
 
 

Dynamics of human decision-making under 
uncertainty in health and disease 

 
Fitzroy Wickham 

 
 
 

 
 
 
 

University of Oxford 
 

St. John’s College 
 

D.Phil. in Clinical Neurosciences 
 

  



 
 

 
 
 
 
 
 
 
 
 
 
 
 

My grandmother was a fire and brimstone preacher 
My mother is a genius 

My father commanded respect 
When my father and grandmother died, they left no instructions 

Just a legacy to protect 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

i 

I | Abstract 

This thesis investigated how humans reduce uncertainty in decision-making and how this 

capacity is disrupted by brain pathology, with a focus on white matter (WM) damage in 

cerebral small vessel disease (SVD) and lesions in the medial frontal lobe (MFL). Multi-

modal neuroimaging and variants of a relatively novel decision-making behavioural paradigm 

were employed to characterize the neural and cognitive mechanisms underlying decision-

making under uncertainty. 

Chapter 2 established the structural context for subsequent behavioural analyses by 

examining WM integrity in SVD using structural MRI and diffusion-weighted imaging 

(DWI) with diffusion tensor imaging (DTI) and neurite orientation dispersion and density 

imaging (NODDI). Compared to age-matched healthy controls (HC), SVD patients exhibited 

widespread WM macro- and microstructural disruption, including reduced fractional 

anisotropy (FA) and neurite density index (NDI), increased mean diffusivity (MD) and 

isotropic volume fraction (ISOVF), and variable orientation dispersion (ODI). WM damage 

correlated with cognitive performance, education, and affective measures in controls, 

whereas in SVD patients, impairments were strongly driven by pathology. 

Chapter 3 examined behavioural performance on the core Circle Quest (CQ) task. 

SVD participants sampled less information, were less sensitive to sampling cost, reward, and 

uncertainty, and tolerated higher uncertainty compared to HCs. Reduced WM integrity 

predicted lower sampling efficiency, reduced reward sensitivity, and poorer precision in 

localizing target locations, linking structural disruption to functional deficits. 

Chapter 4 extended this investigation using an effort-based variant of the CQ task. 

Introducing physical effort increased offer acceptance and partially restored sensitivity to 

reward and uncertainty in SVD patients, aligning their behaviour more closely with controls. 



 
 

ii 

These findings suggest that motivational engagement can modulate impairments in decision-

making under uncertainty. 

Chapter 5 applied the CQ paradigm to patients with MFL lesions. MFL patients 

showed reduced evidence accumulation in the active task, increased risk-taking in the passive 

task, and diminished sensitivity to cost and reward compared to HCs and lesion controls. This 

highlights the selective contribution of the MFL to value-based decision-making. 

Overall, this thesis demonstrates that WM disruption in SVD and focal MFL lesions 

produce consistent impairments in decision-making under uncertainty. Behavioural deficits 

manifest as reduced information sampling, increased uncertainty tolerance, and riskier 

choices, with task context and motivational variables modulating performance. These 

findings advance our understanding of the neural substrates of adaptive decision-making and 

suggest potential avenues for interventions targeting cognitive and motivational processes. 
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1| General Introduction 

 

Both uncertainty and decision-making are pervasive features of the human experience. Their 

intersection—how individuals seek information to reduce uncertainty before acting—is 

central to adaptive behaviour (Attaallah et al., 2025). Although many experimental paradigms 

investigate decision-making, they typically place participants under fixed exposure to 

information (e.g., Clark et al., 2006; Furl & Averbeck, 2011; Hertwig et al., 2004; Kahneman 

& Tversky, 1979; Pytlik et al., 2020; Steingroever, 2013; Villar et al., 2015), thereby limiting 

control over what or how long to sample before coming to a decision. Few tasks allow 

participants to regulate the amount and quality of information they sample based on the 

current level of uncertainty (Juni et al., 2016; Petitet et al., 2021), which might better reflect 

real-world decision contexts.  

The primary aim of this thesis is to examine how humans reduce uncertainty in 

decision-making, and how this capacity is affected by structural brain pathology. I examine 

the behaviour of healthy individuals and compare them to that of patients with 

cerebrovascular small vessel disease (SVD). This is a condition associated with WM 

pathology and known to impair executive function, processing speed, and several other 

aspects of cognition (Hamilton et al., 2021; Østergaard et al., 2016; Zanon Zotin et al., 2021), 

yet in which decision-making behaviour remains relatively underexplored. I also assess 

performance on the same decision-making task in individuals with medial frontal lobe (MFL) 

lesions, leveraging a group of patients that has historically been highly informative in 

studying decision-making (Bechara & Van Der Linden, 2005; Manes et al., 2002). This 

approach allows for a comparative analysis of decision-making deficits arising from 

subcortical WM versus MFL damage, helping to improve understanding of the neural 

substrates of uncertainty-driven decision behaviour. 



 

2 
 

To begin, I consider how some aspects of decision-making have been investigated in 

prior research. In presenting this work I will first discuss some of their major findings in 

healthy participants, before considering published research using the Circle Quest task 

(Petitet et al., 2021). This is a relatively new paradigm which examines decision-making 

under uncertainty and is central to the studies I have performed in this thesis. Subsequently in 

this introductory chapter, I will discuss current knowledge regarding the impact of SVD and 

MFL lesions on decision-making. 

 

OVERVIEW OF DECISION-MAKING PARADIGMS 

Decision-making in humans has been extensively studied over the last century and has 

been defined as the selection of an option from among alternatives after careful examination 

according to an individual’s personal values and preferences (Fülöp, 2005). It is estimated 

that the average adult human makes around 35,000 decisions per day (Sahakian et al., 2013). 

That is over 100 decisions each hour or just about three decisions every minute of a person’s 

life. These decisions can range from very mundane tasks like deciding what font to use for 

typing a document to something more remarkable like deciding which journal to submit an 

article to.  

Researchers have developed ingenious ways to investigate decision-making, using a 

range of behavioral paradigms that attempt to replicate real-life situations, with varying 

degrees of success. Here, I review some of the most well-known paradigms along with some 

lesser-known ones, attempting to categorize them according to how they explore human 

decision-making. Decision-making has been investigated in a multitude of ways, for example 

using descriptive probabilistic tasks, temporal discounting paradigms, and effort-based 

decision-making (EBDM) tasks (M. F. Green et al., 2015; Kahneman & Tversky, 1979; 

Watts et al., 2018). These paradigms typically involve known probabilities, rewards, or 
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outcomes. In contrast, when individuals must make decisions without full information about 

outcomes or probabilities, they are engaging in decision-making under uncertainty. This form 

of decision-making has been examined using paradigms such as exploration–exploitation 

trade-off tasks (EETs), foraging or patch-leaving frameworks, and information sampling 

tasks (ISTs) (Averbeck, 2015).  

This review is not exhaustive but is an attempt to summarize some of the work that 

has been conducted on human decision-making that is relevant to the research presented in 

this thesis which focuses on decision-making under uncertainty and EBDM. I will not 

consider some of the earliest decision-making tasks, including the Matching Familiar Figures 

Test, Haptic-Visual Matching Test, and Picture Completion Reasoning Test developed by 

Kagan in 1964, which were designed to classify children's behavior as either impulsive or 

reflective (Kagan, 1964). Similarly, I exclude tasks such as the Trust Game, designed 

specifically to examine the social dimensions of decision-making (Brülhart & Usunier, 2004; 

Burks et al., 2003). Finally, behavioural paradigms with a primary focus on response 

inhibition, such as the Traffic Lights, Go/No Go and Stop Signal tasks (Adam et al., 2013; 

DeVito et al., 2009; Gillespie et al., 2022), will also not be considered here. 

 

1.1 DESCRIPTIVE PROBABILISTIC TASKS 

Many decision-making paradigms require the evaluation of options followed by choice 

selection based on expected rewards, loss, potential punishment, effort, perceived risk, 

uncertainty, or other tradeoffs (Ernst & Paulus, 2005; Klein-Flügge et al., 2016; Mata et al., 

2011; Vaidya & Fellows, 2017). Bernoulli’s exploration of the St. Petersburg Paradox (a 

famous coin-toss problem that reveals a discrepancy between expected value and how people 

actually make decisions under uncertainty) in the early 18th century led to the development of 

Expected Utility Theory (EUT), which showed that people value outcomes based on utility, 
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not solely on raw monetary value (Bernoulli, 1738). However, it took another 200 years 

before Von Neumann and Morgenstern would formalize EUT into a normative model using 

mathematical axioms to explain rational decision-making under risk (Binmore, 2012). Their 

contributions to Game Theory sparked a revolution in the decision-making literature and 

during the 20th Century concepts such as Subjective Expected Utility Theory (SEU), Bounded 

Rationality and Prospect Theory were introduced to the field of economics (Kahneman & 

Tversky, 1979; Neumann, 1944; Simon, 1955; Tversky & Kahneman, 1974).  

To test their decision-making theories, economists often posed simple thought 

experiments such as the St. Petersburg Paradox, but it was Kahneman and Tversky who 

popularized the use of Descriptive Probabilistic Decision-Making Tasks to explain human 

behaviour. These tasks assessed risky choices, where outcomes had variable, but explicit, 

probabilities and magnitudes, attempting to replicate real life gambling problems.  

 In their 1979 study, Kahneman and Tversky presented 14 decision problems to 

multiple participant groups, with sample sizes ranging from 64 to 95 individuals (Kahneman 

& Tversky, 1979).  Their findings challenged the prevailing normative theories of the time 

and led to the development of Prospect Theory, which introduced an S-shaped value 

function—characterized by asymmetry around a reference point and a steeper slope for losses 

than for gains—in contrast to the smooth, concave utility curve posited by EUT. This 

observable phenomenon is termed loss aversion. Additionally, it has been found that humans 

tend to overweight the occurrence of rare events in such experiments. Gigerenzer and 

Goldstein (1996) introduced the “Take The Best” heuristic (TTB)  as an ecologically rational 

alternative to models like Prospect Theory, emphasizing simplicity and adaptive fit to real-

world environments (Gigerenzer & Goldstein, 1996). While their initial support for TTB was 

grounded in computational modeling, subsequent work included empirical investigations; 
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however, behavioral validation remains relatively limited compared to other decision-making 

theories (Gigerenzer et al., 2008). 

 Classical Probabilistic Decision-Making Tasks have often been simplified to binary 

choices in the literature, which may limit the ability to generalize findings from such 

experiments to real-life decisions, where individuals typically face a wider range of options. 

The decision problems presented have also often been descriptive in nature, requiring 

respondents to express a preference with minimal engagement, thereby offering only a 

narrow understanding of the cognitive processes underlying their decisions. More recent 

findings support the hypothesis that increased engagement with available choices might alter 

participants’ behaviour (Hertwig et al., 2004; Morwitz & Fitzsimons, 2004). 

 

1.2 TEMPORAL TASKS 

Certain decision-making paradigms specifically isolate and manipulate temporal parameters 

to examine their influence on human behaviour; these are typically classified as Temporal 

Decision-Making Tasks (Bailey et al., 2021). They provide insight into how individuals 

choose between options that vary temporally, such as immediate versus delayed rewards. A 

real-life example of a temporal dilemma is the decision to spend or invest one’s income. 

Upon receiving a paycheck, an individual may feel inclined to allocate remaining funds 

toward immediate pleasures, thereby obtaining instant gratification. Alternatively, they might 

consider investing the money with the expectation of receiving greater returns in the near 

future. However, delaying gratification involves considerable risk: market volatility may 

erode the investment’s value, the cost of desired goods could increase significantly, or the 

individual may not live long enough to enjoy the eventual payoff. These outcomes, while 

unfavorable, are generally quantifiable and have estimable probabilities, which classifies 

them as risks rather than true uncertainties. While delayed rewards may offer greater utility in 
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theory, the inherent risks associated with future outcomes complicate the decision-making 

process. 

In the well-known Marshmallow Test study, Shoda, Mischel, and Peake (1990) 

attempted to predict developmental outcomes in children from the psychological conditions 

underlying their delay of gratification behaviour (Kable & Glimcher, 2007b, 2007a; Shoda et 

al., 1970). The researchers tested 185 preschoolers and tracked their progress for over a 

decade. The test involved placing a child in a quiet room where a bell and a selection of 

reward items (e.g., marshmallows, pretzels, colored poker chips) — chosen based on 

individual preferences identified during pretesting — were presented. The child was asked to 

indicate a preference between receiving one or two of the items. The experimenter then 

explained that they would leave the room temporarily: if the child waited until the 

experimenter's return, they would receive their preferred (larger) reward; if the child could 

not wait, they could ring the bell to summon the experimenter but would then only receive 

the less preferred (smaller) reward. In most cases the experimenter would leave for at least 15 

minutes or whenever the child rang the bell. Researchers found that children who had longer 

delay times went on to report better coping behaviour, higher SAT scores and fewer 

behavioural problems in their adolescences.  

 Delayed Discounting Tasks (DDT) have been fundamental paradigms used to help 

understand intertemporal choice by assessing the human tendency to devalue rewards as the 

delay to their receipt increases. In DDT, participants are asked to choose between a smaller, 

immediate reward and a larger, delayed reward (Guo et al., 2022; Mitchell et al., 2005). Mok 

et al. (2021) investigated delay and probability discounting in 30 healthy controls and found 

that, while the two forms of discounting were related, they reflected distinct cognitive 

processes and contributed uniquely to individual differences in impulsivity (Mok et al., 

2021). Similarly, Fu et al. (2022) examined 30 healthy participants and reported typical delay 
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discounting behavior (Fu et al., 2022). Across both studies, healthy individuals consistently 

exhibited standard discounting patterns whereby subjective value of rewards declined as 

delays increased. Participants generally preferred larger, delayed rewards over smaller, 

immediate ones; however, as the delay to the larger reward lengthened, they increasingly 

favored the smaller, immediate reward. 

 In the Delayed Occlusion Task (DOT), participants made a choice between viewing 

a novel, desirable occluded image immediately or viewing the nonoccluded image after a 

delay (Patt et al., 2021). This task was administered to 16 healthy controls, who demonstrated 

typical temporal discounting behavior. Specifically, they tended to choose viewing the 

occluded image sooner when delays were long, and preferred the nonoccluded image when 

delays were short (Patt et al., 2023). Their choices reflected a systematic devaluation of the 

nonoccluded image as the delay to view it increased. Another study combined elements of the 

DOT with effort-based decision-making in a group of 18 healthy male participants (Prévost et 

al., 2010). Participants had to either wait or squeeze a hand grip to view nonoccluded erotic 

images as opposed to seeing the blurred image immediately. Their behavior was also 

consistent with typical temporal discounting behavior, which was shown to be cognitively 

distinct from effort discounting behavior. 

 Empirical research consistently shows that healthy individuals tend to prefer 

immediate over delayed rewards, even when the delayed rewards are objectively larger, 

illustrating the well-established phenomenon of temporal discounting (L. Green & Myerson, 

2004; McClure et al., 2004). A noteworthy limitation of temporal discounting tasks is that the 

isolation of delay often results in repetitive and abstract contexts, potentially encouraging 

participants to adopt decision-making strategies that may not generalize to real-world 

behavior. Furthermore, the use of hypothetical rewards and relatively short time horizons 

may fail to elicit emotional responses comparable to those involved in real-life decisions. 
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1.3 EFFORT-BASED DECISION-MAKING (EBDM) TASKS 

Effort-Based Decision-Making (EBDM) tasks assess how the subjective value of a reward 

declines as the required effort increases (Docx et al., 2015) – how reward is discounted by 

effort. Put differently, they aim to quantify the trade-off between effort and reward in 

experimental settings by measuring the extent to which individuals are willing to exert effort 

to obtain a reward (Renz et al., 2023).  

EBDM tasks are typically categorized into two main types: physical and cognitive 

(M. F. Green et al., 2015). In the lab, participants must make a choice between a difficult and 

an easy option to perform a physically or cognitively demanding task. Successful completion 

of either option yields a reward; however, the more challenging option is associated with a 

higher reward value. 

Physical EBDM tasks can be broadly categorized into motoric tasks, which involve 

executing specific movements (e.g., button pressing or cycling), and strength-based tasks, 

which require participants to exert force beyond a predetermined threshold to obtain a reward 

(Colón-Semenza et al., 2021; Erfanian Abdoust et al., 2024; M. F. Green et al., 2015; Kim et 

al., 2022; Le Heron, Manohar, et al., 2018). The Effort Expenditure for Rewards Task 

(EEfRT) is a computerized button pressing paradigm that was developed to investigate 

anhedonia in humans (Treadway et al., 2009). Modifications have been made to EEfRT over 

the years (Barch et al., 2014; Fervaha et al., 2013; Treadway et al., 2012), but essentially it 

remains a task that requires varying amounts of speeded manual button pressing on a 

keyboard for either a high effort option associated with high reward or a low effort option 

associated with a low reward. The probability of receiving the associated reward is varied 

across trials irrespective of the chosen option. The discrete fine motor version of the EEfRT, 

which typically involves keyboard-based responses, has also been adapted to incorporate full-

body physical exertion, such as stationary cycling (Colón-Semenza et al., 2021). The 
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underlying principle remains the same, but effort is modified by varying the resistance of the 

revolutions and the duration for cycling.  

The Balloon Effort Task (BET) is another computerized paradigm that requires 

participants to press the left and right buttons on a game controller alternately to inflate one 

of two balloons. The 'easy' balloon requires fewer presses and yields a smaller reward, 

whereas the 'hard' balloon requires significantly more presses but provides a higher reward 

upon explosion (Gold et al., 2013).  

Strength-based EBDM tasks are commonly referred to as hand grip effort tasks, as 

they typically require participants to use a handheld dynamometer to exert force exceeding a 

predefined threshold in order to obtain a reward (Docx et al., 2015; M. F. Green et al., 2015; 

Hartmann et al., 2015).  One version of this task is known as the Apple Gathering Task 

developed by Bonnelle et. al 2015 (Figure 1).  

 

 

At the start of this behavioral paradigm, participants are asked to grasp a handheld 

dynamometer in their dominant hand and squeeze it to have it calibrated to their individual 

maximal voluntary contraction (MVC). Once the device has been calibrated and the 
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participant is familiar with the extent of exerted force on a graduated scale from 1-5 (5 being 

the greatest exertion) they are presented with the onscreen task. An apple tree is displayed in 

the center of the screen with apples (reward) and on the tree trunk the amount of effort 

required to harvest the apples is shown. The reward and effort vary between trials. On each 

trial, participants are asked if they would be willing to exert the specified force for the 

specified reward. If they do not deem the reward worth the required effort, they can select 

‘No’ and move on to another trial but if they select ‘Yes’ they must then squeeze the 

handheld with their dominant hand to harvest the apples (Bonnelle et al., 2015; Chong et al., 

2017a). Le Heron et. al 2018 conducted a study involving 19 healthy controls using the 

Apples Gathering Task. These participants exhibited intact, graded effort aversion, 

demonstrating a willingness to exert greater physical effort as reward value increased (Le 

Heron, Manohar, et al., 2018).  

Cognitive effort tasks have also been deployed to study how humans make decisions 

which require mental effort. Originally developed to study motivation in non-human animals, 

the Progressive Ratio Task (PRT) has been adapted for human research to assess 

motivational 'breakpoints'—the point at which an individual ceases to exert effort for a 

reward (Bland et al., 2016; Heath et al., 2019). Further modifications have transformed the 

PRT into a cognitive EBDM task (Wolf et al., 2014). In this version of the PRT, participants 

were presented with pairs of numbers on a screen and asked to identify the larger number. 

The task consisted of three monetary rewards, each with seven trial blocks. The number of 

correct responses required to obtain the reward increased with each successive trial block 

within a reward level, thereby manipulating the level of cognitive effort demanded. 

Participants were allowed to skip blocks. Wolf et al., 2014 conducted a study with 41 

schizophrenic patients and 37 controls. Their findings showed that reduced function in the 
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ventral striatum was associated with motivation impairments on the PRT in schizophrenic 

patients. 

Demand Selection Tasks (DST) are another example of cognitive EBDM paradigms, 

that allow for the evaluation of participants’ natural preferences or aversions to effort (Gold 

et al., 2015). Kool et al. (2011) employed a battery of DST variants across six separate 

experiments in healthy participants, with sample sizes ranging from 16 to 84 per group. Each 

experiment adhered to the core principle of offering participants a choice between a low-

demand and a high-demand option, with the latter involving greater cognitive control 

requirements such as increased task or strategy switching, frequent context shifts, elevated 

working memory load, and/or more complex arithmetic processing. Participants were 

informed that they could freely choose either option across the numerous trials. Results 

supported the “law of least mental effort,” with participants demonstrating a consistent 

preference for the less cognitively demanding alternatives (Kool et al., 2010).  

There is a well-established consensus in the literature that, irrespective of effort type, 

humans tend to prefer options that are less physically or cognitively demanding (Chong et al., 

2017a; Kool et al., 2010; Prévost et al., 2010). While effort aversion can be attenuated by 

significantly increasing reward value, individuals with intact effort discrimination still tend to 

prefer easier tasks (Treadway et al., 2012; Westbrook et al., 2013). A recurring theme in 

EBDM tasks is the inability to completely isolate temporal effects on human behaviour since 

more effortful tasks often take a longer time to complete compared to simpler options. While 

there is a wealth of research to elucidate the neural mechanisms underpinning EBDM in 

animals, studies exploring these processes in humans remain relatively limited (Löffler, 2015; 

Salamone & Correa, 2024). In this thesis, I will introduce a new version of Circle Quest 

decision-making task (see below) that requires EBDM. 
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1.4 EXPLORATION-EXPLOITATION TRADE-OFF (EET) TASKS AND 

DECISION-MAKING UNDER UNCERTAINTY 

As noted earlier, humans routinely face decision-making scenarios involving multiple, non-

binary options in everyday life. In an ideal context, it would therefore be optimal to evaluate 

each available option thoroughly to accurately assess its potential value.  However, 

individuals and organizations typically operate under constraints of limited time and 

resources, which restrict their ability to thoroughly explore all available options. 

Additionally, uncertainty arises because information regarding each variable is often 

incomplete, requiring decisions to be made based solely on the decision-maker’s subjective 

estimation of each option’s utility. Experiments involving EET tasks such as Bandit Tasks 

and the Iowa Gambling Task (IGT) offer some insight into how humans approach this choice 

dilemma under time and resource constraints.  

 In Multi-arm Bandit tasks, players engage with two or more rewarding options, 

incurring a cost from an allocated money pot each time they make a selection (Scott, 2010; 

Slivkins, 2024). Each available option returns various rewards at different unknown 

probabilities, and the participant is tasked with maximizing their rewards by allocating the 

majority (or all) of their money to the most rewarding option. Multi-arm bandit tasks give rise 

to the exploration versus exploitation dilemma that often befalls humans in everyday life 

(Averbeck, 2015a; Blanco & Sloutsky, 2024; Laureiro-Martínez et al., 2015; Wyatt et al., 

2024). Exploration refers to the idea of assessing all presented options repeatedly to 

determine the best one before committing to it, while exploitation refers to the idea of 

committing to an option early-on and reaping its benefits with little or no regard to the 

alternatives.  

Though they are entirely different approaches to the same problem, both exploration 

and exploitation compete for the same scarce resource, i.e. money allocated (Gupta et al., 
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2006). Participants who use too much of their limited resource to learn something about the 

reward probability of each available option risk having fewer resources for exploitation once 

they have settled on the most rewarding option. However, those who settle for a rewarding 

option quickly rather than exploring other options run the risk of missing out on a much more 

rewarding option. Multi-arm bandit tasks take into consideration the fact that humans are not 

only limited by time, but resources as well. Furthermore, these paradigms allow for 

participants to return to a previously exploited option—though they must still do so 

sequentially— and they are not penalized with time delays when switching between the 

various options.  

There are many variations of the multi-arm bandit task. In the stationary version, 

participants select between two possible actions (bandits) that each has a different stationary 

payout where each reward and the probability of winning that reward remain fixed 

throughout the experiment (Averbeck, 2015a). In three-armed novelty version, participants 

choose from three instead of two arms where the probability for each is different, but the 

reward is the same for every option (Averbeck, 2015a). For each trial, however, there is a 

chance that one of the available options will be replaced by a new option, but while an option 

is available (remains unchanged) its probability is stationary. In non-stationary bandit tasks, 

participants have two possible arms to choose from, but their rewards change over time, with 

the expected reward following a decaying random walk (Averbeck, 2015a).  

Infinite bandit tasks present participants with an infinite number of arms to choose 

from to maximize reward (Berry et al., 1997) while in contextual bandit tasks, reward and 

probability varies from individual to individual depending on their performance (L. Li et al., 

2010). The adversarial bandit introduces the element of an adversary: instead of rewards 

being determined by a stochastic system, an adversary controls the payout of each arm (Auer 
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et al., 2002; Cesa-Bianchi & Lugosi, 2012); whereas in dueling versions, the reward is not 

absolute, but rather relative (Yue et al., 2012). 

An important development in this field was the introduction of the continuous bandit 

task, in which exploration and exploitation phases of the experiment are separated. The 

participant is allowed to explore each arm a finite number of times and then reports which 

arm they think is the best from the available options. They are then free to exploit their 

chosen arm. A key new metric from this design is that of ‘simple regret’ – the difference 

between the average payout of the recommended arm and the average payout of the 

participant’s chosen arm (Bubeck et al., 2011). Finally, in the strategic arm bandit each arm 

effectively acts as its own strategic agent. One participant (the principal) will pull an arm to 

receive some reward, but the chosen arm will keep some unknown portion of that reward for 

itself and give the remainder to the principal. The other arms will receive no reward unless 

they are selected. Each strategic arm tries to maximize its own utility over the course of the 

experiment (Braverman et al., 2019). 

Though many forms of the bandit task exist, the vast majority of these paradigms 

have only been studied and modelled for healthy individuals (Averbeck, 2015a; Berry et al., 

1997b; Bouneffouf et al., 2017; Kveton et al., 2019; Villar et al., 2015). Results from healthy 

participants show that they balance the exploration–exploitation dilemma in an adaptive and 

dynamic manner (Navarro et al., 2016), demonstrating a tendency to increase exploration in 

response to novelty (Wittmann et al., 2008).    

 The Iowa Gambling Task (IGT) can be conceptualized as a four-arm bandit task. 

Players are given (loaned) a certain amount of resource (money) and presented with four 

decks (A, B, C and D) of cards. They are then instructed to select one card at a time from any 

of the decks (with order totally dependent on the participant) and their aim is to maximize 

their profit on the loaned money as each card has a certain predetermined value. Turning a 
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card reveals how much money the participant wins but the card also has a penalty associated 

with it that the participant must pay (the reward and penalty varies with each deck). The task 

ends after a series of 100 card selections. Unbeknownst to the player, decks A and B yield 

higher immediate rewards with greater future penalty that usually incur a net loss, whereas 

the less rewarding decks C and D yield a greater future net gain (Bechara et al., 1994).  

In a study involving 44 healthy controls, Bechara and colleagues found these participants 

made more selections from the “good” decks (C and D) and avoided the “bad” decks (A and 

B) (Bechara, 1994). They sampled all decks initially and only returned to the bad decks 

occasionally after having committed to the good decks. A subset of 5 participants from the 

control group showed improved performance in repeat testing over a period of 6 months. The 

healthy controls were able to select the good decks despite a proven inability to keep track of 

the magnitudes and frequencies of punishment from each deck. 

 Bechara showed that although healthy human volunteers were usually unable to 

calculate figures of net losses or gains in exploration-exploitation tasks, they could correctly 

identify the better options, decks C and D, based on their estimations from experience 

(Bechara et al., 1994) and this is reflected in their performance on the IGT. However, 

Steingroever challenged these assumptions citing several studies that show evidence for 

healthy controls (1) having more variability in their performance than was previously shown, 

(2) preferring decks B and D which have infrequent losses, and (3) not showing a definitive 

behavioural switch from exploration to exploitation (Steingroever, 2013). Nevertheless, 

others have been able to replicate Bechara’s findings, commenting that deviations from the 

procedural details in other studies might have accounted for inter-study variability (Bull et 

al., 2015). 

Mathematical modelling has attempted to explain people’s ability to estimate losses 

and gains, showing how confirmatory biases overestimate the value of more valuable options 
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and underestimate the value of less valuable options (Lefebvre et al., 2022). There is 

evidence to suggest that humans may not necessarily be choosing the objectively best choice 

but instead arrive at conclusions early on, and any new evidence that contradicts their belief 

is discarded (Palminteri et al., 2017). While this does not result in them making the best 

decision in every trial, the robustness of the technique as predicted by a Bayesian ideal 

observer model yields an overall benefit and maximization of reward. Additionally, as 

humans age, they exhibit more avoidance to net loss by refraining from disadvantageous 

options (Cauffman et al., 2010).  

 Although EET tasks such as bandit paradigms and the IGT have provided valuable 

insights into decision-making, participants are often left unaware of what the ideal outcome 

should be if the best deck/arm was exploited to the full extent (Deshmukh et al., 2020). 

However, many real-life scenarios pose a similar challenge in that it may be impossible to 

attain perfection and regret is inevitable. Nevertheless, EET tasks cannot provide much 

insight on situations where perfection is attainable. These tasks also heavily rely on 

participants’ memories as they must keep mental logs of previous outcomes for each 

individual deck/arm. Thus, poor memory would be an important confound to performance, on 

either bandit tasks or the IGT.  

 

1.5 FORAGING TASKS AND DECISION-MAKING UNDER UNCERTAINTY 

Foraging tasks are experimental designs that require subjects to explore a physical or virtual 

environment in search of a diminishing reward. Generally, subjects are not limited to how 

long they can remain in the same environment, and they may choose to stay for as long as 

they see fit before deciding to move to a novel environment in hopes that this “fresh” location 

will yield a much greater reward than their previous one. Such tasks were developed upon the 

evolutionary principle that the survival of animals from across species depended on their 
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ability to acquire energy from their environment in an efficient manner by hunting and 

gathering their food from areas with ample resources until they became so depleted that it 

necessitated relocation to a new one (Seidenbecher et al., 2020). Departing to a novel location 

often requires greater time or effort and carries the risk of lower reward than the previous 

foraging site, thereby introducing uncertainty. 

Over the years, behavioral paradigms that incorporate the foraging or patch leaving 

model have provided insight about various topics of interest, from visual attention to 

reinforcement learning and value-based decision-making(Kristjánsson et al., 2020; 

Seidenbecher et al., 2020). For researchers interested in studying decision-making, the rate at 

which the reward diminishes in a particular location and the cost of leaving for a new location 

are some key factors manipulated in the paradigm (Kilpatrick et al., 2021; Mobbs et al., 

2018). These manipulations serve to influence the amount of time subjects spend in the same 

location and how often subjects switch to a new location.  

Due to the uncertainty of the reward in the new location, participants risk making 

poor economic choices, which is more reflective of real-life and makes foraging tasks 

particularly useful for evaluating how humans go about making decisions. Take for example 

a person applying to university. They might have applied to several universities and been 

offered a place to study their desired major in each, but it isn’t possible for them to attend all 

these universities at once. Therefore, they will have to forego accepting all the enrollment 

offers except for one. If they find that their selection is not as rewarding as they might have 

hoped, they may have to put in the effort to reapply to and interview for other opportunities 

or simply remain in their secured program with its current benefits. An example of a foraging 

task in the scientific literature is the Patch Leaving Task. 

The Patch Leaving Task involves human research participants harvesting from a 

virtual location (patch) that provides a reward that is gradually reduced as time goes on 
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(Averbeck, 2015a). Participants are free to leave the patch whenever they choose and move to 

a new patch. When presented with this “fresh” patch, they may choose to harvest there or 

continue to another patch without first harvesting. The choice to move on will incur a time 

delay. The total time for the experiment is usually fixed so the number of patches visited is 

dependent on the participant. Constantino and Daw (2015) found that the decisions of 47 

healthy participants in a foraging-style task were guided more by the overall reward 

environment than by trial-by-trial learning. This suggests that people may use broader 

contextual information to regulate their behavior, rather than relying solely on immediate 

feedback (S. M. Constantino & Daw, 2015; Sutton, 1988).  

The foraging task literature has consistently shown that humans tend to remain longer 

than is necessary in a harvesting environment which adversely affects their likelihood of 

maximizing reward (Harhen & Bornstein, 2023; Lenow et al., 2017; Marzecová et al., 2021). 

According to optimal choice as given by the marginal value theorem (MVT) which was 

originally developed for animal foraging studies (S. M. Constantino & Daw, 2015; 

Hutchinson et al., 2008) a participant should leave a current patch when the reward from that 

patch falls below the average reward from the previous patches. Despite this suboptimal 

harvesting performance in foraging tasks, humans are able to adapt to changing environments 

and respond appropriately to the richness of a particular space relative to other environments 

as predicted by optimal choice (Simonelli et al., 2025). Humans were found to be most 

sensitive to time whether that was the current interval gone without harvesting, the interval 

preceding the last capture and time spent in the current environment. While humans do show 

signs of being responsive to effort costs and rewards (Chong et al., 2017) they are not as 

sensitive to these factors (despite them being displayed on screen) as they are to the temporal 

factors (Hutchinson et al., 2008).  
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Some limitations of foraging tasks are that they operate under the assumption that a 

participant cannot return to a previous option after abandoning it and that they are only 

constrained by time. The sequential manner in which participants are required to approach the 

task only allows them to move in one direction. If they move to a new location only to find it 

less rewarding than their previous one—even in its depleted state—they cannot return, and 

must either remain or move on again, facing uncertainty about whether the next location will 

offer a better payoff, all while incurring additional costs such as time delays. While 

participants are not limited to how long they can spend in one location, there is a time limit 

for the overall experiment in which they must try to maximize their rewards. This is one 

important limitation in foraging tasks which makes them unlike real-life situations where 

humans are also limited by energy and resources.  

 

1.6 INFORMATION SAMPLING TASKS AND DECISION MAKING UNDER 

UNCERTAINTY 

Decision-making tasks in which participants gather useful cues before reaching a final 

decision with the aim to minimize risks and maximize rewards, are known as information 

sampling tasks (Averbeck, 2015a). Unlike the previously discussed exploration-exploitation 

tasks, information sampling tasks typically feature: (1) potential penalties for gathering more 

information; (2) rewards contingent only on the final decision; and (3) clearly defined 

optimal outcomes. Here, the reward depends not on a probabilistic structure but on the 

participant’s accuracy i.e. how closely their final choice aligns with the optimal behavior. In 

these paradigms, participants must implement a stopping policy: a strategy for determining 

when they have gathered enough information to make the best decision (Baumann et al., 

2020). A real-world example is a person deciding whether to purchase a car: they may gather 

information from various sources including online reviews, friends, or dealerships, and 
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prioritize certain attributes (e.g., brand, mileage, cost) over others (e.g., color). Several 

experimental paradigms have been developed to model this process in the lab. 

The Card-Sampling Paradigm was introduced by Hertwig and colleagues, building 

on earlier work (Barron & Erev, 2003; Kahneman & Tversky, 1979). Participants are 

presented with three decks of cards, each with different payout distributions. They may 

sample as many cards as desired from each deck before choosing one deck for a final card 

pick with a real monetary payoff. Hertwig et al. (2004) compared a description group, who 

received explicit probability information, with an experience group, who learned through 

repeated sampling. While both groups faced structurally identical problems, description 

participants overweighted rare events, whereas experience participants underweighted them 

(Hertwig et al., 2004). This effect consistent with prior findings from Barron & Erev (2003) 

and Kahneman & Tversky (1979) that showed description–experience gaps. 

The Cambridge Gamble Task (CGT), originally named the Information Sampling 

Task, was developed by Clark et al. (2006, 2009). In this touchscreen task, participants open 

grey boxes in a 5x5 matrix to reveal either blue or yellow colors, aiming to identify the 

majority color. In the Fixed Win (FW) condition, there is no cost for opening boxes whereas 

in the Decreasing Win/Reward Conflict (DW/RC) condition, each additional box incurs a 

cost, reducing the final reward. Across multiple studies, healthy controls demonstrated a 

cautious and reflective decision-making style, gathering more evidence and exhibiting lower 

uncertainty tolerance than clinical populations (Clark et al., 2006, 2008, 2009). 

The Beads Task (Furl & Averbeck, 2011) presents participants with two urns: one 

mostly blue, the other mostly green. After being told the bead proportion (e.g., 60/40 or 

80/20), participants draw beads one at a time, incurring a small penalty per draw, and guess 

the urn at any point. Compared to a Bayesian ideal observer model, participants significantly 

undersampled, treating information gathering as costly. Though both model and participants 
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increased sampling with more ambiguous sequences (60/40), the model showed a much 

greater increase.  The Fish Task is structurally similar to the Beads Task but involves a more 

intuitive narrative: a fisherman draws either blue or orange fish from two ponds with inverse 

ratios (e.g., 80:20 vs. 20:80). Participants observe fish drawn in succession and decide which 

pond is the source of the samples. Pytlik et al. (2020) found that fewer than half of healthy 

controls exhibited a jumping-to-conclusions (JTC) bias, as indicated by lower draw-to-

decision scores, suggesting some individuals made decisions with minimal evidence (Pytlik 

et al., 2020). 

The Perceptual-Motor Estimation Task (or Dart Task) (Juni et al., 2016) involves 

estimating the location of a hidden circle by touching the screen. Participants may request 

cues (dart throws) with varying sampling costs across conditions. The task reveals that 

participants adaptively adjust their sampling based on cost and cue dispersion but still deviate 

from ideal observer models, sometimes oversampling in high-stakes conditions.  

 

This review of research into decision-making highlights key trends. While early 

studies (e.g. Tversky & Edwards, 1966) found oversampling, later paradigms like the Card-

sampling and Beads tasks revealed undersampling, likely due to implicit costs. When explicit 

sampling costs are introduced, as in the Dart Task or CGT, participants demonstrate cost-

sensitive behavior, adjusting their strategies accordingly. However, a persistent limitation of 

laboratory-based sampling tasks is that even when sampling costs are defined, they may fail 

to reflect the complexities of real-world decisions. 

 

CIRCLE QUEST (CQ) DECISION-MAKING TASK 

Circle Quest (CQ) is a more recent information sampling paradigm introduced by Petitet et 

al. (2021). In the active version of this touchscreen task, participants search for the location 
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of a hidden purple circle but can determine both the number and placement of samples 

themselves. Unlike in the Dart Task  (Juni et al., 2016), they have agency. They tap the 

screen to obtain information about the location of the hidden circle. Each sample they obtain 

is either a white dot (miss: this location is not over the hidden circle) or a purple dot (hit) 

which gives an indication of where the circle is hidden (Petitet et al., 2021).  

