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Decisions are fundamental to all animal existence. We might even say decisions 

are the purpose of the mind, and of the brain. Decisions are so varied in both their 

structure and their meaning that it would be next to impossible to address them as 

a whole. This Ph.D. thesis focuses primarily on one aspect of decision making: the 

tradeoff between deciding quickly, or accurately. In the natural world, both a focus 

on speed and a focus on accuracy can be adaptive behavior. When climbing a 

mountain, a single misstep might be your last, and accuracy is paramount. When 

deciding whether that shape in the bushes is going to eat you or not, it is most likely 

not wise to delay your decision until you are certain. Humans can strategically adapt 

their decision-making strategies to meet the speed or accuracy demands of the 

environment. One constant in this consideration is that increased speed comes at 

the expense of accuracy and vice versa.

In the research described in the following chapters, my colleagues and I have 

studied the strategic adjustments of this speed-accuracy tradeoff (SAT) in humans 

at two complementary levels of explanation. Marr (1982) describes three levels of 

explanation: the computational, which explains the goals of the process, the 

algorithmic, which is the steps which make up the computations, and the 

implementational, which is the physical way in which the algorithmic steps are 

implemented. In the work described in this thesis, I have studied the decision 

process itself on a computational level, i.e. which information contributes to the 

decision, and how that information is processed. I have compared and tested two 

competing models from the literature, which propose a very different decision rule. 

On the implementational level of explanation, I have studied which neural structures 

and transmitters are involved in making fast versus accurate decisions. While the 

intermediate, algorithmic level, is not the topic of my research itself, it is nonetheless 

highly relevant in this work, as the algorithmic level forms much of our methodology 

to combine brain and behavioral data into a common framework.
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Chapter 1

Outline of this thesis

The goal of this Ph.D. thesis is to better understand the nature of decision 

making, and especially the way we decide quickly or accurately, by changing the 

height of our decision threshold, or the level of evidence we require before 

committing to a decision. The research involves the mathematical buildup of the 

threshold, how it affects behavior, and how it is implemented in the brain, both in 

terms of neuroanatomy and neurochemistry.

Chapter 2 evaluates the current scientific literature regarding the role of the 

basal ganglia in decision making, setting the stage for the subsequent chapters as 

we formulate the hypotheses that are tested in the experimental projects described 

in chapters 3-5. In chapter 2, we describe various ways in which we can model 

perceptual decisions, and we review the anatomy of the corticostriatal circuitry and 

its relevance for decision-making processes. As many studies demonstrate enhanced 

striatal activity during speeded decision making, we hypothesize that the striatum 

plays a key role in setting the threshold for the decision process. We then propose 

a role for dopamine as a driving factor in determining striatal excitability, thereby 

adjusting the height of the decision threshold.

Chapter 3 examines the nature of the decision threshold, on the computational 

level of explanation. In this chapter, we test the traditional hypothesis that 

perceptual decisions can be represented as bounded accumulation of evidence. 

This view has recently been challenged by the urgency gating model, which proposes 

that evidence integration is not needed, but that it could be replaced by an urgency 

signal. In chapter 3, we perform a behavioral experiment, as well as a number of 

model simulations that test this claim. We show that the urgency gating model 

cannot account for decisions under changing conditions, while accumulation 

models such as the drift diffusion model can.

Chapter 4 focuses on the decision threshold at the implementational level of 

explanation. Previous work from our laboratory and others has demonstrated that 
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a frontostriatal network in the brain is more active when the decision threshold is 

lowered in order to make faster decisions. In chapter 4, we test the hypothesis that 

the striatum is causally involved in the setting of the decision threshold. We 

compared the behavior of a group of patients with a focal striatal lesion, and 

compare their decision-making behavior to that of healthy control participants. By 

subjecting them to a task where they are asked to respond either quickly or 

accurately, we show that the patients adjust their decision threshold significantly 

less than controls. This demonstrates that an intact striatum is necessary for 

strategically adapting the decision threshold in order to meet task demands.

Just like chapter 4, chapter 5 also focuses on the decision threshold at the 

implementational level of explanation. Rather than addressing the role of different 

structures, we now investigate the neurochemical basis of fast versus accurate 

decision making. Simply knowing that the striatum is causally involved in the setting 

of the decision threshold leaves the computational and neurochemical mechanisms 

by which it does so unknown. In chapter 4, we test the hypothesis that the level of 

dopamine determines the height of the decision threshold. We performed a double-

blind placebo-controlled experiment, in which we provided the participants with 

bromocriptine, a partially selective dopamine D2/D1 receptor agonist. Participants 

had to decide within a fast or an accurate response regime. We expected to see 

faster and less accurate responses when participants took bromocriptine. Contrary 

to our hypothesis, we showed that the drug did not alter decision thresholds. We 

conclude from this that the mechanism by which the striatum adjusts decision 

thresholds is most likely not dopaminergic, or at least not sensitive to bromocriptine.

These results are summarized in chapter 6, where we discuss what we have 

learned from the research described in this thesis, and how we might next study the 

decision threshold.
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The ability to make choices based on available information is a critical function 

of the brain. How people make decisions is of major interest for business and eco-

nomics (O’Fallon & Butterfield, 2005), and is also a central topic in human cognitive 

neuroscience (Fellows, 2004) and in neurophysiology (Gold & Shadlen, 2007). 

A merger of these interests can be found in the field of neuroeconomics (Sanfey et 

al. 2006; Summerfield & Tsetsos, 2012).

In this chapter, we look into the role of the collection of brain regions referred to 

as the basal ganglia (BG), and the neurotransmitter dopamine (DA), in decision 

making, and especially in speed accuracy trade-off (SAT). In order to examine that 

role, we necessarily take a more narrow view on decision making. We will focus 

solely on simple experimental decision making tasks, and will mainly discuss per-

ceptual decision making. 

Perceptual decision making is studied using paradigms such as the random-dot 

motion discrimination task. This task was first developed for use with non-human 

primates, but has since also been applied to human participants. The stimulus con-

sists of a circular visual display of a cloud of dots, which move across the screen. 

A percentage of these dots moves in a fixed direction, whereas the others move in 

random directions. The participant’s task is to discern the direction of the coherent 

motion, and to report this direction, often using a saccadic eye movement (Britten 

et al., 1992).

Mathematical models of decision making

While the decision process itself is usually not directly observable from behavior, 
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a popular method to investigate it is through psychophysics. This realm of psychol-

ogy uses mathematical analysis of the frequency with which different responses are 

made to particular stimuli, often including analysis of the corresponding reaction 

time distributions.

Perhaps the best-known example of psychophysics is signal detection theory 

(SDT), which is an analysis of the likelihood of correctly detecting the presence or 

absence of some kind of signal (Tanner & Swets, 1954). SDT is a mathematical con-

struct that converts the likelihood of a hit, a miss, a false alarm, or a correct rejec-

tion to two variables: the sensitivity, and the bias. Here, the sensitivity can be 

thought of as a combination of the clarity of the external signal and the ability of the 

decision maker to receive the signal, resulting in the ability to detect signal from 

noise. The bias is a measure of how conservatively the decision is made. Thus, a high 

sensitivity will result in more hits, relative to misses, while a bias towards a positive 

response will increase the likelihood of both hits and false alarms, while decreasing 

the likelihood of misses and correct rejections. For any single response, it is impos-

sible to determine the contribution of sensitivity or bias. However, the bias and 

sensitivity can be computed based on the overall relative likelihood of hits, misses, 

false alarms and correct rejections. This allows experimenters to dissociate between 

the ability of participants to discern the stimulus, and their general tendency to re-

spond yes or no.

While informative, signal detection theory is very limited, because it does not 

take into account the time course of a decision at all. It effectively turns two sets of 

two complementary likelihoods into two psychological variables, thus providing no 

dimensional reduction. It does, however, provide parameters that represent an un-

derlying psychological construct, which correspond more closely to the effects of 

task instructions, or individual differences.

A major advance over SDT came with the introduction of accumulation models 

of decision making. The best-known accumulation model is the drift diffusion mod-
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el, or DDM (Ratcliff, 1978). This model describes the evolution of a decision process 

over time, as illustrated in Figure 1. Although it is mathematically more complex 

than SDT, it is easy to understand intuitively. Importantly, the DDM explains a much 

larger set of data, thus offering great dimensional reduction.

In the DDM, a decision is modeled as the accumulation of evidence towards ei-

ther of two competing alternatives. This accumulation can be thought of as a diffu-

sion process, a noisy random walk with a general direction. The state of the accu-

mulating evidence at a time point is often referred to as the decision variable. After 

some non-decision time has passed, the accumulation process begins at some start-

ing point value between two boundary, or threshold levels, each corresponding to 

a response alternative. As time progresses, evidence is collected noisily in favor of 

either of the alternatives. Correspondingly, the accumulation process moves up or 

down towards one of the thresholds. The average speed at which it moves up or 

down is referred to as the drift rate. This is comparable to the sensitivity of the SDT, 

and reflects both the difficulty of the task and the skill level of the participant. The 

distance between the boundaries is a measure of how conservatively the partici-

pant makes his decision. A higher threshold results in fewer errors, but slower re-

sponses. The DDM itself does not specify the meanings of the thresholds, that is, 

the alternative that is chosen when a threshold is crossed. In the paper that origi-

nally presented the model, the participants performed a lexical decision task. One 

boundary corresponded to ‘yes, this is a word’ and the other to ‘no, this is not a word’. 

However, many later experiments use one boundary for ‘correct’ and the other for 

‘incorrect’ responses, thus collapsing over the different response alternatives, de-

pending on whether they match the stimulus that is presented. 

For a single response, we cannot determine the contributions of the start point 

value, the nondecision time, the drift rate, or the threshold level. However, as with 

SDT, each of these has different effects on the predicted distributions of the data. In 

case of the DDM, a single parameter value can have complex effects on the shape 
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of the RT distribution of both the correct and the incorrect responses. For the sim-

plest version of the DDM, the optimal parameter values to fit the model to a given 

dataset can be determined analytically (Wagenmakers, van der Maas and Grasman, 

2007). For the more complex models, mathematical optimization routines are often 

used to estimate the best fitting set of parameter values.

