to maximise voxel-specific 

information. Omitting spatial smoothing prevented accurate registration for two participants, 

who were therefore excluded from the analysis (NRSA = 25). The GLM quantified the multi-

voxel patterns of activity evoked by each reward-option with separate binary predictors 

indicating the onset of each option in each block (i.e., 30 predictors in total). It had the 

following formula:  
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GLM5.14 
BOLDv,t, r =  

𝛽1op.-onset(5pt; block-1) + 𝛽2op.-onset(10pt; block-1) + 𝛽3op.-onset(50pt; block-1) +  

𝛽4op.-onset(5pt; block-2) + 𝛽5op.-onset(10pt; block-2) + 𝛽6op.-onset(50pt; block-2) +  

𝛽7op.-onset(5pt; block-3) + 𝛽8op.-onset(10pt; block-3) + 𝛽9op.-onset(50pt; block-3) +  

𝛽10op.-onset(5pt; block-4) + 𝛽11op.-onset(10pt; block-4) + 𝛽12op.-onset(50pt; block-4) +  

𝛽13op.-onset(5pt; block-5) + 𝛽14op.-onset(10pt; block-5) + 𝛽15op.-onset(50pt; block-5) +  

𝛽16op.-onset(5pt; block-6) + 𝛽17op.-onset(10pt; block-6) + 𝛽18op.-onset(50pt; block-6) +  

𝛽19op.-onset(5pt; block-7) + 𝛽20op.-onset(10pt; block-7) + 𝛽21op.-onset(50pt; block-7) +  

𝛽22op.-onset(5pt; block-8) + 𝛽23op.-onset(10pt; block-8) + 𝛽24op.-onset(50pt; block-8) +  

𝛽25op.-onset(5pt; block-9) + 𝛽26op.-onset(10pt; block-9) + 𝛽27op.-onset(50pt; block-9) +  

𝛽28op.-onset(5pt; block-10) + 𝛽29op.-onset(10pt; block-9) + 𝛽30op.-onset(50pt; block-10)  

 

Where BOLDv,t,r is a t x v x r matrix containing the BOLD signal measurements at time t in 

voxel v in ROI r, β1-30 are unmodulated regressors representing the occurrence of a given 

reward-option in a given block (e.g. option-onset(5pt; block-1) indicates onsets of the 5-point 

reward option in the first block of the experiment). All option-onset regressors were 

implemented as boxcar functions with a constant duration of 0.1s and convolved with a double-

gamma hemodynamic response function. Confound regressors for physiological noise and 

motion artefacts were included, as per whole-brain fMRI analysis. 

For each ROI r, and each predictor I, in β1-30, GLM5.14 produced a vector of v 

regression weights captured the effect of βi at each voxel v in r. Each vector of regression 

weights constituted a multivariate neural representation of a reward-option. We then quantified 

pairwise distances between multivariate representations using cosine dissimilarity – i.e., the 

complement of the cosine-angle between vectors. We used cosine dissimilarity as opposed to 

standard parametric (e.g. Pearson’s R) and non-parametric (e.g. Kendall’s Tau) methods to 

avoid artefacts arising from univariate differences in activity (see §5.3: Discussion for further 

details). Our analysis focussed on four representational distances; (i) d1, the distance between 

5-point and 10-point options in poor environments; (ii) d2, the distance between 10-point and 

50-point options in poor environments; (iii) d3, the distance between 5-point and 10-point 
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options in rich environments, and; (iv) d4, the distance between 10-point and 50-point options 

in rich environments. 

To avoid biases arising from the temporal autocorrelation of BOLD signal, distance 

calculations were performed by comparing option-specific representations between non-

contiguous blocks of the same environment-type (fig.5.7B). For example, to calculate d1 – the 

distance between 5-point and 10-point options in poor environments – we might compare 

𝛽11op.-onset(10pt; block-4) to 𝛽16opportunity-onset(5pt; block-6), where blocks 4 and 6 are 

poor environments that are 1-block apart (block-space, hence). Because the analysis was 

performed to compare changes in representational distance between environments, we 

excluded representational distance scores if their block-space was not present for both rich and 

poor environments. To avoid overrepresentation of specific block-space values in 

representational distance scores, we calculated the mean representational distance at each value 

of block-space for each environment. For final representational distances, we calculated the 

mean representational distance over all levels of block-space in each environment. This process 

was performed separately for each ROI in each participant.  