Participants decide when they have sufficient samples to make an informed decision 

about where the hidden purple circle is located. They then have to drag a blue circle to 

indicate the presumed location and receive feedback based on spatial accuracy (Figure 2). 

Sampling incurs a cost, reducing the final reward. CQ also includes a passive version of the 

task, where participants evaluate the informativeness of completed searches and accept or 

reject associated reward offers (Figure 3). In this version, there is no direct agency over 

sampling locations or number. By contrast, in the active version of the CQ task, participants 

sample and thereby reduce uncertainty about the location of the hidden circle before 

committing to a decision (Figure 4). 

Using CQ, Petitet et al. (2021) found a speed–efficiency trade-off: people sampled 

with greater efficiency (reduced uncertainty about the location of the hidden circle more 

effectively) when they took longer to deliberate about where they sampled on the screen 

(Figure 5A). In one condition, where participants had to explicitly report their estimate of 

uncertainty, they proved to be very good at being able to do so. Further, in other conditions, it 

was found that they adjusted sampling behavior based on manipulated parameters such as 

reward magnitude, error cost, and time pressure (Figure 5B). Importantly, under severe time 

constraints, participants overcame the trade-off by sampling both faster and more efficiently. 
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The studies presented in this thesis utilize CQ as the behavioral paradigm to 

investigate decision-making under uncertainty in humans. Elderly healthy controls (HC), 

SVD patients and MFL patients were tested using the active and passive versions of the CQ 

task introduced by Petitet et al., 2021. However, my focus was not on exploring the speed-
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efficiency trade-off within these groups, but rather to investigate whether structural brain 

changes (in SVD and MFL patients) affect sensitivity to sampling cost, reward and 

uncertainty. Additionally, I tested a modified version of the CQ paradigm in HC and SVD 

patients to examine how the presence of physical effort might alter the participants’ observed 

behaviour on the CQ task. This version, designed to investigate effort-based decision-making 

(EBDM) under uncertainty, was similar to the passive version of CQ (Attaallah et al., 2024a). 

However, participants had to make a decision (accept or reject trials) after considering three 

attributes (reward, uncertainty and effort) instead of only two (reward and uncertainty).  

The CQ paradigm offers several key advantages over traditional decision-making 

tasks. Unlike descriptive probabilistic tasks that rely on binary choices, CQ promotes greater 

engagement through its continuous, interactive nature. Unlike temporal tasks with 

hypothetical delayed rewards, CQ provides real, immediate incentives, enhancing ecological 

validity. In the new variant I introduced, it also introduces an effort component, addressing an 

underexplored factor in human decision-making. Compared to bandit tasks, CQ reduces 

memory demands while still allowing for optimal strategies. Unlike foraging tasks, CQ limits 

resources and energy expenditure, encouraging more strategic behavior. Additionally, CQ 

features explicit sampling costs—unlike most information sampling paradigms—making 

information gathering both costly and meaningful. While the Dart Task (Juni et al., 2016) 

also includes explicit sampling costs, CQ uniquely gives participants agency to choose where 

to sample next, allowing some samples to be more informative than others. Together, these 

features make CQ a dynamic and realistic paradigm well-suited for studying complex 

decision-making. 
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1.7 SUMMARY ON DECISION-MAKING TASKS 

Decision-making research encompasses a range of behavioural paradigms, with many aiming 

to maximize rewards while minimizing time, effort, and cost. This body of research reveals 

key aspects of decision-making behaviour in healthy humans, shedding light on how they 

balance rewards, costs, uncertainty, and effort in complex and dynamic environments. 

Descriptive Probabilistic Tasks reveal that people tend to overweight rare events and exhibit 

loss aversion, meaning they dislike losses more than they value equivalent gains (Kahneman 

& Tversky, 1979). Temporal discounting tasks show people’s preference for immediate 

rewards over larger delayed ones, illustrating the human bias toward instant gratification. 

Effort-based decision-making paradigms replicate real-life scenarios where physical or 

cognitive effort is required, and research consistently finds that people generally avoid higher 

effort regardless of its nature. Exploration-exploitation tasks highlight humans’ capacity to 

select better options among alternatives, even though choices are often influenced by 

personal biases; notably, this discriminatory ability tends to improve with age (Cauffman, 

2010). Foraging tasks simulate environments of diminishing returns, demonstrating that 

individuals are particularly sensitive to time, costs, and rewards and adjust their behaviour 

appropriately when rewards fall below ideal thresholds (S. M. Constantino & Daw, 2015). 

Finally, information sampling paradigms require participants to actively gather information to 

make accurate decisions, showing that people prefer to tolerate low levels of uncertainty and 

are sensitive to sampling costs (Clark et al., 2009; Juni et al., 2016). They also tend to sample 

more efficiently when deliberating longer and can even overcome the typical speed-

efficiency trade-off under significant time pressure (Petitet et al., 2021). 

In conclusion, research on decision-making reveals that humans tend to exhibit strong 

aversions to loss, effort, and delay. While they often rely on heuristics and occasionally adopt 

suboptimal strategies, cognitively intact individuals are generally capable of identifying and 
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selecting more rewarding options from among alternatives. Each decision-making paradigm 

offers valuable insight into different facets of human behaviour; however, many carry 

inherent limitations in ecological validity. The rationale for selecting CQ as the paradigm for 

the studies in this thesis lies in its ability to address several of these limitations. By 

integrating interactive sampling, explicit costs, and real-time reward feedback, CQ provides a 

dynamic and realistic framework for investigating how structural brain changes and physical 

effort demands shape human decision-making under uncertainty. The following section will 

examine how structural brain changes such as vascular pathology and brain lesions impact 

decision-making, highlighting the effects of structural disruption on cognitive control and 

valuation mechanisms. 

 

THE ROLE OF WHITE MATTER (WM) DYSFUNCTION IN DECISION-MAKING  

In the previous section, I discussed findings from the human decision-making literature in 

healthy individuals. Here, I examine how a neurological disorder with vascular pathology can 

influence decision-making behaviour, assess its validity as a research model, and propose a 

suitable task for investigating its impact on decision processes. SVD is a neurodegenerative 

condition that selectively affects the white matter (WM) in the brain (Pantoni, 2010; Wardlaw 

et al., 2019). It offers an important opportunity to examine the role of WM dysfunction – or 

functional disconnection – on decision-making. 

 

1.8 Cerebrovascular Small Vessel Disease (SVD)  

SVD refers to a group of diseases that damage the small blood vessels of the brain and is the 

most common cause of vascular dementia (Q. Li et al., 2018; Pinter, 2015; Teng et al., 2017). 

Magnetic resonance imaging (MRI) is the primary modality for in vivo detection of SVD-

related changes due to its superior sensitivity to soft tissue contrast and microstructural 
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abnormalities (Berger, 2002). MRI operates on the principle of nuclear magnetic resonance, 

leveraging the abundant hydrogen protons in water and fat molecules within biological 

tissues (Figure 6A). Under normal physiological conditions, these protons spin with random 

orientations but remain susceptible to magnetic induction due to their intrinsic angular 

momentum (spin) and associated magnetic moments. (Figure 6B). In a strong static magnetic 

field (B₀), these protons align either parallel or anti-parallel to the field, generating a net 

longitudinal magnetization vector (Figure 6C). When a radiofrequency (RF) pulse tuned to 

the Larmor frequency is applied, it transfers energy to the system, causing hydrogen protons 

to shift from a low- to a high-energy state. This process tips the net magnetization vector 

from its alignment along the longitudinal axis into the transverse plane, generating a coherent 

signal that can be detected as it decays over time. Upon cessation of the RF pulse, the protons 

return to equilibrium via two relaxation processes: longitudinal (T1) and transverse (T2) 

relaxation. 

Crucially, the relaxation times of hydrogen protons vary across tissue types due to 

differences in molecular environments; for example, water-rich cerebrospinal fluid (CSF) has 

longer T1 and T2 relaxation times than both grey matter (GM) and myelin-dense WM (WM), 

with WM exhibiting the shortest relaxation times due to its tightly packed, lipid-rich 

microstructure. These differences are exploited by tailored pulse sequences (e.g., T1-

weighted, T2-weighted, and FLAIR) to generate tissue-specific contrast. In the context of 

SVD, these sequences enable the visualization of characteristic lesions including white matter 

hyperintensities (WMHs) on T2 and FLAIR, lacunes and microinfarcts as hypointense 

cavities, cerebral microbleeds via susceptibility-weighted imaging (SWI), enlarged 

perivascular spaces, and regional or global atrophy (Figure 7). This high-resolution structural 

imaging allows for mapping of lesion burden and distribution, making SVD an important 
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model for investigating the correlation between neuroimaging markers, clinical severity, and 

cognitive or behavioral outcomes. 

 

Compared to age-matched healthy individuals, SVD patients typically show and 

quantifiable abnormalities in WM and GM microstructure. Advanced MRI analysis 

techniques such as Brain Intensity AbNormality Classification Algorithm (BIANCA), 

Diffusion Tensor Imaging (DTI), Tract-Based Spatial Statistics (TBSS), and Neurite 

Orientation Dispersion and Density Imaging (NODDI) can help to assess microstructural 
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changes in the brain associated with SVD (Griffanti et al., 2016a; O’Donnell & Westin, 2011; 

Smith et al., 2006; H. Zhang et al., 2012).  

BIANCA, a supervised machine learning algorithm applied to FLAIR and T1-

weighted images, automatically segments WMHs by classifying voxels based on intensity 

and spatial features, providing objective measures of WMH volume and distribution 

(Griffanti et al., 2016a). WMH are common radiological features of normal ageing, however, 

their progression is typically more extensive and accelerated in individuals with SVD 

(Jochems et al., 2022).  

DTI characterizes the directional movement of water molecules, producing metrics 

such as fractional anisotropy (FA), mean diffusivity (MD), radial diffusivity (RD), and axial 
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diffusivity (AD). Reduced FA and elevated MD are observed in SVD patients, indicating 

demyelination, axonal degeneration, and increased extracellular water (Duering et al., 2018). 

TBSS, a voxel-wise statistical analysis of DTI data, enhances the anatomical alignment of 

WM tracts across individuals and reveals focal microstructural damage along the major fiber 

bundles. SVD patients show decreased WM integrity, predominantly in the forceps minor, 

forceps major, corticospinal tracts, inferior fronto-occipital fasciculus, superior and inferior 

longitudinal fasciculi, and anterior thalamic radiation (Hu et al., 2022).  

NODDI, an advanced multi-shell diffusion imaging model, distinguishes between 

intra-neurite and extra-neurite water compartments and provides indices such as neurite 

density index (NDI) and orientation dispersion index (ODI) (H. Zhang et al., 2012). In SVD, 

reduced NDI and altered ODI are indicative of disrupted neurite integrity and altered 

microstructural organization (Dobrynina et al., 2024; Hong et al., 2021). However, NODDI 

metrics have been reported to be less reproducible (Konieczny et al., 2021). Collectively, 

these advanced MRI techniques allow for the characterization of tissue damage beyond 

conventional imaging markers.  

Additionally, studies have provided strong evidence of SVD markers’ association 

with stroke, dementia and even depression (Rensma et al., 2018; Stewart et al., 2021). SVD 

has also been associated with impairments in executive function, information processing 

speed, and overall cognition (Croall et al., 2017; Huijts et al., 2013), discussed further below. 

Moreover, cognitive symptoms in SVD may progress gradually in some individuals, although 

the rate of decline is highly variable (Aarsland et al., 2004; Ide et al., 2024; Lawrence et al., 

2015; Wilkosz et al., 2010). This relative preservation of function in the earlier stages can be 

advantageous for clinical research, as individuals are more likely to retain the cognitive 

capacity to engage in complex behavioural tasks. SVD stands to offer important insights into 

WM dysfunction, particularly in the frontal lobes, which are commonly and 
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disproportionately affected by deep WMHs (Sachdev et al., 2007; Wen & Sachdev, 2004). 

This predilection is attributed to the vulnerability of frontal perforating arteries to ischemia 

and age‑related vascular risk (Gootjes et al., 2004). Frontal WMH burden is consistently 

among the highest observed inageing and SVD cohorts, and is significantly associated with 

cognitive performance in domains such as executive function and processing speed 

(Vergoossen et al., 2021). 

 

1.9 Role of WM in Cognition and Decision-Making in SVD 

Previous research studies involving SVD patients have found that WMH burden contributes 

to impaired performance on tests of executive function, attention, memory and psychomotor 

speed as well as on global cognitive test scores (Alves et al., 2008; Jochems et al., 2025; 

Jokinen et al., 2009; van der Flier et al., 2005; Verdelho et al., 2007; S. Wang et al., 2022). 

For example, Jochems et al. (2025) demonstrated that WMH progression showed poorer 

performance on executive tasks such as the Trail Making Test (TMT). Similarly, Wang and 

colleagues (2022) found that increased WMHs correlated with slowed psychomotor speed on 

the TMT. Moreover, specific WM tracts, including the anterior thalamic radiation and 

superior longitudinal fasciculus, have been linked to these cognitive deficits, suggesting that 

disruption of fronto-subcortical circuits plays a key role in the observed impairments 

(Crockett et al., 2021; Huang et al., 2020; X. Li et al., 2024). However, there has been a 

relative lack of work on how SVD might impact human decision-making.  

One group of investigators reported that poorer decision-making abilities on the IGT 

in older adults is associated with cortical WM integrity throughout the human brain (Timpe et 

al., 2011). In a different study which examined EBDM using the Apple Gathering Task in 82 

patients with SVD significant differences were found between the way some patients 

performed compared to age-matched controls (Saleh et al., 2021a). Specifically, SVD 
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patients with clinical apathy (loss of motivation to execute goal-directed behaviour) were less 

likely to accept offers when either the reward was low, or the effort required was high. 

Similarly, in an investigation of patients with a genetic form of SVD, Cerebral Autosomal 

Dominant Arteriopathy with Subcortical Infarcts and Leukoencephalopathy (CADASIL), 

using the same task, apathy was associated with diminished reward sensitivity, but with 

relatively preserved effort discrimination (Le Heron, Manohar, et al., 2018). These findings 

imply that reduced goal-directed behaviour in SVD may stem more from both blunted reward 

sensitivity and increased effort aversion. However, both studies reported weak associations 

between behavioural outcomes and WM structural measures, highlighting the need for further 

research into the neurobiological mechanisms underlying these effects. 

In this thesis, I use the CQ task to examine decision-making under uncertainty in 

SVD. To the best of my knowledge this form of decision-making has not been investigated 

previously in SVD. The nature of WM disruption in SVD provides an important system in 

which to examine whether – and how – such changes in WM tracts affects performance when 

people make decisions under uncertainty. 

 
DECISION-MAKING IN PATIENTS WITH MEDIAL FRONTAL LESIONS 

In the previous section we discussed how SVD, a vascular pathology affecting the brain’s 

WM matter, can influence decision-making. In this thesis, I also attempted to examine a 

second group of patients with specific damage to the medial frontal lobe (MFL). 

  

1.10  HUMAN DECISION-MAKING AND THE FRONTAL LOBE 

Human decision-making is often an underdiscussed component of executive functioning. 

Other components of executive function such as working memory have often taken priority 

when evaluating the behavioral implications of frontal lobe damage (Baddeley, 1992). 

Nevertheless, some cognitive assessments of patients with frontal lobe damage have focused 
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on working memory and problem-solving abilities, with problem-solving representing a 

cognitive domain that is more closely related to decision-making (Burgess, 2010; Koechlin, 

2016; Roca et al., 2010; Stuss, 2011; Stuss & Alexander, 2000).  

Other investigators have employed some of the decision-making tasks I discussed in 

earlier sections of this chapter. For example, a study by Cardoso and colleagues (2014) 

reported evidence of patients with frontal lobe damage having impaired performance on the 

IGT when compared to controls (Cardoso et al., 2014). As discussed earlier, however, the 

IGT is heavily reliant on intact memory and does not adequately account for the cost of 

sampling additional information. A task such as the CQ paradigm, which allows for active 

sampling while isolating components such as cost and reward while minimizing memory 

confounds, may offer better insights into these unresolved issues. Although many studies 

have investigated patients with frontal pathology, here I focus on patients with lesions to the 

medial frontal lobe (MFL), a region critically involved in reward-based decision-making and 

performance monitoring (Kennerley & Walton, 2011a; Silvetti et al., 2014).  

 

1.11  MEDIAL FRONTAL LOBE 

The MFL is a critical region of the human brain (Figure 8) which consists of a dorsal region 

that includes the anterior cingulate cortex (ACC) and the prefrontal cortex (PFC) (Vega et al., 

2016). The PFC is also subdivided into several regions, including the dorsomedial prefrontal 

cortex (dmPFC), the ventromedial prefrontal cortex (vmPFC) and the medial orbitofrontal 

cortex (mOFC).  
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1.12  HUMAN DECISION-MAKING IN MFL LESIONED PATIENTS 

Damage to the MFL has been associated with a variety of cognitive and affective deficits, 

including impairments in executive functions, attentional control, self-referential processing, 

emotion regulation, social cognition, and decision-making (Yuan & Raz, 2014). However, the 

effects of MFL lesions on human decision-making remain contentious in the literature, 

possibly because of the functional and structural heterogeneity of this area of the brain (Brand 

et al., 2006; Yu et al., 2020). Human decision-making can be categorized into various types 

of cognitive process, each of which may recruit different parts of the frontal lobe. 

Additionally, the discourse may be further complicated because of the brain’s remarkable 

ability to compensate for damage, especially in cases where a structure is bilateral (Voytek et 

al., 2010).  

At the turn of the century, Bechara provided evidence for six patients with bilateral 

damage to the vmPFC who made poor decisions when presented with the IGT (Bechara, 
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1994; Bechara et al., 2000). The vmPFC lesioned patients’ apparent ‘myopic’ view of future 

consequences made them more inclined to choose the disadvantageous card decks over the 

advantageous options. Manes and his colleagues (2002) found similar results a few years later 

when they reported impaired performance of 18 patients with single focal lesions to the 

dorsomedial prefrontal cortex (dmPFC) on the IGT (Manes et al., 2002). This same study, 

however, found no significant impairments when patients performed the Gamble Task and 

the Risk Task (Rogers, Everitt, et al., 1999; Rogers, Owen, et al., 1999), both designed to 

assess different aspects of decision-making under uncertainty. In the Gamble Task, 

participants choose between red and blue boxes with varying probabilities of reward, 

followed by a separate betting phase where they wager based on confidence—allowing 

probabilistic reasoning and risk preference to be independently assessed. In contrast, the Risk 

Task embeds the gamble within the decision itself by varying both reward magnitude and 

probability across options, thereby capturing the trade-off between likely but low-reward 

choices and unlikely but high-reward alternatives. The preserved performance on these tasks 

suggests that medial frontal lobe damage, regardless of lateralization, may not disrupt 

externally guided probabilistic or risk-based decisions, but may instead impair decisions 

requiring prospective, internally generated evaluation.  

Another investigation conducted by Fellows and Farrah in 2005 also reported that 

damage to either the vmPFC or dorsolateral prefrontal cortex (dlPFC) resulted in impaired 

performance on the IGT in 20 lesioned patients (Fellows & Farah, 2005). However, when a 

version of the task was administered with “shuffled” decks (the order of cards within each 

deck was randomized on every trial) only patients with dlPFC lesions remained impaired. 

This contrasts with the original version of the task, in which fixed card sequences within each 

deck allow participants to gradually learn from consistent reward and punishment patterns. 

By removing these predictable sequences, the shuffled version minimized reliance on 
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habitual learning and instead emphasized abstract value representation and prospective 

reasoning. The findings suggest that damage to the vmPFC may disrupt future-oriented 

planning and the ability to assign long-term value to choices, rather than impair general 

learning of reward contingencies.   

Beyond tasks involving ambiguity, such as the IGT, the vmPFC has also been 

consistently implicated in decision-making under risk, where outcome probabilities are 

explicitly known. Clark et al. (2004 and 2008) showed that patients with lesions to the 

vmPFC exhibited increasing betting behavior when asked to complete the CGT compared to 

controls (Clark et al., 2008; Clark & Manes, 2004). They accomplished this first in a group of 

46 patients with unilateral lesions of the frontal lobe and later in a group of 20 patients with 

focal lesions to the vmPFC.  Similar findings were reported by Weller et. al, 2007 when 

riskier decision-making was observed in seven patients with bilateral vmPFC lesions who 

completed a computerized version of the cup task, a similar paradigm to the CGT without the 

wagering, which has sure gain and sure loss trials with the additional option to choose an 

alternative that was 50/50 no gain/loss or greater gain/greater loss (Weller et al., 2007). 

Lesioned individuals performed sub-optimally when considering both greater gains and 

losses.  

The Roulette Betting Task (RBT), which resembles the CGT but includes both 

positive and negative odds, was used by Studer et al. (2015) to replicate Clark’s earlier 

findings of increased betting behaviour in 13 patients with vmPFC lesions. (Studer et al., 

2015). Similarly, Levens and colleagues used a gambling task in a separate cohort of 13 

patients with frontal lobe lesions and reported comparable results, further supporting Clark’s 

conclusions regarding the role of frontal regions in decision-making under risk (Levens et al., 

2014). Somewhat contrary to these findings, however, there is a report in the literature that 
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although patients with bilateral damage to the vmPFC are indeed risky decision-makers, this 

might occur only in cases of sure loss (Pujara et al., 2015).  

Risky decision-making unlike those under uncertainty show no evidence of being 

affected by damage to the dmPFC. Rogers, Everitt et al. 1999 had participants complete a 

version of the CGT and found that 20 patients with either dorsolateral or dorsomedial lesions 

were unimpaired compared to controls (Rogers, 1999).  

Despite the overwhelming evidence that damage to the vmPFC might result in sub-

optimal performance in decision-making tasks, there is a case to be made that lesions to this 

brain region might have positive effects on human decision-making. As was highlighted 

earlier, the evaluation stage of decision-making is susceptible to individual biases. Manohar 

et. al, 2021 provided evidence for an ameliorating effect (better performance) of vmPFC 

lesions using a reversal learning and gambling task that included probabilistic learning and a 

post-decision wager (S. Manohar et al., 2021). Consistent with previous betting tasks, 16 

patients with unilateral lesions of the vmPFC placed higher bets than healthy controls. These 

patients, unlike their healthy counterparts, also showed weaker biases in their responses to the 

outcome of previous trials and the unchosen option. One lone patient with bilateral lesions of 

the vmPFC included in the experiment proved to be an anomaly. Though he was also less 

biased along with the other lesioned patients, he had the best overall performance among all 

participants, exhibiting a more rational betting strategy than even healthy controls.  

While the ACC is widely implicated in decision-making, particularly in evaluating 

outcomes and guiding adaptive behavior, the effects of focal ACC lesions in humans remain 

underexplored (Baird, 2006). Much of our understanding stems from animal 

electrophysiology and human neuroimaging studies (Gangopadhyay et al., 2021; Monosov et 

al., 2020; S. Wang et al., 2017) , which have linked the ACC to functions such as conflict 

monitoring, error detection, and value-based adjustment. Although some lesion studies, such 
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as those examining frontal lobe damage (e.g., (Bechara, 1994, 2004; Bechara et al., 2000; 

Fellows & Farah, 2005, 2007), involve portions of the ACC, these lesions typically span 

multiple medial structures, making it difficult to isolate the functional contribution of the 

ACC itself. A similar issue arises in lesion cases reported by Manohar et al., where parts of 

the ACC is involved but the damage is not exclusive. This underscores a key methodological 

challenge in human lesion research, where damage restricted solely to a part of the brain is 

exceedingly rare. Moreover, recruiting patients with well-characterized, anatomically 

selective lesions remains inherently difficult (Rorden & Karnath, 2004). As a result, while 

converging evidence supports the ACC’s role in decision-making, definitive lesion-based 

dissociation studies in humans remain limited, reinforcing the continued importance of 

multimodal approaches that integrate lesion studies with neuroimaging and behavioral 

analysis. 

 

CONCLUSION 

Effective decision-making relies on the coordinated activity of several key brain regions, 

each contributing to different stages of the process (Broche-Pérez et al., 2016; Opris & Bruce, 

2005). Notably, these regions are not always anatomically adjacent, underscoring the 

distributed and integrative nature of the neural networks involved, as well as the critical role 

of WM pathways that support their interconnectivity. SVD is a neurodegenerative disorder 

that disrupts network connectivity within the brain, and research has shown impairment, at 

least in effort-based decision-making in this patient group (Le Heron, Manohar, et al., 2018; 

Saleh et al., 2021a). While this behavioural dysfunction has been linked to apathy, the 

underlying structural and functional mechanisms remain unclear, warranting further 

investigation using more nuanced paradigms such as the CQ paradigm. 
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The MFL also plays a crucial role in human decision-making and damage to this brain 

area can alter behavior significantly. Given the anatomical and clinical rarity of lesions 

confined solely to the anterior cingulate cortex (ACC), isolating its causal contribution to 

human decision-making remains a key gap in the lesion literature. In contrast, lesions of the 

dmPFC and vmPFC in humans has been studied quite extensively but with varying results, as 

discussed above. Damage to these areas of the prefrontal cortex have largely been shown to 

have deleterious effects on human decision-making but in rare cases such injuries can result 

in advantageous behavior (S. Manohar et al., 2021). Possible reasons for the heterogeneity in 

the data surrounding the effect of dmPFC and vmPFC lesions could be due to the 

inconsistencies in extent of the lesions, lateralization of the injury and the compensatory 

responses. Notwithstanding, there is much evidence to suggest the dmPFC’s importance in 

decision-making under uncertainty and the vmPFC’s significance in both decision-making 

under uncertainty and with risk. Damage to the vmPFC leads to an impaired ability to foresee 

future consequences, learn from experience to influence future decisions, and produces 

riskier behavior in humans (Bechara et al., 2000; Clark et al., 2008). vmPFC damage may 

also reduce subjective bias in a way that leads to more rationale decision-making.  

One aim of this thesis is to evaluate decision-making in a representative group of 

MFL patients by examining the roles of the dmPFC, vmPFC and ACC, in conjunction with 

the WM tracts that project to and from these regions, using the CQ task paradigm. The 

chapters that follow are structured as outlined below, each addressing a specific aspect of the 

research topic: 

 

In Chapter 2, I will present an analysis of neuroimaging data from SVD patients 

comparing them to age-matched healthy controls (HCs), establishing the structural 

context for subsequent behavioral findings. 
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In Chapter 3, I will focus on behavioural findings from the core CQ task paradigm 

administered to SVD participants and HCs and evaluate these in relation to clinical 

characteristics and neuroimaging markers. 

 

In Chapter 4, I will extend this investigation to a new effort-based variant of the CQ 

task within the same groups (SVD and HCs), integrating behavioral outcomes with 

clinical and structural imaging data to assess the influence of physical effort. 

 

In Chapter 5, I will consider the performance of MFL patients compared to HCs on 

the CQ task. Behavioral patterns are interpreted alongside neuroimaging and clinical 

profiles to elucidate the role of MFL in decision-making. 

 

In Chapter 6, I will synthesize the insights from all preceding chapters, drawing 

together behavioral, clinical, and neuroimaging evidence to address the central 

research question of how uncertainty in decision-making is managed, and how this is 

disrupted by structural brain pathology. 
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2| Impact of SVD on the human brain 

 

2.1 Abstract 

SVD is conventionally diagnosed based on characteristic neuroimaging abnormalities visible 

on structural MRI scans. WMH, lacunes, perivascular spaces, and microbleeds are commonly 

reported features. The analyses presented in this chapter compared neuroimaging measures in 

patients with SVD and age-matched healthy controls (HC), with the aim of establishing the 

structural context for the behavioural findings reported in subsequent chapters.  

WMH burden was quantified using the FSL BIANCA algorithm, which revealed the 

expected increase in WMH volume in the SVD group relative to HC. Diffusion MRI analyses, 

conducted with both diffusion tensor imaging (DTI) and neurite orientation dispersion and 

density imaging (NODDI), demonstrated widespread reductions in WM microstructural 

integrity in patients with SVD. Tract-based spatial statistics (TBSS) confirmed the diffuse 

nature of these alterations across major WM tracts. Together, these findings align with prior 

reports of SVD-related disruption to global WM architecture. 

In summary, the results of this chapter establish that the SVD group recruited for this 

study differed significantly from the age-matched HC group across several neuroimaging 

measures. These analyses demonstrate that the SVD sample is representative of the disease 

population and provide the necessary structural context for interpreting the neuroimaging–

behavioural relationships examined in subsequent chapters. 

 

2.2 Introduction 

SVD is a chronic, progressive condition commonly seen in ageing populations and associated 

with a range of structural abnormalities in the brain (Pantoni, 2010). Although its underlying 

pathology evolves over many years, the diagnosis is typically based on characteristic 
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neuroimaging findings (Duering et al., 2012; Huijts et al., 2013; Konieczny et al., 2021). 

Conventional MRI markers of SVD include white matter hyperintensities (WMH), lacunes, 

enlarged perivascular spaces, cerebral microbleeds, and cortical atrophy (Wardlaw et al., 2019). 

These features, standardised in criteria such as STRIVE-1 (Wardlaw et al., 2013) and STRIVE-

2 (Duering et al., 2023), form the basis of most clinical and research definitions of the disease. 

However, many of these imaging markers are not exclusive to SVD and may also be present, 

to a lesser degree, in healthy ageing (O’Sullivan et al., 2001). This complicates the diagnostic 

process and necessitates a nuanced interpretation of structural imaging findings. 

A further limitation of conventional structural MRI lies in its inability to directly 

visualise the small perforating arterioles affected in SVD (Blair et al., 2017). Most clinical 

protocols rely on 1.5T or 3T MRI, which are insufficiently sensitive to detect damage at the 

level of microvasculature. Consequently, assessments of disease burden often depend on the 

volume or distribution of secondary features such as WMH or microbleeds.  

Visual rating scales are commonly used to assess WMH, but they are inherently limited 

by subjectivity and inter-rater variability. Examples of these scales include the Fazekas 

(Fazekas et al., 1987), the Scheltens (Scheltens et al., 1993) and the Age-Related White Matter 

Changes (ARWMC) (Wahlund et al., 2001). The Fazekas scale (Figure 2-1) is the simplest of 

the three instruments and remains the most widely used, providing separate 0–3 scores for 

periventricular and deep WMH (Gouw et al., 2006). This anatomical distinction (as determined 

by their proximity to the lateral ventricles) is clinically relevant, since WMH in these regions 

may arise from different pathological mechanisms and might have distinct associations with 

cognitive and functional outcomes (Cai et al., 2022). Emerging evidence suggests that the 

distribution of WMH could serve as a proxy for differing underlying pathophysiological 

mechanisms; however, further research is needed to clarify the extent and consistency of these 

associations. 
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Figure 2-1. Fazekas scale for grading WMH on MRI. Visual classification of WMH severity in 
periventricular and deep white matter regions, ranging from absent (Grade 0) to severe (Grade 3). This widely 
used qualitative tool aids in the standardised assessment of WMH burden in both clinical and research settings. 
Reproduced from Mahammedi et al. (2021) with permission.  
 

Periventricular WMH are often associated with chronic interstitial fluid accumulation, 

venous collagenosis, or age-related disruption of ependymal lining (Cai et al., 2022; Lahna et 

al., 2022), whereas deep WMH are more typically linked to underlying small‑vessel ischemic 

injury or microinfarcts (Shim et al., 2015). These regional differences in WMH distribution 

may have implications for clinical outcomes, although findings across studies are not entirely 

consistent. Some research suggests that deep WMH are more frequently associated with 

impairments in executive function, attention, and motor performance, whereas periventricular 

WMH have been linked to global cognitive decline and slower processing speed (Delano-Wood 

et al., 2009; Soriano-Raya et al., 2012; D. M. J. van den Heuvel et al., 2006). However, other 
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studies, such as Sanderson-Cimino et al. (2022), have reported associations between 

periventricular WMH and deficits in executive function, working memory, and episodic 

memory, highlighting the need for further investigation into region-specific cognitive correlates 

(Sanderson-Cimino et al., 2021).  

Given their distinct pathological and clinical implications, it is useful to separately 

quantify periventricular and deep WMH in research settings. To improve objectivity and 

reproducibility in this process, automated tools based on structural MRI have been developed 

and are increasingly used to assess WMH burden with greater precision than traditional visual 

rating scales. 

 
2.2.1 Structural MRI and WMH 

Volumetric approaches using automated segmentation algorithms, such as BIANCA (Brain 

Intensity AbNormality Classification Algorithm) (Griffanti et al., 2016b), The Wisconsin White 

Matter Hyperintensities Segmentation Toolbox (W2MHS) (Ithapu et al., 2014) and the Lesion 

Growth Algorithm (LGA) (Schmidt et al., 2012), offer a more reproducible and objective 

alternative to traditional visual rating scales and are increasingly used in clinical research. 

These tools allow for more precise quantification of WMH burden and reduce the inter-rater 

variability inherent in subjective scales like Fazekas. BIANCA was used for WMH 

segmentation and quantification in this chapter and the rest of this thesis. However, it is 

important to note that WMH visible on structural MRI represent only the most overt 

manifestations of WM damage and may underestimate the true extent of microstructural 

disruption (Promjunyakul et al., 2018). In many cases, injury extends beyond these 

hyperintense lesions into normal-appearing white matter (NAWM), which is not captured by 

volumetric segmentation alone (Mayer et al., 2022; Tuladhar et al., 2015). To address this 

limitation, diffusion MRI offers a more sensitive method for assessing the integrity of WM 
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architecture at the microstructural level and is increasingly employed in SVD research (Y. 

Wang et al., 2024). 

 

2.2.2 Diffusion MRI and WM microstructure 

Diffusion MRI enables the evaluation of microstructural WM integrity beyond what is visible 

on conventional structural scans (Brandhofe et al., 2021; Budisavljevic et al., 2025). Traditional 

diffusion tensor imaging (DTI) quantifies the directional movement of water molecules within 

brain tissue, providing metrics such as fractional anisotropy (FA) and mean diffusivity (MD). 

In patients with SVD, numerous studies have demonstrated reduced FA and increased MD in 

both WMH and NAWM (Duering et al., 2018; Hu et al., 2022; Mayer et al., 2022; Tuladhar et 

al., 2015). These findings indicate widespread microstructural damage that extends beyond the 

WMH lesions captured on structural MRI, reflecting processes such as demyelination, axonal 

loss, and gliosis (Barker et al., 2013; McAleese et al., 2017; Silbert et al., 2021). This sensitivity 

to microstructural disruption has made DTI an important tool in elucidating the relationship 

between WM integrity and cognitive as well as motor deficits in SVD (Mascalchi et al., 2019; 

Nitkunan et al., 2008; Pasi et al., 2016). 

More recently, advanced diffusion models such as neurite orientation dispersion and 

density imaging (NODDI) have been developed to overcome some of the limitations inherent 

in the simpler DTI framework (H. Zhang et al., 2012). Unlike DTI, which provides composite 

measures that can be influenced by multiple underlying factors, NODDI decomposes the 

diffusion signal into biologically meaningful compartments, including intra-cellular (neurite 

density), extra-cellular, and free water fractions. This allows for more precise characterisation 

of microstructural alterations, potentially distinguishing between changes in neurite density 

versus alterations in the surrounding environment such as inflammation or edema. Applying 

these sophisticated techniques in SVD research holds promise for detecting early or subtle 
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disease-related changes, refining our understanding of disease progression, and improving the 

sensitivity of imaging biomarkers for clinical trials and therapeutic monitoring. 

 

2.2.3 Connectomics and WM  

In recent years, connectomics has emerged as a powerful framework for investigating the 

impact of SVD on large-scale brain network organisation (Aykan et al., 2025; Lawrence et al., 

2014; C. Liu et al., 2025; Ogut, 2025; Pasi et al., 2016; Yang et al., 2024). While conventional 

diffusion MRI analyses provide region- or tract-specific markers of WM microstructural 

integrity, structural connectomics (Sporns et al., 2005) allows for a more comprehensive 

characterisation of how SVD-related WM damage disrupts inter-regional communication 

across the brain. This approach models the brain as a network, or graph, where regions of 

interest serve as nodes and WM pathways as edges, enabling the quantification of connectivity 

patterns at both global and local scales. Such methods are particularly relevant for SVD, a 

condition known to affect distributed subcortical and periventricular WM pathways that 

support cognitive, motor, and affective functions (Sanderson-Cimino et al., 2021).  

Despite the growing utility of structural connectomics in clinical neuroscience, several 

methodological considerations should be acknowledged when applying these techniques to 

SVD (Yang et al., 2024). First, WMH and tissue damage can introduce artefacts or reduce the 

reliability of fibre tracking, particularly in regions where signal-to-noise ratio is already 

compromised (Y. Liu et al., 2021; Taghvaei et al., 2023). Although anatomically constrained 

tractography and advanced diffusion models help mitigate some of these issues, the presence 

of lesions still poses challenges for accurate streamline reconstruction. Furthermore, 

connectome metrics are inherently dependent on the chosen parcellation scheme and 

tractography parameters, which can affect reproducibility across studies (Bonilha et al., 2015; 

Borrelli et al., 2022; Gajwani et al., 2023; Radwan et al., 2022). Nonetheless, the integration 
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of microstructural (e.g., FA) and macrostructural (e.g., fibre bundle capacity) measures into a 

unified network model offers a unique way to capture the distributed nature of SVD-related 

pathology (Y. Feng et al., 2025). In this study, structural connectomics provides a framework 

for exploring how alterations in WM pathways may mediate the relationship between lesion 

burden and behavioural outcomes, which will be examined in subsequent chapters. 

The current chapter presents imaging analyses conducted on patients with SVD and 

age-matched healthy controls (HC), with the primary aim of characterising group differences 

in structural and diffusion-based imaging markers. These analyses were intended to determine 

whether the current sample exhibits a pattern of neuroimaging findings consistent with 

previous literature. WMH burden was quantified using BIANCA, while DTI and NODDI 

metrics were assessed across major WM tracts using tract-based spatial statistics (TBSS). In 

doing so, this chapter establishes the structural context necessary for interpreting the 

neuroimaging–behavioural associations explored in subsequent chapters. 

 

2.3 Methods  

2.3.1 Participants, demographics, and consent 

Fifty SVD participants aged between 50–90 years were initially recruited through the Cognitive 

Disorders Clinic at the John Radcliffe Hospital in Oxford. Patients had been referred to the 

clinic for complaints about their cognition. Patients with significantly greater WMH load than 

expected for their age, as determined from clinical (structural) scans, and without features to 

suggest an alternative diagnosis (such as Alzheimer’s disease) were diagnosed with SVD and 

invited to participate in our research studies. Patients with other neurological comorbidities 

such as previous major stroke, Parkinson’s disease or epilepsy were excluded from 

participation. Of the 50 SVD cases, one participant did not provide consent for MRI due to 
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claustrophobia, and five were deemed to have contraindications to MRI by radiographers. The 

remaining 44 participants (25 males, 19 females) underwent research MRI scanning. 