The DDM is often considered the golden standard of accumulation models, and 

it has been applied successfully to numerous tasks, circumstances, and manipula-

tions. For example, biasing the participant, either by manipulating the known prob-

ability of a stimulus, or the magnitude with which a response alternative is reward-

ed, specifically influences the starting point values (Mulder, Wagenmakers, Ratcliff, 

Boekel, & Forstmann, 2012). Manipulating difficulty by adjusting the level of coher-

ence in a random dot motion paradigm selectively changes the drift rates (Ratcliff & 

McKoon, 2008). Instructing participants to respond quickly or accurately results in 

a change in decision threshold (Ratcliff & Rouder, 1998).

Figure 1. The drift diffusion model.
The DDM is a bounded accumulation model of decision making. This plot shows a sample decision 
process in the DDM. The decision process begins at the start point in the middle between the two 
thresholds, then accumulates noisily until it reaches either of the thresholds. In the sample decision 
shown here, the upper threshold is reached first, so a correct response is given. (image adapted from 
Mulder et al., 2012)
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However, there are various other accumulation models, which offer their own 

advantages. These other models will often outperform the DDM in some specific 

scenarios. One example is the linear ballistic accumulator model, or LBA (Brown & 

Heathcote, 2008).  In the LBA, there are separate evidence accumulators for each 

response alternative. The starting point for each is drawn from a uniform distribu-

tion, and rather than a noisy accumulation, the decision variable for both alterna-

tives simply increase linearly with time. This model simplifies the decision process 

by completely ignoring the within-trial noise.  This simplification makes use of the 

fact that we do not sample the ongoing accumulation process, but merely record 

the time point at which it reaches threshold. As a result, the LBA has fewer param-

eters than the DDM, which makes it a more parsimonious description of the data at 

the expense of face validity.  Another advantage of the LBA is that it makes use of 

separate accumulators for each response alternative. This makes it easier to adjust 

the model to scenarios with more than two response options than the DDM, which 

accumulates between two thresholds. 

Other models change the model’s dynamic properties. One example of this 

a model that does so is the leaky competing accumulator model, or LCA (Usher & 

McClelland, 2001), in which the accumulated information decays over time when 

no decision is reached. This predicts that the influence of early evidence will de-

crease as it recedes in time, and allows for less discrete trials, where low levels of 

information do not trigger responses at all. Other examples of dynamic changes are 

models in which the decision threshold varies over the course of a trial (Ditterich, 

2006; Drugowitsch et al., 2012). 

An evidence accumulation hypothesis of decision making

One model, the urgency gating model (UGM), even does away with evidence 

accumulation altogether, instead replacing it with an urgency factor that scales the 

amount of decision time that has passed (Cisek et al., 2009). This UGM predicts that 
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early evidence is not weighed into a decision unless immediately acted upon. While 

this does not provide different behavioral predictions than the DDM in an experi-

ment with constant evidence, the UGM predicts that early evidence will not affect 

later decisions in a paradigm where evidence changes over time. The DDM, on the 

other hand, predicts that this early evidence is retained for later use. If shown to be 

true, the UGM would radically change how we view perceptual decisions, and 

render all accumulator models of decision making invalid. Due to several oddities in 

the original experiment, as well as the maladaptive nature of throwing away all 

stored evidence, we expect that the DDM will outperform the UGM in explaining 

decision making under changing conditions.

Neural correlates of decision parameters

Much cognitive neuroscientific research has been done to identify neural corre-

lates of the parameters that make up a decision (for reviews, see Gold & Shadlen, 

2007; Bogacz et al., 2010). Perhaps unsurprisingly, the modality-appropriate cortical 

sensory and motor areas play an important role in perceptual decision making tasks 

(Britten et al., 1996; Salinas et al., 2000). As such, areas related to planning the task-

relevant response also appear to represent the decision variable. For instance, in 

oculomotor tasks, decision-related activity is found in areas involved in selecting 

and preparing eye movements, such as the superior colliculus (Horwitz & News-

ome, 1999), and frontal eye fields (Shadlen & Newsome, 1996). Conversely, when 

the appropriate response is a button press, areas involved in limb motor planning 

Hypothesis 1:

Evidence accumulation is necessary to explain perceptual decision making.

We hypothesize that the urgency gating model does not correctly predict behav-

ior in a perceptual decision making task with changing evidence. Specifically, we 

expect that early evidence will be weighed into subsequent perceptual deci-

sions, in concordance with the drift diffusion model. We will test this hypothesis 

in chapter 3 of this thesis.
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are implicated, such as the ventral (Romo, Hernández & Zainos, 2004) and dorsal 

premotor cortex (Hernández, Zainos & Romo, 2002). This activity is hardly surpris-

ing, since the outcome of the decision consists of the action that these systems are 

involved in. However, the buildup of activity before a decision is final does argue 

against temporal separation of decision and response processes. Do these sensory 

and (pre)motor areas represent all that there really is to making a decision, or 

should we consider their activations to be the input and output of a more general 

decision system?

In order to make decisions, access to several different representations is re-

quired: a representation of context, of action-outcome contingencies, and of the 

desirability of the potential outcomes (Rolls, 2008). These representations also 

need to interact; for instance, action-outcome contingencies may differ in different 

contexts, while the choice of an action relies on the desirability of its associated 

outcome. 

One set of regions that has connections to and from most of the cortex is the BG. 

This potentially provides the BG with the opportunity to integrate across these rep-

resentations. According to one influential theory, a role of the BG is to select one 

cortical motor program from a set of competing programs (Mink, 1996; Prescott et 

al., 2006). If these competing programs would each activate in proportion, behavior 

would be an ineffective combination of actions. Thus, a system is needed to arbi-

trate between these competing activations, allowing the winner to act, while sup-

pressing the others. The BG form just such a system. They apply a tonic inhibition of 

the cortex, and focally release the strongest activation from this inhibition. This 

forms a ‘winner-take-all’ selection system, allowing multiple representations to vie 

for activation, without risking the co-occurrence of the corresponding action. 

In the remainder of this literature review, we will provide the reader with more 

detailed background information regarding the BG and the central DA system, and 

how these relate to decision making. In examining this background, we will formu-
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late two more hypotheses regarding the anatomical and neurochemical correlates 

of SAT.

The basal ganglia

The BG are an evolutionarily ancient part of the brain, lying beneath the neocor-

tex. They can be described as part of a series of control loops, and are involved in 

many cortical processes. Although there are very few processes that they are di-

rectly or solely responsible for, most decision- or response related processes appear 

to pass through the BG (Balleine et al., 2007). Their function is important for motor 

behavior, as can be seen from their implication in various disease processes, such as 

Parkinson’s disease, Huntington’s disease, and hemiballism (Kandell, Schwartz & 

Jessell, 2000). However, the BG are also implicated in less motor related disorders, 

such as Tourette’s syndrome (Jeffries et al., 2002), obsessive compulsive disorder 

(OCD) (Laplane et al., 1989), attention deficit hyperactivity disorder (ADHD) (Ayl-

ward et al., 1996), drug addiction (Robbins et al., 2008), and schizophrenia (Buchs-

baum, 1990). Many of these diseases can be related to dysfunctions of various 

points in the cortico-BG-thalamocortical system (Maia & Frank, 2011). Interest in 

the area has also increased due to the remarkable success obtained in using deep-

brain stimulation to treat the symptoms of various illnesses, most notably Parkin-

son’s disease (Utter & Basso, 2008). The communication between prefrontal cortex 

and the BG also appear to be critical for executive functions such as working mem-

ory and cognitive flexibility (Alexander et al., 1986).

The BG play an important role in the motivational control of behavior and learn-

ing (Robbins & Everitt 1997; Schultz, 2007; Kawagoe, Takikawa & Hikosaka, 2004). 

They are densely connected to much of the cortical surface, and different BG cir-

cuits are thought to be involved in different aspects of action selection (Mink 1996; 

Wise et al. 1996; Balleine & Dickinson 1998; Daw et al., 2005). Often, activity origi-

nates in the cortex, passes through the BG, only to return to the same region of the 
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cortex it originated in, as well as to several other cortical regions (Alexander et al., 

1986), consistent with its hypothesized function of selective disinhibition of a corti-

cal input region. If we seek to understand the way the BG work, understanding this 

looping connectivity pattern is an important step.

Basal ganglia anatomy and connectivity

The BG are a fairly closed system, with the striatum and subthalamic nucleus 

(STN) as the input nuclei, receiving glutamatergic input from the entire cortex. The 

globus pallidus interna (GPi) and the substantia nigra pars reticulata (SNr) form the 

output nuclei, sending GABAergic projections to the thalamus, the superior collicu-

lus, and the pedunculopontine nucleus (Utter & Basso, 2008). While the BG mainly 

project to these three regions, the thalamic output is effectively a two-step connec-

tion to most of the cortex, thus allowing the BG to affect all manner of cortical sen-

sory, motor, and cognitive processes (Hoover & Strick, 1999; Middleton & Strick, 

2002). Cortical information can travel through the BG through one, two, or three 

inhibitory steps, depending on whether it passes through the hyperdirect, direct, or 

indirect pathway, respectively (Mink, 1996). The hyperdirect pathway consists of 

cortical glutamatergic neurons, projecting onto STN glutamatergic neurons, project-

ing to the GABAergic output neurons in the GPi or SNr. The direct pathway consists 

of glutamatergic cortical neurons projecting to GABAergic neurons in the striatum, 

projecting to the GABAergic output neurons. The constant inhibition of the indirect 

pathway can be overcome through focused disinhibition from the direct pathway, 

allowing the activity threshold to be selectively lowered for a particular action. Fig-

ure 2 shows the different regions of the BG, their efferent and afferent connections, 

the hyperdirect, direct, and indirect pathways, and the neurotransmitters that are 

involved in these connections.

The striatum consists largely of GABAergic medium spiny neurons receiving 

glutamatergic input from the cortex, and dopaminergic input from the SNr. Impor-
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tantly, the striatal neurons of the direct pathway express D1 DA receptors, upon 

which dopamine acts as an excitatory transmitter. The indirect pathway neurons 

express D2 DA receptors, upon which dopamine acts as an inhibitory transmitter. 