Once subject-specific d1, d2, d3, and d4, scores were calculated, we tested our 

hypotheses by taking the difference between environment-specific distance scores (e.g. H1= 

d1-d3; H2 = d4 – d2). We tested the relationship between representational distances and 

behaviour by performing Pearson’s R correlations between H1 and H2 scores and the degree 

of behavioural change for the 10-point option between environments [Δ(pursue-rate = pursue-

ratepoor – pursue-raterich]. We supplemented this by dividing participants into two groups based 

on their degree of behavioural change: (i) a sensitive group, where (pursue-ratepoor – pursue-

raterich ≥ 0), and; (ii) an insensitive group, where (pursue-ratepoor – pursue-raterich < 0). We then 

tested whether H2 scores were different between groups using a two-sample t-test.   
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In addition, we investigated differences in representational distance regardless of 

behaviour by testing H1 and H2 against 0 using single-sample t-tests. These analyses were 

performed separately for each ROI. The family-wise error rate was controlled separately for t-

test and correlation analyses using the Bonferroni-Holm correction for multiple comparisons 

(342).   

 

5.4.9 Analysis of midbrain dopaminergic function 
 

Finally, we conducted additional analyses of brain activity and behaviour to probe the 

role of the midbrain dopaminergic nuclei (MDB) – a combined ROI including SN and VTA. 

We tested the hypothesis that MDB activity signalled pursue-vs-reject decisions with the 

following GLM:  

GLM5.15 
BOLDi, t, = 𝛽0constant + 𝛽1pursue-vs-reject + 𝛽3trial-number 
 

Where pursue-vs-reject was the binary pursue-vs-reject decision taken on each trial (pursue=1; 

reject = 0). We then probed whether MDB activity might signal the difference between the 

present reward opportunity and the recent average value of reward opportunities (referred to as 

value-difference, hence) in the manner of a reward prediction error. Value difference was 

calculated as:  

Value difference 
Value-difference = reward-magnitudet – average-valuet 

 
See above formal calculation for average-value. We first tested whether value-difference was 

related to behaviour with the following GLM:  
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GLM5.16 
logit(decisiont) = βo + β1value-difference + μ0 + μ1 value-differencet + ε 
 

Note that we did not enter reward-magnitude, average-value or environment-type as additional 

regressors because they were highly correlated with value-difference. We then probed the 

relationship between MBD activity and value-difference with the following GLM:  

GLM5.17 
BOLDi, t, r  = 𝛽0constant + 𝛽1value-difference + 𝛽3trial-number 
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Chapter VI 

General discussion 

 

This thesis presents two experiments showing that DRN controls environment-driven 

changes in behaviour. We developed two novel, foraging-inspired behavioural paradigms to 

examine how human and non-human primates decide whether to pursue reward opportunities, 

and how these decisions are modulated by the richness of the environment. Careful 

experimental design and state-of-the-art analytic techniques enabled us to identify temporally 

persistent patterns of behaviour and points of behavioural change – in the monkey case, 

between general states of motivation for reward-seeking (Ch.III), and in the human case 

between option-specific policies of pursuit and rejection (Ch.V). DRN’s relationship with 

behaviour was strikingly convergent across species. A combination of fMRI recording and TUS 

disruption experiments in monkeys showed that DRN was causally involved in motivation-

state transitions, and that animals were unable to match their motivation state to the richness 

of the environment when DRN activity was perturbed (Ch.IV). In humans, fMRI recordings 

showed that DRN activity signalled changes in option-specific behavioural policies, but only 

insofar as changes were appropriate to the richness of the environment (Ch.V). Taken together, 

these results suggest that DRN has a fundamental and general role in reconciling behaviour 

with the reward statistics of the surrounding world.   