Fifty-eight age-matched healthy controls were recruited through a volunteer database 

of people who expressed interest in being contacted for research participation. The sex ratio of 

the healthy volunteers did not differ significantly from the patient group. Cognitive function 

screening was carried out using the Addenbrooke’s Cognitive Examination-III (ACE-III) 

(Hsieh et al., 2013). 

Permission to conduct this study was obtained from the local ethics committee. All 

subjects provided written consent in accordance with the Declaration of Helsinki and the study 

was approved by the Local NHS research ethics committee 

 

2.3.2 MRI acquisition 

MRI data were acquired using 3T Siemens scanners at two locations: a Magnetom Prisma at 

the Oxford Centre for Human Brain Activity (OHBA), and a Magnetom Verio at the John 

Radcliffe Hospital, Oxford. Scanner protocols were closely matched across sites. Minor 

differences (e.g., a 20 ms difference in T1 inversion time) were accounted for during 

preprocessing and statistical modelling. Structural, diffusion, and resting-state functional scans 

were collected using the following parameters: 

• Structural imaging included a T1-weighted MPRAGE sequence (TR = 2000 ms, TE 

= 2.01 ms, TI = 880 ms, flip angle = 8°, voxel size = 1.0 mm isotropic), and a T2-

weighted fluid-attenuated inversion recovery (T2-FLAIR) sequence (TR = 5000 ms, 

TE = 397 ms, TI = 1800 ms, variable flip angle mode, voxel size = 1.0 × 1.0 × 1.05 

mm). 

• Diffusion-weighted images were acquired using echo planar imaging (EPI) with 

multiband acceleration (factor 3), TR = 3600 ms, TE = 92 ms, and voxel size = 2.0 × 
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2.0 × 2.0 mm. Two phase-encoding directions were used: anterior–posterior (AP) and 

posterior–anterior (PA). The AP scan included 104 diffusion directions: 8 volumes with 

b = 0 s/mm², 50 with b = 1000 s/mm², and 50 with b = 2000 s/mm². The PA scan 

included 6 directions (4 b = 0 s/mm² and 2 with b = 1000 s/mm²), to support distortion 

correction. 

 

2.3.3 MRI pre-processing and analysis 

2.3.3.1 Structural 

Segmentation and quantification of WMH 

WMH segmentation and quantification were used as an initial step to verify whether the two 

groups differed in terms of cerebrovascular disease burden. WMH were segmented using 

BIANCA (Griffanti et al., 2016b), as described in Chapter 1. BIANCA was applied to brain-

extracted T2-FLAIR images, with additional structural information from each participant’s T1-

weighted image to improve classification accuracy. The algorithm requires a training dataset 

with manually labelled WMH and non-WMH voxels; these labels were obtained from the UK 

Biobank Brain Imaging Processing Pipeline (Alfaro-Almagro et al., 2018). BIANCA outputs a 

probabilistic map representing the likelihood of each voxel being classified as WMH. These 

probability maps were thresholded at 0.8, resulting in binary WMH masks (1 = WMH, 0 = non-

WMH). For each participant, total WMH volume was computed using fslstats, and an 

independent two-sample t-test was conducted to assess group differences in WMH burden 

between participants with SVD and healthy controls. 

 

  



 

51 
 

2.3.3.2 Diffusion 

Diffusion MRI preprocessing and analysis for DTI and NODDI 

Diffusion-weighted images were first corrected for susceptibility-induced distortions using 

TOPUP in FSL (Andersson et al., 2003). The output from TOPUP was then passed to EDDY, 

which corrects for eddy currents and participant motion (Andersson & Sotiropoulos, 2016). 

Two models were used to analyze the corrected diffusion data: Diffusion Tensor 

Imaging (DTI) and Neurite Orientation Dispersion and Density Imaging (NODDI) (Croall et 

al., 2017; H. Zhang et al., 2012). The DTI model was fit using FSL’s dtifit tool, while the 

NODDI model was estimated using the Accelerated Microstructure Imaging via Convex 

Optimization (AMICO) framework (Daducci et al., 2015). AMICO provides an efficient 

method for fitting biophysical models such as NODDI, maintaining accuracy while 

substantially reducing computation time. 

Voxel-wise statistical analysis of diffusion metrics was conducted using Tract Based 

Spatial Statistics (TBSS) (Smith et al., 2006). FA images from all participants were slightly 

eroded, and end slices were removed to eliminate potential outliers. Each FA image was then 

non-linearly aligned to the FMRIB58_FA standard-space template (1 mm isotropic resolution) 

using FNIRT. The aligned FA images were merged into a 4D file, skeletonised, and thresholded 

at FA > 0.2 to generate a WM skeleton representing common tracts across participants. 

Skeletonised images were created using tbss_non_FA for the additional diffusion metrics: MD 

from DTI; and NDI, ODI, and isotropic volume fraction (ISOVF) from NODDI. 

Group comparisons were performed using FSL’s randomise with 5000 permutations, 

employing the same GLM used in the VBM analysis, with age, sex, and years of education 

included as covariates. Results were corrected for multiple comparisons using TFCE, and 

significance was defined as α = 0.05. 
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Diffusion MRI preprocessing and analysis for atlas-level connectomics 

To characterise the likely anatomical loci of significant WM effects, the thresholded 

statistical output from each TBSS GLM (i.e., the TFCE-corrected significant clusters) was 

converted into binary masks. These masks represented the set of voxels on the TBSS skeleton 

that showed significant associations for each diffusion metric. As this approach does not 

reconstruct individual streamlines, the resulting maps are intended solely for visualisation of 

probable tract involvement rather than for quantitative tractography. 

Each binary significance mask was projected onto the JHU ICBM-DTI-81 WM atlas 

(Mori et al., 2008)in MNI 1 mm space to identify the major tracts most likely to contain the 

significant voxels. This procedure was implemented in R. For each tract in the atlas, the number 

of significant voxels intersecting that tract was quantified and expressed as a proportion of the 

total tract volume, thereby providing an estimate of the percentage of each tract affected in the 

corresponding TBSS contrast. 

To estimate the potential cortical endpoints of the affected tracts, the Harvard–Oxford 

cortical atlas (1 mm MNI)  (Harvard - Oxford Cortical Structural Atlas (RRID:SCR_001476) 

http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases) was loaded and a k-nearest neighbours (k-NN) 

search was performed from each significant voxel to the nearest cortical label. This allowed us 

to approximate which grey-matter regions the disrupted WM pathways may connect. Labels 

from both the JHU and Harvard–Oxford atlases were then combined to generate anatomically 

interpretable tract–endpoint pairs. 

Finally, a connectogram was constructed to visualise the pattern of putative 

disconnections across the cortex (Figure 2-2)  . Using a custom R script inspired by the circlize 

framework (Gu et al., 2014),  a circular connectome was generated with all 48 cortical regions 

from the Harvard–Oxford atlas represented as nodes along the circumference. Weighted arcs 

were drawn between node pairs according to the percentage of the corresponding tract affected: 
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wider arcs indicate a greater proportion of tract involvement. Colour mapping was used to 

distinguish between positive and negative associations across diffusion metrics, with cool 

(blue) hues indicating greater WM integrity associated with the behavioural or clinical variable, 

and warm (yellow–red) hues indicating reduced integrity. This approach provides a coherent 

visual summary of the most likely WM pathways and cortico-cortical connections contributing 

to each clinical or behavioural association examined in the subsequent chapters. 

 

Figure 2-2. Example of Connectogram Circular connectome generated using R script showing all 48 cortical 
regions from the Harvard-Oxford atlas. The connections shown above are purely for visualisation purposes.  
 

 

The atlas-based interpretation of TBSS results used in this thesis was inspired by recent 

developments in tract-level diffusion MRI analysis. Tractography-informed approaches such 
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as tractography atlas-based spatial statistics (TABSS) (D. Wang et al., 2016), and automated 

multi-atlas tract-extraction pipelines for tract-specific statistical analysis (Jin et al., 2016) 

illustrate the value of summarising WM abnormalities at the level of anatomically defined 

pathways rather than isolated skeleton voxels. Similarly, work on skeletonized atlas-based 

segmentation (S. Zhang & Arfanakis, 2014) demonstrates that overlaying a WM atlas onto a 

TBSS skeleton can improve anatomical interpretability by reducing partial-volume and 

misregistration errors. Although the present implementation does not reproduce these methods 

directly, it was informed by their shared principles: mapping voxel wise diffusion abnormalities 

onto tract-level anatomical units to aid visualisation and interpretation. Nevertheless, because 

this approach does not reconstruct subject-specific streamlines, any inferred tract involvement 

remains necessarily coarse and probabilistic, indicating likely rather than definitive 

disconnection. 

 
2.4 Results 

2.4.1 Demographics and WMH volume 

Participants with SVD did not differ significantly from healthy controls in terms 

of age or sex ratio but had spent fewer years in full time education (Table 2-1). In terms of 

their cognitive status, although the mean Addenbrookes Cognitive Examination-III (ACE-III) 

score for participants with SVD was statistically smaller than that for healthy controls, both 

these scores were still within normal limits for non-demented elderly populations (Beishon et 

al., 2019; Elamin et al., 2016; Hsieh et al., 2013; McCarthy et al., 2024). 
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Table 2-1: Demographic and cognitive measures. HC = Healthy 
Controls, SVD = Cerebrovascular Small Vessel Disease, YOE = Years of 
Education, ACE-III = Addenbrooke’s Cognitive Examination III, AMI =  
Apathy Motivation Index, BDI-II=Beck Depression Inventory II, BIS-II =  
Barrat Impulsiveness Scale II, HADS =Hospital Anxiety and Depression 
Scale. 

 

As expected, WMH volume as computed by BIANCA was significantly greater in the 

SVD group compared to the healthy control group (Figure 2-3a). WMH were present in 

participants in both groups, albeit to a lesser extent in healthy controls. This increased WMH 

burden in the SVD group remained significant even after adjusting for head size (Figure 2-

3b). Further analysis revealed that the SVD group exhibited significantly greater 

periventricular and deep WMH load relative to controls (Figures 2-3c & 2-3d). Group-level 

overlays of the BIANCA-derived WMH masks showed a substantially larger number of 

affected voxels in the SVD group, with lesion distribution extending more extensively beyond 

the lateral ventricles (Figures 2-4a & 2-4b). 
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Figure 2-3. WMH volume in healthy controls and SVD (a) SVD patients had significantly greater total 
WMH lesions than controls. (b) The elevated total WMH burden in SVD participants remained significant 
when head size was controlled for in the analyses. (c) Patients had significantly greater periventricular WMH 
burden and (d) significantly greater deep WMH burden than controls. 

 

 

Figure 2-4. BIANCA masks showing WMH burden by group (a) Controls had WMH lesions consistent 
with healthy ageing. (b) SVD patients had significantly greater WMH burden surrounding the ventricles and 
extending into the deep WM.  
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2.4.2 Clinical Predictors of WMH Volume 

Linear regression analyses were conducted to examine the relationship between total WMH 

volume (log-transformed) and a range of demographic and clinical predictors, including age, 

gender, years of education (YOE), Addenbrooke’s Cognitive Examination (ACE-III) scores, 

Apathy and Motivation Index (AMI), Beck Depression Inventory (BDI-II), Barratt 

Impulsiveness Scale (BIS-II), and Hospital Anxiety and Depression Scale (HADS) scores. In 

the full sample, the overall model was significant (F(9, 66) = 13.60, p < .001), explaining 

approximately 65% of the variance in log-transformed WMH volume (adjusted R² = 0.60). 

Significant positive associations were found between WMH volume and age (β = 0.021, p < 

.001; Figure 2-5a), AMI (β = 0.254, p = .032; Figure 2-5d), and HADS depression scores (β 

= 0.094, p < .001; Figure 2-5e), while ACE scores were negatively associated with WMH 

volume (β = –0.040, p = .002; Figure 2-5c). 

When the analysis was conducted separately by group, the pattern of associations 

differed. In the healthy control group, the model was also significant (F(9, 36) = 5.67, p < .001), 

accounting for 59% of the variance in WMH volume (adjusted R² = 0.48). Within this group, 

WMH volume was positively associated with age (β = 0.031, p < .001; Figure 2-5b), HADS 

depression (β = 0.082, p = .005; Figure 2-5f), and negatively associated with BIS scores (β = 

–0.018, p = .027; Figures 2-5g & 2-5h). No other predictors reached significance. In contrast, 

the model in the SVD group was not statistically significant (F(9, 20) = 1.67, p = .164), 

explaining only 17% of the variance in WMH volume (adjusted R² = 0.17). Although HADS 

depression showed a trend-level association with WMH volume in the patient group (β = 0.103, 

p = .056; Figure 2-5f), no predictors were statistically significant. 

  



 

58 
 

 

Figure 2-5. log-transformed total WMH volume vs demographic and clinical measures (a) WMH burden 
increased significantly with age across both groups which may have been driven by (b) Significant 
correlation of WMH volume with increasing age in controls. (c) Overall, there was a significantly negative 
correlation between total WMH volume and ACE scores. (d) WMH burden in participants showed a 
significantly positive correlation with AMI scores. (e) Total WMH volume increased significantly with 
increased HADS depression scores across both groups which may have been driven by  (f) Significant 
correlation of WMH volume with increasing HADS depression in controls. The relationship between WMH 
volume and HADS depression approaches significance in SVD. (g) WMH burden was significantly 
correlated with BIS scores in controls and appears to be positive but (h) Adjusting the effect of BIS on log 
WMH volume from a multiple linear regression model controlling for clinical variables showed that the 
association is negative and statistically significant. 
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2.4.3 Widespread reduction in white matter tract integrity with DTI and NODDI 

To investigate the impact of SVD on the microstructural integrity of WM tracts in the brain, 

TBSS was applied to diffusion MRI data processed using two modelling approaches: DTI and 

NODDI (see Ch 1 for details on TBSS and the individual models). 

To quantify the extent of diffusion MRI-detected alterations, these changes were 

expressed as percentages of the WM skeleton. A total of 136,000 non-zero voxels constituted 

the WM skeleton. As shown in Table 2-2, FA values differed significantly between the two 

cohorts in 69,694 voxels (51.25%), while MD was altered in 81,912 voxels (60.23%). For 

NODDI metrics, significant changes were observed in 83,083 voxels (61.09%) for NDI, and 

39,810 voxels (29.27%) for ISOVF. ODI was lower in SVD in 351 voxels (0.26%) and higher 

in 7,410 voxels (5.45%) compared to controls. 

 

Table 2-2: Extent of White Matter Microstructural Alterations in SVD Compared to Controls (a) This 
table shows the percentage of WM skeleton voxels that showed significant differences between the SVD cohort 
and controls across various diffusion MRI metrics, based on TBSS results. 
 
 

Further visualisation analyses revealed that SVD was associated with widespread 

microstructural abnormalities across much of the entire WM skeleton, with alterations 

DTI

Percentage of TBSS 
skeleton (%)

No. of affected 
voxels (out of 

136,000)
Diffusion Metric

51.2569,694FA

60.2381,912MD

NODDI

Percentage of TBSS 
skeleton (%)

No. of affected 
voxels (out of 

136,000)
Diffusion Metric

61.0983,083NDI

29.2739,810ISOVF

0.26351ODI (Control > SVD)

5.457,410ODI (SVD > Control)
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detected in all major tract classes (Figures 2-6 & 2-7). Among the association fibres, which 

facilitate intrahemispheric connectivity, prominent changes were observed in several long-

range pathways including the superior longitudinal fasciculus, inferior longitudinal 

fasciculus, inferior fronto-occipital fasciculus, arcuate fasciculus, cingulum, and middle 

longitudinal fasciculus. In the commissural system, which supports interhemispheric 

communication, both the forceps major and forceps minor demonstrated significant 

microstructural disruption. Additionally, changes were evident in key projection fibres, 

particularly the anterior thalamic radiation, corticospinal tract, and acoustic radiation, 

reflecting compromised connectivity between cortical and subcortical regions. Taken 

together, these findings highlight the diffuse impact of SVD on WM architecture, extending 

across tracts subserving a wide range of cognitive, sensory, and motor functions. 

Directionality of change across diffusion parameters was biologically consistent. 

With DTI, individuals with SVD exhibited lower FA and higher MD relative to controls 

(Figures 2-6a & 2-6b). NODDI metrics similarly showed reduced NDI and increased 

ISOVF in the SVD group (Figures 2-7a & 2-7b). ODI demonstrated regionally specific 

alterations. Specifically, ODI was reduced in SVD participants in the left forceps minor, left 

anterior thalamic radiation, and left corticospinal tract (Figure 2-7c), whereas increased ODI 

was observed in the forceps major, inferior longitudinal fasciculus, inferior fronto-occipital 

fasciculus, and superior longitudinal fasciculus (Figure 2-7d). 
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Figure 2-6. TBSS analysis of white matter microstructural integrity using the DTI model (a) SVD 
participants had lower FA (shown in red-yellow) in several white matter tracts compared to healthy elderly 
controls. (b) Many of the same tracts also demonstrated higher MD in SVD participants (shown in blue-light 
blue). The white matter skeleton is shown in green. Positive and negative correlations are shown in warm and 
cool colors respectively for imaging analyses. 
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Figure 2-7. Impact of SVD on white matter microstructural integrity as detected with NODDI (a) SVD 
participants had lower NDI and (b) and higher ISOVF compared to healthy elderly controls. (c) Lower ODI in 
SVD was seen in the forceps minor, anterior thalamic radiation and corticospinal tract, all in the left hemisphere. 
(d) Higher ODI in SVD was observed in the forceps major, inferior longitudinal fasciculus,  inferior fronto-
occipital fasciculus and superior longitudinal fasciculus. The white matter skeleton is shown in green. Positive 
and negative correlations are shown in warm and cool colors respectively for imaging analyses. 
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2.4.4 Correlations of patient demographics and clinical measures with WM integrity 

TBSS analysis, with α = 0.05 and TFCE correction for multiple comparisons, was conducted 

using the DTI model on the whole cohort. These analyses demonstrated that lower FA and 

higher MD were associated with increasing age and with higher scores on the AMI, BDI-II, 

BIS-II, and HADS questionnaires (Figures 2-8 & 2-9). WM changes related to the direction 

of water diffusion were generally more widespread for apathy and depression, but more 

posterior and left-lateralized for impulsivity. In contrast, WM changes related to the rate of 

water diffusion were more widespread for impulsivity and depression but tended to be more 

posterior and left-lateralized for apathy. Years of education showed a negative correlation with 

MD. 

Similar TBSS analyses were performed using the NODDI model, again with α = 0.05 

and TFCE correction. These revealed that lower NDI and higher ISOVF were associated with 

increasing age and with higher scores on the AMI and HADS measures (Figures 2-10 & 2-11). 

Reductions in neuronal density were more widespread for depression than for apathy, affecting 

more anterior WM tracts, whereas the presence of free water was predominantly left-lateralized 

for both measures. Lower NDI was also negatively correlated with scores on the BDI-II and 

BIS-II, and positively correlated with ACE-III scores and years of education (Figure 2-10). 

The spatial pattern of reduced neuronal density associated with BDI-II scores differed slightly 

from the pattern observed with HADS, though the effects remained similarly widespread. 

Impulsivity effects for NDI were right-lateralized.  

ODI showed a bidirectional relationship with age: a superior portion of the right 

corticospinal tract exhibited increased dispersion, whereas a more medial segment of the same 

tract and the left anterior thalamic radiation showed reduced neuronal dispersion (Figure 2-

12). ODI also demonstrated a positive correlation with ACE-III scores, with increased 

dispersion observed in the left anterior thalamic radiation and the forceps minor. 
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Figure 2-8. Correlation of DTI-FA with participant clinical data Unidirectional water movement along WM 
tracts was reduced in association with increasing age and with higher levels of apathy (AMI), depression (BDI-
II; HADS), and impulsivity (BIS-II). The WM skeleton is shown in green and significant voxels are shown in 
blue-light blue for negative correlations. 
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Figure 2-9. Correlation of DTI-MD with participant clinical data The rate of water diffusion along WM 
tracts increased in association with increasing age and with higher levels of apathy (AMI), depression (BDI-II; 
HADS), and impulsivity (BIS-II). However, there was a negative correlation with years of education. The WM 
skeleton is shown in green and significant voxels are shown in red-yellow for positive correlations and blue-
light blue for negative correlations. 
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Figure 2-10. Correlation of NDI with participant clinical data as detected using NODDI Neuron density 
decreased in association with increasing age and with higher levels of apathy (AMI), depression (BDI-II; 
HADS), and impulsivity (BIS-II). However, positive correlations were observed in relation to cognition (ACE-
III) and years of education. The WM skeleton is shown in green and significant voxels are shown in red-yellow 
for positive correlations and blue-light blue for negative correlations. 
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Figure 2-11. Correlation of ISOVF with participant clinical data as detected using NODDI The measure 
of free water in brain tissue increased in association with increasing age and with higher levels of apathy (AMI) 
and depression (HADS). The WM skeleton is shown in green and significant voxels are shown in red-yellow 
for positive correlations. 

 

 

Figure 2-12. Correlation of ODI with participant clinical data as detected using NODDI Greater neuronal 
dispersion was associated with better cognitive performance (ACE-III). A bidirectional relationship with age 
was also observed. The WM skeleton is shown in green and significant voxels are shown in red-yellow for 
positive correlations and blue-light blue for negative correlations. 
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2.4.5 Higher cognition and more years of education predict increased connectivity 

Significant TBSS clusters were registered to the JHU WM atlas (Mori et al., 2008) to delineate 

the implicated tracts and estimate the proportion of supra-threshold voxels per tract. The 

anterior–posterior or superior–inferior endpoints of each tract were linked to the nearest 

cortical labels in the Harvard–Oxford atlas (Harvard - Oxford Cortical Structural Atlas 

(RRID:SCR_001476) http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases), generating a tract-to-cortex 

correspondence. This information was subsequently aggregated to produce a 

connectome/disconnectome, with edge weights representing the percentage of affected voxels 

in each tract. Cognition was associated with increased WM integrity, reflected by higher 

neuronal density (Figure 2-13) and dispersion (Figure 2-14) across several tracts, including  

 

Figure 2-13. Connectome for NODDI NDI with ACE Cognition (ACE-III) was linked to greater neuronal 
density mainly in right lateralized frontal regions  
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those linking the frontal pole and middle frontal gyrus. These same pathways—along with 

connections involving the anterior cingulate gyrus, supramarginal gyrus, and precuneus—

also demonstrated greater integrity with higher years of education, as indicated by reduced 

water-diffusion rates (Figure 2-15)  and increased neuronal density (Figure 2-16). 

 

Figure 2-14. Connectome for NODDI ODI with ACE Cognition (ACE-III) was linked to higher neuronal 
dispersion in bilateral areas of both the frontal and parietal lobes.  
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Figure 2-15. Connectome for DTI MD and YOE More years of education was associated with reduced water 
dispersion along WM tracts between frontal, temporal, parietal and subcortical brain regions. 
 

 

Figure 2-16. Connectome for NODDI NDI with YOE More years of education was associated with greater 
neuronal density in WM tracts between frontal, temporal, parietal and subcortical brain regions. 
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2.4.6 Increased age, apathy, depression and impulsivity predict reduced connectivity 

Ageing was associated with decreased WM integrity, reflected by increased directions 

and rate of water diffusion (Figures 2-17a & 2-17b), reduced neuronal density (Figure 2-18a) 

and more free water surrounding tracts (Figure 2-18b). Affected tracts included those 

projecting to the frontal pole, middle frontal, anterior cingulate and supramarginal gyri.  Ageing 

seemingly had a more complicated relationship with orientation dispersion of neurons (Figures 

2-19a & 2-19b). Tracts projecting to the frontal pole, middle frontal gyrus and precuneus 

showed signs or both increased and decreased organization. Notably, there were other tracts 

connecting frontal, temporal, parietal and subcortical regions that showed decreased 

organization of neurons throughout the brain.  

 Apathy, as measured using AMI, consistently showed negative correlations with 

WM integrity, reflected by increased directions and rate of water diffusion (Figures 2-20a & 

2-20b), reduced neuronal density (Figure 2-21a) and more free water surrounding tracts 

(Figure 2-21b). Tracts projecting to the right frontal pole were consistently implicated across 

all measures. Weakened connectivity was observed in tracts leading to the left middle frontal 

gyrus as determined by FA, MD and NDI. The caudate, paracingulate and precentral gyri also 

had noticeably weakened connections.   
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Figure 2-17. Disconnectome for DTI with Age Increasing age was linked to (a) reduced unidirectional 
movement of water in frontal, parietal and subcortical brain areas. There was also (b) increased water diffusion 
from between frontal, temporal, parietal and subcortical brain regions.  
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Figure 2-18. Disconnectome for NODDI’s NDI and ISOVF with Age Increasing age was linked to (a) 
reduced neuronal density (b) and more free water surrounding tracts between frontal, temporal, parietal 
and subcortical brain regions.  
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Figure 2-19. Disconnectome for NODDI’s ODI with Age A bidirectional relationship was observed with 
(a) higher neuronal dispersion in select frontal and parietal regions (b) and reduced neuronal dispersion in 
frontal, temporal, parietal and subcortical regions. 
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Figure 2-20. Disconnectome for DTI with AMI Increased apathy was linked to (a) reduced unidirectional 
movement of water (b) and increased water dispersion in frontal, temporal, parietal and subcortical brain areas. 
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Figure 2-21. Disconnectome for NODDI with AMI Increased apathy was linked to (a) reduced neuronal 
density in frontal, temporal, parietal regions (b) and more free water surrounding tracts between frontal, parietal 
and subcortical brain regions. 

 



 

77 
 

 

Figure 2-22. Disconnectome for DTI with BDI Increased depression as measured by BDI-II was linked to 
(a) reduced unidirectional movement of water and (b) increased water dispersion in several frontal, temporal, 
parietal and subcortical brain areas. 
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Depression, as measured by both BDI-II and HADS-depression, consistently showed 

negative correlations with WM integrity, reflected by increased directions and rate of water 

diffusion (Figures 2-22a & 2-22b & 2-24a & 2-24b) and reduced neuronal density (Figures 

2-23 & 2-25a). Across both depression measures, almost identical connections between the 

right frontal pole and left middle frontal gyrus; left middle frontal and left precentral gyri; right 

frontal pole and right paracingulate gyrus; left anterior cingulate gyrus with the left amygdala 

and right supramarginal gyrus; and the right caudate with the right hippocampus and right 

posterior cingulate gyrus showed significant reduction in WM integrity as determined by FA, 

MD and NDI.  

Depression, as measured by HADS-depression, showed that there was significantly 

more free water surrounding WM tracts as determined by ISOVF (Figure 2-25b). Weakened 

connectivity was observed in tracts between the left anterior cingulate gyrus and left amygdala; 

the right frontal pole and bilateral posterior cingulate gyri; and the right frontal pole and left 

angular gyrus. 

 

Figure 2-23. Disconnectome for NODDI with BDI Increased depression as measured by BDI-II was linked 
to (a) reduced neuronal density in several frontal, temporal, parietal and subcortical brain areas.  
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Figure 2-24. Disconnectome for DTI with HADS-depression Increased depression as measured by HADS 
was linked to (a) reduced unidirectional movement of water, (b) increased water dispersion (c) and reduced 
neuronal density in almost identical connections between the frontal, temporal, parietal and subcortical areas 
of the brain. (d) There was also more free water surrounding tracts between frontal, parietal and subcortical 
brain regions. 
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Figure 2-25. Disconnectome for NODDI with HADS-depression Increased depression as measured by 
HADS was linked to (a) reduced neuronal density in almost identical connections between the frontal, 
temporal, parietal and subcortical areas of the brain. (b) There was also more free water surrounding tracts 
between frontal, parietal and subcortical brain regions. 
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Increased impulsivity, as measured by the BIS-II, showed associations with a reduction 

in overall WM integrity. This was reflected in increased directions and rate of water diffusion 

(Figures 2-26a & 2-26b), reduced neuronal density (Figures 2-27a) and more free water 

surrounding WM tracts (Figure 2-27b). Similar disconnections to the previously reported 

depression measures (Figures 2-22b & 2-24b)were observed for impulsivity but only as 

modelled by MD (Figure 2-26b). These include links between the right frontal pole and left 

middle frontal gyrus; left middle frontal and left precentral gyri; right frontal pole and right 

paracingulate gyrus; left anterior cingulate gyrus with the left amygdala and right 

supramarginal gyrus; and the right caudate with the right hippocampus and right posterior 

cingulate gyrus. The impulsivity disconnectome as modelled by FA showed a similar pattern 

with the exception of projections from the left anterior cingulate gyrus to the left amygdala and 

right supramarginal gyrus (Figure 2-26a). The connection between the left anterior cingulate 

gyrus and left amygdala was yet again shown to be weakened by the ISOVF disconnectome 

(Figure 2-27b) along with projections to the right frontal pole, left posterior cingulate gyrus, 

and left middle frontal and precentral gyri. The NDI disconnectome (Figure 2-27a)  showed 

similar weakened connectivity to the MD model (Figure 2-26b) between the right frontal pole 

and left middle frontal gyrus; left middle frontal and left precentral gyri; right frontal pole and 

right paracingulate gyrus; left anterior cingulate gyrus and right supramarginal gyrus; and the 

right caudate with the right hippocampus. The NDI model also highlighted a disconnection 

between the left thalamus and left precuneus cortex that was less salient in previous models. 
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Figure 2-26. Disconnectome for DTI with BIS Increased impulsivity as measured by BIS-II was linked to (a) 
reduced unidirectional movement of water and (b) increased water dispersion in frontal, temporal, parietal and 
subcortical brain areas. 
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Figure 2-27. Disconnectome for NODDI with BIS Increased impulsivity as measured by BIS-II was linked 
to (a) reduced neuronal density in frontal, temporal, parietal and subcortical brain areas. (b) There was also 
more free water surrounding tracts between frontal, parietal and subcortical brain regions. 
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2.5 Discussion 

The primary aim of this chapter was to characterise structural and diffusion-derived 

neuroimaging markers in individuals with SVD relative to age-matched HC. This was done in 

an effort to establish the structural context needed to interpret the neuroimaging–behavioural 

associations that will be examined in subsequent chapters. Overall, the pattern of findings was 

highly consistent with established literature on SVD (Duering et al., 2018; Mayer et al., 2022; 

Tuladhar et al., 2015), indicating that the current sample demonstrates the expected 

macrostructural and microstructural signatures of the neurodegenerative disorder. By 

combining quantitative WMH estimation with diffusion MRI modelling using both DTI and 

NODDI within a TBSS framework, this chapter provides a comprehensive overview of WM 

alterations that are both widespread and biologically interpretable. 

As expected, participants with SVD exhibited substantially greater WMH burden than 

those in the HC group, both in terms of total lesion volume and regional distribution (Figures 

2-3 & 2-4). Although some degree of WMH was observed in the healthy ageing group, lesions 

in SVD were considerably more extensive and involved both periventricular and deep WM 

regions. Group-level lesion probability maps further indicated that the SVD group showed 

WMH extending considerably beyond periventricular boundaries, supporting the presence of a 

generalised small vessel pathology. Importantly, the two groups were matched on age and sex, 

and although the SVD group had spent fewer years in formal education and showed slightly 

lower cognitive scores (Table 2-1), both groups performed within normal limits for their age 

group on the ACE-III (Beishon et al., 2019; McCarthy et al., 2024). Thus, group differences in 

WMH and subsequent diffusion abnormalities likely reflect disease-specific processes rather 

than demographic or cognitive confounds. 

The analysis of clinical predictors of WMH burden revealed a nuanced pattern. When 

examined across the full cohort, WMH volume was strongly positively correlated with age, 
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apathy and depression (Figure 2-5), but negatively correlated with ACE-III scores (Figure 2-

5c). However, these associations were mainly driven by the HC group. Among HC, being older 

and having higher HADS-depression scores were good predictors of increased WMH burden, 

and impulsivity showed an additional negative association. In contrast, no predictors reached 

significance within the SVD group, where the model explained minimal variance. This 

divergence might suggest that once vascular injury becomes established, inter-individual 

variability in demographic or clinical characteristics contributes relatively little to explaining 

further lesion accumulation. Alternatively, it is possible that selection bias within the patient 

group limited the detection of such associations. 

The TBSS analyses provided a more detailed account of microstructural WM changes 

and demonstrated widespread alterations across all major tract categories. More than half of 

the WM skeleton showed significant differences between groups in FA, MD, NDI, or ISOVF, 

and regionally specific changes were observed in ODI (Table 2-2). The directionality of these 

findings aligned with established pathophysiological interpretations (Duering et al., 2018; Hu 

et al., 2022; Mayer et al., 2022; Tuladhar et al., 2015). Lower FA and higher MD in SVD reflect 

disruptions to fibre coherence and increased diffusivity (Figure 2-6); reduced NDI and 

increased ISOVF indicate diminished axonal density and altered extracellular 

composition(Figure 2-7); and bidirectional ODI changes suggest region-specific differences 

in fibre dispersion potentially linked to both degenerative and compensatory processes (Figure 

2-7). These alterations encompassed extensive association fibres (e.g., superior longitudinal, 

inferior longitudinal, and inferior fronto-occipital fasciculi), commissural fibres including the 

forceps major and minor, and projection pathways such as the anterior thalamic radiation and 

corticospinal tract. The breadth of these disruptions highlights the diffuse nature of SVD-

related microstructural injury. 
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When clinical and demographic variables were examined in relation to WM integrity 

across the whole cohort, a coherent set of associations emerged. Increasing age, higher levels 

of apathy, depression, and impulsivity were each linked to reduced WM integrity, though with 

distinct spatial patterns across DTI (Figures 2-8 & 2-9) and NODDI metrics (Figures 2-10 & 

2-11 & 2-12). Tract changes associated with apathy and depression were relatively widespread, 

whereas impulsivity effects were more posterior or lateralised depending on the model. 

Reductions in neuronal density and increases in extracellular free water were common features 

associated with negative affective and motivational states. Having more years of education and 

better cognitive performance showed the opposite pattern, being associated with reduced rates 

of water diffusion and higher neuronal density across fronto-parietal and fronto-cingulate 

pathways. These findings are broadly consistent with concepts of cognitive reserve (Arenaza-

Urquijo et al., 2011; Bozzali et al., 2015; Brickman et al., 2011), suggesting that education and 

preserved cognitive functioning may confer resilience at the level of microstructural 

connectivity. 

Connectome-based analyses further underscored these associations by demonstrating 

that cognition and education were linked to increased structural connectivity in tracts 

connecting frontal, parietal, cingulate, and limbic regions (Figures 2-12 & 2-13 & 2-14 & 2-

15). In contrast, ageing and higher levels of apathy, depression, and impulsivity predicted 

reduced connectivity across many of the same networks (Figures 2-16 & 2-17 & 2-18 & 2-19 

& 2-20 & 2-21 & 2-22 & 2-23 & 2-24 & 2-25 & 2-26 & 2-27). Particularly noteworthy was 

the convergence of disconnection patterns across multiple behavioural measures, with 

consistent involvement of pathways linking the frontal pole, middle frontal gyrus, anterior 

cingulate cortex, amygdala, paracingulate gyrus, and supramarginal gyrus. These results 

indicate that vulnerability within fronto-cingulo-limbic circuits may represent a shared 

structural substrate underlying variation in mood, motivation, and impulse control, with SVD 
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exacerbating disruptions within these systems. Further research is needed to see if similar 

neurocircuitry underlie behavioural deficits. 

This study had several limitations. Despite careful case–control matching, the SVD 

sample may have been influenced by selection bias, resulting in a relatively homogeneous 

patient group that could have obscured relationships between clinical measures and imaging 

markers. Secondly, although the combination of DTI and NODDI provided a rich 

characterisation of WM architecture, these models have inherent constraints, including 

sensitivity to partial volume contamination and limited specificity in regions with severe lesion 

burden. Finally, even though the study was sufficiently powered for voxel-wise analyses, the 

sample size may still have been inadequate to detect more subtle effects, especially for 

predictors with restricted variance. 

 

2.6 Conclusion 

Taken together, the findings presented in this chapter confirm that the current sample of patients 

exhibit the hallmark structural and microstructural characteristics of SVD. This establishes a 

detailed anatomical context for interpreting the behavioural and cognitive associations 

explored in later chapters of this thesis. The demonstration of extensive WMH burden, 

widespread diffusion abnormalities, and systematic relationships between WM integrity and 

clinical measures highlights the multifaceted impact of SVD on brain structure. Moreover, the 

identification of tracts whose integrity varies systematically with cognition, education, age, and 

psychopathology provides a principled foundation for understanding how vascular injury 

shapes behaviour.  
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3| Impact of SVD on DM under uncertainty 

 

3.1 Abstract 

WMH burden in SVD is well established as a major contributor to overall cognitive 

impairment. However, most studies of SVD have focused on executive and psychomotor 

functions, with relatively little attention to decision-making processes. This chapter addresses 

that gap by using behavioural data from the CQ task paradigm (described in Chapter 1) to 

examine sampling behaviour under uncertainty in humans. On the active version of the CQ 

paradigm, SVD patients earned lower rewards, demonstrated higher tolerance for uncertainty 

and poorer placement accuracy compared to healthy controls. On the CQ passive version, they 

exhibited riskier decision-making, accepting more offers overall, and showed diminished 

sensitivity to both uncertainty and reward relative to controls. To investigate the neural 

correlates of these behavioural patterns, BIANCA, TBSS and NODDI analyses were applied 

to assess WMH volume and WM microstructural integrity. WMH volume was significantly 

associated with reward earned in CQ, uncertainty tolerance and placement precision. 

Additionally, disruptions in the WM microstructural integrity of several tracts including the 

forceps major, inferior fronto-occipital fasciculus, inferior longitudinal fasciculus, superior 

longitidunial fasciculus and posterior thalamic radiation demonstrated significant negative 

correlations with reward earnings and placement precision. Offer acceptance showed strong 

positive correlations with disruptions in the corpus callosum and superior corona radiata. 

Widespread disconnection between frontal, parietal, temporal and subcortical regions predicted 

abberant decision-making behaviour. These findings provide novel insights into the brain 

networks underlying decision-making impairments in SVD, highlighting the role of WMH 

burden and tract-specific microstructural integrity in shaping behaviour under uncertainty. 
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3.2 Introduction 

Active information sampling is fundamentally a process of reducing uncertainty before 

committing to a course of action (Attaallah et al., 2025; Keller et al., 2020; Petitet et al., 2021). 