Consequently, DA both releases the general inhibition of the indirect pathway, and 

facilitates the focused disinhibition of the direct pathway. The striatum is classically 

Figure 2. Anatomy and connectivity of the basal ganglia.
a. This figure shows a schematic representation of the regions of the basal ganglia, their efferent and 
afferent connections, and the neurotransmitters involved (image from Utter & Basso, 2008). b. This 
figure shows schematic drawing of the direct, indirect, and hyperdirect pathways leading from the 
cortex, through the basal ganglia, to the thalamus. Connections ending in arrows (left) or white arrows 
(right) indicate excitatory connections; connections ending in circles (left) or black arrows (right) 
indicate inhibitory connections (image from Nambu et al., 2002). Abbreviations:  Cx, cortex; Str, 
striatum; Th, thalamus; SC, superior colliculus; glu, glutamate; ENK, enkephaline; SP, substance P.

divided into dorsal and ventral striatum. The dorsal striatum consists of the caudate 

nucleus and putamen; the ventral striatum is also called the nucleus accumbens. 

The division between dorsal and ventral striatum is not easy to support using histo-

logical measures, and a division between dorsolateral and ventromedial striatum is 

more accurate, although the term ventral striatum has remained more common 

(Voorn et al., 2004). 

Tracing studies in rats and monkeys (see Alexander, 1986 for a review) and diffu-

sion tensor imaging (DTI) analyses in humans (Lehericy et al., 2004; Draganski et al., 
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2008) have shown that distinct cortical regions project to distinct parts of the stria-

tum. The different parts of the striatum appear to resemble their cortical counter-

parts in their functional roles (Alexander et al., 1986). There are several connectiv-

ity loops, passing from the cortex through the BG, via the thalamus, back to the 

cortex. These different loops have distinct functional significance (Alexander et al., 

1986). For instance, one can describe separate motor, oculomotor, spatial, visual 

and affective loops. This corticostriatal connectivity is shown in Figure 3. 

Abbreviations: AC/Cing, anterior cingulate cortex; BLA, basolateral amygdala; dlPFC/DL-
PF, dorsolateral prefrontal cortex; FEF, frontal eye fields; GPe; Globus pallidus, external 
segment; GPi, Globus pallidus, internal segment; HC, hippocampus, IT, inferior temporal 
cortex; lOFC, lateral orbitofrontal cortex; MC, motor cortex; MD, mediodorsal thalamus; 
OFC, orbitofrontal cortex; PMC, premotor cortex; PPC, posterior parietal cortex; SMA, 
supplementary motor area; SNpr, Substantia Nigra pars reticulata; SSC, somatosensory 
cortex; ST, superior temporal gyrus; STN, subthalamic nucleus; VA, ventral anterior thalamus; 
VL-PFC, ventrolateral prefrontal cortex; VLo, ventrolateral thalamus; VP, ventral pallidum; V 
putamen, ventral putamen. o, pars oralis; pc, parvocellularis; mc, magnocellularis; cv, caudo-
ventral; cl, caudo-lateral; dm, dorsomedial; r, rostral; rm, rostromedial.

Figure 3. Corticostriatal connections. 
a. Schematic drawing of the dorsal striatum, to 
function as legend for the striatum drawn in the 
lower center of b and c, which show the mapping 
of connections from lateral and medial cortical 
regions onto the striatum. d. A schema of four 
putative corticostriatal loops. (Images adapted 
from Utter & Basso, 2008  (a,b,c ), and Lawrence 
et al., 1998 (d))  
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The central dopamine system

Within the basal ganglia circuitry, one important modulatory signal is provided 

by dopamine. Neuroscientists generally associate the subcortical DA system with 

working memory, motor control and reward processing. The reason for the first is 

that destruction of dopaminergic neurons causes Parkinsonian symptoms, of which 

the motor problems are most salient (Burns et al., 1983). On the other hand, there 

is a prominent body of single-cell work in monkeys related to reinforcement learn-

ing, which indicates a likely role for phasic dopaminergic firing in the coding of a re-

ward prediction error (Schultz, 1998). The role of subcortical DA in reward is also 

evidenced by findings that many pleasurable and addictive substances act on the 

DA system, either directly or indirectly (Berridge, 2007; Everitt et al., 2001). In con-

trast to the subcortical effects of dopamine, prefrontal DA appears to play an impor-

tant role in working memory processes (Brozoski, 1979; Goldman-Rakic, 1999).

Dopamine synthesis and transmission

DA is a catecholamine neurotransmitter. DA is synthesized from tyrosine (an 

amino acid), with L-dihydroxyphenylalanine (L-DOPA) as an intermediate product. 

DA also forms the chemical basis for the production of (i.e., is a precursor of) first 

norepinephrine, and subsequently epinephrine.

DA is released into the synaptic cleft, where it can bind to DA receptors. There 

are currently five such receptors known, simply named D1-5 after the chronology of 

their discovery. These are traditionally divided into the classes D1 (D1 & D5) and D2 

(D2,3,4) type receptors. Activation of these receptors has complex pre- and postsyn-

aptic effects (Seamans & Yang, 2004). When DA binds to D1 type receptors, they 

activate the Gs protein, resulting in the stimulation of adenylyl cyclase. Binding of 

the D2 type receptors activates Gi, resulting in the inhibition of adenylyl cyclase. 

Adenylyl cyclase, in turn, converts ATP into cyclic adenosine monophosphate 

(cAMP), which opens cyclic nucleotide-gated ion channels, resulting in a depolariza-
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tion of the postsynaptic neuron. This brings the postsynaptic neuron closer to its 

threshold polarity, and thus renders it more easily excitable. Additionally, cAMP ac-

tivates protein kinase A, which is involved in long term potentiation, playing an im-

portant role in neural plasticity. DA does not function as a classical neurotransmit-

ter, in that it does not cause postsynaptic action potentials without coactivation of 

other receptors. This is because the G-protein coupled receptor action is a rather 

slow and prolonged process, as opposed to the ion-gated channels that are typi-

cally responsible for the immediate changes in membrane potential that result in 

action potentials. Instead, DA modulates the effects of other neurotransmitters 

such as glutamate and GABA. To summarize, after a postsynaptic chemical cascade, 

D1 receptor activation slowly results in increased excitability for a prolonged peri-

od, whereas D2 receptor activation results in prolonged decreased excitability. In 

addition to the effects on excitability, DA receptor activation also affects synaptic 

plasticity, facilitating its role in learning. For instance, both the processes of long-

term potentiation and spike-time-dependent plasticity in the striatum require the 

activation of D1 type DA receptors in order to take place (Kerr & Wickens, 2001; 

Pawlak & Kerr, 2008), whereas action at D2 receptors appears more important for 

long term depression, which results in a decrease in synaptic connectivity.

The nigrostriatal dopaminergic pathway

DA neurons are commonly found in three areas: the SNr, or A9; the VTA, or A10; 

and the retrorubral Area (RRA), or A8 (Smith & Kieval, 2000; Dahlstrom & Fuxe, 

1964). More rare, but also existent, are intrastriatal DA neurons (Betarbet et al., 

1997).

The nigrostriatal pathway is likely the most thoroughly studied of the dopamin-

ergic paths, because of its involvement in the motor symptoms of Parkinson’s pa-

tients. This pathway consists of neurons in the SNr that project onto the dorsal 

striatum. Interestingly, many nigrostriatal dopaminergic synapses actually project 
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onto the very same dendritic spines as corticostriatal synapses do, facilitating its 

role as a neuromodulator, altering aspects of other (often glutamatergic) neuro-

transmission. As mentioned previously, the effect of nigrostriatal transmission var-

ies dependent on the receptor type expressed in the striatal neurons.

The two other main dopaminergic pathways are the mesocortical pathway, from 

the VTA to the (P)FC (Weinberger et al., 1988), and the mesolimbic pathway from 

the VTA to the ventral striatum (Ikemoto & Panksepp, 1999; Cools, 2008).

The basal ganglia as a decision maker

There are several theoretical models that seek to explain the functional role of 

the BG in movement (Mink, 1996), learning and reward (Schultz, 2002), habit for-

mation (Daw et al., 2005), and working memory (Frank et al., 2000; O’Reilly & Frank, 

2006). These models are supported by a substantial amount of research, and they 

are not mutually exclusive. Although it is beyond the scope of this chapter to dis-

cuss these models in detail, I will outline one model that is central to this thesis. This 

model pertains specifically to the selection of competing motor programs through 

focal disinhibition (Mink, 1996; also see Figure 2b); it describes the BG as applying 

a broad inhibition to all the considered motor programs from the cortex, from which 

the desired (or most strongly activated) program is selectively disinhibited.

The striatum receives multiple excitatory inputs, from different cortical action 

representations. The neurophysiological properties of the striatal medium spiny 

neurons cause the weaker inputs to be shunted, effectively focusing the striatal 

signaling. The processing in the striatal neurons is further modulated by dopamin-

ergic inputs, differentially affecting the direct and indirect pathway processing. The 

striatum sends focused convergent inhibitory signals to the output nuclei of the BG. 

Since these output nuclei are themselves inhibitory, their inhibition results in a dis-

inhibition of the corresponding target structure in the cortex. The STN also receives 

excitatory input from the cortex. However, the STN sends tonic excitatory output to 
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the output nuclei. This signaling is more divergent, compared to the striatal output. 

As a result of the tonic STN activity, the inhibitory output nuclei are tonically and 

broadly excited, except when a motor program is strong enough to activate the 

striatum, in which case they are focally inhibited, which leads to a focused disinhibi-

tion of that particular motor program. In this way, the anatomy of cortico-basal 

ganglia loops provides an excellent anatomical substrate for deciding among multi-

ple alternatives, and can be modeled as optimally solving certain decision making 

processes (Bogacz & Gurney, 2007).

In this model, we might consider the BG to be setting a decision threshold for 

selecting motor programs, with a selective gate to allow one specific program to 

pass while inhibiting competing programs. Although this is a model of motor pro-

gram selection, applying the same mechanism to other BG loops could allow for 

gating of other representations. For example, gating the visual loop might modulate 

perceptual decision-making processes. Similarly, higher order cognition could be 

gated, by this mechanism working on prefrontal representations of more complex 

plans (Hazy, Frank & O’Reilly, 2006). The architecture of the basal ganglia makes 

them well suited as a general purpose decision maker, with the content of the deci-

sion determined by the cortical input being gated.

This model is supported by evidence from both human and animal cognitive 

neuroscience. Recently, perceptual decision making was shown to be affected by 

electrical stimulation of the macaque striatum. More specifically, microstimulation 

of the striatum caused a shift in starting point, as well as nondecision time of a DDM 

process (Ding & Gold, 2012). 