The connection between DRN and behavioural change accords with previous 

experiments in myriad species, including non-human primates, rodents, and zebrafish (204, 

208, 222, 233, 238, 302, 343). Together, these experiments have implicated DRN activity 

and/or DRN-derived serotonin in transitions between diverse forms of behaviour including 

patience-to-impulsivity in intertemporal choice, and exploration-to-exploitation during 
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reversal learning. It is striking, thus, that DRN’s link with behavioural change has rarely been 

explicitly drawn, with most reports instead focussing on how DRN activity represents aspects 

of reward outcomes (231, 232, 234, 235). Our results are broadly consistent with the view that 

DRN activity represents rewards, but suggest that it might not relate to specific reward events 

per se. Like previous monkey experiments, we show that DRN activity tracks the general 

richness of the environment over many individual reward outcomes (228, 344) – a quantity that 

was fundamentally related to policy-switches and motivation-state transitions in behaviour. It 

is difficult to specify the mechanistic link between these phenomena based on fMRI data alone. 

One possibility pertains to the spiking properties of serotonergic DRN neurons, which are 

driven by both the intensity and temporal derivative of synaptic inputs (345). Although 

speculative, it is plausible that the patterns of activity we recorded arise from a mechanism 

where: (i) changes in afferent reward information over time causes activation of DRN serotonin 

neurons, which; (ii) causes behavioural change by serotonergic neuromodulation of 

downstream target regions.  

     DRN activity was strongest in monkeys when animals transitioned from high- to 

low-motivation states, which typically occurred in poor environments. Similarly, DRN activity 

in the human brain was more prominent when participants switched from rejecting to pursuing 

the 10-point reward opportunity, which was adaptive when the richness of the environment 

deteriorated. DRN activity was thus linked in both species to poor environments predominated 

by low-value opportunities, which evokes classic theories implicating DRN and DRN-derived 

serotonin in aversive processing (98, 158, 211). Although it is unlikely that DRN activity is 

specific to aversive events as envisaged by this view, our results suggest that DRN might be 

particularly important for adapting behaviour to adverse environments. This is not a priori 

inconsistent with evidence that rewards positively modulate DRN activity (201). If, for 

example, DRN facilitates behavioural-change by indicating when the reward-rate ebbs below 
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a critical level, then positive coding of rewards might be crucial to the timing and incidence of 

behaviour-change signals.    

The discussion so far has frequently referred to DRN’s distinctive serotonergic 

properties. It is therefore important to acknowledge that although DRN is the main source of 

forebrain serotonin, non-serotonergic neurons make up at least 50% of DRN’s total volume, 

and they are spatially intermixed with serotonin neurons throughout the region (145, 147, 149). 

It is thus not possible to discriminate serotonergic from non-serotonergic DRN activity in fMRI 

recordings, and not possible to determine whether the patterns reported were serotonin specific. 

Future experiments could address this by recording and/or manipulating activity using 

genetically specific recording and perturbation techniques. Although these methods have been 

intractable in primates, they are widely used in lower mammals like rodents, which are capable 

of foraging-based behaviours studied here.  

Very few studies have investigated DRN function in the primate brain due to its 

challenging anatomical location (although see (219, 229, 303, 346)). Indeed, the present 

experiments are perhaps the first to compare DRN function across the monkey and human 

brain, and certainly the first to demonstrate that primate DRN can be non-invasively disrupted. 