Decades of behavioural and computational research have highlighted how individuals actively 

gather information, weigh potential costs, and balance the trade-off between exploration and 

exploitation to improve choice accuracy in decision-making (Gupta et al., 2006; Juni et al., 

2016; Klein-Flügge et al., 2016; Mata et al., 2011). Models such as sequential sampling 

frameworks and evidence accumulation models (e.g., drift-diffusion) emphasize that choices 

unfold over time, guided by the integration of noisy evidence until a threshold is reached 

(Forstmann et al., 2016). Together, these literatures establish uncertainty reduction as a central 

organizing principle of decision-making research. Paradigms such as Bandit tasks and Foraging 

tasks have provided insights into how humans manage limited resources when faced with 

uncertainty (Averbeck, 2015b; S. Constantino & Daw, 2015; Scott, 2010). Other paradigms, 

like the Beads Task, probe the problem of optimal stopping, requiring participants to weigh the 

costs and benefits of additional evidence against the risk of making premature or delayed 

choices (Furl & Averbeck, 2011). However, these decision-making paradigms stop short of 

allowing participants to fully manipulate uncertainty. 

The CQ task offers key advantages over traditional decision-making paradigms. As 

described in Chapter 1, CQ requires participants to actively sample information before making 

a choice, with complete agency to determine both how many samples to collect and where to 

place them. This flexibility means that information gathering can be adapted strategically, 

embedding uncertainty reduction directly into the task structure (Attaallah et al., 2021, 2024b). 

Unlike paradigms where information is passively provided, CQ mirrors real-world decision 

contexts where individuals ideally recognize that additional sampling may not always reduce 

uncertainty in a meaningful way, and must weigh the potential usefulness of new information 
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against the costs of time, effort, or resources (Petitet et al., 2021). In doing so, it creates an 

ecologically valid setting in which uncertainty reduction is not abstract but behaviourally 

consequential. Within the decision-making landscape, the CQ task represents a methodological 

advance for studying how people resolve uncertainty in dynamic environments.  

A growing body of neuroscience research shows that reducing uncertainty relies on 

distributed interactions among cortical and subcortical regions, including the prefrontal cortex, 

parietal cortex, striatum, and the amygdala (Critchley et al., 2001; Huettel et al., 2005a; 

Mushtaq et al., 2011; Oswald et al., 2015; Stern et al., 2010; Volz et al., 2003). Functional 

neuroimaging studies reveal that these regions flexibly coordinate through large-scale 

networks, each potentially contributing to distinct aspects of decision-making (Xue et al., 

2010). The frontoparietal control network, encompassing dorsolateral prefrontal and posterior 

parietal cortices, is considered to support adaptive evidence evaluation, enabling flexible 

integration of incoming information to guide choices (Marek & Dosenbach, 2018). The 

cingulo-opercular network, including the anterior cingulate cortex and anterior insula, is 

proposed to maintain task set stability and sustained engagement, ensuring consistent 

performance over time (Schimmelpfennig et al., 2023). Complementing these, the salience 

network appears to be important in detecting behaviourally relevant or unexpected stimuli, 

facilitating rapid allocation of cognitive resources, while the default mode network contributes 

to internal simulation and the evaluation of potential outcomes (Chand & Dhamala, 2016; 

Lamichhane & Dhamala, 2015). Finally, reward and valuation circuits, including the 

ventromedial prefrontal cortex, orbitofrontal cortex, and striatum, have been implicated in 

encoding subjective value and prediction errors that inform choice under uncertainty (Gendolla 

et al., 2014). Dynamic interactions among these networks may be crucial for integrating task 

information, monitoring performance, and flexibly adjusting behaviour, supporting the 

complex process of uncertainty reduction during decision-making. 
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WM tracts provide the structural connectivity that enables coordination across 

distributed decision-making networks (M. Li et al., 2024). In particular, the superior 

longitudinal fasciculus and cingulum bundle have been shown to support communication 

between prefrontal, parietal, and cingulate regions that underlie evidence accumulation and 

cognitive control (Heilbronner & Haber, 2014; Heilbronner & Hayden, 2016; Pisner et al., 

2019). Efficient uncertainty reduction prior to committing to a decision might not depend only 

on regional brain activity but also on the integrity of WM pathways linking decision-related 

networks (Penke et al., 2010). WM pathology, such as WMH, represents a potentially 

significant source of disruption to these integrative processes and remains a characteristic 

feature of SVD (Pantoni, 2010; Wardlaw et al., 2019). WMH reflect microvascular injury that 

compromises axonal and myelin integrity, thereby degrading signal transmission between 

distributed brain networks (Gootjes et al., 2004; Sachdev et al., 2007; Wen & Sachdev, 2004). 

Although WMH burden in SVD is well established as a major contributor to overall cognitive 

impairment, most prior work has emphasized deficits in executive and psychomotor domains 

(Jochems et al., 2025; S. Wang et al., 2022). Despite their established role in other cognitive 

domains, the influence of WMH on decision-making, and on processes of uncertainty 

reduction, remain poorly understood. This chapter addresses that gap by applying behavioural 

data from the CQ task paradigm to investigate how WMH burden may alter sampling behaviour 

in decision-making under uncertainty in humans. 
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3.3 Methods  

3.3.1 Participants, demographics, and consent 

Forty-seven SVD participants aged between 50-90 years (27 males, 20 females) were recruited 

through the Cognitive Disorders Clinic at the John Radcliffe Hospital in Oxford. The majority 

of these volunteers were also those who had undergone MRI scanning as described in Chapter 

2.  Patients had been referred to the clinic for complaints about their cognition. Patients with 

significantly greater WMH load than expected for their age, as determined from clinical 

(structural) scans, and without features to suggest an alternative diagnosis (such as Alzheimer’s 

disease) were diagnosed with SVD and invited to participate in our research studies. Patients 

with other neurological comorbidities such as previous major stroke, Parkinson’s disease or 

epilepsy were excluded from participation. Their performance in this study was compared to 

that of sixty-five age-matched healthy controls who were also part of the cohort in the previous 

chapter. Demographics are presented in Table 3-1.  

The two groups did not differ significantly in terms of age or sex ratio. However, 

healthy controls had significantly more years of full-time education compared to SVD patients. 

Cognitive screening using ACE-III (Addenbrookes Cognitive Examination-III) revealed 

significantly higher scores in healthy controls, although both groups had scores that were 

within normal limits for the general population (Hsieh et al., 2013; Mathuranath et al., 2000). 

Patients scored significantly higher on the Apathy Motivation Index (AMI), Beck Depression 

Inventory-II (BDI-II) and Barratt Impulsiveness Scale (BIS-II) (Ang et al., 2016; Beck et al., 

1961a; Patton et al., 1995) than control participants. Additionally, the SVD cohort had 

significantly higher scores on both subscales of the Hospital Anxiety and Depression Scale 

(HADS) (Zigmond & Snaith, 1983). 
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Table 3-1:: Demographic and questionnaire measures. HC = Healthy 
Controls, SVD = Cerebrovascular Small Vessel Disease, YOE = Years of 
Education, ACE-III = Addenbrooke’s Cognitive Examination III, AMI =  
Apathy Motivation Index, BDI-II=Beck Depression Inventory II, BIS-II =  
Barrat Impulsiveness Scale II, HADS =Hospital Anxiety and Depression Scale. 

 

Permission for this study was obtained from the local ethics committee. All subjects 

provided written consent in accordance with the Declaration of Helsinki and the study was 

approved by the University of Oxford ethics committee. 

 

3.3.2 Experimental setup 

“Circle Quest” paradigm 

Circle Quest is a decision-making behavioural paradigm comprised of two separate conditions:  

1. Active information-sampling task and  

2. Passive choice task 
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The tasks were not counterbalanced: all participants performed the active information-

sampling task before the passive choice task.  

 

Stimuli 

Stimuli were presented on a 17-inch touchscreen PC using MATLAB version 2018a 

(MathWorks; https://uk.mathworks.com) and Psychtoolbox version 3. Participants performed 

the tasks in a quiet testing room sitting within reaching distance of the screen (~50 cm). An 

experimenter was present in the room at all times during the behavioural testing which took 

about 90 mins on average to complete (Petitet et al., 2021). 

 

Circle Quest Active information-sampling task  

The objective in this version was to earn as many credits as possible. To accomplish this, 

participants had to localize a hidden purple circle as accurately as they could using cues 

(samples) they generated themselves (Figure 3-1). A circular grey mask (search space) was 

shown on the visual display and individuals were told that a purple circle (radius = 130 pixels; 

area = 5.80% of the search space) was hidden within this search space. Participants were 

instructed to tap anywhere within the search space to gather information about where the purple 

circle was hidden. A small dot (radius = 4 pixels) appeared wherever they touched the grey 

space. If the dot was purple, it signified that this location was within the area of the hidden 

purple circle. However, if the dot was white instead, this meant the participant had touched 

outside the area of the hidden purple circle. These dots remained on the screen for the duration 

of the information-sampling phase and until the end of the trial to reduce memory load for 

participants. 
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Figure 3-1. Active version of the CQ task. Participants searched for a hidden purple circle by sampling 
touchscreen locations that produced purple (inside) or white (outside) dots. Two reference circles displayed 
the initial credit reserve (R₀ = 95 or 130 credits). During an 18 secs sampling period, each touch reduced 
credits according to the sampling cost (ηₛ = –1 or –5 credits/sample). Afterward, participants positioned a 
blue circle to indicate the hidden circle’s location, and the resulting score was shown as feedback.  
Source: Attaallah et al., eLife (2022), https://elifesciences.org/articles/75834. 

 

Only one purple circle was hidden within the grey search space during a given trial. 

Participants were provided with one purple dot at the start of each trial as an initial clue to the 

circle’s likely location to reduce the search time. The location of this first purple dot was drawn 

randomly from inside the hidden circle and was always at least 260 pixels away (the diameter 

of the hidden circle) from the edge of the search space, to ensure it always carried the same 

amount of information (expected error at the start of the search = 86.7 pixels). For each trial, a 

purple circle was shown on both sides of the grey search space to remind subjects of the size 

of the hidden circle they were searching for.  

The maximum number of credits a participant could win (reward/reward) per trial was 

displayed within these perpetual purple circles on either side of the grey search space. The 

number of credits decreased each time the screen was touched to obtain a sample (sample cost), 

regardless of whether the dot generated was purple or white. The active information-sampling 
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task was divided into four separate blocks of 25 trials each. Two of these blocks had initial 

rewards/stakes of 130 credits and the remaining two had initial rewards/stakes of 95 credits. 

The sampling cost or number of credits decreased by either 1 or 5 credits resulting in 4 different 

conditions i.e. four separate blocks. These blocks were counterbalanced within participant 

groups.  

  For each trial, participants had a maximum of 18 seconds to gather as many samples as 

they desired. They could stop information gathering at any point before the time ended, 

however, no extra credits were gained by finishing early. After the 18 seconds, a blue disk––

the same size as the hidden purple circle (radius = 130 pixels) –– appeared in the middle of the 

screen. An additional 6 seconds was then provided so this blue circle could be dragged on the 

touchscreen to where participants thought the purple circle was hidden based on the 

configuration of white and purple dots they had generated. Their final score was then displayed 

onscreen.  

This score was calculated using the formula for reward  

(Rf) = R0 − (s × ηs) − (e × ηe)                        Equation 1 

where Rf is the final reward, R0 is initial reward/stake, s is the sampling cost, ηs is the 

number of samples, e is the penalty per pixel and ηe is the distance (in pixels) of the blue disks 

centre from that of the hidden purple circle. Essentially, participants won all the remaining 

credits post sampling (R0− (s × ηs)) after a penalty reflecting how far they placed the blue disk 

from the actual hidden circle (e × ηe) was deducted. This meant there were two ways to lose 

credits: (1) by sampling more information and (2) by greater mis-localization of the true 

location of the hidden circle. To maximize reward, they had to sample efficiently, using the 

least number of samples that contained sufficient information to best localize the hidden purple 

circle. Participants were told that overall credit earnings would later be converted to British 

pounds and 400 credits was the equivalent of £1. 
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Circle Quest Passive choice task 

This version of Circle Quest (Figure 3-2) did not involve any active sampling, so participants 

had no agency over the choice or number of samples. Instead, they were shown a ‘snapshot’ of 

someone’s search and asked to make judgments on how much confidence they had in where 

the purple circle was located and whether they would accept or reject the offer to place the blue 

circle on the basis of the information they had and the credits on offer. The experiment involved 

manipulation of the expected error (uncertainty) in localization and the number of credits on 

offer (initial reward/stake) in each trial to assess how sensitive individuals were to each 

variable.  

Uncertainty, EE (expected error), was calculated as the mean difference between all 

potential solutions given the current search using a recursive exponential decay model:  

EEs = (1-a)( EE s-1 – EE∞) + EE∞    Equation 2 

where EEs is the expected error after the sth sample, a is the information extraction rate 

that quantifies the sampling efficiency, EE s-1 is the expected error after the previous (s−1th) 

sample and EE∞ is asymptotic expected error i.e. the lowest error achievable after infinite 

samples.  

 

Figure 3-2. Passive version of the CQ task. Participants viewed completed searches and provided 
confidence ratings (later z-scored and sign-flipped to yield subjective uncertainty estimates) reflecting their 
perceived ability to locate the hidden circle. Ratings were made by tapping along a vertical scale ranging 
from 0 (bottom) to 100 (top). After submitting their ratings, participants received a reward offer (R₀ = 40, 65, 
90, or 115 credits) and indicated their willingness to place the blue circle by tapping “yes” to accept or “no” 
to reject the trial. 
Source: Attaallah et al., eLife (2022), https://elifesciences.org/articles/75834. 
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The passive choice task was divided into two phases: an uncertainty rating phase 

followed by an offer acceptance phase. No feedback was provided in either phase since there 

were no “correct answers”, only subjective responses. 

 

Uncertainty Rating 

At the start of each trial participants were shown a ‘snapshot’ of a completed search with dots 

on the screen in various configurations. Each trial had eight sample dots in total, half of which 

were positive samples (purple) and the other half which were negative samples (white). The 

uncertainty, EE, was manipulated by varying the spatial configuration of the displayed samples. 

The expected error ranged from 10–70 pixels. This meant the further the positive samples were 

from each other, the lower the expected error would be. Each participant viewed the exact same 

trials (total N=100), but the order in which trials was presented was randomized. Participants 

were asked to make a rating of how confident they were about the location of the hidden purple 

circle based on the completed search. This rating acted as a proxy for their assessment of 

uncertainty and was performed using a scale from 1-100 displayed on the side of the screen 

corresponding to the handedness of the participant. Each completed search appeared on the 

screen for 0.5 seconds after which the rating scale appeared alongside for an additional 6.5 

seconds. During this time participants were expected to make their rating. If they failed to do 

so in time, the task would move on to the subsequent trial. However, the missed trial would 

later reappear so all participants would complete all 100 trials.  

 

Offer Acceptance 

Once a participant made a rating of the completed search, the trial would progress to the next 

phase of the task: offer acceptance or rejection. The rating scale would disappear at this point 

and on each side of the completed search, two purple circles containing the number of credits 
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on offer were presented instead. There were four credit options (40, 65, 90 or 115). Below the 

search space on either side was displayed a ‘YES’ and a ‘NO’ option which participants could 

select to accept or reject an offer respectively for the chance to place the blue disk where the 

hidden purple circle was located. The ‘YES’ and ‘NO’ options switched sides randomly during 

the task to avoid any bias to choose the same option. Participants only accepted or rejected 

reward offers but did not actually place the blue disk. To incentivize the context, they were told 

they would later receive ten of the trials from those they accepted to then place the blue circle 

and collect more credits. 

Protocol 

Cognitive examination and questionnaires  

All study participants were received cognitive examination using the ACE-III which took about 

15 mins to complete. Version A of the ACE was administered to the healthy elderly controls 

while versions B and C were administered to SVD patients since they were more likely to have 

already been exposed to version A in clinical visits. In addition to the cognitive testing, 

participants completed established self-report questionnaire measures of apathy (Apathy and 

Memory Index, AMI), impulsivity (Barratt Impulsiveness Scale, BIS), depression (Beck 

Depression Inventory, BDI) and anxiety (Hospital and Anxiety Depression Scale, HADS) 

(Ang, 2017; Beck et al., 1961b; Patton et al., 1995; Zigmond & Snaith, 1983). Two of the 

questionnaires, AMI and BIS, were completed prior to start of Circle Quest while the other 

two, BDI and HADS, in between the active information-sampling task and the passive choice 

task of Circle Quest.   
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Fatigue ratings during the task 

Throughout Circle Quest, participants rated their level of subjective fatigue on a scale from 0 

to 100 at the start of each experimental block in both the active and passive sampling 

conditions. Their prompt to report this rating came in the form of a vertical visual analogue 

scale that appeared in the middle of the screen underneath the text, ‘How tired do you feel?’ 

The top of the scale was labelled ‘Extremely’ and the bottom was labelled ‘Not at all’ to indicate 

the highest and lowest extremes of fatigue.  

 

Experimental design 

The active-information sampling variant of Circle Quest was preceded by an exposure session 

during which participants were introduced to the task, given instructions, and allowed to 

practice sampling and placing the blue disk. First, they had three practice trials that required 

them to touch the screen and gather cues to the location of the hidden purple circle. They could 

acquire as many dots as they desired and when they were content with their search, they would 

hit the spacebar key to make the blue disk appear. Then they would drag this disk to where they 

thought the hidden purple circle was located. They received feedback in the form of a faded 

purple circle showing them the actual location of the hidden circle.   

The next part of the exposure session had five blocks of 20 exposure trials (100 trials 

in total). This time participants were shown completed searches with eight samples (four 

positive dots and four negative dots) in different configurations to vary the level of uncertainty 

and the blue disk in the middle of the screen. Each trial also had an associated reward offer and 

these were either 40, 65, 90 or 115 credits. This part of the exposure session introduced 

individuals to the credit and scoring function of the task. Participants were required to move 

the blue disk to where they thought the hidden purple circle was located and then they received 

feedback in the form of the faded purple circle showing them the actual location of the hidden 
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circle and the number of credits they won. Note that it was possible to receive negative credit 

scores.  

After completing the exposure session, participants engaged in the active information-sampling 

version followed by the passive choice version.  
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3.4 Results 

3.4.1 SVD patients earned fewer credits and spent less time on sampling than controls 

The effects of group, initial reward, and sampling cost on task performance were investigated 

using a linear mixed-effects model. This revealed strong main effects of both initial reward and 

sampling cost on total reward earnings. Overall, participants earned significantly more when 

the initial reward was high (Main effect of initial reward: β = +35.75, 95% CI = [34.66, 36.84], 

t₆₆₃₀ = 32.87, p < 0.0001), and significantly less when the sampling cost was high (Main effect 

of cost: β = –36.40, 95% CI = [–37.85, –34.95], t₆₆₃₀ = –25.07, p < 0.0001; Figure 3-3a). SVD 

patients earned significantly less overall than healthy controls (Main effect of group: β = –7.08, 

95% CI = [–8.84, –5.32], t₆₆₃₀ = –4.01, p < 0.001), indicating a consistent reduction in reward 

performance. This group difference was most pronounced in the high-reward condition, as 

evidenced by a significant group × reward interaction (β = –4.77, 95% CI = [–6.17, –3.37], t₆₆₃₀ 

= –3.40, p < 0.001), suggesting that SVD patients benefitted less from high-reward 

opportunities. Post hoc comparisons, Bonferroni-corrected for multiple testing, confirmed that 

SVD patients earned significantly less in all task conditions (all p₍₍corr₎₎ < 0.001), reinforcing 

the conclusion that reward maximization was systematically impaired in SVD patients across 

the board. 

A separate linear mixed-effects model revealed a significant main effect of group on 

sampling time. SVD participants sampled for significantly shorter time than healthy controls 

overall (Main effect of group: β = –1.86, 95% CI = [–2.5, –1.22], t₆₆₃₀ = –2.91, p < 0.01; Figure 

3-3b). There was also a main effect of sampling cost, with participants taking less time to 

sample under high-cost conditions (β = –0.89, 95% CI = [–1.06, –0.72], t₆₆₃₀ = –5.27, p < 0.001), 

reflecting cost-sensitive adjustments in behaviour. However, neither the main effect of reward 

(β = –0.22, p = 0.42) nor any interaction terms reached significance (ps > 0.34), suggesting that 

both groups modulated their time spent sampling similarly in response to cost and reward level. 
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Bonferroni-corrected post hoc comparisons showed that SVD patients spent significantly less 

time sampling in all four task conditions (low cost/low reward: p₍₍corr₎₎ = 0.0036; low cost/high 

reward: p₍₍corr₎₎ = 0.016; high cost/low reward: p₍₍corr₎₎ = 0.013; and high cost/high reward 

condition (p₍₍corr₎₎ = 0.044). These results show that SVD participants spent less time on 

information sampling overall, despite making similar adjustments to sampling cost and reward 

as controls which suggests that they generally understood what was required of them in the 

task. 

 

Figure 3-3. SVD patients accrued less reward than healthy controls due to reduced time on task. (a) 
Across different conditions of the active version, SVD patients consistently won significantly less reward 
(credits) than the healthy controls. (b) SVD patients generally spent significantly less time than healthy 
controls gathering samples before placing the blue circle. 

 

3.4.2 SVD patients were less sensitive to sampling cost and tolerated more uncertainty  

A linear mixed-effects model revealed that participants collected significantly fewer 

samples under high-cost conditions (Main effect of sampling cost: β = –2.16, 95% CI = [–2.89, 

–1.43], t₆₆₃₀ = –5.71, p < 0.0001; Figure 3-4a). There was also a significant interaction between 

group and sampling cost (β = 0.98, 95% CI = [0.07, 1.89], t₆₆₃₀ = 2.11, p < 0.05), indicating that 
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the effect of cost on sampling differed between SVD patients and controls. Specifically, 

controls showed a larger cost-related increase in sampling compared to SVD patients when 

information became cheaper. There were no significant effects of group (β = –0.90, p = 0.23), 

initial reward (p = 0.68), or any other interactions (ps > 0.54). These findings indicate that 

while sampling quantity was cost sensitive for both groups, SVD patients were significantly 

less sensitive than controls. 

A linear mixed-effects model examining deviation from Bayes-optimal sampling 

revealed a significant main effect of sampling cost (β = +4.12, 95% CI = [3.75, 4.49], t₆₆₃₀ = 

11.21, p < 0.0001; Figure 3-4b). When compared to the Bayesian ideal observer model 

(Equation 1), participants under-sampled in low-cost conditions (mean deviation = –2.21 ± 

0.079) and over-sampled in high-cost conditions (mean deviation = +2.44 ± 0.065), reflecting 

a consistent directional bias in their sampling behaviour. There was also a significant 

interaction between group and sampling cost (β = 1.01, 95% CI = [0.54, 1.48], t₆₆₃₀ = 2.13, p < 

0.05), indicating that the effect of cost on deviation from optimal differed between SVD 

patients and controls. Specifically, SVD patients showed a significantly greater deviation from 

optimal sampling (undersampled more) compared to controls when sampling was cheap. There 

were no other significant main effects of group (β = –1.00, p = 0.13) or initial reward (β = 0.16, 

p = 0.52), and no other significant interactions (all ps > 0.41). These findings indicate that while 

deviation from the Bayesian ideal observer was broadly cost-sensitive, the sensitivity to cost 

differed by group with SVD patients being less sensitive. 
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Figure 3-4. Sampling behaviour of participants. (a) Controls increased the number of samples they 
collected significantly more than SVD patients when sampling cost decreased. (b) Both groups of participants 
oversampled in the high sampling cost condition and undersampled in the low sampling cost condition when 
compared to the Bayes-optimal sampler. (c) SVD patients reduced uncertainty (the expected error) 
significantly less than controls before placing the blue circle. 

 

A linear mixed-effects model revealed that SVD participants tolerated significantly 

more uncertainty after sampling compared to controls (β = +4.35, 95% CI = [2.93, 5.77], t₆₆₃₀ 

= 3.06, p < 0.01; Figure 3-4c). This main effect was consistent across all task conditions, and 

there was a significant interaction between group and sampling cost (β = -1.31, 95% CI = [0.69, 

1.93], t₆₆₃₀ = -2.12, p < 0.05) and group and initial reward (β = 1.69, 95% CI = [0.93, 2.45], t₆₆₃₀ 

= 2.22, p < 0.05). Specifically, at the end of sampling controls had significantly reduced 

uncertainty compared to SVD patients when sampling cost became cheaper and there was more 

reward to be won. Participants also showed significantly greater residual uncertainty in high-

cost trials compared to low-cost (β = +2.17, 95% CI = [0.89, 3.45], t₆₆₃₀ = 3.32, p = 0.0009), 

indicating that sampling cost had an impact on how people sampled (Petitet et al., 2021). 

Bonferroni-corrected post hoc comparisons confirmed that SVD participants had significantly 

higher final uncertainty in all four conditions (all corrected ps < 0.05). There was no effect of 

initial reward (p = 0.34). These results suggest that while both groups were sensitive to 
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sampling cost, SVD patients consistently failed to reduce uncertainty to the same extent as 

controls before committing to a decision. This might be indicative of an impairment in efficient 

information seeking, greater uncertainty tolerance, or both. 

 

3.4.3 SVD patients had lower accuracy and precision compared to healthy controls 

Task accuracy was defined as the placement of the blue disk relative to the actual hidden 

circle, reflecting how close their final choice was to the true target. A linear mixed-effects 

model showed that SVD participants placed the blue disk significantly further from the target 

location compared to controls, i.e. they demonstrated worse localization accuracy (β = +6.85, 

95% CI = [3.98, 9.72], t₆₆₃₀ = 4.75, p = 2.04 × 10⁻⁶; Figure 3-5a). Importantly, as might be 

expected, both groups’ localization errors increased with greater final expected uncertainty 

(expected error, EE; see Equation 2) after sampling. The significant group differences were 

most pronounced at lower levels of uncertainty, where final mean uncertainties for controls and 

SVD participants were 14.56 ± 0.132 and 17.78 ± 0.231, respectively.  

To determine whether the reduced localization accuracy in SVD participants was 

specific to the CQ active version or reflected a broader impairment, performance in the training 

session under low and high uncertainty conditions was also examined. On a Wilcoxon rank-

sum test, SVD participants were significantly less accurate than controls in the low uncertainty 

condition (Bin 1; median uncertainty, EE = 11.09; p = 0.005; Figure 3-5b). In contrast, no 

significant group difference was found under high uncertainty (Bin 2; median uncertainty, EE 

= 27.12; p = 0.879). The impairment under low, but not high, uncertainty suggests that the 

reduced localization accuracy in SVD participants is unlikely to stem simply from a generalized 

sensorimotor dysfunction.  
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Figure 3-5. Accuracy as a function of expected error. (a) SVD patients placed the blue circle significantly 
farther from the hidden circle than controls in the active version at lower levels of uncertainty. (b) Similarly, 
in the training session, patients were less accurate at placing the blue circle at lower levels of uncertainty.  

 

Task precision was defined as the placement of the blue disk relative to the participants’ 

own search locations (dots on the screen), reflecting how consistently they used the information 

they had just gathered. In relation to accuracy, precision was quantified as the absolute 

difference between participants’ observed accuracy and their final expected error, computed 

from their search using a centroid method of hits, excluding misses: 

 

DP = |DA - EEf |    Equation 3 

 

where DP is precision, representing the distance in pixels of the placed blue disk from 

the participant-derived optimal location based on their completed search; DA is accuracy, the 

distance in pixels of the placed blue disk from the hidden circle (target); and EEf is the final 

expected error, also measured in pixels, representing the remaining uncertainty after the search. 

Lower DP values indicate that participants’ performance was closer to the expected error 

derived from their sampling, reflecting more effective use of previously sampled information, 
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whereas higher DP values indicate greater deviation from the expected error. On average, 

precision and accuracy were closely aligned in both groups, with final placement errors 

(accuracy) of 19.38 ± 0.36 and 23.24 ± 0.39 pixels from the hidden circle for controls and 

patients, respectively. These average deviations occurred when the final uncertainty was 

significantly different between both groups (Figure 3-6a).  

 

 

Figure 3-6. Participants’ precision of placement (a) SVD patients placed the blue circle at a significantly 
greater distance from the optimal location defined by their own completed search. (b) SVD patients were 
significantly less precise than controls in all four conditions.  

 

A linear mixed-effects model showed that placement precision was significantly 

influenced by sampling cost and group. Higher sampling costs were associated with decreased 

placement precision (β = +2.98, SE = 0.75, t₆₆₂₆ = 3.96, p = 7.54 × 10⁻⁵; Figure 3-6b), and SVD 

patients exhibited greater imprecision than controls (β = +3.92, SE = 1.03, t₆₆₂₆ = 3.79, p = 1.52 

× 10⁻⁴). Additionally, the interaction between initial reward and group was significant (β = 

+2.24, SE = 1.11, t₆₆₂₆ = 2.01, p = 0.044), indicating that the effect of reward on placement 
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precision varied between groups. Specifically, controls showed significantly greater precision 

when the initial reward increased. There were no other significant main effects or interactions, 

including initial reward alone and its interaction with sampling cost or group, were not 

significant (all p > 0.05). Post-hoc comparisons across conditions revealed that placement 

imprecision was significantly higher for SVD patients in all four conditions (low cost/low 

reward: t = 3.92, Bonferroni-corrected p = 0.00036); low cost/high reward: t = 4.50, 

Bonferroni-corrected p = 2.77 × 10⁻⁵); high cost/low reward: t = 4.21, Bonferroni-corrected p 

= 0.0001); and high cost/high reward: t = 4.40, Bonferroni-corrected p = 4.32 × 10⁻⁵). 

 

3.4.4 Information extraction rate of participants 

Information extraction rate did not differ significantly by group, sampling cost, or initial 

reward (all p > 0.25; Figure 3-7), indicating consistent efficiency in information acquisition 

across conditions. Patients tended to sample faster than controls, as reflected by generally 

shorter inter-sampling intervals (ISI) in SVD participants. ISI increased significantly with 

higher sampling costs (β = +0.17, 95% CI ≈ [0.11, 0.23], t6630 = 6.01, p < 0.0001; Figure 3-7). 

There was a significant interaction between group and sampling cost on ISI (β = -0.09, 95% CI 

≈ [-0.134, 0.46], t6630 = -2.06, p < 0.05; Figure 3-8b) suggesting that patients’ sampling speed 

was less sensitive to cost manipulations than controls. Post-hoc comparisons revealed that 

controls slowed down significantly at higher sampling costs (low cost vs. high cost at low 

reward: t = 0.17, Bonferroni-corrected p < 0.0001); and low cost vs. high reward at high reward: 

(t = 0.18, Bonferroni-corrected p < 0.0001). SVD patients did not slow down significantly (all 

ps > 0.068). The stable information extraction rates across groups and conditions imply a 

speed-efficiency trade-off in sampling behaviour for both controls and SVD patients. 
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Figure 3-7. Relationship between information extraction and inter-sampling interval (a) SVD patients 
gathered samples faster than controls in the high sampling cost condition but were less efficient, i.e. they did 
not extract as much information per sample. (b) In contrast, patients gathered samples faster than controls in 
the low sampling cost condition and were more efficient in their sampling behaviour. 

 

3.4.5 Temporal aspects of sampling and placement behaviour  

A linear mixed-effects model showed that pre-sampling time was significantly influenced by 

sampling cost (β = +0.30, 95% CI ≈ [0.23, 0.37], t6630 = 4.45, p < 0.0001; Figure 3-8a) and 

group (β = -0.32, 95% CI ≈ [0.19, 0.45], t6630 = -2.39, p = 0.017). Patients initiated sampling 

significantly sooner than controls, as demonstrated by shorter pre-sampling times under high 

sampling cost conditions (high cost/low reward: t = –2.95, p = 0.0032, Bonferroni-corrected p 

= 0.013; high cost/high reward: t = –3.03, p = 0.0024, Bonferroni-corrected p = 0.097). While 

pre-sampling times were also shorter for patients under low sampling cost conditions, these 

differences did not survive correction for multiple comparisons (all Bonferroni-corrected ps > 

0.068). This indicates that patients began collecting information significantly earlier than 

controls in trials where sampling cost was high. Patients also showed a trend toward faster 

sampling rates, as shown by the significant interaction between group and sampling cost for 

ISI (see above section).  Contrastingly, patients took longer to place the blue disk marking their 

final choice, though this effect was not significant (group effect: t6630 = 1.22, p = 0.22; Figure 
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3-8c). These findings suggest that although patients start sampling earlier and sample more 

quickly in some conditions, they may require additional time for final decision placement. 

 

Figure 3-8. Timing-related measures of sampling and response in SVD and control participants (a) SVD 
patients began sampling significantly quicker than controls in the active version. (b) Patients sampled faster than 
controls, spending less time between gathering each sample, though the difference was not significant. (c) Patients 
were slower at placing the blue circle than controls, but not significantly. 

 

3.4.6 SVD patients’ cognition predicts their performance on the CQ task active version 

Correlations were performed between the behavioural measures from the active version of the 

CQ task and participant clinical scores (ACE-II, AMI, BDI-II, BIS-II and HADS). In patients, 

ACE scores were significantly associated with both task final reward earnings and placement 

precision. Patients with higher ACE scores earned significantly greater rewards on the task (R² 

= 0.36, p = 3.48 × 10⁻⁵, FDR-adjusted p = 0.0029; Figure 3-9a). ACE scores were also 

associated with reduced placement error, such that patients with stronger cognitive scores 

positioned the blue disk closer to the optimal location based on their search (R² = 0.28, p = 2.83 

× 10⁻⁴, FDR-adjusted p = 0.0119; Figure 3-9b). No other significant relationships were 

observed between behavioural and clinical measures, nor were any behavioural–clinical 

relationships observed in the control group following correction for multiple comparisons. 

These findings indicate that within patients, cognitive ability, as assessed by the ACE, but not 
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self-reported mood, impulsivity, or anxiety symptoms, is selectively linked to maximizing 

reward and to more precise placement.  

 

Figure 3-9. SVD patients’ ACE scores predicts their performance on the active version (a) SVD patients 
with higher cognition (ACE) scores earned more reward than patients with lower cognition scores. (b) SVD 
patients with higher cognition (ACE) scores were more precise in placing the blue circle, i.e. they were better 
able to use the sensory information they had gathered during the information sampling phase of the active 
version.  

 

Similar correlations were conducted for the behavioural measures from the passive 

version of the CQ task and the participants’ clinical variables. In this case, no significant 

associations survived correction for multiple comparisons (all FDR-adjusted ps > 0.05;).  

 

3.4.7 SVD patients were less sensitive to uncertainty and reward than healthy controls 

On the passive version of the CQ task, participants’ subjective uncertainty ratings increased 

significantly with objective uncertainty, EE, across both groups, indicating that they were 

aware of different levels of uncertainty in the task (β = 1.16, SE = 0.10, 95% CI [0.96, 1.36], 

t₅₅₆ = 11.37, p < 0.0001; Figure 3-10a). However, SVD patients showed attenuated sensitivity 

to uncertainty, reflected in a significant group × uncertainty interaction (β = –0.38, SE = 0.068, 
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95% CI [–0.51, –0.25], t₅₅₆ = –5.62, p < 0.0001). Additionally, SVD participants gave lower 

overall uncertainty ratings than controls (β = –0.08, SE = 0.022, 95% CI [–0.13, –0.04], t₅₅₆ = 

–3.73, p = 0.0002). These results indicate that while both groups scaled their uncertainty ratings 

appropriately, patients consistently perceived less uncertainty overall and were less responsive 

to changes in actual uncertainty levels. Group-wise linear fits further supported this 

dissociation: subjective ratings closely tracked objective uncertainty in controls (R² = 0.556), 

but the relationship was notably weaker in SVD patients (R² = 0.161). The overall model 

explained a substantial proportion of the variance in subjective ratings (marginal R² ≈ 0.57; 

conditional R² ≈ 0.75). 

 

Figure 3-10. SVD patients had reduced sensitivity to uncertainty and reward than healthy controls (a) 
SVD patients demonstrated impaired ability to perceive uncertainty compared to healthy controls in the 
passive version. (b) Patients accepted significantly more offers at higher levels of uncertainty (expected error) 
than controls. (c) Patients did not alter their offer acceptance in the same way as healthy controls, who 
accepted more offers as reward increased. 

 

Participants’ likelihood of accepting offers decreased significantly as uncertainty 

increased (β = –0.016, SE = 0.00045, 95% CI [–0.0171, –0.0153], t₁₀₉₂₁ = –35.65, p < 0.0001; 

Figure 3-10b), reflecting greater caution under more uncertain conditions. However, this effect 

differed by group, with patients showing a reduced negative impact of uncertainty on 

acceptance (group × uncertainty interaction: β = 0.0046, SE = 0.00030, 95% CI [0.0040, 
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0.0052], t₁₀₉₂₁ = 15.07, p < 0.0001), indicating relatively less sensitivity to uncertainty 

compared to controls.  

Additionally, SVD patients were generally more likely to accept offers overall (β = 

0.24, SE = 0.041, 95% CI [0.15, 0.32], t₁₀₉₂₁ = 5.69, p < 0.0001). Reward positively influenced 

acceptance rates across groups (β = 0.0040, SE = 0.00048, 95% CI [0.0031, 0.0050], t₁₀₉₂₁ = 

8.30, p < 0.0001; Figure 3-10c), but this effect was attenuated in patients (group × reward 

interaction: β = –0.0018, SE = 0.00032, 95% CI [–0.0024, –0.0012], t₁₀₉₂₁ = –5.53, p < 0.0001). 

This interaction reflects a markedly flatter slope for patients, who exhibited a substantially 

reduced sensitivity to changes in reward magnitude compared to controls. Consequently, while 

controls’ acceptance rates increased notably with higher rewards, patients’ acceptance 

behaviour remained relatively stable across reward levels. These findings suggest that while 

patients show a generally increased acceptance tendency, their choices are less modulated by 

both uncertainty and reward magnitude compared to controls. 

 

3.4.8 Total WMH volume was significantly correlated with final reward, final 

uncertainty and precision on the active version of the CQ task 

Linear models were conducted to examine whether log-transformed total WMH volume was 

associated with behavioural performance on the active and passive versions of the CQ task. 

For the active version, models included the following dependent variables: final reward, 

number of samples, time, intersampling interval, uncertainty (final expected error), precision 

(placement error from optimal), sampling efficiency, and pre-sampling time. For the passive 

version, models were conducted on the number of accepted offers and uncertainty ratings. All 

models controlled for age and gender. Of these variables, only three showed significant 

associations with WMH volume: higher WMH was associated with lower final reward (p < 

0.001; Figure 3-11a), greater uncertainty (p = 0.001; Figure 3-11b), and poorer precision (p < 
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0.001; Figure 3-11c).  The model for uncertainty explained the most variance (R² = 0.22), 

followed by the models for final reward (R² = 0.17) and precision (R² = 0.17).These findings 

suggest a specific link between WMH burden and impairments in reward outcomes, active 

sampling and decision-making variability in the active version of the task. 