A striatal hypothesis of speed-accuracy tradeoff

One line of research from our own laboratory focuses on the role of the striatum 

and pre-SMA in speed-accuracy tradeoff. This research began with an fMRI study 

that examined neural activity during perceptual decision making in a visuomotion 
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detection task, where participants were specifically instructed per trial to respond 

either as fast, or as accurately as possible (Forstmann et al., 2008). The results 

showed increased activity in the dorsal striatum and pre-SMA during fast, compared 

to accurate trials. The strength of this activity correlated with participants’ ability to 

selectively change their response threshold between these conditions.

Subsequent experiments have further investigated this phenomenon, for in-

stance looking into the trial-to-trial variations in decision threshold (van Maanen et 

al., 2011), or the correlation between individual threshold differences and white 

matter tract strengths (Forstmann et al., 2010). It is inherent to most (f)MRI re-

search, that its findings are correlational in nature. However, given the role of the 

BG in applying global inhibition and focal disinhibition, we believe the balance be-

tween D1 and D2 pathways in the striatum may well be the means by which the 

setting of the decision threshold is achieved in the brain.

Dopamine: modulating the basal ganglia decision maker?

The dopaminergic signal is a fairly undifferentiated signal. Despite its low infor-

mation content, it greatly affects many influential regions of the brain, and alters 

them in complex and sometimes lasting ways. We know from the symptoms of PD 

that the death of dopaminergic neurons can cause serious motor problems, and the 

DA signal corresponds nicely to the reward prediction error in learning models. We 

already know that dopamine is important for value-based decisions (Doya, 2008; 

Rangel, Camerer & Montague, 2008). Given the important role for the basal ganglia 

in decision making, and the important role for dopamine in the basal ganglia, it is 

Hypothesis 2:

The striatum is necessary to adjust the decision threshold.

We hypothesize that the striatum is causally involved in setting the decision 

threshold to meet the speed or accuracy demands of the environment. This hy-

pothesis was also put forward in a recent review paper (Bogacz et al., 2010). We 

will test this hypothesis in chapter 4 of this thesis.
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easy to imagine there is also a potential role for dopamine in the decision making 

process outside the value-based domain.

Theories of dopamine function

As previously described, the DA system is very complex: there are multiple path-

ways involved in dopaminergic neurotransmission, and different effects can be 

caused by phasic bursts and dips, or by the tonic level of the neuromodulator. Ad-

ditionally, there are different types of receptors, with opposite postsynaptic effects. 

Additionally, or perhaps because of these complications, there are clear nonlineari-

ties in the effect of increased DA transmission on cognitive processes (Williams & 

Goldman-Rakic, 1995; Vijayraghavan et al., 2007; Cools & D’Esposito, 2011). To fur-

ther compound the confusion, these complicating factors can interact with each 

other; for instance, nonlinearity might occur differently for one specific receptor 

subtype in one target area, than for another subtype in another area. Or the nonlin-

earity might only apply to the effects of tonic, but not of phasic DA signaling. Due to 

the complex nature of the dopaminergic system, theories of DA function need not 

be mutually exclusive. I will briefly discuss several theories of dopamine functioning 

as it relates to decision making.

Dopamine, learning and reward

Perhaps the most influential theory related to DA is that of reinforcement learn-

ing. It refers to the in vivo electrophysiological finding that phasic DA bursts are 

seen associated with unexpected reward, whereas a dip in the baseline DA is seen 

when an expected reward is absent. This phenomenon nicely matches the predic-

tion error signal that plays a central role in reinforcement learning models (Schultz, 

Dayan and Montague, 1997).

A more recent hypothesis that also relates to DA’s role in reward, is that of incen-

tive salience (Berridge, 2007). The key point of this hypothesis is that DA does not 

communicate the pleasurable qualities of reinforcement, but rather its desirability, 
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or the ‘wanting’ of it.

Another theory regarding the role of phasic DA is that it signals novelty (Red-

grave & Gurney, 2006). According to this theory, the DA signal occurs too quickly to 

represent the reward prediction error, and it is instead involved in understanding 

the cause of unpredicted events.

One model of the dopamine signal explains its role in preference learning. Ac-

cording to this model, the direct, or go, pathway serves to prefer specific actions, 

whereas the indirect, or no-go, pathway serves to avoid specific actions. The model 

makes predictions regarding the preference learning patterns of PD patients when 

they are on vs. when they are off their (dopaminergic) medication, which are nicely 

matched by the empirical data. More specifically, PD patients off their medication 

are less able to learn to prefer high-rewarded stimuli, because they lack the 

dopamine bursts to activate the direct, or go pathway. When on medication, the 

continuous presence of D2 stimulation prevents the dopamine dips that normally 

enable learning to avoid low-rewarded stimuli (Frank, Seeberger & O’Reilly, 2004). 

In a related study, the go- and no-go pathways are also related to the timing of a re-

sponse. In this experiment, the reward probabilities and magnitudes were manipu-

lated to induce learning to respond early or late. PD patients on medication failed 

to learn to respond slowly, whereas PD patients off medication failed to learn to 

respond quickly (Moustafa et al., 2008). Since this paper still relates dopamine to 

reinforcement learning, and the temporal choice does not entail any SAT, it does not 

tell us whether dopamine might be involved in SAT more directly.

Dopamine and speeded decisions

The role of dopamine in reward and learning seems well established. However, 

are there results and models that support a role for DA speeded decision making?

In an attempt to provide a more ecologically valid account of normal decision 

behavior, one model looked into continuous, non-trial bound decision making. Its 
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authors propose a role for the tonic level of DA in the brain, controlling the level of 

response vigor (Niv et al., 2006). To combine the vigor account with the reinforce-

ment learning framework, Niv and colleagues interpret vigor as the average reward 

over time, essentially making it an indicator of how costly it is to waste time by inac-

tion. Higher response vigor means that there is more reward to be gained per 

minute, rendering faster decision making and more frequent actions desirable. The 

model then uses a reinforcement learning algorithm, based upon whether the ac-

tion’s total cost/benefit exceeds the average reward over time, to determine wheth-

er the action is desirable.

Another model looks into the mechanism for adapting response thresholds in 

a saccadic eye movement task (Lo and Wang, 2006). This model proposes that the 

strength of corticostriatal synapses determines the height of the response bound-

ary, setting the level of cortical activation that is required to achieve a response. 

According to this model, the role of DA lies more in the synaptic plasticity of corti-

costriatal effects, than in the direct modulation of current neurotransmission. 

The concept of dopamine driving SAT is of course not just theoretical; there are 

several studies showing effects supportive of such a role. One study showed that 

injection of D1 or D2 receptor antagonists in the macaque striatum both result in 

longer reaction times, thus showing a potential role for dopamine in speeded deci-

sions. Interestingly, D1 receptor antagonists increase the RTs specifically for trials 

which are associated with a large reward, whereas D2 receptor antagonists increase 

the RTs only for trials associated with a small reward. Effectively, both types of an-

tagonists decreased the ‘reward bias’ (Nakamura & Hikosaka, 2006).

Quite opposite from providing DA receptor antagonists are experiments where 

amphetamine is directly injected into the rat brain. In a study using conditioned 

reinforcement, injection of d-amphetamine into the caudate nucleus or accumbens 

resulted in increased responses to obtain a stimulus that was previously associated 

with a reward, but not when such a pairing had not occurred (Taylor & Robbins, 
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1984). Similar results were obtained in a Pavlovian instrumental transfer experi-

ment, where the association between the stimulus and the reinforcement had been 

extinguished, yet the now extinguished behavior was still increased by accumbens 

amphetamine injections (Wyvell & Berridge, 2000). This goes against the suggestion 

of the Lo and Wang model, that the role of DA in threshold setting is only through 

plasticity, and not through direct (in)activation. 

The finding that the activation of the behavior occurred without reinforcement 

being provided, and even after extinction of the response behavior, demonstrates 

that the effects of the amphetamine injections did not relate to the learning of the 

association, or to the processing of the reward, but to the vigor of the responding 

itself. This is consistent with the notion that DA, and therefore amphetamine, lower 

decision thresholds, although this is apparently dependent upon an earlier associa-

tion with reward. 

The BG may not form a single, unified decision making organ, but the various 

corticostriatal loops may very well embody various types of decision processes in 

a similar, but relatively independent manner. One way to think about striatal DA is 

that it modifies a single computation in the striatum which adjusts the output of the 

BG, but that the meaning of this computation depends on topographically specific 

in- and output connections. Such a computation could be releasing global inhibi-

tion, and facilitating focused disinhibition.

A dopaminergic hypothesis of speed-accuracy tradeoff

If, as we hypothesized earlier, the striatum is indeed causally involved in setting 

the decision threshold, the question remains how this change is implemented neu-

rochemically. Changing the level of cortical activity needed for the BG to select a win-

ner could be an effective way of setting the height of the decision threshold (Lo & 

Wang, 2006; Forstmann et al., 2008). Based on its central and aspecific activating 

role in BG functioning, one likely candidate for setting the decision threshold is the 
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level of striatal DA transmission. By both increasing activity in the ‘Go’ D1 pathway 

and decreasing activity in the ‘NoGo’ D2 pathway, an increase in dopamine could 

result in a higher excitability of the striatum, resulting in a lower effective threshold 

that cortical action representations would need to reach, in order to be selected. An 

interesting hypothesis pertaining to the tonic level of DA is that it embodies the 

level of behavioral activation (Robbins & Everitt, 1982, 1987, 1992, Robbins et al., 

1989; for a discussion, see Robbins & Everitt, 2007). According to this hypothesis, 

DA activity serves to enhance behavior through activation of its target structures, 

whether these are in the BG or in the cortex. A related notion is presented in the 

continuous reinforcement learning concept of ‘vigor’ (Niv et al., 2006).

Summary and conclusions

Decision making is a vital function of the brain. How we make decisions can be 

studied using mathematical models of the decision process, most notably evidence 

accumulation models such as the drift diffusion model. One recent model, the ur-

gency gating model, proposes that we do not need evidence accumulation to un-

derstand how we make decisions. We hypothesize that evidence accumulation is 

necessary to explain decision making, and we predict that the drift diffusion model 

can explain decisions under changing conditions better than the urgency gating 

model can.