Despite the feasibility advantages of small model organisms, it remains important to probe 

DRN function at the primate level. Many aspects of DRN function likely arise from its 

interactions with the cortex, which is characterised by a number of primate-specific 

phylogenetic innovations that have no rodent homologue (45). In the present experiments, for 

example, we observed task-related coactivations between DRN and AI, which is preferentially 

expanded in primates compared to rodents, and further expanded in humans compared to old 

world monkeys (67). Whether the same interactions occur in rodents is an empirical question, 

although it is perhaps doubtful given the degree of phylogenetic development that AI has 

clearly undergone.  
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The hypothesis of DRN function put forward here is striking for its ostensive similarity 

to widely held theories of SN/VTA function, which are deeply entwined with motivated 

behaviour.  Why would the brain devote two systems to the same purpose?  Firstly, it is 

important to be specific about the details of our hypothesis. SN and VTA neurons 

predominantly show transient phasic responses to individual events, like the initiation of 

specific reward-guided actions, or learning updates from specific reward outcomes (160, 189). 

In contrast, we have argued that DRN reconciles global states of reward and behaviour, like 

ensuring that an animal’s general preparedness to pursue rewards is appropriate for the richness 

of the environment. In addition, it is worth highlighting that although SN and VTA have 

compelling links with reward-guided behaviour, most of the corroborating experiments 

examined SN and/or VTA neural populations alone and are therefore silent on the comparative 

role of other areas. Most experiments on elements of the ANS share a similarly singular focus, 

which has produced a confusing literature in which multiple functions are attributed to single 

pathways and multiple pathways are linked to single functions. Some of this overlap might 

reflect biological reality – for example, the selection advantages of functional redundancy 

imply that a degree of functional similarity between neural circuits is adaptive, even though 

the brain is characterised by specialisation on the whole (347). In either the case, the present 

experiments addressed this by directly comparing the function of the ANS nuclei by recording 

from all regions simultaneously with fMRI. This demonstrated a clear and specific role for 

DRN that was not recapitulated in SN, VTA or any other region.  

Despite converging links between DRN activity and behaviour across experiments, 

behaviour itself showed puzzling cross-species differences. Human participants in Ch.V 

approximated the predictions of optimal foraging theory and were more likely to pursue 

rewards in poor environments. This is unsurprising insofar as humans have a well-documented 

ability to identify and implement optimal strategies in foraging scenarios (28, 348). Macaque 
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monkeys, however, displayed the opposite pattern: they were more likely to pursue rewards 

during periods of abundance, and their high-motivation states were synchronised to 

environments with many high-value opportunities. Intriguingly, rhesus monkeys in natural 

environments display the basic features of optimal foraging: for example, they actively seek 

unpreferred food items when their favoured foods are scarce (349). This suggests that they 

capable in principle of evaluating foreground rewards against their background reward-context, 

even if they did not do so in the present task.   

What might explain this? One possibility concerns the biological origins of optimal 

foraging behaviour. Foraging theory emphasises that animals have homeostatic requirements 

which entail a baseline level of reward intake no matter how bad the options are – hence, the 

distinctive pattern whereby rewards of constant value are more favourably evaluated in poor 

environments.  Importantly, it is unlikely that homeostatic concerns were a factor for animals 

in the present experiments: task sessions were short (approximately 40-minutes) and reward 

opportunities were frequent (approximately every 12-seconds), making it improbable that any 

individual reward was pursued out of the need to survive. Animals may therefore have 

preferentially engaged with rich environments because the demands imposed by the task made 

them unable – or more accurately, unwilling – to perform it ad infinitum, and they therefore 

concentrated their efforts on periods where they had the most to gain. It is unlikely that human 

participants in Ch.V were motivated by homeostatic concerns either. However, even though 

they did not need the rewards in the task per se, many participants were able to grasp the 

reward-maximising strategy in a way that animals were not. The cross-species difference in 

behaviour might therefore reflect the better ability of human participants to both: (i) understand 

the abstract goal of the behavioural task – in this case, reward-maximisation – and; (ii) 

extrapolate from their experiences with similarly structured tasks, where the reward 

consequences were salient enough to induce learning of an adaptive strategy. 
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Finally, it is worth briefly addressing how the present results relate to affective 

disorders. Affective disorders are marked by an inability to adapt behaviour to negative 

outcomes, and the relationship between DRN and poor environments reported here is thus 

broadly consistent with the hypothesis that they are caused by serotonergic dysfunction (98, 