 

Figure 3-11. WMH total volume as correlated with CQ behavioural metrics (a) Final reward earned in 
the active version of the CQ task decreased as the total WMH volume in participants increased . (b) There 
was a positive correlation between the final expected error after sampling and the total WMH volume across 
partipants.  (c) Placement error of the blue circle in relation to the existing search was positively correlated 
with total WMH volume across participants.   

 

3.4.9 Final reward and placement precision from active task related to FA in specific 

WM tracts 

TBSS analysis, with α= 0.05 and correcting for multiple comparisons with TFCE, using the 

DTI model on the whole cohort (across both groups) demonstrated that higher FA values were 

associated with increased reward earnings across large parts of the WM skeleton (Figure 3-

12a). These changes were most prominent in the bilateral sagittal stratum (including the inferior 

fronto-occipital fasciculus and inferior longitudinal fasciculus), bilateral superior longitudinal 

fasciculus, the bilateral posterior corona radiata, the right retrolenticular part of the internal 

capsule, the right posterior thalamic radiation (including optic radiation), the right uncinate 

fasciculus, the tapetum and forceps major. Across the whole cohort, higher FA values in the 

right posterior thalamic radiation was also associated with increased placement precision 

(Figure 3-12b). 
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Figure 3-12. TBSS analysis of CQ active version using the DTI model (a) Higher reward earnings was 
associated with increased FA across many areas of the WM skeleton. (b) Increased placement precision of the 
blue circle was associated with increased FA in WM tracts in the right hemisphere of the brain.  

 

3.4.10 Final uncertainty after sampling predicts higher FA in specific WM tracts 

TBSS analysis (α = 0.05), corrected for multiple comparisons using TFCE and based on the 

DTI model across the entire cohort, did not reveal any significant associations with final 

uncertainty. However, when uncertainty was decomposed into its individual components 

(number of samples and sampling efficiency or information extraction rate) and each was 

examined while controlling for the other, higher FA values were found to be associated with an 

increase in both quantity and efficiency of sampling across several WM tracts (Figure 3-13a). 

In the case of sampling quantity, these changes were most prominent in the bilateral anterior 

corona radiata bilaterally. Across the whole cohort, higher FA values in the right superior 

corona radiata, the genu of the corpus callosum (including the forceps minor), the cingulum, 

and the bilateral anterior corona radiata were also associated with increased sampling efficiency 

(Figure 3-13b). 
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Figure 3-13. TBSS analysis of CQ active version using the DTI model (a) Increased number of samples 
was associated with increased FA across many areas of the WM skeleton. (b) Higher sampling efficiency was 
associated with increased FA in several WM tracts.  

 

3.4.11 Uncertainty rating and proportion of accepted offers on passive tasks predict FA 

in WM tracts  

TBSS analysis, with α= 0.05 and correcting for multiple comparisons with TFCE, using the 

DTI model on the whole cohort demonstrated that higher FA values were associated with a 

positive slope for uncertainty rating (Figure 3-14a). These changes were most prominent in 

the left external capsule, left uncinate fasciculus, left anterior corona radiata, right anterior 

thalamic radiation and the genu of the corpus callosum (including the forceps minor). Further 

analyses showed that lower FA values were associated with increased offer acceptance in the 

passive version of the CQ task (Figure 3-14b). These changes were most prominent in the left 

frontal aslant tract, left superior thalamic radiation, left superior corona radiata and left superior 

longitudinal fasciculus. 
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Figure 3-14. TBSS analysis of CQ passive version using the DTI model (a) A positive slope for 
uncertainty rating was associated with increased FA across many areas of the WM skeleton. (b) Increased 
offer acceptance was associated with reduced FA in WM tracts in the left hemisphere of the brain. 
 

 

Additional TBSS analyses using the DTI model for behavioural metrics from both task versions 

did not reveal any significant effects. Similarly, TBSS analyses using the NODDI model 

showed no significant associations with behaviour. 

 

3.4.12 Disconnectome associated with behavioural deficits in decision-making under 

uncertainty 

Significant TBSS clusters were mapped onto the JHU white-matter atlas to identify affected 

WM tracts and quantify the proportion of each tract showing supra-threshold effects. The 

anterior and posterior (or superior/inferior) voxel coordinates of each tract were then assigned 

to the nearest cortical regions in the Harvard–Oxford atlas, producing a tract-to-cortex mapping 

for all tracts implicated by TBSS. These data were combined to generate a disconnectome, in 

which edges reflect the percentage of affected voxels within each tract. In the active version of 

the CQ task, disconnection associated with reduced winnings was widespread in WM tracts 
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throughout the brain (Figure 3-15) while those associated with reduced sampling (Figures 3-

16&17) and precision (Figure 3-18) were mostly confined to the frontal lobes. Similarly, in 

the passive version of the CQ task, WM disconnections associated with impaired uncertainty 

ratings and increased offer acceptance (Figures 3-19&20) were mostly confined to the frontal 

lobes. WM tracts projecting to the angular gyrus, anterior cingulate gyrus, frontal pole, middle 

frontal gyrus and supramarginal gyrus were consistently implicated across behavioural metrics. 

 

Figure 3-15. Disconnectome associated with reduced reward earnings. Widespread disruption was 
observed in WM tracts connecting frontal, temporal, parietal, and subcortical regions. 
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Figure 3-16. Disconnectome associated with reduced number of samples. Disruption was observed in 
WM connections within the right frontal pole and between the right supramarginal gyrus and left anteriour 
cingulate gyrus. 

 

 

Figure 3-17. Disconnectome associated with reduced sampling efficiency. Disruption was observed in 
WM connections within the left angular gyrus and between the left supramarginal gyrus and left angular 
gyrus; right frontal pole and left middle frontal gyrus; and left anterior cingulate gyrus and right 
supramarginal gyrus. 



 

121 
 

 

 

 

Figure 3-18. Disconnectome associated with reduced precision. Major disruptions were observed in WM 
connections between the right caudate and right hippocampus; left thalamus and left precuneus cortex; and 
right angular gyrus and right inferior temporal gyrus. 

 

 

Figure 3-19. Disconnectome associated with the slope of uncertainty ratings Disruption was observed in 
WM connections between left anterior cingulate gyrus and right supramarginal gyrus; left supramarginal 
gyrus and left angular gyrus; the right frontal pole and left middle frontal gyrus; left anterior cingulate gyrus 
and left amygdala; and within the right frontal pole and left angular gyrus. 
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Figure 3-20. Disconnectome associated with increased offer acceptance. Disruption was observed in WM 
connections within the right frontal pole and left angular gyrus; and between the right frontal pole and left 
middle frontal gyrus. 

 

3.5 Discussion 

In this chapter the behaviour of SVD patients when making decisions under uncertainty on 

both active and passive versions of the CQ task was examined and compared to healthy 

controls. Performance on the tasks was related to microstructural disruption of WM. WMH 

burden is a well-established contributor to executive and psychomotor deficits (Jochems et al., 

2025; S. Wang et al., 2022), but its impact on decision-making processes, particularly those 

involving the evaluation of cost, uncertainty, and reward, remains underexplored. The CQ task 

was used to investigate whether the integrity of WM pathways affects how individuals adjust 

their information sampling in response to changing task demands (Petitet et al., 2021).  

The findings demonstrated that SVD patients exhibit reduced sensitivity to key decision 

variables: they were less responsive to sampling cost in the active condition (Figure 3-4a), less 

influenced by reward in the passive condition (Figure 3-10c), and showed attenuated 
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sensitivity to uncertainty across both task versions (Figures 3-4c & 3-10a). These behavioural 

deficits were mirrored in the neuroimaging results, which revealed that reduced fractional 

anisotropy (FA) in a network of WM tracts – including the inferior fronto-occipital fasciculus 

(IFOF), inferior longitudinal fasciculus (ILF), superior longitudinal fasciculus (SLF), genu and 

splenium of corpus callosum, and the anterior and superior corona radiata – was associated 

with poorer reward acquisition, diminished placement accuracy, and reduced sensitivity to 

reward and uncertainty (Figures 3-12 & 3-13 & 3-14). Identifying the projections of these WM 

tracts showed disruption of networks involving key frontal, parietal, temporal and subcortical 

brain regions (Figures 3-15 & 3-16 & 3-17 & 3-18 & 3-19 & 3-20). These results support the 

hypothesis that microvascular damage to WM tracts may impair the integration of value-

relevant information during decision-making, and how this may disrupt adaptive behaviour in 

uncertain environments in people with SVD. 

In the active version of the CQ task, SVD participants earned significantly less overall, 

and this was most pronounced in high-reward contexts (Figure 3-3a). This suggests that 

patients with SVD are less able to capitalise on favourable reward contingencies, potentially 

due to impaired reward learning or reduced motivation. It has been hypothesized that in SVD, 

WM integrity disruption has deleterious effects on the brain’s reward networks (Lisiecka-Ford 

et al., 2018). This reduction in reward efficiency in turn leads to apathy, but although the SVD 

patients were more apathetic than the controls participants, their AMI scores were not found to 

be associated with final reward outcome on the task. However, significant correlations were 

made with microstructural damage in WM tracts implicated in integrating visual information 

with executive planning and value estimation. Crucially, reduced earnings were associated with 

lower FA in bilateral IFOF, ILF, right forceps major, and bilateral SLF (Conner et al., 2018; 

Goldstein et al., 2025; Herbet et al., 2018; Janelle et al., 2022). Total WMH volume also had a 

significant negative correlation to the final total earnings on the task (Figure 3-11). 
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Additionally, SVD participants with higher ACE scores tended to earn more (Figure 3-9a), 

highlighting a behavioural link between global cognitive function and task performance. These 

results suggest that cognitive impairment may hinder the ability to sufficiently integrate 

information, thereby limiting the capacity to benefit from high-reward conditions, whereas 

symptoms of apathy or reduced motivation appear unlikely to be the primary explanation. 

Although SVD participants adjusted their sampling behaviour to cost and reward 

manipulations similarly to controls, they spent less time sampling overall and initiated 

sampling sooner (Figures 3-3b & 3-8a). This indicates a general reduction in deliberation time, 

potentially reflecting either an impulsivity-related mechanism or a compensatory strategy in 

the face of cognitive fatigue. It should be noted that SVD patients were significantly more 

impulsive as measured by the BIS questionnaire, though their impulsivity scores did not 

correlate to their time spent sampling. Their reduced sensitivity to sampling cost, especially 

under low-cost conditions, resulted in greater deviation from optimal sampling when compared 

to the Bayesian ideal observer model (Figure 3-4b), with patients undersampling more than 

controls. These behaviours suggest a blunted ability to flexibly adapt effortful information 

gathering when it is most beneficial. The fact that both groups showed similar directional 

patterns (e.g., increased sampling when cost decreased) implies that SVD participants retained 

a basic understanding of task contingencies but were less able to implement these optimally.  

Oversampling and undersampling are both decision-making behaviours that have been 

reported in healthy controls. In the Dart Task, participants demonstrated cost adjusted sampling 

and similar to our participants in the CQ active version, they oversampled when sampling 

became more expensive (Juni et al., 2016). However, these researchers did not report any 

undersampling which was previously observed in other decision-making paradigms, such as 

the Card Sampling and Beads Tasks, where sampling cost was implicit (Furl & Averbeck, 2011; 

Hertwig et al., 2004). Oversampling has also been reported in a decision-making task with 



 

125 
 

implicit sampling cost (Tversky & Edwards, 1966). Key distinctions in the Tversky & 

Edwards’ task, however, are that 1) participants had very limited control over their sampling 

and were not allowed to employ a stopping policy as every trial had to be completed and 2) 

each trial was both a sample and decision that could yield feedback and reward. One could 

conclude that when humans are allowed more agency over sampling, they tend to show cost 

adjusted behaviour when gathering information but oversample in expensive environments and 

undersample when cost is either too cheap or implicit. 

Another key finding was that SVD participants tolerated significantly more uncertainty 

after sampling before they committed to a decision (Figure 3-4c), particularly under conditions 

that would normally incentivize further exploration (e.g., low cost, high reward). While some 

previous investigations have reported dysfunctional decision-making in SVD, to our 

knowledge this is the first study to explicitly show any relationship between SVD and 

uncertainty (Le Heron, Manohar, et al., 2018; Saleh et al., 2021a). Crucially, there was a 

significant positive correlation between final uncertainty and total WMH volume (Figure 3-

11b) suggesting that those with more advance SVD were less able to reduce uncertainty. 

Inefficient decision-making was also evident in the SVD patients’ reduced localization 

accuracy (Figure 3-5a) and higher placement imprecision (Figure 3-6), indicating that even 

when they gathered information, they were less able to integrate it effectively into goal-directed 

action. Although motor deficits have been associated with SVD (Su et al., 2017), impairments 

in manual dexterity are also common in healthy ageing populations and have been positively 

correlated with greater WMH burden (Nyquist et al., 2015). As SVD patients exhibited reduced 

accuracy and precision in the active CQ task only under low-uncertainty conditions, but prior 

to the point where the location of the hidden circle was easily inferable, it is unlikely that these 

deficits were primarily due to motor impairment. Precision impairments were associated with 

reduced FA in right-lateralized tracts of the posterior thalamic radiation (including the optic 
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radiation), consistent with previous work linking these pathways to visuo-spatial integration 

and attentional updating (de Schotten et al., 2011). Additionally, lower ACE scores and higher 

total WMH volume were both negatively correlated with placement precision (Figures 3-9b 

& 3-11c). Taken together, these findings would be consistent with the view that structural 

disconnection might disrupt both the quality and the utility of evidence accumulated during 

active sampling. 

Performance in the passive version of the CQ task revealed further dissociations in 

decision-making between the participant groups. While both groups scaled their uncertainty 

ratings in line with the objective expected error (Figure 3-10a), SVD patients consistently 

reported less uncertainty overall and were also less responsive to actual uncertainty changes. 

This may reflect impaired introspective access to uncertainty or reduced confidence calibration, 

both of which are crucial for appropriately modulating decision thresholds (Elosegi et al., 2024; 

Jackson et al., 2016; B. Li et al., 2024). In terms of behaviour, patients showed an increased 

general tendency to accept offers, but their choices were less modulated by both reward 

magnitude and uncertainty level. Imaging analyses from this study revealed that increased offer 

acceptance was associated with reduced FA in the superior corona radiata, the right external 

capsule, and the left-dominant body of the corpus callosum. These tracts have been associated 

with cognitive control, action selection and probabilistic outcome evaluation. For example, 

reduced FA in the corpus callosum predicted impaired performance on the IGT (Lane et al., 

2010), and lower integrity of corona radiata and corpus callosum fibres has been linked to 

impulsivity and executive decline (M. Feng et al., 2024; Goldwaser et al., 2022).The superior 

corona radiata, in particular, projects to prefrontal brain regions implicated in inhibitory control 

and it has been shown in adolescence studies that reduced integrity in this tract can lead to that 

riskier behaviour (Goldenberg et al., 2017; Jacobus et al., 2013). These findings suggest that 

reduced structural integrity in key fronto-striatal and thalamocortical pathways may contribute 
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to a shift toward more impulsive or risk-tolerant decision-making in SVD, characterized by 

diminished sensitivity to both reward value and uncertainty. 

SVD patients’ pattern of blunted sensitivity to external decision variables (e.g., cost, 

uncertainty, and reward; Figures 3-4a & 3-10b & 3-10c) and internal variables (e.g., perceived 

uncertainty, placement accuracy; Figures 3-10a & 3-5a) converges across both task versions, 

pointing to a general deficit in adaptive value-guided behaviour. The distributed WM 

abnormalities associated with these impairments support the notion that SVD affects large-

scale brain networks required for integrating sensory evidence with motivational and 

contextual information. This is consistent with recent models of cognitive impairment in SVD, 

which emphasise disrupted communication between prefrontal, parietal, and subcortical 

regions (Lawrence et al., 2013). The disconnectome analyses in this chapter further reinforce 

this interpretation. Reduced reward earnings were associated with widespread disconnection 

across frontal, temporal, parietal, and subcortical regions, including the angular gyrus, anterior 

cingulate, frontal pole, middle frontal gyrus, supramarginal gyrus, paracingulate gyrus, 

hippocampus, amygdala, caudate, precentral gyrus, and inferior temporal gyrus (Figure 3-15). 

Measures of information sampling behaviour showed a similar pattern. Reduced sampling 

quantity was linked to disconnection within the frontal pole and between the supramarginal 

gyrus and anterior cingulate gyrus (Figure 3-16) whereas reduced sampling efficiency was 

associated with disruptions within the angular gyrus, between the angular and supramarginal 

gyri, and in fronto-cingulo-parietal pathways (Figure 3-17).  Reduced placement precision was 

associated with disconnection between subcortical–limbic and thalamo-parietal regions, 

including pathways linking the right caudate to the right hippocampus, the left thalamus to the 

precuneus cortex, and the right angular gyrus to the inferior temporal gyrus (Figure 3-18). 

Aberrant uncertainty ratings were linked to broader fronto-parietal and limbic disconnection, 

including pathways between the anterior cingulate gyrus, supramarginal gyrus, angular gyrus, 
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and amygdala, as well as recurrent disruptions in the tract connecting the right frontal pole and 

left middle frontal gyrus (Figure 3-19). Finally, increased offer acceptance was associated with 

disruptions in WM pathways linking the right frontal pole with the left angular gyrus, and 

within the frontal pole itself—connections that normally contribute to the evaluation of 

prospective outcomes and behavioural inhibition (Figure 3-20). Together, these patterns 

suggest that value-guided behaviour in SVD is compromised not by isolated lesions but by 

distributed disruptions within a set of fronto-parietal, limbic, and subcortical pathways that 

reliably recruit the angular gyrus, anterior cingulate gyrus, frontal pole, middle frontal gyrus 

and supramarginal gyrus which may collectively support uncertainty monitoring, evidence 

accumulation, reward evaluation, and action selection. 

 This study had some limitations. First, participants in the SVD group were 

predominantly in the early stages of the disease and largely non-demented. As a result, the 

findings may not be generalisable to the broader SVD population, particularly individuals with 

more advanced disease progression or greater cognitive impairment. The relationship between 

task performance and cognitive impairment suggests more profound deficits might be 

observable in a cohort with more severe disease that might be more representative of people 

with vascular dementia. A second limitation is that patients were selected from a Cognitive 

Disorders clinic rather than recruited through broader population screening, which may 

introduce selection bias. A third limitation is that the imaging analyses relied on standard brain 

atlases to define WM tracts and cortical regions; as such, the localization of disconnectome 

effects represents probabilistic estimates rather than definitive anatomical boundaries, and 

individual variability in WM anatomy may lead to some misassignment of tracts or nodes. 
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3.6 Conclusion 

On a relatively new test of decision-making, SVD patients exhibited reduced sensitivity 

to cost, reward, and uncertainty, alongside a diminished ability to utilise self-generated spatial 

cues, resulting in decreased accuracy and precision. Their behaviour also reflected increased 

risk-taking, as evidenced by premature and faster sampling strategies, higher uncertainty 

retention and a higher rate of offer acceptance. Higher WMH burden predicts lower reward 

earnings, greater uncertainty tolerance and reduced placement precision in the active version 

of the CQ task. The findings also demonstrate that WM integrity, particularly in fronto-parietal, 

fronto-subcortical, and select temporal pathways, plays a critical role in supporting decision-

making under uncertainty. Disruption to these connections may lead to widespread damage in 

the brain’s decision-making network. By linking specific behavioural impairments to 

underlying structural connectivity, this work offers a new data on  how cerebrovascular 

pathology impacts decision-making processes and underscores the value of integrating 

behavioural and imaging approaches in SVD research. 
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4| Impact of SVD on EBDM under uncertainty 

 

4.1 Abstract 

EBDM is increasingly recognised as a critical domain of cognitive-motivational functioning, 

yet it has received limited attention in the context of SVD. In this chapter, a novel effort-based 

variant of the passive CQ paradigm was administered to some of the participants from Ch 3 

and the results from SVD patients and age-matched HC were compared. On this task, 

participants evaluated trials based on varying levels of reward, uncertainty, and crucially also 

physical effort required to accept an offer. Strikingly, the introduction of effort altered the 

behavioural profile of the SVD group. Whereas they had previously shown riskier and less 

reward-sensitive choices on the standard passive version of the CQ paradigm, here (where the 

third variable of effort also had to be evaluated) their offer acceptance rates, as well as their 

sensitivity to both reward and uncertainty, more closely aligned with the patterns observed in 

the HC group. 

Behavioural outcomes were examined in relation to various clinical measures as well 

as structural imaging indices. Tract-specific preserved axonal coherence and myelination in 

fronto-striatal and cingulo-opercular WM pathways (identified with TBSS and NODDI) 

correlated with increased offer acceptance and overall task engagement. Improved network 

connectivity along fronto-parietal and fronto-temporal pathways was also linked to greater 

offer acceptance. However, no significant correlations were found with WMH volume and 

clinical measures in this group. Together, these findings indicate that introducing physical effort 

can modulate decision-making in SVD. The presence of this third variable when participants 

made decisions reduced previously observed group differences between SVD patients and the 

HC group.  
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4.2 Introduction  

There is growing theoretical and empirical support for the view that EBDM underlies the 

allocation of cognitive and physical resources in the service of motivated action(Gómez 

Escobar & Mitchell, 2025; Kurniawan et al., 2011). EBDM refers to the processes by which 

individuals evaluate whether potential rewards are worth the physical or cognitive effort 

required to obtain them (Docx et al., 2015; Renz et al., 2023). This domain of cognitive function 

is fundamental to everyday goal-directed behaviour, yet it remains underexplored in clinical 

populations with known motivational and cognitive impairments. In recent years, EBDM 

paradigms have provided insight into disorders such as depression, Parkinson’s disease, and 

schizophrenia (Ang et al., 2022; Chen et al., 2020; Chong et al., 2015; Colón-Semenza et al., 

2021; Culbreth et al., 2018; Saperia et al., 2023), but their application to SVD has been minimal 

(Le Heron, Manohar, et al., 2018; Saleh et al., 2021b). Given that SVD is a leading cause of 

vascular cognitive impairment and is associated with apathy and other motivational symptoms, 

understanding how effort influences decision-making in this population is both timely and 

important. 

In this chapter, I extend the investigation from Ch 3 by introducing a novel, effort-based 

variant of the CQ task. Whereas the standard passive CQ task involved  choices based on 

reward and uncertainty, this modified version required participants also to consider the physical 

exertion that would be required in each trial. This additional component aims to better capture 

the motivational challenges faced by individuals with SVD, and to assess whether introducing 

effort alters their behavioural profile in meaningful ways. By comparing performance on this 

task between SVD participants and age-matched controls, this chapter first aims to evaluate 

how physical effort modulates decision-making in a patient group already characterised by 

subtle cognitive and motivational changes (Le Heron, Manohar, et al., 2018; Saleh et al., 

2021b). 
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A key question that this chapter seeks to answer is whether adding an effort component 

affects the decision-making tendencies previously observed in SVD. In Ch 3, participants with 

SVD demonstrated increased risk-taking and reduced reward sensitivity compared to controls, 

suggesting altered valuation processes. Emerging evidence suggests that incorporating physical 

effort into decision-making tasks can alter how individuals evaluate rewards and make choices 

under uncertainty (Summerside & Ahmed, 2021; van As et al., 2021). For example, studies in 

healthy individuals have found that effort demands can amplify the subjective value of rewards, 

a phenomenon sometimes interpreted through the lens of effort justification or increased 

salience of high-effort outcomes (Clay et al., 2022; Pan et al., 2023; Wu & Zheng, 2023; 

Zentall, 2010). However, other studies report reward discounting with increasing effort, 

whereby individuals devalue outcomes that require more effort to obtain (Nishiyama, 2016).  

This apparent discrepancy likely reflects the context-dependent nature of effort 

valuation, including whether effort is experienced prospectively or retrospectively, the degree 

of perceived control, and the motivational relevance of the task. Supporting this view, recent 

work by Marcowski et al. (2025) demonstrates that effort can exert positive, negative, or even 

nonmonotonic effects on outcome value, depending on how the effort–reward relationship is 

framed. These findings underscore that the integration of effort costs in decision-making is not 

fixed but dynamically shaped by contextual and cognitive factors. In clinical contexts, 

particularly those involving motivational deficits, effort has been proposed as a means of re-

engaging disrupted valuation circuits and promoting more goal-directed behaviour (Berwian et 

al., 2020; Chong et al., 2015). However, it remains unclear whether such effects are also 

observed in populations with cerebrovascular pathology, such as SVD, where both apathy and 

reduced reward sensitivity are common.  

Research on healthy and clinical populations suggests that EBDM might be supported 

by a distributed network of brain regions, including the anterior cingulate cortex (ACC), ventral 
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striatum, insula, dorsomedial and dorsolateral prefrontal cortex (Arulpragasam et al., 2018; 

Chong et al., 2017a; Lopez-Gamundi et al., 2021). These areas are thought to encode the 

subjective value of effortful actions, integrating information about anticipated rewards, task 

demands, and internal states such as fatigue or motivation (Barakat et al., 2025; Hogan et al., 

2019). The ACC, in particular, has been implicated in evaluating effort costs and guiding action 

selection accordingly (P. Croxson et al., 2009). While structural and functional integrity of 

these networks is often compromised in disorders like Parkinson’s disease and depression 

(Bore et al., 2023; Le Heron, Plant, et al., 2018), less is known about their involvement in SVD, 

where microvascular pathology may lead to subtle but widespread disruptions in WM 

connectivity (Le Heron, Manohar, et al., 2018; Saleh et al., 2021b). In addition to behavioural 

analyses, this chapter will incorporate neuroimaging data, including WMH quantification using 

BIANCA, WM microstructure assessed through TBSS applied to DTI and NODDI, and 

structural connectomics, to investigate the integrity of brain networks implicated in motivated 

behaviour. 

This chapter explores whether the introduction of physical effort modifies patients’ 

sensitivity to reward and uncertainty in decision-making. In so doing, it is important to consider 

that any observed group-level similarities in task performance may mask individual differences 

in motivational capacity. To explore this, behavioural findings will be examined alongside 

clinical measures of apathy, depression, impulsivity, and cognition, as well as neuroimaging 

indices of vascular burden and WM microstructure. These multimodal analyses will help 

determine whether comparable task behaviour reflects a genuine preservation of motivational 

function in SVD, or whether it may instead signal a compensatory shift in strategy or 

engagement. Understanding these dynamics has important implications for how apathy and 

related symptoms are conceptualised in the context of cerebrovascular disease, and how they 

might respond to interventions that recruit effortful action. 
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4.3 Methods  

4.3.1 Participants, demographics, and consent 

Thirty-four SVD participants aged between 50-80 years (20 males, 14 females) were recruited 

through the Cognitive Disorders Clinic at the John Radcliffe Hospital in Oxford. This group 

was a subset of the individuals who underwent testing as described in Ch 3. Their performance 

in this study was compared to that of forty-five age-matched healthy controls who were also 

part of the cohort in the previous chapter. Demographics are presented in Table 4-1.  

 

Table 4-1: Demographic and questionnaire measures. HC = Healthy 
Controls, SVD = Cerebrovascular Small Vessel Disease, YOE = Years of 
Education, ACE-III = Addenbrooke’s Cognitive Examination III, AMI =  
Apathy Motivation Index, BDI-II=Beck Depression Inventory II, BIS-II =  
Barrat Impulsiveness Scale II, HADS =Hospital Anxiety and Depression Scale. 

 

The two groups did not differ significantly in terms of age or sex ratio. However, 

healthy controls had more years of full-time education compared to SVD patients. Cognitive 

screening using ACE-III revealed significantly higher scores in healthy controls, although both 
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groups had scores that were within normal limits for the general population (Hsieh et al., 2013; 

Mathuranath et al., 2000). There were significantly more people with apathy and depression in 

the SVD cohort, as measured using the Apathy Motivation Index (AMI) and Beck Depression 

Inventory-II (BDI-II) respectively (Ang et al., 2016; Beck et al., 1961a). Additionally, patients 

scored higher on the Barratt’s Impulsivity Scale (BIS) than control participants (Patton et al., 

1995). 

All participants provided written consent in accordance with the Declaration of Helsinki 

and the study was approved by the NHS ethics committee. 

 

4.3.2 Experimental setup 

“CQ with effort” paradigm 

The CQ with effort task is an EBDM behavioural paradigm (Figure 4-1) developed from the 

passive choice task of the original CQ task described in Ch 3. Here, participants have to 

evaluate three variables – uncertainty, reward and effort – when deciding whether to accept 

offers on a passive version of the CQ task. The effort in this case was physical effort normalized 

to each participant’s maximum voluntary contraction (MVC). 

 

Figure 4-1. Passive version of the CQ task with effort. Participants viewed completed searches and 
provided confidence ratings reflecting their perceived ability to locate the hidden circle. Ratings were made 
by tapping along a vertical scale ranging from 0 (bottom) to 100 (top). After submitting their ratings, 
participants received a reward offer (R₀ = 40, 65, 90, or 115 credits) and effort requirement (1 to 5). They 
indicated their willingness to place the blue circle by tapping “yes” to accept or “no” to reject the trial. 
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Stimuli 

This task was presented on a 17-inch touchscreen PC using MATLAB version 2018a 

(MathWorks; https://uk.mathworks.com) and Psychtoolbox version 3. Participants performed 

the tasks in a quiet testing room sitting within reaching distance of the screen (~50 cm). An 

experimenter was present in the room at all times during the behavioural testing which took 

about 90 mins on average to complete (Petitet et al., 2021). 

As previously described in Ch 3, a circular grey mask (search space) was shown on the 

visual display, and individuals were told that a singular purple circle (radius = 130 pixels; 

area = 5.80% of the search space) was hidden within this search space in any given trial. Eight 

dots (radius = 4 pixels) coloured purple or white were shown within the grey search space. A 

small purple dot indicated a location within the area of the hidden purple circle. A small white 

dot, however, indicated a location which was outside the area of the hidden purple circle.  

 

Physical Effort Calibration 

 A hand-held dynamometer was used to measure effort in the task. For calibration, prior to the 

main experiment, participants were asked to squeeze the handle as hard as they could with their 

preferred hand in order to establish their maximal voluntary contraction (MVC). To establish 

the physical demands for the 5 different effort levels participants were asked to squeeze the 

dynamometer while receiving feedback in the form of a red bar drawn on a vertical bar. As 

soon as the desired effort level was reached, this bar turned yellow, and participants were 

allowed to relax their grip. The 5 effort levels corresponded to 16, 32, 48, 64, and 80% of MVC, 

with each effort level experienced twice. 
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Passive choice task with effort 

This variation of CQ involved the manipulation of the expected error or uncertainty and the 

number of credits on offer (initial reward/stake) as previously. Crucially, in addition, the 

physical effort level required for each trial was a new variable in this version of the passive 

task. Performance on the task can reveal how sensitive individuals were to each of these three 

variables. Uncertainty, EE, was calculated as the mean difference between all potential 

solutions given the current search i.e.  

EEs = (1-a)( EE s-1 – EE∞) + EE∞   Equation 1 

where EEs is the expected error after the sth sample, a is the information extraction rate 

that quantifies the sampling efficiency, EE s-1 is the expected error after the previous (s−1th) 

sample and EE∞ is asymptotic expected error i.e. the lowest error achievable after infinite 

samples.  

The task was divided into two phases: an uncertainty rating phase and an offer 

acceptance phase. No feedback was provided in either phase since there were no “correct 

answers”, only subjective responses. 

 

Uncertainty Rating 

As previously in the passive version of the CQ task described in Ch 3, at the start of each trial 

participants were shown a complete search with the eight dots on the screen in various 

configurations. Each trial had eight sample dots in total, half of which were positive samples 

(purple) and the other half which were negative samples (white). The uncertainty, EE, was 

manipulated by varying the spatial configuration of the displayed samples. The expected error 

ranged from 10–70 pixels. This meant the further the positive samples were from each other, 

the lower the expected error would be. Each participant saw the same exact trials that were in 

total 100, but the order in which they saw them was randomized. They were asked to make a 
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rating of how confident they were about the location of the hidden purple circle based on the 

completed search. This rating was performed on a scale from 1-100 displayed on the side of 

the screen corresponding to the handedness of the participant. Each completed search appeared 

onscreen alone for 0.5 seconds after which the rating scale appeared alongside for an additional 

6.5 seconds. During this time participants were expected to make their rating. If they failed to 

do so in time the task would move on to the subsequent trial. However, the missed trial would 

later reappear so all participants would complete all 100 trials.  

 

Offer Acceptance 

Once a participant made a successful rating of the completed search, the trial would progress 

to the next phase of the task, the offer acceptance. The rating scale would disappear at this point 

and on the left side of the completed search, a purple circle containing the number of credits 

on offer was presented. This purple circle also reminded participants of the size of the hidden 

circle they were searching for. There were four credit options offered throughout the entirety 

of the task (40, 65, 90 or 115). Thus, the reward on offer was presented in this way. 

In this version of the task, each trial also was associated with a physical effort (squeeze 

of the dynamometer) required to accept the offer. The amount of effort required on a trial was 

indicated on a vertical bar segmented into five equal parts, displayed on the right side of the 

screen with lines running across horizontally at each graduation. Each graduation represented 

a different effort level with the topmost line representing the highest effort level (5) and the 

line closest to the bottom representing the lowest effort level (1). One line would be coloured 

yellow to indicate the required effort level while the other lines remained grey. One of five 

possible effort levels was offered on any given trial (effort level 1, 2, 3, 4 or 5, corresponding 

to 16, 32, 48, 64, and 80% of MVC for each participant).  
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Below the search space on either side was displayed a ‘YES’ and a ‘NO’ option which 

participants could select to accept or reject an offer respectively for the chance to place the blue 

disk where the hidden purple circle was located. The ‘YES’ and ‘NO’ options switched sides 

randomly during the task to avoid any bias to choose the same option. Note participants only 

accepted or rejected reward offers but did not actually place the blue disk. To incentivize the 

context, they were informed that, at the end of the experiment, 20 trials would be randomly 

selected from the set they had accepted. For each of these selected trials, they would be required 

to place the blue circle at the indicated location and earn credits, but only if they successfully 

met the required effort level by squeezing the dynamometer. This meant that actual rewards 

depended on their ability to exert the required effort on those trials, thereby reinforcing the 

importance of their decisions during the task. 

 

Protocol 

Cognitive examination and questionnaires  

All study participants were received cognitive assessment using the ACE-III which took about 

15 mins to complete. Version A of the ACE was administered to the healthy elderly controls 

while versions B and C were administered to SVD patients since they were more likely to have 

already been exposed to version A in a prior study or clinical visits.  

In addition to the cognitive testing, participants completed established self-report 

questionnaire measures of apathy (Apathy and Memory Index, AMI), impulsivity (Barratt 

Impulsiveness Scale, BIS), depression (Beck Depression Inventory, BDI) and anxiety (Hospital 

and Anxiety Depression Scale, HADS) (Ang, 2017; Beck et al., 1961b; Patton et al., 1995; 

Zigmond & Snaith, 1983). Individuals completed all four questionnaires on the day of the 

behavioural testing. Two of the questionnaires, the AMI and BIS, were completed prior to the 
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start of CQ, while the final two, the BDI and HADS, were administered at the end of the 

session.   

 

Fatigue ratings during the task 

Throughout CQ, participants rated their level of subjective fatigue on a scale from 0 to 100 at 

the start of each experimental block. Their prompt to report this rating came in the form of a 

vertical visual analogue scale that appeared in the middle of the screen underneath the text, 

‘How tired do you feel?’ The top of the scale was labelled ‘Extremely’ and the bottom was 

labelled ‘Not at all’ to indicate the highest and lowest extremes of fatigue.  

 

Experimental design 

The passive choice task with effort variant of CQ was preceded by an exposure session during 

which participants were introduced to the task, given instructions, and allowed to practice 

sampling and placing the blue disc. First, they had three practice trials that required them to 

touch the screen and gather samples to help them localize the hidden purple circle. They could 

acquire as many samples (dots) as they desired and when they were satisfied with their search, 

they would hit the spacebar key to make the blue disc appear. Then they would drag this disc 

to where they thought the hidden purple circle was located. They received feedback in the form 

of a faded purple circle showing them the actual location of the hidden circle.   

The next part of the exposure session had five blocks of 20 exposure trials (100 trials in total). 

This time participants were shown completed searches with eight samples (four positive dots 

and four negative dots) in different configurations to vary the level of uncertainty and the blue 

disk in the middle of the screen. Each trial also had an associated reward offer and these were 

either 40, 65, 90 or 115 credits. This part of the exposure session introduced individuals to the 

credit and scoring function of the task. Participants were required to move the blue disk to 
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where they thought the hidden purple circle was located and then they received feedback in the 

form of the faded purple circle showing them the actual location of the hidden circle and the 

number of credits they won. Note that it was possible to receive negative credit scores.  

4.4 Results 

4.4.1 Participants’ offer acceptance modulated by uncertainty, reward and effort 

On the CQ task with effort, participants’ subjective uncertainty ratings increased significantly 

with objective uncertainty, EE, across both groups (β = 1.32, SE = 0.22, 95% CI [0.88, 1.76], 

t₃₉₀ = 5.90, p < 0.0001; Figure 4-2a). However, patients showed attenuated sensitivity to 

uncertainty, reflected in a significant group × uncertainty interaction (β = –0.37, SE = 0.15, 

95% CI [–0.66, –0.08], t₃₉₀ = –2.50, p = 0.013), indicating shallower slopes in their subjective 

ratings across uncertainty compared to controls. The overall group difference in uncertainty 

ratings was small and not statistically significant (β = 0.078, SE = 0.042, 95% CI [–0.004, 

0.16], t₃₉₀ = 1.86, p = 0.064). These results indicate that while both groups scaled their 

uncertainty ratings appropriately, patients were less responsive to changes in actual uncertainty 

levels but did not differ substantially in their overall perceived uncertainty. 