The basal ganglia form a looping connectivity with the cortex, selectively ena-

bling specific cortical activation patterns while globally inhibiting the others. As 

such, the basal ganglia form an ideal candidate for adjustments in the decision mak-

Hypothesis 3:

Striatal dopamine sets the decision threshold.

We hypothesize that the level of nigrostriatal dopaminergic innervation is the 

driving factor that determines the height of the decision threshold. We will test 

this hypothesis in chapter 5 of this thesis.
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ing process. Several fMRI studies have found the striatum to be active during per-

ceptual decisions. As such, we hypothesize that the striatum is causally involved in 

setting the decision threshold.

The direct and indirect striatal pathways have activating and inhibiting conse-

quences for behavior. General differences in striatal activity will therefore have 

mixed effects. Dopamine has opposite effects on these two pathways, because di-

rect and indirect pathway striatal neurons differentially express D1 and D2 type 

dopaminergic receptors. Combined with the neuromodulatory role of dopamine, 

and its argued role in enhancing response vigor, we hypothesize that the striatal 

dopamine levels determine the height of the decision threshold.

Despite all that is known and understood about the basal ganglia and dopamine, 

much more work will be required to understand the exact involvement of these 

systems in decision making. We will need to understand both the separate contribu-

tions and interactions of different regions, cell types, transmitters, receptors, path-

ways, and timescales, before a cohesive understanding can truly emerge. This thesis 

describes the work my colleagues and I have done to contribute to this understand-

ing.
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Abstract

Models of decision making differ in how they treat early evidence as it recedes 

in time. The standard models, such as the drift diffusion model, assume that evi-

dence is gradually accumulated until it reaches a boundary and a decision is initi-

ated. One recent model, the urgency gating model, proposed that decision making 

does not require the accumulation of evidence at all. Instead, accumulation could 

be replaced by a simple urgency factor that scales with time. To distinguish between 

these fundamentally different accounts of decision making, we performed an ex-

periment in which we manipulated the presence, duration, and valence of early 

evidence. We simulated the associated response time and error rate predictions 

from the drift diffusion model and the urgency gating model, fitting the models to 

the empirical data. The drift diffusion model predicts that variations in evidence 

presented early in the trial affect decisions later in that same trial. The urgency gat-

ing model predicts that none of these variations will have any effect. The behavioral 

data show clear effects of early evidence on the subsequent decisions in a manner 

consistent with the drift diffusion model. Our results cannot be explained by the 

urgency gating model, and provide support for an evidence accumulation account 

of perceptual decision making.
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Introduction

All across the animal kingdom, survival directly depends on the adequacy of de-

cision making under time pressure. For instance, animals often need to judge in a split 

second whether an approaching object is either predator or prey. Mistaking preda-

tor for prey is costly, and hence it pays to analyze as much perceptual information 

as possible. On the other hand, the analysis of perceptual information takes valua-

ble time – a correct classification (i.e., “yes, this is definitely a predator”) is not 

worth much when one is in the process of being devoured. Hence, perceptual deci-

sion making involves a tradeoff between speed and accuracy, and every decision is 

therefore determined by at least two factors: the quality of information that has 

been collected and the level of caution displayed by the decision maker. 

In order to understand and quantify the latent processes that drive simple deci-

sions, several mathematical models have been formulated (Brown & Heathcote, 

2008; Cisek, Puskas, & El-Murr, 2009; Ratcliff, 1978; Usher & McClelland, 2001). 

These models provide a formal account of how a decision is generated. In such 

models, evidence (such as perceptual information) is collected until a certain 

threshold is reached, indicating that there is enough confidence to commit to a par-

ticular alternative. Such accumulation models have proven to be instrumental in 

interpreting electrophysiological data related to the decision process (Churchland 

et al., 2011; Drugowitsch, Moreno-Bote, Churchland, Shadlen, & Pouget, 2012; 

Gold & Shadlen, 2007; Rangel & Hare, 2010). In addition to providing a framework 

for the interpretation of neuroscientific findings, the ability to estimate model pa-

rameters on an individual level also provides a powerful analysis tool for the study 

of both behavior and its neural correlates, at both the group level, the individual 

level, or even the single trial level (Forstmann et al., 2010; Mansfield et al., 2011; 

Philiastides et al., 2011; Wenzlaff et al., 2011; van Maanen et al., 2011; Mulder et 

al., 2012; Winkel et al., 2012). Importantly, these models vary in a number of ways, 

including the influence of early evidence on later decisions. When there are funda-



48

mental differences between the models, it is of great relevance to determine which 

model correctly represents the processes underlying decisions.

In most models of decision making, evidence is collected until it reaches a deci-

sion threshold, at which time a decision has been made. Sequential sampling mod-

els, such as the drift diffusion model (DDM; Ratcliff, 1978) or the linear ballistic ac-

cumulator model (LBA; Brown and Heathcote, 2008) propose that all evidence is 

retained to inform the decision. The leaky competing accumulator model (Teodor-

escu & Usher, 2013; Usher & McClelland, 2001) includes a leak factor that causes 

early activation to decay over time. Another class of models implements a decision 

boundary that decreases with processing time (Ditterich, 2006; Drugowitsch et al., 

2012). Despite their diversity, these models all share one assumption: evidence is 

accumulated over time.

In stark contrast to such sequential sampling models, however, one recent mod-

el proposed that evidence need not be retained at all, but rather that the accumula-

tion of evidence can be replaced entirely by an urgency factor. This urgency factor 

simply represents the increasing time pressure as the trial progresses, and it scales 

linearly with time (Cisek et al., 2009; see Equation 2 in the methods section). Cisek 

et al. point out that under conditions where evidence presentation is constant, 

a model with a multiplicative gain factor that increases linearly with time (i.e., an 

urgency factor) is mathematically equivalent to a model where a constant level of 

evidence accumulates over time. From their behavioral data, Cisek et al. propose 

that this urgency gating model (UGM) can better account for the way decisions are 

made than various implementations of the DDM. The removal of the evidence ac-

cumulation process provides a fundamentally different account of decision making. 

The difference between the models can be clearly seen when evidence presenta-

tion is not constant during a trial. In that situation, the UGM and DDM predict dif-

ferent behavior. Most importantly, the DDM predicts that early evidence also af-

fects later decisions, while the UGM predicts that early evidence is ignored if it is 



49

Chapter 3

Figure 1: Three ways to model decision processes.
This figure illustrates the difference between modeling decision making as an urgency process, 
accumulation with incoming boundaries, or simple accumulation to a static boundary. The black and 
dark gray traces show the level of evidence each model represents during two sample trials. In the 
‘normal’ trace (black) evidence is directed upwards continually. In the ‘down up’ trace (dark gray) 
evidence is first directed downwards, and then upwards. When the level of evidence meets the (light 
gray) decision threshold, a decision is made. The Urgency Gating Model has no accumulation factor, 
and is driven by urgency only. The incoming boundary model has both an accumulation and an urgency 
factor. The Drift Diffusion Model has no urgency factor, and is driven by accumulation only. For ease of 
comparison, we have visualized the gain parameter of the UGM as a decrease with time of the decision 
boundary. In the UGM, a decision is initiated when tN ³ a  (where N is the normal distribution 
representing the evidence, t is time, and a is threshold). With an incoming decision boundary, a 
decision is made when N ³ a/t, which is identical (also see Drugowitsch et al., 2012). Note that the 
‘down up’ trace in the left panel is shifted slightly to allow the overlapping traces to both be visible.

not immediately acted upon. This is illustrated in Figure 1, which shows how con-

stant or conflicting evidence is processed by the DDM, the UGM, and an accumula-

tion model with incoming boundaries. 

In contrast to the UGM assumption, previous experiments with monkeys have 

shown that early evidence can have profound effects on later decisions. In one ex-

periment, a noisy stimulus was presented continuously (i.e. without obviously dis-

crete trials) to each of two monkeys. A 100ms burst of coherently moving dots was 

presented prior to the main motion stimulus, influencing the monkeys’ decisions 

200 to 800 ms later (Huk & Shadlen, 2005). In another experiment, two monkeys 

had to withhold their response during stimulus presentation, and coherent motion 

was present either at the beginning or the end of the presentation period. The re-

sults showed that motion energy early in the trial contributed more strongly to-

wards the decision than motion energy late in the trial (Kiani, Hanks, & Shadlen, 

2008). The substantial impact of early motion energy is consistent with integration 



50

models of decision making and goes against leak-dominant models of decision mak-

ing in which the contribution of early evidence wanes as time progresses.

We designed an experiment to test the different predictions made by the DDM 

and the UGM, allowing us to adjudicate between these two qualitatively different 

models of decision making. We use a behavioral paradigm where the amount of 

evidence changes over time, much like in the experiment by Cisek et al. (2009)(also 

see Tsetsos et al., 2011, 2012a, 2012b). One important difference is that previously 

presented evidence does not remain visible throughout the trial. Using this experi-

ment, we directly test the predictions that early evidence is incorporated in the 

later decision (DDM), or that it is dismissed (UGM).

Materials and methods

Participants

Twenty-two healthy participants (18 female, mean age =28.14, SD=10.34) per-

formed a calibration test and a random-dot-motion experiment during a single be-

havioral session. Three participants did not meet our inclusion criteria (i.e., >80% 

correct in the calibration task and <10% nonresponsive trials in the main task), and 

were excluded from further analyses. The experiment was approved by the local 

ethics committee of the University of Amsterdam. Participants were recruited from 

the University of Amsterdam student population and received either a monetary 

dispensation or research participation credits. Participants had normal or corrected 

to normal vision and did not have a history of neurological or psychiatric disorders, 

as assessed through self-report.

Stimuli

The experiment began with a calibration session to estimate each participant’s 

sensitivity to the stimulus. This estimate determined the coherence (i.e., percent-

age of dots moving coherently) used in the experiment. Specifically, the coherence 



51

Chapter 3

in the experiment was set so that it corresponded with an 80% accuracy level in the 

calibration session (as interpolated from the psychometric curve produced by the 

proportional-rate diffusion model; Mulder et al., 2012; Palmer, Huk, & Shadlen, 

2005). The calibration session was performed on a MacBookPro (version 7.1, Ap-

ple), using custom software as well as the Psychophysics toolbox for Matlab (version 

2007B, MathWorks). The actual behavioral task was a custom script implemented 

using Presentation (Neurobehavioral Systems), and was presented on an LCD moni-

tor with a 60Hz refresh rate. In this task, participants applied continuous light pres-

sure to two custom built force sensors with their thumbs (van Campen et al., in 

press). Whenever participants released this baseline pressure, the experiment was 

paused. Responses were made by increasing the pressure on the thumb corre-

sponding to the direction in which motion was perceived. 