350, 351). It is important to emphasise, however, that the relationship between serotonin and 

affect is poorly understood, as are the cognitive mechanisms of serotonin-specific reuptake 

inhibitors (SSRI), which inspired the serotonin hypothesis in the first instance (352). The 

present experiments do little to resolve these controversies. However, the focus on high-level 

patterns like motivation-states and behavioural-policies opens dimensions of behaviour that 

have not, to our knowledge, been explored in psychopharmacology or computational 

psychiatry. These might be fruitful avenues for future experiments.
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Appendices 

Table 1: fMRI cluster locations from GLM5.9 
 

 
  

 

Clusters for 𝛽3decision(opportunity-onset) contrast in GLM 5.9 

Anatomical location x y z z-max p Size (# 
voxels) 

Left Thalamus -15 -21 7 5.28 9.61e-32 7132 

Postcentral Gyrus -56 -18 44 6.18 9.54e-31 6811 

Anterior Cingulate Gyrus -1 5 38 4.95 1.6e-30 6739 

Right Cerebellum 18 -50 -20 6.04 2.03e-29 6391 

Occipital Pole 16 -95 4 5.15 1.46e-19 3570 

Insular/Central Opperculum -39 -4 16 5.65 6.35e-16 2675 

Right Cerebellum 17 -58 -46 4.72 1.58e-14 2355 

Left Cerebellum -23 -59 -19 4.63 3.42e-11 1648 

Precentral Gyrus -55 6 36 5.12 5.71e-11 1604 

Lingual Gyrus -3 -71 4 4.79 5.96e-08 1068 
Posterior Cingulate 

Gyrus/Precentral Gyrus -8 -24 44 5.16 8.34e-07 855 

Left Putamen -32 -8 -2 4.44 7.45e-06 709 
Occipital Pole/Superior 
Lateral Occipital Cortex -22 -93 9 4.65 1.08e-05 685 
Inferior Lateral Occipital 

Cortex -41 -85 9 4.54 0.000365 471 

Lateral Frontal Pole (Right) 30 59 0 4.14 0.000528 450 
Postcentral Gyrus/Anterior 

Supramarginal Gyrus 40 -31 41 4.31 0.00144 395 

Lateral Frontal Pole (Left) -24 63 2 3.89 0.00155 391 
Insular/Central Opperculum 

(Right) 44 2 11 3.91 0.00289 358 
Anterior Insular/Frontal 

Opperculum (Left) -32 19 10 4.29 0.00461 334 

Cerebral White Matter (Right) 24 -23 -4 4.56 0.00789 307 
Posterior Cingulate 

Gyrus/Precentral Gyrus 
(Right) 

16 -31 39 4.01 0.0269 248 

Central Opperculum/Insular  43 9 3 4.36 0.0334 238 
Anterior Insular/ Frontal 

Opperculum/ 33 21 9 4.69 0.0484 221 



 

 168 

 
Table 2: fMRI cluster locations from GLM5.10 

Clusters for 𝛽3reward-magnitude contrast in GLM5.10 

Anatomical location x y z z-max p Size (# 
voxels) 

Right Cerebellum 20 -50 -20 4.35 9.48e-
20 197 

Occipital Pole 15 -92 3 4.6 4.9e-
15 135 

Postcentral Gyrus -56 -19 45 4.28 6.16e-
13 110 

Insular/Central Opercular 
Cortex -40 -3 15 4.41 1.42e-

10 84 

Postcentral/Supramarginal 
Gurys -58 -23 23 3.98 1.19e-

07 55 

Lingual Gyrus -4 -74 -2 4.15 1.31e-
06 46 

Anterior Cingulate 
Cortex/Cingulate Gyrus - 6 6 43 4.05 5.13e-

06 41 

Right Nucleus Accumbens 6 11 -5 4.71 2.12e-
05 36 

Supramarginal Gyrus -59 -34 31 4.01 2.83e-
05 35 
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