 Participants’ likelihood of accepting an offer decreased as uncertainty increased (β = 

0.00101, SE = 0.00078, 95% CI [–0.00052, 0.00254], t₁₆₂₇₃ = 1.29, p = 0.195; Figure 4-2b), 

but this change was not statistically significant. This is likely due to large variability across 

participants in both groups. Although the group × uncertainty interaction was significant (β = 

–0.00234, SE = 0.00052, 95% CI [–0.00335, –0.00132], t₁₆₂₇₃ = –4.51, p < 0.00001), the effect 

size was extremely small, and raw data suggest both groups responded similarly to uncertainty, 

with overlapping confidence intervals and some uncertainty levels appearing steeper for 

patients. 
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Figure 4-2. Participants’ performance on the passive version of the CQ task with effort. (a) SVD patients 
showed impaired perception of uncertainty compared to controls during the confidence rating phase. (b) Both 
groups accepted fewer trials as uncertainty increased. (c) Both groups accepted more trials as reward increased. 
(d) Both groups accepted fewer trials as effort increased. 

 

Participants’ offer acceptance increased significantly as reward increased (β = 0.00551, 

SE = 0.00039, 95% CI [0.00474, 0.00628], t₁₆₂₇₃ = 13.98, p < 0.0001; Figure 4-2c). However, 



 

143 
 

this effect differed by group, with patients showing a reduced positive impact of reward on 

choice (group × reward interaction: β = –0.00111, SE = 0.00026, 95% CI [–0.00162, –0.00059], 

t₁₆₂₇₃ = –4.21, p < 0.0001), indicating relatively less sensitivity to reward magnitude compared 

to controls. The overall group difference was not statistically significant (β = 0.0698, SE = 

0.0398, 95% CI [–0.0082, 0.148], t₁₆₂₇₃ = 1.75, p = 0.079). 

 Participants’ likelihood of accepting offers decreased significantly as effort increased 

(β = –1.27, SE = 0.044, 95% CI [–1.36, –1.19], t₁₆₂₇₃ = –29.23, p < 0.0001; Figure 4-2d), 

reflecting reduced willingness to exert higher effort. However, this effect differed by group, 

with SVD patients having a slightly shallower slope (group × effort interaction: β = 0.173, SE 

= 0.029, 95% CI [0.116, 0.230], t₁₆₂₇₃ = 5.96, p < 0.00001), indicating relatively less sensitivity 

to effort compared to controls. However, patients were less likely to accept offers at low effort 

levels (β = –0.099, SE = 0.037, 95% CI [–0.171, –0.027], t₁₆₂₇₃ = –2.69, p = 0.007) than controls. 

 

4.4.2 The inclusion of physical effort altered participants’ behaviour on the passive 

version of the CQ task  

Further analyses were conducted to determine whether participant behaviour on the passive 

version of the CQ task changed when physical effort was introduced. To achieved this, data 

form those participants who had performed the experiments in this and the previous chapter 

were analysed. Linear mixed-effects models were conducted to examine whether decision time 

differed between patients and controls during the CQ task with effort. Models included decision 

time as the dependent variable, with group entered as a fixed factor and participant as a random 

effect. The analysis revealed no significant group differences in decision time (p = 0.158), 

suggesting comparable response speeds between both groups. To further explore the influence 

of effort demands, additional analyses were conducted in a subset of participants who 

completed both the effort and no-effort conditions of the CQ task passive version. In this subset, 
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group differences in decision time were again nonsignificant when models were fitted 

separately for each condition (no-effort: p = 0.284; effort–PC: p = 0.136; Figure 4-3). However, 

when data from both experiments were combined in a single model including condition and 

group as fixed factors, there was a strong main effect of condition (p < 0.001) and a significant 

group × condition interaction (p < 0.001). Nonparametric tests confirmed these effects, with all 

task versions showing significant group differences (p ≤ 0.0016). These findings suggest that 

while decision time did not differ robustly between groups within individual task contexts, 

performance was nonetheless modulated by the presence of effort demands, with evidence for 

differential group sensitivity to experimental condition. 

 

 

Figure 4-3. Decision time on the CQ task passive version with and without effort. Both groups took 
significantly longer to make a decision when physical effort was included as a third variable. 

 

Generalised linear mixed-effects models were conducted to examine whether the 

percentage of accepted offers varied as a function of reward and uncertainty across 

experimental conditions (effort vs. no-effort). The model included group, condition, and their 

interaction as fixed factors, with random intercepts for participants. Across all participants, 

acceptance rates increased significantly with reward level (F (1,13 581) = 540.6, p < 0.001; 
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Figures 4-4a & 4-4c) and decreased with increasing uncertainty (F (1,13 581) = 1778.6, p < 

0.001; Figures 4-4b & 4-4d). A strong main effect of condition was observed (F (1,13 581) = 

98.97, p < 0.001), qualified by a significant group × condition interaction (F (1,13 581) = 

7.43, p = 0.006).  

 

Figure 4-4. Participants’ behaviour on the CQ task passive version with and without effort.  
(a) SVD patients became more sensitive to reward in the effort condition (b) and accepted more offers at 
higher levels of uncertainty. (c) Healthy controls accepted more offers in the effort condition at all reward 
levels (d) and at higher levels of uncertainty. 

 

Within-group analyses revealed that controls were highly sensitive to both reward and 

uncertainty in both conditions (no-effort: reward F(1,7746) = 429.5, p < 0.001; uncertainty 
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F(1,7746) = 1138.9, p < 0.001; effort: reward F(1,7746) = 429.5, p < 0.001; uncertainty 

F(1,7746) = 1138.9, p < 0.001). They also showed a robust effect of effort (F(1,7746) = 111.9, 

p < 0.001), with higher acceptance overall when effort was required. In contrast, patients 

displayed markedly weaker modulation by reward and uncertainty in the no-effort condition 

(reward: F(1,5833) = 134.0, p < 0.001; uncertainty: F(1,5833) = 642.5, p < 0.001). However, 

under effort, sensitivity increased considerably (reward: F(1,5833) = 16.96, p < 0.001; 

uncertainty: F(1,5833) = 17.0, p < 0.001), resulting in choice patterns statistically 

indistinguishable from controls (effort: group F(1,5833) = 1.2, p = 0.273). The group × 

condition interaction from the combined model (F(1,13 581) = 7.43, p = 0.006) confirms that 

group differences were specific to the no-effort condition. This pattern suggests that effort 

demands increased motivational engagement in patients, restoring patients’ sensitivity to both 

reward and uncertainty to control levels. 

 

4.4.3 Group differences in fatigue evolution on the passive version of the CQ task 

Linear mixed-effects models were conducted to examine whether fatigue levels differed 

between participant groups and across time in the CQ task with effort. Models included fatigue 

measured at five time points which corresponded to the start of each block. Results revealed a 

significant effect of time (F₄,85246 = 2548.9, p < 0.001; Figure 4-5a) and a significant group 

× time interaction (F₄,85246 = 245.7, p = 2.68×10⁻⁵⁵), indicating that the groups differed in the 

trajectory of fatigue across the task, although no main effect of group was observed (F₁,85246 

= 1.05, p = 0.306). Comparisons of subject-specific slopes confirmed no difference in overall 

rate of fatigue increase between groups (rank-sum p = 0.980; t-test p = 0.569). 

Linear mixed-effects models were also conducted to examine whether fatigue levels 

differed between participants who did both the effort and no-effort conditions of the CQ task 

passive version. For the effort condition, fatigue increased over time (time: F₄,34300 = 329.19, 
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p = 1.66×10⁻²⁷⁸; Figure 4-5b) and showed a significant group × time interaction (F₄,34300 = 

127.24, p = 4.93×10⁻¹⁰⁸), with no baseline group difference (F₁,34300 = 0.45, p = 0.503). For 

the no-effort condition, fatigue increased over time (time: F₄,33492 = 189.97, p = 2.55×10⁻¹⁶¹; 

Figure 4-5c), with a significant group × time interaction (F₄,33492 = 265.54, p = 4.49×10⁻²²⁵) 

but no baseline group difference (F₁,33492 = 2.43, p = 0.119).  

Within-group comparisons across experiments indicated that controls exhibited 

significant differences in fatigue trajectories between the no-effort and effort tasks (time × 

experiment: F₁,38746 = 112.05, p = 3.77×10⁻²⁶) without a baseline difference (condition: 

F₁,38746 = 0.25, p = 0.615), whereas SVD patients showed a higher baseline fatigue in the no-

effort condition (experiment: F₁,29058 = 141.28, p = 1.67×10⁻³²) with a smaller but significant 

change in trajectory (Time × experiment: F₁,29058 = 4.48, p = 0.034). These findings suggest 

that both groups’ fatigue increased over time, but the effort manipulation primarily altered the 

trajectory for controls and baseline levels for SVD patients. 

 

 

Figure 4-5. Fatigue ratings by participants on the CQ task passive version with and without effort. 
(a) SVD patients reported higher initial fatigue that increased and plateaued, while controls showed fatigue 
that gradually increased across blocks. (b) Among the subset of participants who completed both 
conditions of the passive version, the pattern described in panel (a) was evident only in the condition 
involving effort. (c) In the absence of effort, SVD patients showed increasing fatigue across blocks except 
the last, while controls reported increases only in the final two blocks. 
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4.4.4 Increased offer acceptance on passive tasks predict lower MD in WM tracts 

TBSS analysis, with α= 0.05 and correcting for multiple comparisons with TFCE, using the 

DTI model on the whole cohort (across both groups) demonstrated that lower MD values were 

associated with increased offer acceptance in the CQ task with effort. These associations were 

evident in the anterior thalamic radiation, superior longitudinal fasciculus, corticospinal tract, 

forceps minor and cingulum (Figure 4-6).  

 

Figure 4-6. TBSS analysis of CQ active version using the DTI model (a) Increased offer acceptance was 
associated with reduced MD in the anterior thalamic radiation and superior longitudinal fasciculus as well as 
(b) in the corticospinal tract, forceps minor and cingulum 

 
4.4.5 Increased offer acceptance on passive tasks predict higher NDI in WM tracts 

TBSS analysis, with α= 0.05 and correcting for multiple comparisons with TFCE, using the 

NODDI model on the whole cohort demonstrated that lower NDI values were also associated 

with increased offer acceptance (Figure 4-7). These changes were most prominent in the 

corticospinal tract and superior longitudinal fasciculus. 
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Figure 4-7. TBSS analysis of CQ active version using NODDI. (a) Increased offer acceptance was 
associated with increased NDI in the corticospinal tract and superior longitudinal fasciculus.  

 

The above TBSS analyses revealed that while there exist associations between WM 

microstructure and behaviour in both the standard passive CQ task (Ch 3.) and the effortful 

conditions, the patterns differed subtly. In the standard condition, DTI-based FA highlighted 

associations between uncertainty ratings and offer acceptance in tracts including the left 

external capsule, left uncinate fasciculus, anterior corona radiata, right anterior thalamic 

radiation, genu of the corpus callosum, and left frontal aslant tract. In the effortful condition, 

both DTI-based MD and NODDI-based NDI revealed associations with offer acceptance in the 

anterior thalamic radiation, superior longitudinal fasciculus, corticospinal tract, forceps minor, 

and cingulum. These results indicate that while WM microstructure relates to behaviour in both 

tasks, the specific tracts implicated differed by task, and these associations were revealed by 

different diffusion models. Another important distinction is that while increased offer 

acceptance correlated negatively with WM integrity in the standard passive CQ task (Ch 3.), 

this behaviour correlated positively with microstructural integrity in the effortful condition.  

Additional TBSS analyses using the DTI and NODDI models for other CQ passive 

version with effort behavioural and clinical metrics did not reveal any further significant effects 

in FA, ISOVF, and ODI. Analyses examining the relationship between participants’ behaviour 

and WMH burden, as quantified by BIANCA, revealed no significant effects across the 

performance measures on the CQ effort passive version (e.g., overall uncertainty ratings, 
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uncertainty rating slopes, and offer acceptance based on uncertainty, reward, and effort). 

Finally, no significant relationships were observed between behavioural metrics from the CQ 

effort passive version and clinical measures of cognition, apathy, depression, and impulsivity. 

 

4.4.6 Connectome associated with behaviour in EBDM under uncertainty  

Significant TBSS clusters were mapped onto the JHU white-matter atlas to identify implicated 

tracts and quantify the proportion of supra-threshold voxels within each. Voxel endpoints were 

assigned to the nearest cortical regions in the Harvard–Oxford atlas, generating a tract-to-cortex 

mapping. These mappings were then combined to construct a connectome in which edges 

represent the percentage of affected voxels within each tract. This was done for the significant 

results from both the DTI (Figure 4-8) and NODDI (Figure 4-9) models described above. 

 

Figure 4-8. Connectome associated with increased offer acceptance based on DTI MD.  
Denser connection was observed in WM connections within the left angular gyrus and between the left 
supramarginal gyrus and left angular gyrus; left anterior cingulate gyrus and right supramarginal gyrus; right 
frontal pole and left middle frontal gyrus; left precuneus cortex and left angular gyrus; left precuneus cortex 
and left middle frontal gyrus; and left precuneus cortex and right angular gyrus. 

In the DTI model involving reduced MD, increased WM connections positively correlated 

with offer acceptance (Figures 4-8) were confined to the frontal and parietal lobes. In the 
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NODDI model involving increased NDI, improved WM connectivity associated with 

increased offer acceptance (Figures 4-9) was left lateralized and confined to the frontal and 

temporal lobes. WM tracts projecting to the left middle frontal gyrus and left precuneus 

cortex were implicated in both models.  

 

Figure 4-9. Connectome associated with increased offer acceptance based on NODDI NDI. 
Higher neurite/axonal density was observed in WM connections within the right temporal pole and left 
middle frontal gyrus; and between the right temporal pole and left middle frontal gyrus; and left precuneus 
cortex and left middle frontal gyrus 

 

4.5 Discussion 

This chapter set out to examine whether the introduction of physical effort alters SVD patients’ 

sensitivity to reward and uncertainty in decision-making, and to assess how such changes relate 

to underlying WM microstructure. Building on the findings from Ch 3, where patients showed 

reduced reward sensitivity and increased risk-taking compared to healthy controls, the current 

study introduced a physical effort component to the passive version of the CQ task to explore 

whether engaging EBDM systems would modify this behavioural profile. EBDM has been 

proposed as a fundamental mechanism for allocating cognitive and physical resources toward 

goal-directed behaviour (Gómez Escobar & Mitchell, 2025; Kurniawan et al., 2011). It relies 
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on the capacity to integrate reward value, task demands, and internal states such as fatigue to 

guide adaptive action (Arulpragasam et al., 2018; Chong et al., 2017a). Given that SVD can 

lead to disruptions in fronto-striatal and cingulo-opercular networks crucial for these 

computations(Le Heron, Manohar, et al., 2018; Saleh et al., 2021b), understanding how 

physical effort modulates motivational decision-making in this population provides important 

insight into the neural and cognitive underpinnings of apathy and reduced goal-directed 

behaviour. 

The present findings demonstrate that both patients and controls appropriately tracked 

uncertainty, reward, and effort demands, yet the degree to which these factors influenced their 

decisions differed. In terms of uncertainty, both groups’ subjective ratings scaled positively 

with objective uncertainty, suggesting that they recognised and responded to changes in 

outcome probability. However, SVD patients showed a reduced sensitivity to increasing 

uncertainty, reflected in flatter rating slopes (Figure 4-2a). This attenuation might potentially 

be attributable to consistent with metacognitive inefficiency, potentially linked to impaired 

communication between brain monitoring systems and those implicated in uncertainty tracking 

(Fleming et al., 2012). Importantly, there was no significant overall group difference in mean 

uncertainty ratings, suggesting that patients did not fundamentally misperceive uncertainty but 

were less responsive to its graded changes. This finding is consistent with emerging evidence 

of disrupted cost weighting in SVD (Le Heron, Manohar, et al., 2018). 

Decision patterns further revealed how reward, uncertainty, and effort jointly shaped 

choice behaviour. Across both groups, participants were slightly less likely to accept offers as 

uncertainty increased (Figure 4-2b), although this effect did not reach significance due to 

variability. As expected, acceptance increased with higher rewards (Figure 4-2c), but controls 

showed a steeper rise in acceptance than patients, particularly at higher reward levels. This 
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replicates the reward hyposensitivity previously observed in SVD (Ch 3) and supports the view 

that reward valuation processes are blunted in SVD (Hollocks et al., 2015).  

Both groups showed reduced acceptance as required effort increased (Figure 4-2d), 

consistent with effort discounting (Nishiyama, 2016). However, SVD patients exhibited a 

shallower decline across effort levels, suggesting diminished differentiation between low and 

high effort costs. Interestingly, patients were also more effort-averse at low effort levels, 

accepting fewer easy offers than controls. This paradoxical pattern implies that reduced 

engagement cannot be explained purely by physical aversion but may instead reflect a lowered 

baseline motivation or altered calibration of action costs which is a feature often associated 

with apathy (Le Heron, Plant, et al., 2018; Saleh et al., 2021b). 

The comparison between task conditions highlights the critical role of effort in 

modulating engagement. Controls were already sensitive to reward and uncertainty in the no-

effort condition, as shown in Ch 3, but when effort was introduced, they increased their overall 

acceptance rates (Figures 4-4c & 4-4d), suggesting that the physical demand may have 

enhanced task salience or reward anticipation (Clay et al., 2022; Pan et al., 2023; Zentall, 2010).  

For patients, the addition of effort had an even more striking effect. Although SVD 

participants had previously shown blunted sensitivity to reward and uncertainty (Ch 3), under 

effortful conditions their responsiveness increased to levels statistically indistinguishable from 

controls (Figures 4-4a & 4-4b). This finding suggests that effort might potentially have 

amplified motivation. Similar “effort-activation” effects have been described in healthy 

individuals and in disorders with motivational deficits, where the physical act of engaging with 

effortful tasks can enhance arousal and re-engage reward valuation processes (Bogdanov et al., 

2022; Clay et al., 2022; Harmon-Jones et al., 2020; Hernandez Lallement et al., 2014; Renz et 

al., 2022). Within this framework, effort can be understood not only as a cost but also as a 
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source of motivational salience and its inclusion in the task may have increased perceived 

control or outcome relevance, thereby compensating for patients’ reduced intrinsic drive. 

Decision time data further support the interpretation that effort increases deliberative 

engagement (Figure 4-3). Although there were no significant group differences in reaction time 

within each condition, both groups took longer to decide when effort was introduced, consistent 

with increased cognitive load and a more deliberate evaluation of cost–benefit trade-offs. This 

aligns with theoretical accounts positing that effort-based choices engage the ACC to integrate 

reward and effort information and optimise behavioural allocation (Barakat et al., 2025; P. L. 

Croxson et al., 2009). The fact that SVD patients showed similar response latencies to controls 

suggests that basic decision dynamics remain preserved, even when motivational sensitivity 

differs. 

The fatigue data provide further nuance to these behavioural findings. In the effort 

condition, both groups reported increasing fatigue over time, with no significant overall group 

difference (Figures 4-5a & 4-5b). However, patients began the task at a slightly higher fatigue 

level, plateauing early, whereas controls started lower and showed a gradual increase. The 

pattern may suggest that patients experience reduced physiological and cognitive recovery or 

earlier onset fatigue, which is broadly consistent with existing evidence of fatigue in SVD 

(Jolly et al., 2024). In the no-effort context (Figure 4-5c), patients again began more fatigued—

this time significantly so—which likely reflects residual tiredness from having completed the 

active version of the CQ task immediately beforehand. Again, their fatigue trajectory increased 

before plateauing, suggesting limited dynamic range or sensitivity in fatigue reporting. 

Controls, by contrast, showed stable fatigue during the first three blocks and a modest increase 

only near the end, which may indicate mild boredom due to task repetitiveness rather than 

exertional fatigue. These findings highlight that while SVD patients do not necessarily tire 
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more rapidly during task performance, they begin from a higher baseline of subjective fatigue, 

potentially reflecting diminished baseline arousal or sustained effort readiness. 

The neuroimaging analyses offer convergent support for a link between motivational 

engagement and WM integrity. Across participants in the CQ effort passive version, higher 

offer acceptance was associated with lower MD from the DTI-based TBSS analysis (Figure 4-

6) and higher NDI from NODDI-based TBSS (Figure 4-7). These complementary findings 

indicate that individuals with more intact WM microstructure were more likely to engage with 

effortful offers, consistent with more efficient neural signalling across motivation-related 

circuits. The implicated tracts, such as the anterior thalamic radiation, superior longitudinal 

fasciculus, corticospinal tract, forceps minor, and cingulum, form part of the broader fronto-

striatal and cingulo-opercular networks involved in reward valuation, cognitive control, and 

effortful action (Chong et al., 2017a; Le Heron, Plant, et al., 2018). Lower MD and higher NDI 

are indicative of preserved axonal coherence and myelination (Mascalchi et al., 2019; H. Zhang 

et al., 2012), suggesting that microstructural integrity within these tracts supports effective 

cost–benefit integration. These findings resonate with the view that apathy and reduced 

motivation in SVD are not the result of isolated regional dysfunction, but of network-level 

disconnection affecting communication between the ACC, basal ganglia, and prefrontal cortex 

(Benoit & Robert, 2011; Hollocks et al., 2015). Interestingly, no comparable associations 

emerged for WMH burden. 

The connectomics analyses further support a network-level account of motivated 

decision-making. For DTI-derived MD, increased offer acceptance was associated with denser 

structural connectivity across frontal–parietal links, including connections involving the left 

angular and supramarginal gyri, the left anterior cingulate gyrus, the right frontal pole, and 

several pathways linking the left precuneus to frontal and parietal regions (Figure 4-8). These 

effects were mediated primarily by callosal fibres and the corona radiata. For NODDI-derived 
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NDI, higher neurite or axonal density was linked to stronger, largely left-lateralised fronto-

temporal connections, particularly those involving the temporal pole, middle frontal gyrus, and 

precuneus (Figure 4-9). Notably, both models converged on white-matter pathways projecting 

to the left middle frontal gyrus and left precuneus, suggesting that these regions may act as key 

nodes within the broader networks supporting motivated behaviour. This interpretation is 

consistent with previous work showing that the precuneus has strong structural connections to 

prefrontal areas via the cingulum (Tanglay et al., 2022), that fronto-parietal and default-mode 

networks rely on these pathways for coordinated signalling (Cunningham et al., 2016; M. P. 

van den Heuvel et al., 2009), and that apathy in SVD relates to disruption within frontal and 

parietal circuits rather than isolated regional pathology (Hollocks et al., 2015; Moretti & 

Signori, 2016; Tay et al., 2019). Overall, the pattern of reduced MD and increased NDI 

associated with greater offer acceptance points to more efficient connectivity within distributed 

valuation and control networks. 

An interesting point of comparison with the passive version results from Ch 3 is that, 

in the non-effortful condition of the CQ task, increased offer acceptance was instead associated 

with reduced white-matter integrity and was linked to poorer uncertainty estimation and less 

efficient sampling (in the active version of the CQ task). Notably, several of the same 

connections—such as pathways involving the left angular and supramarginal gyri, the left 

anterior cingulate gyrus and right supramarginal gyrus, and links between the right frontal pole 

and left middle frontal gyrus—were implicated across both experiments but showed opposite 

relationships with behaviour. This pattern suggests that offer acceptance does not reflect a 

single underlying cognitive process across tasks. Rather, these fronto-parietal pathways may 

support different aspects of decision-making depending on the computational demands, 

promoting adaptive engagement when effort costs are present, but reflecting suboptimal belief 

updating when choices are made without effort constraints. This pattern aligns with prior work 
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showing that fronto-parietal and cingulo-opercular networks are flexible and can relate to 

behaviour in different ways depending on task demands (Y. Li et al., 2021; Wood & Nee, 2023). 

These pathways might support both effort-based valuation and uncertainty monitoring, and 

their engagement could reflect different underlying computations across contexts. In SVD and 

apathy, for example, greater white-matter integrity in these circuits has been linked to improved 

goal-directed behaviour, whereas reduced integrity is associated with poorer belief updating 

and diminished exploratory sampling. The observation that overlapping connections predicted 

opposite behavioural patterns across the two CQ tasks fits well with this literature, suggesting 

that acceptance behaviour recruits partially shared but functionally flexible networks whose 

contribution depends on whether decisions require integrating effort costs or evaluating 

uncertainty. 

Together, these results provide new insight into how effort modulates motivated 

decision-making in SVD. Although both patients and controls appropriately evaluated 

uncertainty, reward, and effort, patients exhibited reduced sensitivity to these parameters 

overall, consistent with diminished motivational responsiveness. Yet, the addition of physical 

effort enhanced their sensitivity, restoring behaviour to control levels. This suggests that effort 

can act as an external cue that re-engages otherwise underactive motivational circuits or 

perhaps focuses attention on the decision to a greater degree. The absence of major group 

differences in decision time and fatigue trajectories indicates that these behavioural changes 

are unlikely to reflect general cognitive slowing or physical exhaustion. The structural imaging 

and connectomics findings further strengthen this interpretation, linking greater engagement to 

better-preserved WM microstructure within tracts in the brain’s EBDM network critical for 

reward–effort integration. However, there were no significant behavioural correlations with 

apathy scores which might reflect the context-dependent nature of motivational deficits in 
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behavioural tasks that capture more transient, state-like aspects of motivation, whereas clinical 

apathy scales measure trait-like or global reductions in goal-directed behaviour. 

This study has several limitations. First, participants in the SVD group were primarily 

in the early stages of the disease and largely non-demented, which limits the generalisability 

of the findings to the wider SVD population. Individuals with more advanced disease or greater 

cognitive impairment may show more pronounced deficits in effort-based decision-making, 

potentially offering a clearer view of how vascular pathology contributes to motivational 

dysfunction. Second, because patients were recruited from a Cognitive Disorders clinic rather 

than through community-based screening, the sample may not fully represent the spectrum of 

SVD severity or typical clinical presentations, introducing a potential selection bias. A third 

limitation is the use of standard atlases to define white-matter tracts and cortical regions. 

Consequently, the proposed connectome represents a probabilistic approximation of underlying 

anatomy, and inter-individual variability in WM architecture may have led to minor 

inaccuracies in tract or node assignment. 

 

4.6 Conclusion 

On the effort-based version of the CQ task, SVD patients showed appropriate sensitivity 

to reward, effort, and uncertainty. The previous chapter showed that patients were significantly 

less sensitive than controls to reward and uncertainty, yet the introduction of a physical effort 

altered this profile. When effort was required, patients’ behaviour shifted toward that of 

controls, though performance differences remained significant, suggesting that effort acted as 

a catalyst for engagement rather than an additional cost. The imaging results further support 

this interpretation, showing that greater offer acceptance was linked to lower MD and higher 

NDI in WM pathways associated with fronto-striatal control and motivational processing. 

Further imaging analyses to generate a connectome accounting for increased offer acceptance 
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revealed that these structural effects were reflected in enhanced network-level connectivity, 

particularly along fronto-parietal and fronto-temporal pathways projecting to hubs such as the 

left middle frontal gyrus and left precuneus. Together, these findings indicate that effort can 

transiently normalise motivational behaviour in SVD, possibly by enhancing the salience of 

decision cues or re-engaging partially preserved neural systems. This work extends current 

understanding of apathy in cerebrovascular disease, highlighting it not as a fixed loss of 

motivation but as a context-sensitive deficit that may respond to targeted activation of effort-

based mechanisms. 
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5| Impact of MFL lesioning on DM under uncertainty 

 

5.1 Abstract 

Decision-making impairments are frequently reported following focal damage to the medial 

frontal lobe (MFL). This chapter applied the active and passive versions of the CQ task, 

previously used in patients with SVD (Chapter 3), to a cohort consisting of individuals with 

focal MFL lesions, lesion controls (LC) with damage outside the frontal lobes, and age-

matched HC. This design enabled investigation of the contribution of the medial frontal cortex 

to decisions involving the evaluation of sampling cost, reward, and uncertainty. 

On the active version of the CQ task, patients with MFL lesions earned less reward, 

collected fewer samples, demonstrated greater tolerance for uncertainty before committing to 

a decision, and showed reduced placement accuracy compared to HC, with performance 

broadly comparable to the LC group. On the passive version of the task, MFL patients exhibited 

riskier choices, accepting offers in a manner that was less strongly modulated by reward value 

and more tolerant of uncertainty compared to HC. Reduced sensitivity to uncertainty was also 

observed in LC relative to HC, though LC did not show the reward-related impairments seen 

in MFL patients. LC, like the MFL group, tolerated more uncertainty across both task variants, 

suggesting that decision-making under uncertainty engages medial frontal regions as well as 

additional neural substrates outside the frontal lobes. 

Brain regions associated with these behavioural effects were investigated using lesion 

mapping in patient groups. This analysis implicated medial frontal regions as key contributors 

to reward sensitivity and uncertainty processing, while also highlighting the involvement of a 

broader network of frontal and non-frontal areas in shaping task engagement and sampling 

behaviour. Overall, the findings provide converging evidence that the medial frontal lobe plays 
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a critical role in regulating reward-guided behaviour and uncertainty processing, while also 

demonstrating that these functions depend on distributed neural systems.  

 

5.2 Introduction 

Focal damage to the medial frontal lobe (MFL) has long been associated with impairments in 

decision-making, particularly in contexts involving reward evaluation, uncertainty, and 

adaptive behaviour (Anderson et al., 1999; Bechara, 1994; Bechara et al., 2000; Clark et al., 

2003a, 2008; Clark & Manes, 2004; Manes et al., 2002). While the MFL is widely implicated 

in the regulation of goal-directed actions, its specific contribution to decision-making under 

uncertainty remains contested in the literature (Huettel et al., 2005b; Krug et al., 2014; Stern et 

al., 2014). Several lines of evidence suggest that the MFL, including the anterior cingulate 

cortex (ACC), pre-supplementary motor area (pre-SMA), and ventromedial prefrontal cortex 

(vmPFC), plays a central role in monitoring action-outcome contingencies, encoding subjective 

value, and guiding behaviour in the face of competing demands (Kennerley & Walton, 2011b; 

O’Doherty, 2011; Passingham et al., 2010; Rushworth, 2008; Volz et al., 2006; Wilson et al., 

2010). However, the precise functions of these regions, and the extent to which they support 

distinct or overlapping components of decision-making, remain matters of ongoing debate. 

Further complicating the picture is the observation that similar impairments can be produced 

by damage to non-frontal regions, raising questions about the extent to which these functions 

are uniquely dependent on medial frontal structures (Huettel et al., 2005b). 

Studies using fMRI have been instrumental in shaping our current understanding of 

MFL function in human decision-making (Boorman et al., 2009; Kolling et al., 2012). A 

growing body of research highlights how distinct subregions within the MFL contribute to core 

computations such as value estimation, cost representation, uncertainty monitoring, and 

information sampling (Arulpragasam et al., 2018; Hogan et al., 2019; Kaanders et al., 2021; 
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Krug et al., 2014). For example, Arulpragasam et al. (2018) found that the vmPFC encoded 

expected subjective value in an effort-based decision-making task, while the dorsal ACC and 

anterior insula tracked deviations from those expectations, indicating their roles in value 

prediction and prediction error processing, respectively. Regarding cost representation, Hogan 

et al. (2019) demonstrated that the vmPFC encoded subjective effort cost even in the absence 

of extrinsic reward, suggesting that this region tracks internal cost signals independent of 

outcome, whereas ACC activity was more closely related to choice difficulty. Krug et al. (2014) 

demonstrated that the medial frontal cortex is actively engaged during decision-making under 

uncertainty, reflecting its key role in monitoring and resolving uncertainty in choice situations.  

The MFL also contributes to Information sampling and evidence accumulation In 

dynamic decision contexts. In a study by Kaanders et al. (2021), activity in the dorsomedial 

PFC predicted participants’ choices to sample additional information before making economic 

decisions and showed greater activation when participants faced more difficult decisions. This 

highlights the MFL’s role not only in computing value or tracking uncertainty but also in 

regulating exploratory behaviour in situations where decision outcomes are ambiguous or 

incomplete.  

Together, these findings point to a functional dissociation within the MFL, where 

ventral regions such as the vmPFC support valuation and reward integration, while more dorsal 

areas, including the ACC and dorsomedial PFC, monitor uncertainty, compute prediction 

errors, and guide strategic information gathering during decision-making under uncertainty. 

While fMRI has been invaluable in mapping the functional architecture of the MFL, it 

also presents important methodological limitations that constrain interpretation (Logothetis, 

2008). A primary limitation is that fMRI data are correlational. While activation patterns can 

show links between brain regions and cognitive functions, they do not demonstrate causality. 

Additionally, susceptibility artifacts and signal dropout are common in ventral brain regions. 
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These effects can reduce fMRI sensitivity and obscure activity, which may bias findings in 

areas near air-tissue boundaries such as parts of the medial frontal cortex (Ojemann et al., 

1997). Furthermore, the MFL is anatomically complex and functionally heterogeneous (Euston 

et al., 2012), with closely adjacent subregions such as the vmPFC and dorsal ACC often co-

activating during decision-making tasks, making it difficult to disentangle their specific 

contributions using standard fMRI spatial resolution. These limitations are compounded in 

tasks involving dynamic or uncertain environments, where cognitive processes like belief 

updating, prediction error computation, and outcome valuation unfold rapidly and may overlap 

temporally. 

Lesion studies offer a critical complementary approach to fMRI, helping to address its 

limitations by providing causal evidence about the necessity of specific MFL regions in 

decision-making processes (Bechara, 1994; Clark et al., 2008; Manes et al., 2002). For 

example, Bechara et al. (1994) demonstrated that patients with damage to the ventromedial 

prefrontal cortex (vmPFC) consistently made disadvantageous choices on the Iowa Gambling 

Task, implicating this region in integrating long-term consequences into current decision-

making. Similarly, Clark et al. (2008) used the Cambridge Gamble Task to show that 

individuals with ventromedial and orbitofrontal lesions exhibited impaired risk adjustment. 

Despite understanding the odds, these patients placed higher bets and showed reduced 

sensitivity to probability information, suggesting a breakdown in the valuation and uncertainty-

monitoring processes attributed to the vmPFC in neuroimaging research. Manes et al. (2002) 

further found that patients with vmPFC damage displayed increased impulsivity and made 

inconsistent decisions, even in clearly disadvantageous situations.  

Collectively, these lesion studies show that damage to medial frontal areas, particularly 

the vmPFC and adjacent orbitofrontal cortex, disrupts core components of value-based 

decision-making such as risk evaluation, reward sensitivity, and behavioural consistency. By 
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offering causal insight, lesion research helps validate and refine the functional interpretations 

derived from fMRI studies and addresses ambiguities that neuroimaging alone cannot fully 

resolve. 

In this chapter, the effect of focal lesions to the MFL on behaviour is investigated in a 

decision-making task specifically designed to manipulate uncertainty, reward, and sampling 

cost. The CQ task, previously employed to examine impaired information-seeking in patients 

with SVD (Chapter 3), is used to assess the behaviour of individuals with focal MFL lesions. 

This cohort is compared to both patients with damage outside the frontal lobes (lesion controls, 

LC) and age-matched healthy controls (HC). The inclusion of LC allows for the dissociation 

of MFL-specific effects from general consequences of brain injury, while the use of both active 

and passive task variants permits a detailed analysis of volitional and externally driven 

decision-making under uncertainty. 

Finally, behavioural findings are interpreted alongside lesion mapping and structural 

MRI data to identify the brain regions associated with task performance. This multimodal 

approach enables the examination of structure-function relationships and provides insight into 

the extent to which behavioural impairments can be attributed to focal MFL damage versus 

broader disruptions in distributed neural systems. In doing so, the chapter aims to clarify the 

functional role of the MFL in uncertainty-guided behaviour, reward evaluation, and adaptive 

sampling, and to place these findings in the context of existing models of decision-making. 

 

5.3 Methods 

5.3.1 Participants, demographics, and consent 

Eleven MFL participants aged 53–73 years (6 males, 5 females), all of whom had medial frontal 

lesions primarily resulting from anterior communicating artery aneurysm rupture, and eight LC 

participants aged 53–71 years (3 males, 5 females) with brain lesions sparing the medial frontal 
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lobe due to intracerebral haemorrhage or focal infarcts, were recruited through the Cognitive 

Disorders Clinic at the John Radcliffe Hospital in Oxford. Their performance in this study was 

compared to that of thirty-five age-matched healthy controls (HC) who were also part of the 

cohort in the previous chapter. Demographics are presented in Table 5-1 and Table 5-2 carries 

more information on the lesion characteristics for the patients. 

 

 

Table 5-1: Demographic and questionnaire measures. HC = Healthy Controls, MFL = Patients with Medial 
Frontal Lobe Lesions, LC = Lesion Controls, YOE = Years of Education, ACE-III = Addenbrooke’s 
Cognitive Examination III, AMI = Apathy Motivation Index, BDI-II=Beck Depression Inventory II, BIS-II = 
Barrat Impulsiveness Scale II, HADS =Hospital Anxiety and Depression Scale. 
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Table 5-2: Patient Lesion Characteristics. MFL = Patients with Medial Frontal Lobe Lesions, LC = Lesion Controls, Frontal Pole = FP, Paracingulate gyrus = PCG, 
Superior frontal gyrus = SFG, Juxtapositional lobule cortex = JLC, Middle frontal gyrus = MFG, Inferior frontal gyrus = IFG, Subcallosal gyrus = SCG, Cingulate gyrus 
anterior= aCG, Superior temporal gyrus = STG,  Middle temporal gyrus = MTG, Precuneus = PREC, Cingulate gyrus posterior = pCG,  Precentral gyrus = PreCG, Inferior 
parietal lobule = IPL, Thalamus = THA, Caudate = CAU, Supramarginal gyrus = SMG, Angular gyrus = AG, Lingual gyrus = LING, Parahippocampal gyrus =PHG 
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The three groups did not differ significantly in terms of age or sex ratio. However, HC 

had more years of full-time education compared to MFL patients. Cognitive function screening 

using ACE-III revealed significantly higher scores in HC, although both lesion groups also had 

scores that were within normal limits for the general population (Hsieh et al., 2013; 

Mathuranath et al., 2000). There were significantly more people with depression in the lesion 

cohorts, as measured with Hospital Anxiety and Depression Scale (HADS-dep) (Zigmond & 

Snaith, 1983). However, this difference in depression as measured using the Beck Depression 

Inventory-II (BDI-II) was only detected in MFL patients (Beck et al., 1961). Additionally, 

lesion patients scored higher on the Barratt’s Impulsivity Scale (BIS) than control participants 

(Patton et al., 1995). Participant scores on the Apathy Motivation Index (AMI) did not differ 

significantly (Ang et al., 2016). Finally, both the Digit Span was administered to both lesion 

cohorts to test their working memory and both groups scored within the expected range for 

their age population (Blackburn & Benton, 1957; Choi et al., 2014) 

Permission for this study was obtained from the local ethics committee. All participants 

provided written consent in accordance with the Declaration of Helsinki and the study was 

approved by the University of Oxford ethics committee. 