In the experiment (but not in the calibration session), we manipulated the course 

of evidence presentation within a trial, varying the presence or absence of early and 

late evidence, the correspondence of direction between the early and the late evi-

dence, and the length of the early evidence. When early evidence was presented, 

this lasted either 67 ms (short) or 117 ms (long), followed by a period with 0% co-

herence, the length of which was either 133 ms or 83 ms, chosen in such a way that 

the early evidence and the 0% coherence sections always summed to 200 ms. When 

both early and late evidence was presented, the late evidence could be in the same 

direction or in the opposite direction as the early evidence. This resulted in 9 differ-

ent trial types. These trial types are described in full in Table 1, and the time course 

of stimulus presentation is illustrated in Figure 2.
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Table 1. Mean response times and error rates across trial types.
This table describes the different trial types and shows participants’ mean response time for correct 
decisions, as well as their error rate, for each of these trial types. The trial types are ordered by the 
total level of evidence presented. 

Summary statistics across trial types

Trial 
type

Early Evidence 
(0-200 ms)

Late evidence 
(200-2000 ms)

Correct 
RT (SD)

Error
 Rate (SD)

1 0 ms Absent 1283 (97) .50 (.08)
2 67 ms Absent 1268 (88) .45 (.06)
3 117 ms Absent 1257 (75) .43 (.07)
4 117 ms Opposite 1231 (68) .19 (.08)
5 67 ms Opposite 1228 (60) .17 (.08)
6 0 ms Present 1220 (66) .16 (.08)
7 67 ms Same 1184 (75) .12 (.07)
8 117 ms Same 1187 (70) .12 (.08)
9 200 ms Same 1156 (67) .09 (.06)

Figure 2. Time course of evidence presentation per trial type.
This figure schematically illustrates how the presentation of evidence was varied between the 9 
different trial types. The top row shows the trial types without late information (1-3), while the next 
two rows show the trial types with late information (4-9). Note that the x-axis is discontinuous, greatly 
shortening the visual representation of the late evidence. 



53

Chapter 3

The experiment featured a total of 1000 trials. Each trial was preceded by a 250 ms inter 

trial interval, during which a fixation cross was presented. During the trial, a random dot 

motion stimulus was presented for 2000 ms, or until the participant responded. Following 

the stimulus, a feedback message was presented for 500 ms. This feedback read ‘too fast’ 

for RTs < 200 ms, and ‘too slow’ for RTs > 1750 ms. If no response was given after 2000 ms 

following stimulus onset, participants received the feedback ‘no response’. Otherwise, the 

feedback message read ‘correct’ or ‘incorrect’. In trials where late evidence was present, 

this feedback was determined based on the late evidence. In trials without late evidence, 

the feedback was determined randomly, while the accuracy of the response was determined 

based on the early evidence for analysis purposes.

Participants were not informed that the evidence might change over the course of a tri-

al. Following the experiment, we asked participants whether they had noticed a change in 

motion direction. The binary outcome of this exit interview was included as a between-

subjects factor in the statistical analyses.

Modeling

In order to show how the DDM and the UGM provide different predictions for 

within-trial variation of evidence, we fitted both models to the behavioral data (Fig-

ure 3). We produced trials from the 'pure DDM', that is, a DDM without trial-to-trial 

variability in model parameters (Laming, 1968; Bogacz et al., 2006, see Equation 1) 

and the UGM without temporal filtering (Cisek et al., 2009, see Equation 2). 

In these functions, x represents the current state of the decision variable, t is 
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In	  these	  functions,	  x	  represents	  the	  current	  state	  of	  the	  decision	  variable,	  t	  

is	  time,	  the	  perceptual	  signal	   is	  drawn	  from	  input	  vector	  µ(t)	  and	  the	  noise	  c	  is	  

drawn	   from	  a	   normal	   distribution	  with	   a	  mean	  of	   0	   and	   standard	  deviation	  σ.	  

The	  input	  vector	  varies	  with	  time	  in	  a	  manner	  dependent	  on	  the	  trial	  type.	  In	  the	  

DDM,	  the	  starting	  evidence	  x(0)	   is	  set	  to	  A/2,	  so	  that	  there	   is	  no	  initial	  bias	  for	  

one	  response	  over	  the	  other.	  A	  decision	  is	  initiated	  when	  x	  ≤	  0	  or	  x	  ≥	  A.	  The	  RT	  of	  
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time, the perceptual signal is drawn from input vector m(t) and the noise c is drawn 

from a normal distribution with a mean of 0 and standard deviation s. The input 

vector varies with time in a manner dependent on the trial type. In the DDM, the 

starting evidence x(0) is set to A/2, so that there is no initial bias for one response 

over the other. A decision is initiated when x £ 0 or x ³ A. The RT of the response 

corresponding to that decision is the value of t at the time the decision is initiated, 

plus a nodecision time t0. We used a Dt of .001, corresponding to a time step size of 

1 ms. We produced 9 different input vectors, of which the timing and valence cor-

responded to those of the trial types used in the behavioral experiment. A SIMPLEX 

minimization routine (Nelder & Mead, 1965) was used to minimize the root mean 

square error (RMSE) of the model predictions’ mean RTs per trial type and those of 

the behavioral data. While the models were fit to the mean RT values of the differ-

ent trial types, we let the models produce the corresponding accuracy levels freely.

We constrained the models in two ways. Models that produced >15% RTs >2000 

ms were penalized by assigning an RMSE value of 1010 ms, as were models that pro-

duced >5% DTs <117 ms. 

The complete R code for our simulations and fits is available as supplementary 

material to this paper.

Analyses

We performed four repeated measures ANOVAs. We separately analyzed RT and 

ER as dependent measures, while using trial type as a within-subject factor. This 

was repeated separately for the three trial types without late evidence, and for the 

six trial types with late evidence. Consistent with our modeling outcomes (see re-

sults - modeling, below), we included a polynomial contrast to estimate the linear 

component of trial type, ordered by the total amount of evidence presented. In ad-

dition, we performed the same analyses separately on the three trial types with no 

late evidence (where only noise is presented in the later part of the stimulus), and 
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on the six trial types with late evidence (where the later part of the stimulus con-

tained coherent motion). In all these analyses we report degrees of freedom and p 

values following Greenhouse-Geisser correction for nonsphericity. 

Results

Modeling

The DDM provided a better fit to the data (RMSE=15 ms) than the UGM did 

(RMSE=23 ms). More importantly, the DDM matches the qualitative pattern across 

trial types, which the UGM does not (see Figure 3). While both models predict dif-

ferences between the trial types with and without late evidence, the DDM predicts 

an effect of the presence, duration, and direction of the early evidence, which the 

UGM does not.

Behavioral data

As can be seen in the upper middle panel of Figure 3, RT continuously decreased 

as the trial types contained more consistent evidence. The analysis of the three 

trial types without late evidence showed no significant difference (main effect 

F(1,1.8)=2.0, p=.15, linear contrast F(1,1)=3.7, p=.07). The six trial types with late 

evidence still showed a continuous decrease in RT with increasing early evidence 

(F(1,2.7)=35.7, p<.001, linear contrast F(1,1)=164.6, p<.001), corresponding to the 

pattern predicted by the DDM.

Similar to RT, the bottom row of Figure 3 shows that error rates continuously 

decrease with increasing early evidence. This effect was found in the analysis of the 

three trial types without late evidence (main effect F(1,1.7)=4.4, p=.027, linear con-

trast F(1,1)=6.2, p=.022), as well as in the six trial types with late evidence (main 

effect F(1,3.4)=20.0, p<.001, linear contrast F(1,1)=50.6, p<.001), again correspond-

ing to the pattern predicted by the DDM. 
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Exit interview

Out of the 19 participants, 7 reported that they saw a change in motion direc-

tion. Including this measure of awareness as a between-subjects factor did not 

change the pattern of results. In addition, the awareness factor was not statistically 

significant in any analysis of RT or ER. The results reported above represent analyses 

including this factor.

Discussion

In this experiment we tested predictions from the drift diffusion model and the 

urgency gating model. The DDM assumes that evidence is accumulated over time. 

This leads to the prediction that increasing levels of early evidence cause later deci-

Figure 3. Predicted and measured RT and ER.
This figure shows the steady decrease in RT and error rate as trial types contain more evidence towards 
the correct response direction. The RT (top row) and error rate (bottom row) patterns are shown for 
the nine different trial types. The trial types without late evidence (filled circles) are plotted separately 
from those with late evidence (open circles). The X-axis represents the duration of the early evidence. 
If the early evidence points to the opposite direction from the late evidence (and thus from the correct 
response direction), it is given a negative value. The behavioral data are shown in the middle column, 
the DDM fits are in the left column, and the UGM fits in the right column. The error bars in the middle 
column correspond to the standard error of the mean.
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sions to be both faster and more accurate. The UGM assumes that evidence is not 

accumulated. The leads to the prediction that trial types that have the same late 

evidence should have the same speed and accuracy, regardless of the early informa-

tion. Our behavioral data clearly show that both speed and accuracy improve with 

the presence of early evidence. Consequently, specific predictions made by the 

UGM were falsified by our behavioral data. Our data are qualitatively consistent 

with those predicted by the DMM. Together with earlier findings that also show a strong 

influence of early evidence on later decisions (Huk & Shadlen, 2005; Kiani et al., 

2008), these findings strongly suggest that an accurate account of perceptual deci-

sion making requires the gradual accumulation of evidence.

What remains is to explain the findings in Cisek et al. (2009), suggesting that the 

UGM can account for the behavioral data better than the DDM. Critically, the para-

digm used in the Cisek et al. study (2009) differs from the paradigms commonly 

used in perceptual decision making (Roitman and Shadlen, 2002; Ruff et al., 2010; 

van Maanen et al., 2011; Mulder et al., 2012; Winkel et al., 2012; see Gold and 

Shadlen, 2007; Heekeren et al., 2008; Bogacz et al., 2010 for reviews) in an impor-

tant way. Specifically, in the Cisek et al. paradigm, all evidence presented remained 

visible throughout the entire trial, resulting in a stimulus that displays the integral 

of the presented evidence. This integral was then used as the 'current level of evi-

dence', which is provided as the input evidence to both the UGM and the DDM. By 

providing the models with the integral of the evidence, Cisek et al. effectively used 

the UGM as an accumulator model, with an added urgency term. While this is not 

problematic in itself, it does not support the claim that urgency can replace accu-

mulation, as originally proposed by Cisek et al. (2009). 

Since its original publication, the UGM has been adapted to account for more 

continuous evidence presentation (Thura, Beauregard-Racine, Fradet, & Cisek, 

2012). This adaptation no longer uses the level of current information directly, but 

rather it integrates the history of changes in evidence strength. Thus, the adapted 
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version of the model can predict behavior in a random dot motion task, because the 

accumulated changes in evidence strength can now be represented as the net mo-

tion direction, rather than a visibly represented number of dots. However, the re-

vised model still predicts that neither the duration, nor the valence of early evi-

dence should contribute to a later decision, if they do not directly lead to a decision. 

The behavioral findings published along with these model revisions do indeed lack 

any effect of the variation in early evidence, which is in direct contradiction with our 

current findings.

While the UGM proposes that all previous information is forgotten, other mod-

els such as the LCA propose that the represented evidence level gradually decays. 

Our data do not allow us to rule out the presence of a small leak. However, a large 

leak seems unlikely, considering that the first 67 ms of evidence have pronounced 

effects 1100 ms later. Both the optimal level of leak, and the level of leak exhibited 

by human participants vary depending on task contingencies (for instance, see Os-

smy et al., 2013).

Although our data showed that urgency cannot replace accumulation, we do not 

wish to deny that urgency can sometimes play an important role in decision making. 

It is quite possible that the constant decision threshold such as assumed by the 

DDM cannot accurately account for all observed data in decision making experi-

ments. Evidence for this notion comes from a time-variant effect of prior evidence 

(Hanks, Mazurek, Kiani, Hopp, & Shadlen, 2011; but see van Ravenzwaaij, Mulder, 

Tuerlinckx, & Wagenmakers, 2012). Ditterich (2006) also argues for a gain that in-

creases over time during the decision process. It is important to note that unlike 

Cisek et al. (2009), Ditterich does not propose to replace evidence accumulation 

with this gain. The model scales presented evidence with a gain factor that increas-

es over time, but it still accumulates resulting evidence in a manner similar to the 

DDM. The addition of an urgency factor makes sense from an optimal decision mak-

ing standpoint, if there is a cost associated with additional observation (Drugow-
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itsch et al., 2012). This optimality assumes that the quality of the incoming evidence 

is known. If it is unknown, the shape of the decision boundary should be deter-

mined by the quality of the evidence sampled so far (Deneve, 2012). Note that 

while all three of these models argue against a static decision boundary, they differ 

fundamentally from the UGM in that they supplement evidence accumulation with 

urgency, rather than replacing it. Incoming boundaries may be needed to explain 

why in Cisek et al. (2009) decisions were made at different total evidence levels 

(their Figure 7, column 3). Such incoming bounds are also consistent with findings 

of increased overall activation levels across groups of neurons with different re-

sponse selectivity (Churchland, Kiani, & Shadlen, 2008; Drugowitsch et al., 2012).

One reason why it is important to correctly formulate decision making models is 

that they help to assign a functional role to activity found in electrophysiological 

experiments (Gold & Shadlen, 2007; Rangel & Hare, 2010). One example of this 

concerns the seminal electrophysiological findings by Shadlen and Newsome 

(2001), demonstrating that during decision making, directionally sensitive neurons 

in the lateral intraparietal area of the macaque show a steady increase in firing to-

wards a fixed threshold (Roitman & Shadlen, 2002; Shadlen & Newsome, 2001). 

Cisek et al. (2009) interpret these finding not as representing an increasing level of 

gathered evidence, but rather as a static level of evidence combined with an in-

creasing level of urgency. This interpretation has since been acknowledged (Do-

menech & Dreher, 2010; Simen, 2012; van Vugt, Simen, Nystrom, Holmes, & Cohen, 

2012; Zhang, 2012) and supported (Rangel & Hare, 2010; Standage, You, Wang, & 

Dorris, 2011). The feasibility of such an interpretation has recently been tested by 

examining its predictions for the correlation and variance structure of the neural 

firing in area LIP rates across time (Churchland et al., 2011). As in the current paper, 

the results of that study are consistent with evidence accumulation, rather than a time 

dependent scaling of currently presented evidence.

An important future question is whether the addition of an urgency factor ac-
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counts for sufficient additional variance to warrant its inclusion. The answer to this 

question can be found using model comparison methods, and it may not univer-

sally apply to all tasks and participants. While an urgency factor is a plausible mech-

anism for decision making, its necessity may well depend on task parameters such 

as response deadlines, reward rates, and inter-trial intervals, as well as individual or 

species differences. There has recently been much discussion regarding the shape 

of the decision boundary. Studies provide conflicting answers, either suggesting 

that an additional urgency parameter is warranted (Drugowitsch et al., 2012), or 

that it is not (Milosavljevic, Malmaud, & Huth, 2010). While our experiment does 

not directly address that issue, it does demonstrate that urgency cannot replace 

accumulation when modeling decision making.
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Abstract

The dorsal striatum and pre-supplementary motor area are engaged during deci-

sion making tasks when people are required to vary their level of response caution, 

emphasizing either response speed or accuracy. However, the functional contribu-

tion of these regions to decision making is unknown. In this experiment, we tested 

patients with focal ischemic lesions of the dorsal striatum and matched control par-

ticipants on a speed-accuracy tradeoff task. We analyzed the data with the linear 

ballistic accumulator model, a computational model of response selection in a com-

petitive and time-pressured context. The parameters of the model indicated that 

patients with striatal lesions had lower response caution. This problem was most 

prominent in the accuracy condition, confirming our hypothesis that the striatum is 

necessary for adjusting response caution, an essential function for flexible behavior.
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Introduction

Some decisions require a snap judgment, while others require careful delibera-

tion. People exhibit remarkable flexibility in decision making in order to optimize 

behavior across different contexts. The speed-accuracy tradeoff (SAT) is perhaps the 

hallmark signature of this flexibility. This phenomenon is an emergent property of 

many dynamic models of decision making, especially those that entail an accumula-

tion process (Brown & Heathcote, 2008; Ratcliff, 1978). 

In the linear ballistic accumulator (LBA) model, evidence favoring each response 

alternative is represented by the activation state of independent accumulators. For 

each of these accumulators, the starting activation level is drawn from a uniform 

distribution. From that point on, evidence accumulates linearly over time. Once one 

of the accumulators reaches the decision threshold, the corresponding alternative 

is selected. The final RT produced by the model is the time it took for the winning 

accumulator to reach threshold, plus some fixed non-decision time, reflecting as-

pects such as motor speed or other latencies that are not decision related. 

The speed at which it accumulates is called the drift rate. If a task is easy, or if 

a participant is highly skilled, the correct alternative will have a much higher drift 

rate than the incorrect alternative(s), resulting in both fast and correct decisions. 

The difference between the drift rate for the correct and incorrect alternatives, 

scaled by the variance of the drift, is referred to as the sensitivity. When the task is 

hard, or a participant is poorly skilled, the drift rates for different response alterna-

tives will be more similar, meaning sensitivity is low. This results in slower decisions 

and more errors. 

In the context of the LBA, the distance between the average starting point and 

the decision threshold represents response caution. This distance represents the 

amount of evidence required to make a decision and the parameter representing 

changes in caution instantiates the speed-accuracy tradeoff in the LBA model. For 

a given input and drift rate, a high caution level results in slow responses with a low 
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likelihood of errors, whereas a low caution level indicates fast responses, but with 

a greater likelihood errors. 

Accumulator models can successfully fit the reaction time distributions for both 

correct and incorrect responses (Forstmann, Wagenmakers, Eichele, Brown, & Ser-

ences, 2011). Because they expose factors that define the complete shape of cor-

rect and erroneous reaction time distributions, these models are more informative 

concerning underlying psychological states than descriptive statistics. Moreover, ac-

cumulator models offer an elegant tool to analyze the potentially complex effect of 

an experimental manipulation, providing a way to account for variations in RT distri-

butions and error rates with a single parameter. For instance, manipulating the 

probability of a particular stimulus or the magnitude with which a particular alter-

native is rewarded selectively influences the starting values in the drift diffusion 

model (Mulder, Wagenmakers, Ratcliff, Boekel, & Forstmann, 2012), while manipu-

lating stimulus discriminability selectively changes the drift rate (Ratcliff & McKoon, 

2008). Most relevant to the SAT, manipulating the instructions to emphasize speed 

or accuracy influences the response caution parameter (Forstmann et al., 2008).

Recent experiments have investigated the neural correlates of SAT using func-

tional magnetic resonance imaging. One well-replicated finding across these stud-

ies is that the BOLD response in pre-supplementary motor cortex and the striatum 

is larger when participants are instructed to emphasize speed over accuracy (Forst-

mann et al., 2008; van Maanen et al., 2011; Winkel et al., 2012). One interpretation 

is that the elevated BOLD represents an increase in baseline firing rates in these 

regions. As a result, the amount of additional input required to reach a neural 

threshold is decreased, resulting in an effectively decreased caution level. In addi-

tion to the BOLD findings, a positive correlation is observed between an anatomical 

measure of frontostriatal structural connectivity and the magnitude of individual 

participants' shift in their caution levels between speed and accuracy conditions 

(Forstmann et al., 2010). These data are consistent with models of basal ganglia 
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function that emphasize a critical role for this structure in response selection. Spe-

cifically, the basal ganglia are hypothesized to serve as a gate on cortical activation 

patterns, selectively releasing one, or a limited set of responses from globally ap-

plied inhibition (Mink, 1996). Within this general framework, tonic striatal dopamine 

has been hypothesized to provide the neurochemical basis for setting caution levels 

by altering striatal responsivity (Lo & Wang, 2006; Robbins & Everitt, 2007). 