 

5.3.2 Neuroimaging and analysis of lesion maps 

Patients underwent T1-weighted MRI (2 mm isotropic or 2 × 2 × 5 mm), FLAIR, or CT 

scanning. Lesions were manually traced using FSL and registered to the MNI152 template via 

SPM8 or FLIRT, then smoothed with a 1 mm Gaussian kernel. Lesion masks were overlaid 

onto the Harvard - Oxford Cortical Structural Atlas (RRID:SCR_001476) 

http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases, enabling examination of the brain regions affected 

by lesions.  

 



 

168 
 

5.3.3 Experimental setup 

“CQ” paradigm 

CQ  is a decision-making behavioural paradigm comprised of two separate variations:  

1. Active information-sampling task and  

2. Passive choice task 

The tasks were not counterbalanced: all participants performed the active information-

sampling task before the passive choice task.  

 

Stimuli 

The above tasks were presented on a 17-inch touchscreen PC using MATLAB version 2018a 

(MathWorks; https://uk.mathworks.com) and Psychtoolbox version 3. Participants performed 

the tasks in a quiet testing room sitting within reaching distance of the screen (~50 cm). An 

experimenter was present in the room at all times during the behavioural testing which took 

about 60 mins on average to complete (Petitet et al., 2021). It is important to note that both the 

task duration and the number of trials were reduced compared to the administration described 

in Chapter 3. This adjustment was made because MFL patients appeared to fatigue more 

quickly and showed greater signs of restlessness compared to SVD patients. 

 

Active information-sampling task  

The objective in this condition was to earn as many credits as possible. To accomplish this, 

participants had to localize a hidden purple circle as precisely as they could using cues 

(samples) they generated themselves (Figure 5-1). A circular grey mask (search space) was 

shown on the visual display and individuals were told that a purple circle (radius = 130 pixels; 

area = 5.80% of the search space) was hidden within this search space. Participants were 

instructed to tap anywhere within the search space to gather information about where the purple 
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circle could be hidden. A small dot (radius = 4 pixels) appeared wherever they touched the grey 

space. If the dot was purple, it signified that this location was within the area of the hidden 

purple circle. However, if the dot was white instead, this meant the participant had touched 

outside the area of the hidden purple circle. These dots remained on the screen for the duration 

of the information-sampling phase and until the end of the trial to reduce memory load for 

participants. 

 

Figure 5-1. Active version of the CQ task. Participants searched for a hidden purple circle by sampling 
touchscreen locations that produced purple (inside) or white (outside) dots. Two reference circles displayed 
the initial credit reserve (R₀ = 95 or 130 credits). During an 18 secs sampling period, each touch reduced 
credits according to the sampling cost (ηₛ = –1 or –5 credits/sample). Afterward, participants positioned a 
blue circle to indicate the hidden circle’s location, and the resulting score was shown as feedback.  
Source: Attaallah et al., eLife (2022), https://elifesciences.org/articles/75834. 

 

Only one purple circle was hidden within the grey search space during a given trial. 

Participants were given one purple dot at the start of each trial as an initial hint to the circle’s 

likely location to reduce the search time. The location of this first purple dot was drawn 

randomly from inside the hidden circle and was always at least 260 pixels away (the diameter 

of the hidden circle) from the edge of the search space, to ensure it always carried the same 

amount of information (expected error at the start of the search = 86.7 pixels). For each trial, a 
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purple circle was shown on both sides of the grey search space to remind participants of the 

size of the hidden circle they were searching for.  

The maximum number of credits a participant could win (reward/stake) per trial was 

displayed within these perpetual purple circles on either side of the grey search space. The 

number of credits decreased each time the screen was touched to obtain a sample (sample cost), 

regardless of whether the dot generated was purple or white. The active information-sampling 

task was divided into four separate blocks of 8 trials each. Two of these blocks had initial 

rewards/stakes of 130 credits and the remaining two had initial rewards/stakes of 95 credits. 

The sampling cost or number of credits decreased by either 1 or 5 credits resulting in 4 different 

conditions i.e. four separate blocks. These blocks were counterbalanced within participant 

groups.  

  For each trial, participants had a maximum of 18 seconds to gather as many samples as 

they desired. They could stop information gathering at any point before the time ended, 

however, no extra credits were gained by finishing early. After the 18 seconds, a blue disk––

the same size as the hidden purple circle (radius = 130 pixels) –– appeared in the middle of the 

screen. An additional 6 seconds was then provided so this blue circle could be dragged to where 

participants thought the purple circle was hidden based on the configuration of white and purple 

dots they had generated. Their final score was then displayed onscreen.  

This score was calculated using the formula for reward  

(Rf) = R0 − (s × ηs) − (e × ηe)                        Equation 1 

where Rf is the final reward, R0 is initial reward/stake, s is the sampling cost, ηs is the 

number of samples, e is the penalty per pixel and ηe is the distance (in pixels) of the blue disks 

centre from that of the hidden purple circle. Essentially, participants won all the remaining 

credits post sampling (R0− (s × ηs)) after a penalty reflecting how far they placed the blue disk 

from the actual hidden circle (e × ηe) was deducted. This meant there were two ways to lose 
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credits: (1) by sampling more information and (2) by greater mis-localization of the true 

location of the hidden circle. To maximize reward, they had to sample efficiently, using the 

least number of samples that contained sufficient information to best localize the hidden purple 

circle. Participants were told that overall credit earnings would later be converted to British 

pounds, and 400 credits was the equivalent of £1. 

 

Passive choice task 

This version of CQ (Figure 5-2) did not involve any active sampling, so participants had no 

agency over the choice or number of samples. Instead, they were shown a ‘snapshot’ of 

someone’s search and asked to make judgments on how much confidence they had in where 

the purple circle was located and whether they would accept or reject the offer to place the blue 

circle on the basis of the information they had and the credits on offer. The experiment involved 

manipulation of the expected error (uncertainty) in localization and the number of credits on 

offer (initial reward/stake) in each trial to assess how sensitive individuals were to each 

variable.  

 

Figure 5-2. Passive version of the CQ task. Participants viewed completed searches and provided 
confidence ratings (later z-scored and sign-flipped to yield subjective uncertainty estimates) reflecting their 
perceived ability to locate the hidden circle. Ratings were made by tapping along a vertical scale ranging 
from 0 (bottom) to 100 (top). After submitting their ratings, participants received a reward offer (R₀ = 40, 65, 
90, or 115 credits) and indicated their willingness to place the blue circle by tapping “yes” to accept or “no” 
to reject the trial. 
Source: Attaallah et al., eLife (2022), https://elifesciences.org/articles/75834. 
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Uncertainty, EE (expected error), was calculated as the mean difference between all 

potential solutions given the current search using a recursive exponential decay model:  

EEs = (1-a)( EE s-1 – EE∞) + EE∞   Equation 2 

where EEs is the expected error after the sth sample, a is the information extraction rate 

that quantifies the sampling efficiency, EE s-1 is the expected error after the previous (s−1th) 

sample and EE∞ is asymptotic expected error i.e. the lowest error achievable after infinite 

samples.  

 The passive choice task was divided into two phases: an uncertainty rating phase and 

an offer acceptance phase. No feedback was provided in either phase since there were no 

“correct answers”, only subjective responses. 

  

Uncertainty Rating 

At the start of each trial participants were shown a ‘snapshot’ of a completed search with dots 

on the screen in various configurations.  Each trial had eight sample dots in total, half of which 

were positive samples (purple) and the other half which were negative samples (white). The 

uncertainty, EE, was manipulated by varying the spatial configuration of the displayed samples. 

The expected error ranged from 10–70 pixels. This meant the further the positive samples were 

from each other, the lower the expected error would be. Each participant saw the same exact 

trials that were in total 40, but the order in which they saw them was randomized. They were 

asked to make a rating of how confident they were about the location of the hidden purple circle 

based on the completed search. This rating was done a scale from 1-100 displayed on the side 

of the screen corresponding to the handedness of the participant. Each completed search 

appeared onscreen alone for 0.5 seconds after which the rating scale appeared alongside for an 

additional 6.5 seconds. During this time participants were expected to make their rating. If they 
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failed to do so in time the task would move on to the subsequent trial. However, the missed 

trial would later reappear so all participants would complete all 50 trials.  

 

Offer Acceptance 

Once a participant made a rating of the completed search, the trial would progress to the next 

phase of the task: offer acceptance or rejection. The rating scale would disappear at this point 

and on each side of the completed search, two purple circles containing the number of credits 

on offer were presented instead. There were four credit options (40, 65, 90 or 115). Below the 

search space on either side was displayed a ‘YES’ and a ‘NO’ option which participants could 

select to accept or reject an offer respectively for the chance to place the blue disk where the 

hidden purple circle was located. The ‘YES’ and ‘NO’ options switched sides randomly during 

the task to avoid any bias to choose the same option. Note participants only accepted or rejected 

reward offers but did not actually place the blue disk. To incentivize the context, they were told 

they would later receive ten of the trials from those they accepted to then place the blue circle 

and collect more credits. 

Protocol 

Cognitive examination and questionnaires  

All study participants were received cognitive examination using the Addenbrooke’s Cognitive 

Examination (ACE) which took about 15 mins to complete. Version A of the ACE was 

administered to the healthy elderly controls while versions B and C were administered to both 

groups of lesion patients since they were more likely to have already been exposed to version 

A in a prior study or clinical visits. They were also made to complete the Digit Span Test which 

assesses an individual’s attention and verbal working memory (Blackburn & Benton, 1957; 

Choi et al., 2014). 
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In addition to the above cognitive tests, participants completed established self-report 

questionnaire measures of apathy (Apathy and Memory Index, AMI), impulsivity (Barratt 

Impulsiveness Scale, BIS), depression (Beck Depression Inventory, BDI) and anxiety (Hospital 

and Anxiety Depression Scale, HADS) (Ang, 2017; Beck et al., 1961b; Patton et al., 1995; 

Zigmond & Snaith, 1983). Two of the questionnaires, AMI and BIS, were completed prior to 

start of CQ while the other two, BDI and HADS, in between the active information-sampling 

task and the passive choice task of CQ.   

 

Fatigue ratings during the task 

Throughout CQ, participants rated their level of subjective fatigue on a scale from 0 to 100 at 

the start of each experimental block in both the active and passive sampling conditions. Their 

prompt to report this rating came in the form of a vertical visual analogue scale that appeared 

in the middle of the screen underneath the text, ‘How tired do you feel?’ The top of the scale 

was labelled ‘Extremely’ and the bottom was labelled ‘Not at all’ to indicate the highest and 

lowest extremes of fatigue.  

 

Experimental design 

The active-information sampling variant of CQ was preceded by an exposure session during 

which participants were introduced to the task, given instructions, and allowed to practice 

sampling and placing the blue disc. First, they had three practice trials that required them to 

touch the screen and gather cues to the location of the hidden purple circle. They could acquire 

as many dots as they desired and when they were content with their search, they would hit the 

spacebar key to make the blue disc appear. Then they would drag this disc to where they thought 

the hidden purple circle was located. They received feedback in the form of a faded purple 

circle showing them the actual location of the hidden circle.   
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The next part of the exposure session had five blocks of 10 exposure trials (50 trials in 

total). This time participants were shown completed searches with eight samples (four positive 

dots and four negative dots) in different configurations to vary the level of uncertainty and the 

blue disk in the middle of the screen. Each trial also had an associated reward offer and these 

were either 40, 65, 90 or 115 credits. This part of the exposure session introduced individuals 

to the credit and scoring function of the task. Participants were required to move the blue disk 

to where they thought the hidden purple circle was located and then they received feedback in 

the form of the faded purple circle showing them the actual location of the hidden circle and 

the number of credits they won. Note that it was possible to receive negative credit scores.  

After completing the exposure session, participants engaged in the active information-

sampling task followed by the passive choice task.  
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5.4 Results 

5.4.1 Lesion profile for MFL patients and LC 

Lesion volumes for MFL and LC groups are provided in Table 5-2. LC participants had a 

mean lesion volume of 24.56 mL (SD = 24.08; 24,557 voxels), while MFL participants had a 

mean volume of 11.38 mL (SD = 13.07; 11,376 voxels). Relative variability was similar 

across groups (coefficient of variation: LC = 0.98, MFL = 1.15). A Mann–Whitney U test 

indicated no significant difference in lesion volume between groups (U = 58, p = 0.272; 

Figure 5-3), suggesting that the MFL and LC groups were comparable in overall lesion size.  

 

 

Figure 5-3. Lesion overlap by patient group MFL patients had damage to the medial frontal cortex. LC had 
damage in lateral parts of the brain or outside of the frontal cortex. 

 

Though the lesion groups were comparable in size, each patient cohort differed by 

location of focal damage in the brain (Figures 5-4 & 5-5). MFL patients had damage mainly 

to the medial areas of the prefrontal cortex whereas LC had damage mainly in the lateral 

prefrontal, parietal, temporal and subcortical cortices. Individual lesion maps for each patient 

are shown in Figures 5-6 & 5-7. The specific brain regions with which the lesions overlap 

are shown in detail in Table 5-2. 
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Figure 5-4. Axial view of lesion overlap by patient group MFL patients had damage to the medial frontal 
cortex. LC had damage in lateral parts of the brain or outside of the frontal cortex. Cool colours signify less 
overlap, and warm colours signify great overlap in each group. 
 

 

Figure 5-5. Sagittal view of lesion overlap by patient group MFL patients had damage to the medial 
frontal cortex. LC had damage in lateral parts of the brain or outside of the frontal cortex. Cool colours 
signify less overlap, and warm colours signify great overlap in each group. 

 

 

 

Figure 5-6. Sagittal view of LC brains showing lesion location. The extent of tissue damage varied in the 
LC group with some participants having lesions in the lateral frontal cortex and others having lesions in the 
temporal and parietal cortices. Lesions are shown in blue. 
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Figure 5-7. Sagittal view of MFL patients’ brain showing lesion location. The extent of lesion damage 
varied in the MFL group but consistently included areas in the medial frontal lobes. Lesions are shown in 
blue. 

 

5.4.2 Lesion participants earned fewer credits and spent less time on sampling than HC 

The effects of group, initial reward, and sampling cost on total credit earnings were examined 

using a linear mixed-effects model. The omnibus model revealed significant main effects of 

initial reward and sampling cost on final earnings. Participants earned more when the initial 

reward was high (β = 36.01, SE = 1.29, t₂₉₂₂ = 27.94, p < 0.0001; Figure 5–8a) and earned 

fewer credits when sampling cost was high (β = −37.28, SE = 1.73, t₂₉₂₂ = −21.54, p < 0.0001). 

There was also a significant main effect of group, indicating overall differences in reward 

earnings between groups. Relative to healthy controls, both lesion groups earned fewer total 
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credits (group 2: β = −10.96, SE = 3.59, t₂₉₂₂ = −3.05, p = 0.002; group 3: β = −11.12, SE = 

4.05, t₂₉₂₂ = −2.74, p = 0.006). A direct contrast between the two lesion groups revealed no 

significant difference in overall earnings (β = 0.16, SE = 4.85, t₂₉₂₂ = 0.03, p = 0.97). No 

interactions between group and initial reward or between group and sampling cost reached 

significance (all p > 0.22), nor was there a significant Initial Reward × Sampling Cost 

interaction (p = 0.18), indicating that group differences in earnings were consistent across 

reward and cost conditions. 

Exploratory post hoc comparisons examining group differences within each cost and 

reward condition showed that healthy controls earned significantly more credits than lesion 

participants under low-cost conditions, both when initial reward was low (t = −3.05, p = 0.002) 

and high (t = −2.85, p = 0.004). No significant group differences were observed under high-

cost conditions (all p > 0.09). Effects observed under low-cost conditions remained significant 

after Bonferroni correction. Together, these results indicate that all participants were strongly 

sensitive to both initial reward and sampling cost. However, both lesion groups showed a 

modest but reliable reduction in overall reward earnings relative to healthy controls, with no 

evidence for differential impairment between lesion groups, consistent with reduced overall 

reward maximization efficiency rather than altered sensitivity to reward magnitude or sampling 

cost. 
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Figure 5-8. Reward earnings and time spent on sampling for participants. (a) Both lesion groups won 
significantly less reward (credits) than the HC when sampling cost was low. This difference remained true for 
only the LC at high sampling cost.  (b) Both lesion groups generally spent significantly less time than HC 
gathering samples before placing the blue circle. 

 

A separate linear mixed-effects model examined the effects of group, initial reward, 

and sampling cost on total time spent sampling. The model revealed a significant main effect 

of sampling cost, with participants sampling for less time overall when sampling cost was 

high (β = −1.09, SE = 0.30, t₂₉₂₂ = −3.58, p < 0.001; Figure 5–8b), indicating cost-sensitive 

adjustments in information gathering. In contrast, there was no main effect of initial reward 

on sampling time (β = −0.003, SE = 0.27, t₂₉₂₂ = −0.01, p = 0.99), indicating that reward 

magnitude did not influence sampling duration. The model also revealed a significant main 

effect of group, indicating overall differences in sampling time between groups. Relative to 

healthy controls, both lesion groups sampled for significantly shorter durations overall (group 

2: β = −2.98, SE = 0.86, t₂₉₂₂ = −3.46, p < 0.001; group 3: β = −2.93, SE = 0.97, t₂₉₂₂ = −3.01, 

p = 0.003). A direct contrast between the two lesion groups revealed no significant difference 

in overall sampling time (β = −0.05, SE = 1.16, t₂₉₂₂ = −0.04, p = 0.97). No Group × 

Sampling Cost or Group × Initial Reward interactions reached significance (all p > 0.34), 
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indicating that the effects of cost and reward on sampling time were similar across groups. 

Bonferroni-corrected post hoc comparisons across task conditions confirmed that both lesion 

groups sampled for significantly less time than healthy controls under all combinations of 

sampling cost and reward (all p_corr ≤ 0.012). Together, these results indicate that lesion 

participants spent less time sampling overall, despite adjusting their sampling behaviour 

appropriately in response to sampling cost. This pattern suggests intact task understanding 

but reduced overall engagement in information gathering relative to healthy controls. 

 

5.4.3 MFL patients sampled less, were less sensitive to sampling cost and tolerated more 

uncertainty  

A linear mixed-effects model examined the effects of group, initial reward, and 

sampling cost on the number of samples taken prior to decision-making. The model revealed a 

significant main effect of sampling cost, with participants taking fewer samples when sampling 

cost was high (β = −3.14, SE = 0.60, t₂₉₂₂ = −5.19, p < 0.0001; Figure 5–9a), indicating robust 

cost-sensitive adjustments in information gathering. There was no main effect of initial reward 

(β = 0.11, SE = 0.41, t₂₉₂₂ = 0.28, p = 0.78). The model also revealed a significant effect of 

group driven by the MFL group. Relative to healthy controls, MFL participants took fewer 

samples overall (β = −2.45, SE = 1.19, t₂₉₂₂ = −2.05, p = 0.040), whereas LC participants did 

not differ significantly from controls (β = −0.95, SE = 1.35, t₂₉₂₂ = −0.71, p = 0.48). A direct 

contrast between the two lesion groups was not significant (β = −1.50, SE = 1.61, t₂₉₂₂ = −0.93, 

p = 0.35). Importantly, a significant Sampling Cost × Group interaction was observed for the 

MFL group (β = 1.84, SE = 0.83, t₂₉₂₂ = 2.22, p = 0.026), indicating reduced cost sensitivity 

relative to healthy controls, such that MFL participants decreased their sampling less under 

high-cost conditions. No other interaction terms reached significance (all p > 0.26). Exploratory 

post hoc comparisons were consistent with this pattern, showing group differences under low-
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cost conditions, although these effects did not survive Bonferroni correction (all p_corr ≥ 0.16). 

Together, these findings indicate that while all participants adjusted sampling behaviour in 

response to cost, MFL participants sampled less overall and showed modestly reduced cost 

sensitivity, reflecting subtle group-specific differences in information-gathering strategy. 

A separate linear mixed-effects model examined deviation from Bayes-optimal 

sampling. The model revealed a significant main effect of sampling cost (β = 3.87, SE = 0.55, 

t₂₉₂₂ = 7.02, p < 0.0001; Figure 5–9b), indicating strong cost-dependent deviations from the 

Bayesian ideal observer (Equation 1). Relative to the optimal policy, participants under-

sampled in low-cost conditions (mean deviation = −1.71 ± 0.13) and over-sampled in high-cost 

conditions (mean deviation = 2.57 ± 0.09), demonstrating a systematic directional bias in 

sampling behaviour. In contrast, there was no main effect of initial reward (β = 0.02, SE = 0.42, 

t₂₉₂₂ = 0.05, p = 0.96) and no main effect of group (group 2: β = −1.38, SE = 1.28, t₂₉₂₂ = −1.08, 

p = 0.28; group 3: β = −1.97, SE = 1.45, t₂₉₂₂ = −1.35, p = 0.18). A direct contrast between the 

two lesion groups revealed no significant difference in deviation from Bayes-optimal sampling 

(β = 0.58, SE = 1.73, t₂₉₂₂ = 0.34, p = 0.74). No interaction terms reached significance (all p > 

0.16), indicating that the effect of sampling cost on deviation from optimal sampling was 

comparable across groups. Bonferroni-corrected post hoc comparisons supported this 

conclusion, revealing no reliable group differences in deviation from Bayes-optimal sampling 

in either cost condition (all p_corr = 1). Together, these results indicate that deviations from 

optimal sampling were strongly cost-sensitive but not group-dependent, with a consistent 

pattern of under-sampling when sampling was inexpensive and over-sampling when sampling 

was costly. 
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Figure 5-9. Sampling behaviour of participants. (a) HC and LC increased the number of samples they 
collected significantly more than MFL patients when sampling cost decreased. (b) All participant groups 
oversampled in the high sampling cost condition and undersampled in the low sampling cost condition when 
compared to the Bayes-optimal sampler. (c) HC reduced uncertainty (the expected error) significantly more 
than both lesion groups before placing the blue circle. 

 

A linear mixed-effects model examined the effects of group and sampling cost on 

uncertainty reduction. The model revealed a significant main effect of sampling cost, with 

participants tolerating greater residual uncertainty after sampling when sampling cost was 

high (β = 3.18, SE = 0.80, t₂₉₂₂ = 3.96, p < 0.001; Figure 5–9c), indicating increased 

uncertainty tolerance when information was more expensive to obtain. There was also a 

significant main effect of group, indicating overall differences in uncertainty tolerance 

between groups. Relative to healthy controls, both lesion groups exhibited significantly 

greater uncertainty tolerance (group 2/MFL: β = 8.43, SE = 2.78, t₂₉₂₂ = 3.04, p = 0.002; 

group 3/LC: β = 10.96, SE = 3.14, t₂₉₂₂ = 3.49, p < 0.001). A direct contrast between the two 

lesion groups was not significant (β = −2.53, SE = 3.74, t₂₉₂₂ = −0.68, p = 0.50). A significant 

Sampling Cost × Group interaction was observed for the LC group (β = −3.49, SE = 1.52, 

t₂₉₂₂ = −2.30, p = 0.022), indicating that cost-related increases in uncertainty tolerance were 

attenuated in LC participants relative to healthy controls. No corresponding interaction was 
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observed for the MFL group (p = 0.42), and no other interaction terms reached significance. 

Bonferroni-corrected post hoc comparisons were consistent with this pattern, confirming 

reliable group differences under low-cost conditions (all p_corr ≤ 0.046), with weaker effects 

under high-cost conditions. Together, these findings indicate that higher sampling costs led 

participants to tolerate greater residual uncertainty after sampling, and that both lesion groups 

showed elevated uncertainty tolerance overall. This pattern is consistent with a reduced drive 

to minimize uncertainty through information gathering, with modest modulation of cost 

sensitivity in the LC group. 

 

5.4.4 MFL patients had lower accuracy and precision compared to HC 

A linear mixed-effects model examined factors contributing to localization accuracy, 

indexed by placement distance from the hidden circle. As expected, localization error increased 

with greater final expected uncertainty (EE; Equation 2) following sampling, indicating that 

residual uncertainty at before making a final decision was a primary determinant of accuracy 

(Figure 5–10a). Although lesion groups exhibited greater placement error on average during 

the active task, these differences coincided with systematic group differences in tolerated 

uncertainty at decision termination. On average, MFL patients (EE = 21.12 ± 15.96 pixels) and 

LC participants (EE = 20.64 ± 16.51 pixels) terminated sampling at substantially higher levels 

of uncertainty than healthy controls (EE = 13.30 ± 7.79 pixels), resulting in greater localization 

error. No reliable differences were observed between the two lesion groups. To determine 

whether reduced localization accuracy reflected a general spatial precision deficit rather than 

task-specific decision processes, a separate analysis examined performance during the training 

phase (Figure 5–10b). Accuracy during training was broadly comparable across groups, with 

no consistent evidence for lesion-related impairments across uncertainty levels. This suggests 

that reduced localization accuracy observed during the active task primarily reflects differences 
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in uncertainty tolerance and sampling termination criteria, rather than impaired spatial 

precision. Together, these findings indicate that apparent group differences in localization 

accuracy during active sampling are largely explained by elevated tolerance for residual 

uncertainty at decision termination in lesion participants, rather than by deficits in perceptual 

or motor accuracy. 

A linear mixed-effects model examined the effects of group, initial reward, and 

sampling cost on response precision, defined as placement error relative to the optimal location 

based on each participant’s own sampling history. The omnibus test revealed a significant main 

effect of sampling cost (Figures 5–11a and 5–11b), with responses becoming less precise when 

sampling was costly (β = 2.38, SE = 0.54, t₂₉₂₀ = 4.45, p < 0.001). No significant main effect of 

initial reward was observed (p = 0.19), and no higher-order interactions reached significance. 

 

Figure 5-10. Accuracy as a function of expected error. (a) MFL patients placed the blue circle significantly 
farther from the hidden circle than HC in the active version at lower levels of uncertainty while LC placed the 
blue circle significantly farther from the hidden circle than HC in the active version at moderate levels of 
uncertainty. (b) In the training session, LC were significantly more accurate at placing the blue circle at high 
levels of uncertainty than HC and MFL patients. 

 

The omnibus test also revealed a main effect of group, indicating overall differences in 

response precision. Follow-up comparisons showed that MFL patients were significantly less 

precise than healthy controls (β = 4.69, SE = 1.63, t₂₉₂₀ = 2.87, p = 0.004), while LC participants 
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showed a similar but weaker, non-significant trend toward reduced precision (β = 3.06, SE = 

1.84, t₂₉₂₀ = 1.67, p = 0.096). No reliable differences were observed between the two lesion 

groups. A significant Sampling Cost × Group interaction for MFL patients (β = −2.06, SE = 

0.89, t₂₉₂₀ = −2.32, p = 0.020) indicated that group differences were most pronounced under 

low-cost conditions. Bonferroni-corrected post hoc contrasts confirmed that MFL patients were 

significantly less precise than healthy controls when sampling cost was low (p_corr = 0.017–

0.024), whereas no reliable group differences were observed under high-cost conditions (all 

p_corr > 0.39). Together, these results indicate that MFL patients exhibit reduced response 

precision overall, particularly when sampling is inexpensive, whereas healthy controls show 

greater cost-related degradation in the translation of sampled information into final responses. 

This pattern suggests differential effects of sampling cost on how sampled information is 

incorporated into decisions across groups. 

 

Figure 5-11. Participants’ precision of placement (a) MFL patients placed the blue circle at a significantly 
greater distance from the optimal location defined by their own completed search than both healthy and LC. 
(b) MFL patients were significantly less precise than controls in all four conditions. LC became more precise 
when both initial reward and sampling cost were high. 
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5.4.5 Temporal aspects of sampling and placement behaviour  

A linear mixed-effects model examined pre-sampling deliberation time, defined as the 

latency to initiate sampling. The omnibus test revealed a significant main effect of sampling 

cost, with participants taking longer to begin sampling when sampling was more expensive (β 

= 0.47, SE = 0.10, t₂₉₂₂ = 4.77, p < 0.001; Figure 5–12a), indicating increased initial 

deliberation under higher informational costs. There were no significant main effects of group 

(all p > 0.35) or initial reward (p = 0.35). Significant Sampling Cost × Group interactions were 

observed for both MFL patients (β = −0.52, SE = 0.17, t₂₉₂₂ = −3.12, p = 0.0018) and LC 

participants (β = −0.46, SE = 0.19, t₂₉₂₂ = −2.46, p = 0.014), indicating that lesion groups 

showed attenuated cost-related increases in pre-sampling deliberation relative to healthy 

controls. Bonferroni-corrected post hoc contrasts confirmed that these group differences were 

most pronounced under high sampling cost with low initial reward (p_corr = 0.019), with a 

weaker, non-significant trend under high-cost, high-reward conditions (p_corr = 0.15). No 

differences were observed between the two lesion groups (p = 0.96). Together, these results 

indicate that although higher sampling costs increased deliberation time overall, lesion 

participants engaged in less preparatory deliberation when information was costly, reflecting 

reduced adjustment of decision latency in response to rising informational costs. 

A separate linear mixed-effects model examined inter-sampling interval (ISI), defined 

as the time between successive information samples. The omnibus test revealed a significant 

main effect of sampling cost, with participants waiting longer between samples when sampling 

was more expensive (β = 0.27, SE = 0.04, t₂₉₂₂ = 7.47, p < 0.0001; Figure 5–12b). No 

significant main effects of initial reward (p = 0.40) or group (all p > 0.30) were observed. 

Significant Sampling Cost × Group interactions were observed for both MFL patients (β = 

−0.18, SE = 0.07, t₂₉₂₂ = −2.51, p = 0.012) and LC participants (β = −0.19, SE = 0.08, t₂₉₂₂ = 

−2.44, p = 0.015), indicating that both lesion groups exhibited attenuated cost-related increases 
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in ISI relative to healthy controls. However, Bonferroni-corrected post hoc contrasts did not 

reveal reliable group differences within individual task conditions (all p_corr > 0.45). No 

differences were observed between the two lesion groups (p = 0.49). Together, these findings 

indicate that while participants modulated the temporal spacing of samples in response to cost, 

lesion groups showed reduced sensitivity to sampling cost, consistent with less adaptive pacing 

of information gathering. 

Finally, a linear mixed-effects model examined placement duration (Figure 5–12c). 

The omnibus test revealed no significant main effects of sampling cost (β = −0.07, SE = 0.09, 

t₂₉₂₂ = −0.79, p = 0.43) or initial reward (β = 0.19, SE = 0.10, t₂₉₂₂ = 1.92, p = 0.054). A modest 

main effect of group was observed, driven by shorter placement durations in MFL patients 

relative to healthy controls (β = −0.59, SE = 0.28, t₂₉₂₂ = −2.14, p = 0.032), whereas LC 

participants did not differ from controls (p = 0.90), and the two lesion groups did not differ 

from one another (p = 0.14). No interaction terms reached significance (all p > 0.30). 

Bonferroni-corrected post hoc contrasts revealed that group differences were present in some 

high-reward conditions (low-cost/high-reward: p_corr = 0.018; high-cost/high-reward: p_corr 

= 0.049), but not consistently across task conditions. Together, these findings indicate that 

placement duration was largely insensitive to sampling cost and reward, with only modest and 

condition-specific group differences, suggesting that group effects on task performance are 

unlikely to be driven by systematic differences in the timing of response execution. 
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Figure 5-12. Timing-related measures of sampling and response in participants (a) HC began sampling 
significantly slower when sampling cost was high. (b) HC consistently took significantly longer to sample at 
higher sampling cost. (c) MFL patients were quicker at placing the blue circle than both healthy and LC, but 
not significantly. 

 

5.4.6 Information extraction rate of participants 

As reported in the previous section, inter-sampling interval (ISI) did not differ significantly 

between groups. However, the relationship between ISI and sampling efficiency revealed 

group-specific patterns. A mixed-effects regression model showed a significant positive 

association between ISI and sampling efficiency in healthy controls (β = 0.053, SE = 0.011, t 

= 4.99, p < 0.0001; Figure 5–13a), indicating that participants extracted more information per 

sample when sampling more slowly. LC participants exhibited a similar positive relationship 

(β = 0.045), which did not differ significantly from healthy controls (ISI × group interaction p 

= 0.76) and reached trend-level significance when tested directly (p = 0.059). 

In contrast, MFL patients showed no reliable relationship between ISI and sampling 

efficiency (β = 0.003, p = 0.89). A significant ISI × group interaction (β = −0.051, p = 0.026) 

indicated that the efficiency benefit of slower sampling observed in healthy controls was 

significantly attenuated in MFL patients. Direct comparison of ISI slopes between the two 

lesion groups did not reach significance (p = 0.17).A linear mixed-effects model examining 
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sampling efficiency revealed no robust main effects of initial reward, sampling cost, or group, 

and no interactions involving sampling cost. A modest Initial Reward × Group interaction was 

observed for MFL participants; however, Bonferroni-corrected post hoc contrasts did not reveal 

reliable group differences within any task condition. Together, these results indicate that 

sampling efficiency was broadly stable across task conditions, but that MFL patients failed to 

benefit from slower sampling, suggesting a disruption in the effective use of additional 

deliberation time rather than a generalized inefficiency. 

 

Figure 5-13. Relationship between information extraction and inter-sampling interval (a) MFL patients 
and LC gathered samples significantly faster than HC but while LC became more efficient as they slowed 
down, MFL patients became less efficient took longer to place samples. (b) MFL patients reached greater 
levels of efficiency than both healthy and LC. 
 

 

5.4.7 Participants’ cognition predicts their performance on the CQ task active version 

Correlations were performed between the behavioural measures from the active version of the 

CQ task, participant clinical scores (ACE-II, AMI, BDI-II, BIS-II and HADS) and patient 

lesion volumes. Across participants, ACE scores were significantly associated with both task 

final reward earnings and final uncertainty before they committed themselves to a decision. 



 

191 
 

Participants with higher ACE scores earned significantly greater rewards on the task (R² = 0.47, 

p < 0.001, FDR-adjusted p < 0.001; Figure 5-14a). ACE scores were also associated with 

reduced final uncertainty, such that patients with higher cognitive scores tolerated less 

uncertainty before placing the blue disk (R² = 0.41, p < 0.001, FDR-adjusted p < 0.001; Figure 

5-14b). Additionally, HCs who had higher HADS-anxiety scores tolerated less uncertainty 

before making a final decision about where the hidden circle was located (R² = 0.35, p < 0.001, 

FDR-adjusted p < 0.001; Figure 5-15). No other significant relationships were observed  

 

Figure 5-14. Participants’ ACE scores predicts their performance on the active version (a) Participants 
with higher cognition (ACE) scores earned more reward than those with lower cognition scores. (b) 
Participants with higher cognition (ACE) scores tolerated less uncertainty before placing the blue circle, i.e. 
committing to a final decision.  

 

between behavioural and clinical measures, nor between behavioural measures and lesion 

volume. These findings indicate that across participants, cognitive ability, as assessed by the 

ACE, but not self-reported mood, or impulsivity, is selectively linked to maximizing reward 

and to uncertainty tolerance while anxiety symptoms in HCs is also linked to uncertainty 

tolerance. 
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Figure 5-15. Healthy controls’ HADS-anxiety scores predict their performance on the CQ active 
version HC with higher anxiety scores (HADS-anx) tolerated less uncertainty before placing the blue circle 
i.e. committing to a final decision.  

 

Similar correlations were conducted for the behavioural measures from the passive 

version of the CQ task and the participants’ clinical variables and lesion data. In this case, no 

significant associations survived correction for multiple comparisons (all FDR-adjusted ps > 

0.05;).  

 

5.4.8 MFL patients were less sensitive to uncertainty and reward than HC 

A linear mixed-effects model examined participants’ ability to rate uncertainty on the passive 

task. Omnibus tests revealed significant main effects of group and objective uncertainty 

(EDbin), as well as a significant Group × Uncertainty interaction, indicating that the 

relationship between objective and subjective uncertainty differed across groups (Figure 5–

16a). Follow-up slope comparisons showed that healthy controls exhibited a steeper 

relationship between objective and subjective uncertainty (β = 0.80) than both MFL patients (β 

= 0.46; HC vs MFL: p = 0.003) and LC participants (β = 0.46; HC vs LC: p = 0.008). The two 

lesion groups did not differ from one another in slope (p = 0.99), indicating a comparable 

reduction in sensitivity to changes in uncertainty. Intercept comparisons revealed that LC 

participants provided significantly lower absolute uncertainty ratings than both healthy controls 



 

193 
 

(p < 0.0001) and MFL patients (p < 0.0001), while the difference between healthy controls and 

MFL patients did not reach significance (p = 0.065). Together, these findings indicate that 

although all groups tracked uncertainty in the expected direction, both lesion groups showed 

reduced sensitivity to objective uncertainty, and LC participants additionally exhibited a 

pronounced downward shift in overall uncertainty ratings. 

Separate mixed-effects models examined offer acceptance as a function of uncertainty 

and reward. In the uncertainty model, acceptance decreased as uncertainty increased across all 

groups; however, the magnitude of this effect differed by group (Figure 5–16b). Healthy 

controls exhibited the steepest negative slope (β = −0.012), indicating the strongest uncertainty 

aversion, whereas both MFL (β = −0.006) and LC participants (β = −0.007) showed 

significantly attenuated uncertainty sensitivity relative to controls (both p < 0.001). The two 

lesion groups did not differ from one another (p = 0.45), indicating a comparable reduction in 

uncertainty aversion. In the reward model, higher reward increased the likelihood of accepting 

an offer overall (Figure 5–16c); however, this effect was markedly weaker for MFL patients 

(β = 0.00038) than for both healthy controls (β = 0.00267; p = 0.00066) and LC participants (β 

= 0.00325; p = 0.00185), who did not differ from each other (p = 0.44). Together, these results 

indicate that while both lesion groups exhibited reduced sensitivity to uncertainty during 

choice, reduced reward sensitivity was selective to MFL patients, suggesting partially 

dissociable alterations in valuation processes across patient groups. 
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Figure 5-16. Lesion groups had reduced sensitivity to uncertainty and reward than HC (a) MFL patients 
and LC demonstrated impaired ability to perceive uncertainty compared to HC in the passive version. (b) 
MFL patients and LC accepted significantly more offers at higher levels of uncertainty (expected error) than 
HC. (c) MFL patients and LC did not alter their offer acceptance in the same way as HC, who accepted 
significantly more offers as reward increased. 

 

5.5 Discussion 

This chapter’s findings extend current understanding of the MFL’s contribution to uncertainty-

guided behaviour, reward evaluation, and adaptive sampling. Lesion analysis revealed that 

though both patient groups had focal damage in distinct brain regions (Figure 5-4), they were 

comparable in regard to the extent of this damage (Figure 5-3). Results from the CQ task 

demonstrate that lesions to the MFL impair both active and passive forms of decision-making, 

particularly in contexts that require balancing information gain against cost and uncertainty. 

MFL patients sampled less frequently (Figure 5-9a), earned fewer credits (Figure 5-8a), and 

displayed reduced sensitivity to sampling cost (Figure 5-8b), indicating an alteration in the 

cost–benefit computations that normally support efficient information gathering in healthy 

people. This pattern suggests that the MFL might normally play a critical role in evaluating the 

expected value of sampling and adjusting behaviour accordingly. Disruption to this part of the 

brain could lead to maladaptive decision-making in uncertain environments as will be 

discussed further. 
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In the active sampling version, both lesion groups showed impairments relative to HC, 

but the nature of these impairments differed. While LC also tolerated greater uncertainty 

(Figure 5-9c), MFL patients were more strongly characterised by insensitivity to cost and a 

diminished ability to adjust sampling behaviour based on task demands. The attenuated 

increase in presampling time (Figure 5-12a) and intersampling intervals (Figure 5-12b) 

observed in the MFL group when sampling became more expensive suggests a failure to 

integrate internal estimates of cognitive effort or opportunity cost into decision-making. Rather 

than strategically modulating their behaviour, these patients appeared to show reduced strategic 

modulation of deliberation in response to rising information costs. Lesion volume did not 

appear to predict patients’ behaviour but across all participants, higher cognition predicted 

larger winnings (Figure 5-14a)and reduced uncertainty tolerance (Figure 5-14b) before 

making a final decision while anxiety scores in HCs also predicted uncertainty tolerance 

(Figure 5-15). 

MFL participants did not show the efficiency gains associated with slower sampling 

observed in healthy controls (Figure 5-13a), indicating a disruption in the adaptive relationship 

between sampling pace and information extraction. This dissociation between altered sampling 

behaviour and reduced sensitivity to cost and uncertainty is consistent with lesion evidence 

showing that medial frontal damage, particularly to the vmPFC, impairs the integration of cost, 

effort, and reward signals during decision-making (Bechara et al., 2000; Clark et al., 2008; S. 

G. Manohar & Husain, 2016). These findings align with the broader functional role of medial 

frontal regions, including the dorsal ACC and pre-SMA, in monitoring action–outcome 

relationships, regulating exploratory versus exploitative behaviour, and guiding adaptive 

information sampling. (Kaanders et al., 2021; Kennerley & Walton, 2011b; Kolling et al., 

2012).  
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The observation that LC also tolerated higher uncertainty suggests that tolerance of 

uncertainty is not uniquely dependent on MFL integrity but may also reflect the contribution 

of broader – potentially fronto-parietal – networks involved in belief updating and probabilistic 

reasoning (Huettel et al., 2005; Volz et al., 2003). Huettel et al. (2005) posited that the dorsal 

prefrontal and posterior parietal brain regions are essential for resolving uncertainty that arises 

over short time scales as information is accumulated toward a decision. Moreover, several of 

the LC had damage to the right hemisphere of the brain which has previously been implicated 

in the processing of spatial information and stimulus on visual tasks (Bartolomeo, 2006; 

Corbetta & Shulman, 2002). As such, their inability to reduce uncertainty on a task that relies 

on dot placement and target localization may be related to spatial impairment, although we did 

not formally test this here.  

In the passive choice version, MFL patients demonstrated reduced sensitivity to both 

reward offer (Figure 5-16c) and uncertainty (Figure 5-16b), whereas LC participants showed 

reduced sensitivity to uncertainty but preserved reward sensitivity. This pattern suggests a 

partial dissociation between reward valuation and uncertainty monitoring, with uncertainty 

sensitivity disrupted across lesion groups and reward valuation selectively impaired following 

MFL damage. The reduced responsiveness to reward outcomes in the MFL group mirrors 

findings from ventromedial prefrontal and orbitofrontal lesion studies showing attenuated 

value-based modulation of choice behaviour (Bechara et al., 1994; Clark et al., 2008). Together, 

these results imply that MFL integrity is essential not only for evaluating uncertain outcomes 

but also for using reward information to guide future behaviour. 

This study has several limitations. First, the patient sample sizes were relatively small, 

though this is consistent with previous lesion research, as recruitment is constrained by the 

need for focal damage to a specific brain region and the difficulty of engaging suitable patients. 

Second, I identified brain regions by overlaying patient lesion masks onto the Harvard–Oxford 
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cortical atlas rather than using data from locally recruited HC. This approach assumes that the 

atlas accurately represents the anatomical boundaries of the participants’ brains, despite 

individual variability. Additionally, the atlas provides a relatively coarse parcellation, which 

limits the ability to examine lesions at a fine-grained, subregional level. Nevertheless, the 

Harvard–Oxford atlas is a well-validated, population-based reference that allows consistent 

and reproducible mapping of lesions for structural and connectivity analyses. 

 

5.6 Conclusion 

On a relatively new test of decision-making, MFL patients exhibited reduced information 

sampling, insensitivity to sampling cost, and diminished sensitivity to reward and uncertainty. 

These deficits cannot be explained solely by the general effects of brain injury, LC showed a 

more selective pattern of impairment, characterised primarily by increased tolerance for 

uncertainty and reduced sensitivity to uncertainty during choice, while reward sensitivity 

remained intact. Together, these findings highlight the medial frontal cortex as a key region for 

integrating cost, reward, and uncertainty into a unified control signal that supports adaptive, 

goal-directed behaviour. By combining lesion evidence with the dynamic decision framework 

of the CQ task, the present study provides causal validation for models derived from functional 

neuroimaging and advances understanding of the specific computations mediated by the MFL 

during human decision-making. 
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6| General Discussion 

 

In this thesis, I have attempted to investigate how humans reduce uncertainty in decision-

making and how this capacity is disrupted by brain pathology. Specifically, I tested the 

hypothesis that WM pathology in SVD and MFL lesions lead to significant effects on 

decision-making under uncertainty. The findings from Chapters 2 and 3 confirm that 

widespread WM network disruption is associated with deficits in this domain, with common 

behavioural features including reduced sensitivity to cost, reward, and uncertainty across both 

versions of the CQ task. Chapter 4 shows that the introduction of physical effort in the 

passive CQ task can restore sensitivity to reward and uncertainty, suggesting that 

motivational engagement may be influenced by task demands. Finally, building on existing 

research, I extended the CQ paradigm to patients with MFL lesions and found similar patterns 

of impairment to those found in SVD. In the following pages, I present a summary of each 

chapter’s main findings (Table 6-1), followed by a discussion of their clinical and scientific 

implications, and propose directions for future research. 

 

6.1 Summary of Experimental findings 

6.1.1 Neuroimaging biomarkers of SVD 

In Chapter 2, neuroimaging data from healthy controls and SVD patients was analysed to 

determine whether structural and diffusion parameters differed between the two cohorts. I 

hypothesized that the patient cohort would present with significantly greater WM damage 

than controls, providing a representative sample for the study of behavioural effects related to 

SVD pathology. This pattern was observed, as the SVD group showed a higher average total 

WMH burden than the control group, who exhibited the expected age-related degree of 

WMH volume (Figure 2-3). These results were further examined in relation to demographic 
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and clinical measures, including age, years of education, cognition, apathy, anxiety, 

depression, and impulsivity. In the control group, age, cognition, apathy, and depression were 

significant predictors of WMH volume, although this was not the case for the SVD group 

(Figure 2-5).  

 Further analyses of WM microstructure corroborated the finding that the SVD cohort 

exhibited significantly greater damage. TBSS analysis was conducted using two diffusion‐

modelling approaches, i.e. DTI and NODDI. The results indicated a widespread reduction in 

WM integrity across all DTI and NODDI metrics (Figures 2-6 & 2-7). Specifically, patients 

generally showed lower FA and NDI, higher MD and ISOVF, and variable ODI. Cognition 

and years of education were positively associated with greater WM microstructural integrity 

(Figures 2-13 & 2-14 & 2-15 & 2-16), whereas age, apathy, depression, and impulsivity 

were positively associated with reduced WM microstructural integrity (Figures 2-17 & 2-18 

& 2-19 & 2-20 & 2-21 & 2-22 & 2-23 & 2-24 & 2-25 & 2-26 & 2-27). 

 Taken together, the findings in this chapter support the view that SVD is associated 

with widespread structural damage to the brain through disruption of WM connections. The 

impact of SVD on WM integrity appears to extend beyond the characteristic abnormalities 

detectable on conventional MRI, suggesting that degeneration in affected tracts may begin 

long before it becomes visible on neuroimaging, as also suggested by other researchers 

(Barker et al., 2013; Duering et al., 2018; Hu et al., 2022; Mayer et al., 2022; McAleese et al., 

2017; Silbert et al., 2021; Tuladhar et al., 2015).  

 

6.1.2 Insights into normative decision-making under uncertainty 

Our healthy controls exhibited robust and adaptive decision-making, consistently adjusting 

their behaviour in response to cost, reward, and uncertainty across all versions of the CQ task. 

They sampled more when uncertainty was higher, moderated their choices according to 
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potential rewards, and showed sensitivity to sampling costs, indicating a sophisticated 

integration of multiple decision parameters. This pattern closely aligns with previous findings 

in healthy populations performing classic decision-making paradigms, such as the Dart Task 

(Juni et al., 2016), the Cambridge Gambling Task (Clark et al., 2003, 2008), the Iowa 

Gambling Task (Bechara et al., 2000), and other probabilistic reward tasks (Rogers, Everitt, 

et al., 1999; Weller et al., 2007), where healthy controls consistently demonstrated sensitivity 

to cost, uncertainty, reward contingencies, and future outcomes. These comparisons suggest 

that the CQ task effectively captures normative decision-making processes and that our 

control cohort behaves in a manner consistent with established baselines in the literature. In 

short, the HC group reliably shows strategic, uncertainty-sensitive behaviour, providing a 

strong benchmark against which to interpret deviations in patient groups. 

In our EBDM condition of CQ, the control group displayed effort discounting, 

accepting fewer offers as physical effort increased, consistent with previous research showing 

that effort generally functions as a cost in decision-making (Chong et al., 2017a; Kool et al., 

2010; Kurniawan et al., 2013; Prévost et al., 2010; Westbrook et al., 2013). Interestingly, 

when examining offer acceptance as a function of reward and uncertainty, healthy controls 

accepted more offers at comparable levels of reward and uncertainty under the effort 

condition. This suggests that effort did not uniformly devalue options but interacted with 

value computation in a more complex way, effectively shifting the decision curve upward. 

Such a pattern aligns with the broader “effort paradox” literature, which posits that while 

effort can act as a cost, it can also enhance subjective valuation under certain contexts, for 

example by increasing perceived task meaningfulness or motivational engagement (Inzlicht et 

al., 2018; M. Zhang & Zheng, 2022). These findings indicate that healthy participants are not 

only sensitive to cost, reward, and uncertainty but also capable of flexible, context-dependent 
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valuation, highlighting the dynamic nature of decision-making processes even under 

additional task demands. 

 

6.1.3 Impact of SVD on decision-making under uncertainty 

Previously, SVD has primarily been associated with executive and psychomotor dysfunction 

(Jochems et al., 2025; S. Wang et al., 2022). In Chapter 3, I investigated how a disorder like 

SVD might affect human-decision making under uncertainty using the relatively novel CQ 

task. This paradigm has been developed to examine how people sample information prior to 

making a decision (Petitet et al., 2021). The results from the active version of the task 

demonstrated that patients spent less time sampling (Figure 3-3b), were less sensitive to 

sampling cost (Figure 3-4a), tolerated more uncertainty before they committed themselves to 

a decision (Figure 3-4c) and overall had reduced placement accuracy and precision when 

localizing the hidden circle (Figures 3-5a & 3-6) when compared to age-matched HC. Within 

the SVD group, higher cognitive scores predicted larger earnings and improved precision. 

Across all participants, it was shown that WMH burden was negatively correlated with 

reward earnings but positively correlated with uncertainty tolerance and precision (Figure 3-

11). At the microstructural level, reduced WM integrity was linked to lower reward earnings 

(Figure 3-12a), fewer samples obtained prior to making a decision (Figure 3-13a), reduced 

sampling efficiency (Figure 3-13b) and precision (Figure 3-12b). 

 On the passive version of the CQ task, SVD participants exhibited reduced sensitivity 

to uncertainty (Figures 3-10a & 3-10b) and reward (Figure 3-10c). They demonstrated 

riskier behaviour by accepting more offers at higher levels of uncertainty, though this was not 

shown to correlate with impulsivity as measured by the BIS-II. However, WM 

microstructural damage did positively correlate with increased offer acceptance (Figure 3-

14b) in addition to a reduction in capacity to perceive uncertainty (Figure 3-14a).  
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 Taken together, Chapters 2 and 3 build a strong case that functional impairments in 

decision-making under uncertainty may arise from WM structural damage. Behaviourally, 

this can manifest as a tendency toward riskier choices, potentially driven by reduced 

sensitivity to cost, reward, and uncertainty. Furthermore, these poorer behavioural outcomes 

emerge in both active sampling contexts and passive decision-making tasks. Finally, greater 

WM macrostructural and microstructural damage predicted worse performance across these 

domains, suggesting that SVD may produce cognitive deficits that extend beyond 

impairments in executive functioning and processing speed. 

 

6.1.4 Impact of SVD on EBDM under uncertainty 

Chapter 4 extends the findings of the previous chapter by investigating how adding in a 

decision variable involving physical effort modulates decision-making on the passive version 

of the CQ task. Both groups were sensitive to the physical effort demands and responded to it 

appropriately. Effort was shown to increase offer acceptance in control participants (Figures 

4-4c & 4-4d) and increase sensitivity to reward (Figure 4-4a) and uncertainty (Figure 4-4b) 

in SVD patients, whose behaviour became more closely aligned with that of controls on this 

version of the passive CQ task. Unlike the previous chapter, where increased offer acceptance 

was shown to positively correlate with reduced integrity in WM tracts, this behaviour was 

linked to increased integrity.  

 Taken together, these chapters provide evidence for partial disruption of decision-

making under uncertainty arising from WM disruption. The findings from this chapter 

indicate that previously observed impairments in decision-making under uncertainty can be 

partially ameliorated by altering task demands, for example by introducing a variable such as 

physical effort. This suggests that while performance can improve under certain conditions, 
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the extent to which function can be fully restored appears promising but requires further 

investigation. 

 

6.1.5 Impact of MFL on decision-making under uncertainty 

It has been well established in the literature that patients with lesions in the MFL demonstrate 

impairments on traditional decision-making paradigms (Bechara, 1994; Bechara et al., 2000; 

Clark et al., 2003a; Clark & Manes, 2004; Manes et al., 2002). In Chapter 5, I employed the 

CQ task in this patient cohort alongside LC (lesion control patients with damage in brain 

regions outside the MFL) and HC. The results from the active version of the task 

demonstrated that MFL patients spent less time sampling (Figure 5-8b), collected fewer 

samples (Figure 5-9a), showed reduced modulation of sampling behaviour by cost (Figure 

5-9a), tolerated more uncertainty (Figure 5-9c) and overall had reduced placement accuracy 

and precision when localizing the hidden circle (Figures 5-10 & 5-11) when compared to 

age-matched HC. LC patients had a similar behaviour profile except the number of samples 

they collected did not differ significantly from HC and their sensitivity to sampling cost was 

less disrupted than in MFL patients (Figure 5-9a). Crucially, while both LC and HC 

participants were shown to improve their sampling efficiency when they sampled slower, 

MFL patients failed to show the efficiency gains associated with slower sampling that were 

observed in controls, indicating a disrupted relationship between sampling pace and 

information extraction (Figure 5-13a). 

 On the passive version of the task, both MFL and LC patients demonstrated reduced 

sensitivity to uncertainty compared to HC (Figures 5-16a & 5-16b) with no reliable 

difference between the two lesion groups. Both lesion groups also exhibited riskier behaviour 

by accepting more offers at higher levels of uncertainty. However, a reduced sensitivity to 

reward was only observed in the MFL group (Figure 5-16c). 
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 Taken together, this chapter reinforces the idea that lesions to the MFL lead to 

impairments in decision-making. Specifically, MFL patients showed reduced evidence 

accumulation on the active sampling task and riskier behaviour on the passive version of the 

task. Although both MFL and LC groups appeared impaired on each version of the CQ task, 

MFL dysfunction seemed characterised by an additional insensitivity to reward and a more 

pronounced disruption in cost-related modulation of behaviour. This pattern highlights the 

selective contribution of the MFL to integrating reward and cost signals during decision-

making, beyond the broader uncertainty-related impairments shared with LC patients. 

 

6.2 Brain pathology and decision-making under uncertainty  

The findings presented in this thesis lend some support to the view that damage to the WM 

tracts may be sufficient to produce decision-making impairments which typically have been 

associated with focal cortical lesions. Lesions to the vmPFC, a core region within the MFL, 

have been consistently linked to broadly suboptimal decision-making across numerous 

studies. Early work by Bechara and colleagues (Bechara, 1994; Bechara et al., 2000) 

demonstrated that patients with bilateral vmPFC damage favoured immediate gains over 

long-term outcomes. Subsequent research confirmed that lesions to the MFL and other 

prefrontal regions impair adaptive decision-making (Clark et al., 2003b, 2008; Clark & 

Manes, 2004; Fellows & Farah, 2005; Levens et al., 2014; Manes et al., 2002; Pujara et al., 

2015; Studer et al., 2015; Weller et al., 2007), while damage outside the vmPFC does not 

reliably produce comparable deficits (Rogers, Everitt, et al., 1999). Collectively, these 

findings indicate that the MFL is critical for integrating affective and cognitive information to 

guide adaptive choices. 

However, these behavioural deficits may arise not only from cortical damage but also 

from disruption of the WM connections that support distributed prefrontal networks. Studies 
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in CADASIL, a genetic form of SVD, demonstrate that WM lesions in frontal tracts, 

including the anterior thalamic radiation and the forceps minor, predict impairments in 

processing speed and executive function even when controlling for GM atrophy (Duering et 

al., 2011). Similarly, in healthyageing, increased frontal WM hyperintensities correlate with 

poorer performance on set-shifting and response inhibition tasks (Boutzoukas et al., 2021). 

Lesion studies following traumatic brain injury in children further indicate that discrete 

frontal WM damage can produce deficits in executive function and everyday decision-

making, even in the absence of major cortical lesions (Lipszyc et al., 2014). These data 

support a “disconnection” hypothesis, i.e. lesions to WM tracts, such as those in the MFL, 

can impair decision-making by disrupting communication between prefrontal and subcortical 

nodes, even when the cortical regions themselves are intact. 

Our results extend this framework by demonstrating how both MFL lesions and WM 

specific damage manifest in decision-making under uncertainty. In our CQ task, MFL 

patients showed reduced evidence accumulation during active sampling, collected fewer 

samples, showed reduced modulation of sampling behaviour by cost, tolerated more 

uncertainty, and exhibited poorer placement accuracy and precision. LC patients displayed 

some overlap in uncertainty detection impairments and showed relatively preserved—but 

attenuated—sensitivity to sampling cost, with weaker efficiency gains compared to healthy 

controls. SVD patients, whose pathology primarily affects WM, exhibited broad impairments 

across the active and passive versions of the CQ task, including reduced sampling time, 

impaired sensitivity to both uncertainty and reward, and riskier choices. Moreover, task 

performance in the SVD group correlated strongly with WM macro- and microstructural 

integrity. These findings indicate that while MFL lesions disrupt valuation processes and 

contribute to uncertainty-guided impairments in decision-making, WM damage can similarly 
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produce pervasive network-level deficits that compromise multiple components of adaptive 

choice behaviour. 

Together, these findings highlight the complementary roles of cortical regions and 

WM connectivity in supporting adaptive decision-making. Lesions to the MFL compromise 

valuation processes and contribute to impairments in uncertainty-guided decision-making, 

impairing the ability to integrate affective and cognitive information during choice. 

Disruption of WM pathways, as observed in SVD, can likewise lead to broader network-level 

deficits, affecting multiple aspects of decision-making, including sampling time, valuation, 

and uncertainty detection. This convergence supports a network-based view in which 

impairments may arise not only from focal cortical damage but also from disconnection 

across distributed prefrontal, parietal and subcortical circuits. Functionally, these results 

underscore the importance of structural integrity across the MFL and its connections, 

demonstrating that both node-specific lesions and network disruption can compromise 

adaptive decision-making under uncertainty. The findings presented in this thesis suggest that 

some deficits traditionally attributed to cortical lesions may in part reflect impaired 

connectivity, emphasizing the critical role of WM pathways in supporting the computational 

processes underlying effective choice behaviour.  

 

6.3 Contextual Restoration of Impaired Decision Processes 

When physical effort was added as an additional variable in the passive version of the CQ 

task, patients in our SVD cohort showed a partial restoration of adaptive decision behaviour. 

Specifically, they became more sensitive to both reward and uncertainty resulting in their 

responses being closely aligned with those of healthy controls, in contrast to their baseline 

performance where WM pathology predicted poorer performance. This suggests that white-

matter disruption associated with SVD does not invariably produce a fixed, irreversible 
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deficit. Rather, under altered task demands or motivational contexts, residual functional 

capacity can be unmasked, producing more adaptive decision patterns.  

Neuroimaging studies in healthy people highlight that cognitive flexibility (the ability 

to adjust behaviour across different contexts) depends on the alignment between functional 

activity and the underlying WM network architecture, underscoring the importance of 

structural connectivity even when cortical nodes are intact (Medaglia et al., 2016). In the case 

of vascular pathology, there is growing recognition that functional networks may reorganize, 

or that alternative pathways may partially compensate for disrupted WM connectivity (Schulz 

et al., 2021). This observation aligns with emerging evidence that the human brain retains a 

degree of flexibility or resilience after structural changes (DeJong et al., 2023; Tang et al., 

2025). 

By contrast, lesion studies focusing on MFL/vmPFC damage have rarely 

demonstrated robust, context‑driven “restoration” of decision-making across a broad range of 

paradigms. The study by Manohar et al. (2021) is perhaps one of the clearest demonstration 

of context-dependent improvement in MFL lesion patients. This lesion study of medial 

prefrontal cortex damage included a rare patient with bilateral vmPFC lesions who showed 

reduced decision biases and often made more “rational” betting decisions compared to 

controls. The authors themselves note that this does not amount to a wholesale recovery of 

normal decision-making. Instead, this kind of performance might effectively be the 

‘impairment’ (alteration from normal behaviour) that arose in this patient from bilateral MFL 

damage. Moreover, other work with vmPFC lesions continues to report persistent deficits in 

value integration, evaluation, reward/effort discounting, and social or moral decision-making 

(Lockwood et al., 2024). In short, while structural damage to cortical nodes may sometimes 

yield paradoxically “cleaner” or less biased behaviour under constrained or simplified task 
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conditions, there is little systematic evidence that shifting task parameters reliably restores 

adaptive decision-making to control levels. 

Taken together, the SVD patients’ behavioural results on the EBDM condition of the 

CQ task suggest that damage to WM networks may leave a latent capacity for adaptive 

decision-making that can be revealed under appropriate contextual or motivational 

conditions. In contrast, damage to cortical valuation hubs such as the MFL appears less 

amenable to such restoration, at least based on the current lesion literature. This distinction 

underscores the importance of considering network-level integrity and plasticity, not just 

focal node damage, when evaluating the neural basis of decision-making deficits. 

 

6.4 Apathy, depression and impulsivity in decision-making under uncertainty 

Throughout this thesis, I have sought to characterise how disruptions in WM tracts relate to 

decision-making behaviour (Figures 3-12 & 3-13 & 3-14 & 3-15 & 3-16 & 3-17 & 3-18 & 

3-19 & 3-20 & 4-6 & 4-7 & 4-8 & 4-9) and clinical measures of apathy (Figures 2-20 & 2-

21), depression (Figures 2-22 & 2-23 & 2-24 & 2-25), and impulsivity (Figures 2-26 & 2-

27). The connectomics analyses reveal that task behaviour and clinical symptoms may be 

associated with partially overlapping patterns of disconnection, particularly involving fronto-

parietal pathways and fronto-subcortical projections to structures such as the thalamus, 

amygdala, and hippocampus. These findings suggest that impaired behaviour, along with 

motivational and affective symptoms in SVD, may reflect network-level dysfunction rather 

than isolated damage to any single structure. However, the present data did not demonstrate a 

direct association between these clinical measures and behavioural performance on the CQ 

task. This may reflect limitations inherent to the sample, including restricted symptom 

severity and modest sample size, which may have reduced the statistical power to detect more 

subtle brain–behaviour relationships. 
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Nevertheless, the structural disconnections identified here closely align with large-

scale networks known to support value-based and uncertainty-driven decision-making. 

Converging lines of evidence indicate that adaptive behaviour depends on coordinated 

interactions among distributed neural systems rather than isolated cortical regions. For 

example, cooperation between the default mode network (DMN) and the frontoparietal 

control network (FPCN) supports goal-directed cognition, prospective planning, and the 

flexible use of internally generated information during decision-making (Spreng et al., 2010). 

Reward-based cognitive control engages a partially overlapping circuitry: interactions 

between the FPCN (particularly the inferior frontal junction), dopaminergic midbrain 

systems, and the ACC enable adjustments to behaviour as expected value shifts (Hippmann et 

al., 2021). Parallel work on uncertainty shows that individuals with heightened intolerance of 

uncertainty exhibit increased functional connectivity between the right anterior insula and 

both the dorsal ACC (dACC) and dorsolateral PFC (dlPFC), regions which have been 

implicated in salience detection and the mobilization of control (Radoman & Gorka, 2023). A 

recent large-scale meta-analysis further identifies the anterior insula, inferior parietal lobule, 

and ACC as core hubs consistently engaged across uncertainty-processing tasks, reinforcing 

the existence of a distributed “uncertainty-regulation” network (Timashkov et al., 2025). 

Integrating these strands of evidence with the present structural findings motivates a 

neurocognitive model in which we might speculate that apathy, depression, impulsivity, and 

uncertainty-driven decision-making draw upon partially overlapping components of a broader 

goal-directed control network. Disruption to medial prefrontal and fronto-parietal pathways 

may undermine the translation of motivational states into behavioural initiation (apathy), 

while altered connectivity between valuation circuits (e.g., vmPFC, amygdala, ventral 

striatum) and cognitive control systems may contribute to affective symptoms such as 

anhedonia and diminished reward responsiveness (depression). At the same time, it is 
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possible that compromised communication between the anterior insula, ACC, and lateral 

PFC—regions central to evidence accumulation and cost/uncertainty estimation—could 

increase impulsivity by weakening the integration of interoceptive signals, value updates, and 

control allocation. Although the present study did not show direct behavioural–clinical 

correlations, the overlap in structural disconnections across symptoms and decision-making 

provides mechanistic scaffolding for understanding how diverse cognitive and affective 

disruptions may arise from a common architecture of WM disconnection in SVD. 

Taken together, these findings provide a theoretically grounded framework for 

understanding how different clinical symptoms in SVD may emerge from overlapping 

network-level disruptions, even if the behavioural consequences are not directly observable in 

the current dataset. They also highlight a key limitation of this thesis: the absence of strong 

associations between clinical scales and CQ performance which likely reflects both the 

narrow symptom range and the modest sample size. Future studies with larger, clinically 

diverse cohorts and multimodal imaging approaches will be essential to validate and refine 

this model, and to more precisely determine how motivational, affective, and cognitive 

disruptions arise from the underlying architecture of WM disconnection. 

 

6.5 Decision-making under uncertainty: where next? 

A natural next step in advancing the findings of this thesis is to adopt a multimodal imaging 

approach capable of linking structural disconnection to the real-time neural dynamics that 

support decision-making under uncertainty. While the present work relied on behavioural 

modelling and structural connectivity analyses, combining these approaches with high-field 

neuroimaging, such as 7T fMRI, would provide an opportunity to observe how WM 

pathology alters the moment-to-moment engagement of decision-related networks and better 

highlight the contributions of subcortical brain regions (Colizoli et al., 2021; Kalhan et al., 
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2022). The passive choice version of the CQ task is particularly well suited for this 

environment as it requires minimal movement, has clearly separable decision epochs, and 

generates trial-level estimates of uncertainty and value that can be mapped onto neural 

activation patterns. Implementing this version of the task in a 7T scanner would allow precise 

characterisation of the neural correlates of uncertainty sensitivity, reward responsiveness, and 

offer acceptance behaviour in both healthy individuals and patients with WM pathology. 

In contrast, incorporating the active sampling and effort-modulated versions of the 

CQ task poses practical challenges for neuroimaging. Both paradigms require continuous 

movements (sampling trajectories, button presses or tapping a screen, grip-force exertion), 

which introduce motion artefacts that compromise BOLD signal quality, even with advanced 

correction methods. Although some laboratories have successfully implemented effort-based 

tasks in MRI environments using MRI-compatible grip-force devices, these typically involve 

discrete, brief exertion periods rather than the continuous exploratory behaviour seen in the 

active CQ task (Müller et al., 2021). For this reason, future neuroimaging work might first 

profitably focus on the passive choice paradigm, using insights gained from neural activation 

patterns to inform the later development of scanner-compatible versions of the more dynamic 

task variants. An alternative approach would be to use MEG, which tolerates movement more 

readily and provides superior temporal resolution for tracking evidence accumulation 

processes, though at the expense of spatial precision (Dale et al., 2000; Gosseries et al., 

2008). Combining MEG with structural connectivity could offer a valuable intermediate step 

toward characterising the temporal unfolding of decision signals in SVD and MFL lesions. 

Before extending this work into MEG or multimodal neuroimaging, an important 

immediate step is to exploit the full potential of the structural datasets already acquired. The 

connectomics analyses in this thesis relied on atlas-level TBSS projections to identify likely 

regions of WM disruption, but this approach does not reconstruct individual streamlines or 
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quantify connectivity at the subject level. More advanced structural connectomics using the 

same 3 T diffusion data (such as whole-brain tractography, fixel-based analysis, or network-

level graph modelling) would allow a far more anatomically precise characterisation of how 

SVD alters the structural connectome.  

Such methods have been successfully implemented in large cohort studies, for 

example the UK Biobank 3 T MRI pipeline uses individualised tractography to generate 

subject-specific structural connectomes from diffusion-weighted imaging (Mansour L. et al., 

2023), and fixel-based approaches applied to 3 T dMRI provide fibre-specific metrics of WM 

degeneration that are more sensitive to disease-related change than TBSS (Raffelt et al., 

2017). Similarly, individual-level streamline reconstructions have been used to map 

disconnection syndromes in stroke and neurodegeneration (Thiebaut de Schotten et al., 2020), 

demonstrating the utility of tractography-based connectomics for linking WM pathology to 

behaviour. Applying these techniques to this dataset would allow a much richer 

understanding of which specific tracts (and which connections in the broader network) drive 

the uncertainty- and valuation-related impairments observed in SVD and MFL lesions. 

Several important questions regarding structural pathology and decision-making 

under uncertainty remain beyond the scope of this thesis. One concerns the trajectory of 

decision-making decline: how do uncertainty sensitivity, valuation, or cost processing evolve 

as WMH burden progresses over time? Longitudinal studies could determine whether early 

shifts in uncertainty tolerance or sampling behaviour serve as behavioural markers of 

microstructural decline. Another question is whether physical effort is uniquely capable of 

restoring aspects of impaired function, as suggested by the improved behaviour seen in SVD 

participants during the effort-modulated condition. It remains unclear whether this 

improvement reflects the motivational salience of effort, increased arousal, altered control 

engagement, or other context-dependent mechanisms. Moreover, it is unknown whether a 
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similar restoration could be observed in individuals with MFL lesions, or whether cortical 

damage imposes constraints on flexibility that WM pathology does not. Extending the effort 

manipulation to the active sampling version of the CQ task may also be illuminating: could 

introducing effort costs into the sampling process encourage patients to adopt more efficient 

evidence accumulation strategies and thereby improve performance? 

Together, these avenues highlight a broader conceptual direction for future research: 

understanding not only how structural pathology impairs decision-making under uncertainty, 

but also when and under what conditions these impairments can be mitigated or reversed. A 

multimodal, longitudinal, and context-sensitive research programme will be essential for 

disentangling the interplay between network damage, task demands, and residual cognitive 

capacity, ultimately providing a more comprehensive account of adaptive and maladaptive 

decision-making in neurological populations. 

 

6.6 Treatment insights: what else can we do? 

Although SVD is a progressive WM disorder, increasing evidence shows that the adult brain 

retains substantial capacity for structural and functional plasticity even in the presence of 

longstanding WM damage. For example, rehabilitation studies in multiple sclerosis (MS), 

another disorder characterised by widespread WM microstructural disruption, demonstrate 

that targeted motor and cognitive training can lead not only to behavioural improvement but 

also to measurable changes in WM microstructure and functional connectivity (Prosperini et 

al., 2015). These findings suggest that structured cognitive rehabilitation may promote 

compensatory reorganisation in networks affected by WM injury, potentially enhancing goal-

directed control, uncertainty monitoring, or motivational drive in SVD. Given the present 

thesis’s evidence that impairments in SVD arise partly from the inefficient engagement of 
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fronto-parietal and salience-control circuits, rehabilitative paradigms that encourage repeated 

activation of these circuits may offer a promising non-pharmacological therapeutic avenue. 

Complementary evidence comes from behavioural interventions aimed at older adults 

without neurological disease, such as the recently developed evening autobiographical recall 

intervention (Blackman et al., 2025). This study demonstrated that simple, low-burden, 

behaviourally focused interventions can enhance memory performance in older individuals 

by modulating cognitive control processes and strengthening the retrieval of internally 

generated information. Although the mechanisms underlying its efficacy may differ from 

those relevant to uncertainty-driven decision-making, the broader implication is highly 

relevant to SVD: everyday behavioural routines can engage and potentially strengthen 

cognitive networks that remain functionally intact despite structural compromise. Translating 

similar approaches to SVD, for example, routines that scaffold evaluation, reduce uncertainty 

tolerance, or promote deliberate evidence gathering could support more adaptive decision-

making in daily life. 

Together, these studies point toward a wider therapeutic possibility: interventions that 

repeatedly activate goal-directed, fronto-parietal, and salience networks may cultivate 

compensatory pathways even when WM integrity is compromised. In SVD, this could take 

the form of: 

• Cognitive control training targeting cost sensitivity, uncertainty discrimination, and 

evidence accumulation 

• Motivational or “effort-based” interventions that harness the functional restoration 

observed when task context changes (as shown in your Chapter 4) 

• Structured behavioural routines that enhance top-down control (analogous to 

autobiographical recall), helping patients regulate impulsive or risk-biased behaviour 
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• Multimodal rehabilitation combining cognitive exercises with light motor 

engagement, mirroring effective MS protocols 

These approaches are especially promising because the present thesis shows that SVD 

patients exhibit a partial loss of function and context-dependent restoration under effort 

conditions. This suggests that the relevant decision-making networks retain enough flexibility 

to benefit from interventions that enhance engagement, strengthen synaptic efficacy through 

repetition, or encourage recruitment of alternative pathways. In this way, the plasticity 

observed in MS and the behavioural malleability observed in healthyageing provide a 

conceptual and empirical basis for developing network-targeted therapies for decision-

making impairments in SVD. 

 

6.7 Concluding remarks 

Taken together, the work presented in this thesis demonstrates that decision-making under 

uncertainty is not governed by any single region or computational mechanism but rather 

emerges from the coordinated interaction of large-scale brain networks whose effectiveness 

depends on the integrity of their WM connections. Although disruption to these networks in 

SVD and focal MFL lesions leads to measurable changes in uncertainty sensitivity, valuation, 

and evidence accumulation, the findings also reveal a degree of residual flexibility, i.e. 

behaviour that can be shifted, partially restored, or scaffolded by contextual demands such as 

the introduction of effort. This combination of vulnerability and resilience underscores a 

central message: decision-making is a dynamic, distributed, and modifiable process, one that 

remains open to therapeutic, computational, and technological innovation. 

Promisingly, recent developments in clinical neuroscience suggest that the gap 

between mechanistic understanding and clinical translation is narrowing. The emergence of 

Brain Health Clinics, for example, represents a major shift toward preventative, personalised, 
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and data-driven neurology. These clinics integrate structural imaging, cognitive profiling, and 

biomarker assessment to identify individuals at risk of neurodegenerative or cerebrovascular 

pathology at much earlier stages (Butters et al., 2025). Such infrastructures could provide an 

ideal platform for implementing fine-grained decision-making assessments (such as the CQ 

task) and tracking how uncertainty sensitivity or valuation processes change with disease 

progression. Parallel advances in remote, longitudinal monitoring, as demonstrated by the 

feasibility of at-home sleep and cognition tracking in individuals with mild cognitive 

impairment and dementia (Gabb et al., 2025), further open avenues for capturing decision-

making behaviour in ecologically valid, real-world contexts. Together, these innovations will 

make it increasingly feasible to monitor cognitive network integrity as it evolves and to detect 

early deviations in decision-making trajectories that may signal developing WM pathology. 

At the same time, theoretical and computational progress is rapidly transforming how 

decision-making is conceptualised. Work identifying a cognitive map of value in the vmPFC 

(Veselic et al., 2023) suggests that humans navigate abstract value spaces using 

representational geometry analogous to spatial navigation. Complementary findings from 

dynamic decision paradigms reveal that humans continuously update behaviour using 

moment-by-moment changes in evidence and reward, even in non-stationary environments 

(Ruesseler et al., 2023). New electrophysiological and neuroimaging evidence further 

delineates the neural correlates of continuous feedback processing, implicating distributed 

networks whose activity unfolds over time rather than discretely (Hassall et al., 2023). 

Beyond human studies, deep meta-learning agents are beginning to reveal algorithmic 

principles of goal-directed navigation and flexible value learning that parallel human 

strategies under uncertainty (Lan et al., 2025), offering a powerful bridge between biological 

and artificial decision systems. 
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Together, these emerging strands of clinical infrastructure, remote cognitive 

phenotyping, high-resolution imaging, computational modelling, and artificial agents point to 

a future in which uncertainty-driven decision-making can be quantified with unprecedented 

precision. The next decade is likely to see the development of fully integrative frameworks in 

which structural connectivity, functional dynamics, behavioural modelling, and personalised 

clinical profiles are combined to characterise decision-making in both health and disease. For 

disorders such as SVD, this could enable early identification of network vulnerability, 

targeted interventions that harness preserved flexibility, and tailored rehabilitation protocols 

informed by real-time monitoring of cognitive state. In this sense, there is genuine reason for 

optimism. Although uncertainty is inherent to both the decisions we study and the disorders 

we seek to understand, our scientific trajectory is moving toward increasing clarity. The 

convergence of theoretical, technological, and clinical advances suggests that we are 

approaching a future in which the mechanisms of human decision-making—and the means to 

restore them—are more comprehensively understood than ever before. 
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