These imaging data demonstrate that striatal activity is sensitive to processes 

associated with adjusting caution levels. However, as with all imaging studies, the 

results are correlational. Stronger tests of functional hypotheses require some sort 

of experimental manipulation. Direct stimulation of striatal neurons resulted in fast-

er responses in the direction contralateral to the stimulation (Ding & Gold, 2012). 

This result is consistent with the idea that the stimulated neurons effectively shifted 

the starting point, or bias, of accumulator-like neurons. However, two recent stud-

ies have shown that manipulations of the dopamine system failed to affect the level 

of caution. In one experiment, the level of dopamine in healthy participants was 

artificially lowered by the acute depletion of phenylalanine-tyrosine. Participants 

performed a random dot motion task, and were cued before each trial, indicating 

whether the trial was associated with a high or a low reward. While higher rewards 

led to higher caution levels, there was no effect of the drug relative to a placebo 

control nor an interaction between the drug and reward condition (Nagano-Saito et 

al., 2012). Similarly, bromocriptine, a dopamine (D2) receptor agonist, had no effect 

on caution levels across conditions in which instructions were used to emphasize 

either speed or accuracy (Winkel et al., 2012).

In the current experiment, we take a neuropsychological approach, asking how 

focal lesions of the striatum affect performance on a SAT task. In particular, we com-

pare these patients with matched controls in their ability to flexibly adjust decision 

thresholds to meet changing task demands. We hypothesized that if the striatum is 

causally involved in setting the level of caution, the patients will show a reduced 
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dynamic range in the caution level between the speed and accuracy conditions.

Methods

Participants

Seven patients with chronic focal ischemic lesions in the dorsal striatum were 

recruited for the study. The patients were referred by neurologists in the San Fran-

cisco Bay area. All patients were tested on the Wechsler Adult Intelligence Scale IV 

(Wechsler, 2008), the Beck Depression Inventory (Beck et al., 1961), and the Na-

tional Adult Reading Test (Spreen & Strauss, 1998). Control participants were re-

cruited in the Netherlands. They were selected to match the patients in terms of 

age and education. A complete overview of the participants’ demographics and 

neuropsychology can be found in Table 1.
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Participant Demographics
Controls Age Education MMSE Gender

1 61 10 30 F

2 58 15 30 M

3 57 16 30 M

4 62 16 29 M

5 58 20 28 F
Mean(SD) 59.2(2.2) 15.4(3.6) 29.4(0.9)

Patients Age Education MMSE Gender

1 67 14 29 M

2 59 16 29 M

3 59 18 29 F

4 51 12 27 M

5 73 14 28 M
Mean(SD) 61.8(8.4) 14.8(2.3) 28.4(0.9)

Lesion Handedness

Patients Side Time since pre post

1 L 17 R L

2 R 8 R R

3 L 6 & 16 R L

4 L Unknown R L

5 L 16 R L

WAIS

Patients VIQ PIQ FSIQ WMI

1 111 97 104 97

2 103 98 101 111

3 113 117 113 97

4 74 79 75 78

5 119 107 115 113

NART BDI BDI

Patients (errors) Raw level

1 10 12 MINIMAL

2 22 6 MINIMAL

3 4 7 MINIMAL

4 25 1 MINIMAL

5 12 10 MINIMAL

Table 1. Demographic and neuropsychological information for the participants. MMSE - mini mental 
state examination. WAIS - Wechsler adult intelligence scale. IQ - intelligence quotient. VIQ - verbal IQ. 
PIQ - performance IQ. FSIQ - full scale IQ. WMI - working memory index. NART - national adult reading 
test. BDI - beck depression inventory.
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We reconstructed the patients’ lesions by registering their anatomical scans to 

a Montreal Neurological Institute template using a 7-parameter transformation (3D 

rotation, 3D translation, and global rescale) using FLIRT (Jenkinson, Bannister, Brady, 

& Smith, 2002; Jenkinson & Smith, 2001). The resulting reconstructions for the five 

participants who were able to complete the task are shown in Figure 1. 

Figure 1. Lesion localizations.
Lesion maps for the five patients, drawn on scale-adjusted individual anatomical images. The slices, 
from left to right, correspond to Z values from +40 to -10 in steps of 5 mm. Each slice is plotted with 
the left hemisphere to the left, and the right hemisphere to the right.
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Experimental Task

We used a modified version of the random dot motion task (Figure 2A; Forst-

mann et al., 2008)driving, or playing chess, they have to continually balance the 

demands for fast decisions against the demands for accurate decisions. In the cog-

nitive sciences, this balance is thought to be modulated by a response threshold, 

the neural substrate of which is currently subject to speculation. In a speed deci-

sion-making experiment, we presented participants with cues that indicated differ-

ent requirements for response speed. Application of a mathematical model for the 

behavioral data confirmed that cueing for speed lowered the response threshold. 

Functional neuroimaging showed that cueing for speed activates the striatum and 

the pre-supplementary motor area (pre-SMA. Speed-accuracy requirements were 

manipulated on a trial-by-trial basis. Each trial began with a cue, indicating whether 

the participant should respond quickly (speed trial) or accurately (accuracy trial). 

This cue remained visible for 1000 ms. It was then replaced by a fixation cross that 

remained visible for a variable interval of 50, 200, 500, or 800 ms. The random dot 

motion stimulus was then presented for 1500 ms. It consisted of thirty 50 ms im-

ages, each containing 120 white dots on a black background. 60 of these dots were 

redrawn in the next image, all of which were displaced to the left on 50% of the tri-

als and to the right on the other 50% of the trials. This resulted in the percept of 

coherent motion to the left or right. The other 60 dots were redrawn in a random 

position, rendering the signal harder to detect. The selection of which dots moved 

coherently was randomized for each of the 30 images. 

Participants responded with a button press, with the response keys mapped in 

a spatially compatible manner (left and right keys for left or right motion). The RT 

interval extended until 200 ms after the stimulus offset, resulting in a 1700 ms max-

imum reaction time. After an additional delay of 50 ms, a feedback message was 

presented for 300 ms. On accuracy trials, the feedback indicated if the response 

was ‘correct’ or ‘incorrect’. On speed trials, the feedback indicated if the response 
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was ‘in time’ or ‘too slow’. If a response was not made within 1700 ms, the message 

‘no press’ was presented. The next trial began after an inter-trial-interval of 1000 

ms. The patients responded with the index and middle finger of their ipsilesional 

hand. Control participants responded with the index finger and middle finger of 

their dominant hand. 

The experiment began with three sets of practice blocks to familiarize the par-

ticipants with the experimental conditions. Each set was composed of a series of 

short blocks of 16 trials, with the blocks repeated until the participant’s perform-

ance reached criterion (see below). At the end of each block, summary feedback 

was provided indicating the mean RT and error rate (ER) for that block. This sum-

mary feedback also indicated if the participant had met the speed and accuracy 

demands of the trials in the block. This information was presented by color-coding 

the numbers in which the mean RT and ER were presented (red for too high, green 

for low enough). 

For the first set of practice blocks, participants were instructed to only focus on 

accuracy, ensuring that they could perceive the coherent motion within the dis-

plays. In this set, average RTs < 1000ms and ERs < 20% were given positive feedback 

after each block. 

The participant then advanced to the second practice set where the emphasis 

now shifted to speed. Participants began with a fixed deadline of 600 ms; that is, 

they received positive feedback if their mean RT in a block was < 600 ms. If they 

were able to meet this deadline, the response deadline was lowered to 550 ms in 

the next practice block. This process was repeated with subsequent deadlines of 

470 and 400 ms for those able to achieve the new deadline. As the focus here was 

on speed, any error rate of 40% or lower across a block was met with positive feed-

back. The second set was used to identify an appropriate RT limit on an individual 

basis given that some factors contributing to overall RT are related to the duration 

of non-decision components (e.g., movement speed). If a fixed deadline were used 
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for all participants, the effect of the time pressure on the decision process itself 

would differ across individuals. 

In the final practice set, the two types of instructions were intermixed. A given 

trial was preceded with a cue indicating the participant should respond either 

quickly or accurately. The criterion on speed trials was set to the lowest deadline 

the participant was able to meet during the speed practice blocks. Feedback for 

these mixed blocks was presented as a 2x2 matrix. The top row indicated whether 

RTs and error rates were low enough in the speed trials, with the RT limit set by the 

performance in the speed practice, and the error rate set at 40%. In the bottom row, 

the feedback indicated whether the RTs and error rates were low enough in the ac-

curacy trials, with an RT limit of 1500 ms and an error rate limit of 20%. Once the 

participant was able to meet the RT and error rate requirements of this block, they 

would proceed to the experimental blocks.

The experimental blocks were identical to the mixed practice blocks, except that 

each block consisted of 90 trials. Of these, 45 were cued for speed and 45 were 

cued for accuracy. Participants performed 6 experimental blocks, yielding a total 

data set of 540 trials for the analyses reported below. 

Analysis

The data from two of the seven control participants were excluded due to high 

error rates in the accuracy condition (greater than 45%; chance = 50%). These par-

ticipants reported being unable to see coherent motion in the stimulus displays. 

The results presented below are based on data from 5 patients and 5 control par-

ticipants.

We compared RT and error rates in the speed and accuracy condition between 

the two groups, using a repeated measures ANOVA. This testing was performed us-

ing PASW Statistics (version 19.0 for MacOS, SPSS inc.), using analyses that did not 

assume equal variances. The statistics reported below are with the corrected de-
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grees of freedom.

To better comprehend the underlying processes, we analyzed the data using the 

Linear Ballistic Accumulator model (Brown & Heathcote, 2008). This model is illus-

trated in Figure 2B and was evaluated using a hierarchical Bayesian approach. The 

data from each participant were assumed to be generated from the LBA model, 

with parameters unique to that participant, but drawn from separate distributions 

for the patient and control groups (Turner, Sederberg, Brown, & Steyvers, in press). 

For each participant, three parameters were allowed to assume different values in 

the speed-emphasis and accuracy-emphasis conditions: the threshold parameter 

(b) and the drift rate parameters for the correct and error accumulators (v
c and ve). 

Three other parameters, the start point distribution (A), the nondecision time (t0) 

and the drift variance (s) were required to have the same value for the speed-em-

phasis and accuracy-emphasis conditions. The drift variance parameter was set to 1 

in all conditions to provide a scaling factor; without this, the model would be under-

determined. To correct for partial guessing responses, we excluded responses with 

RTs less than 300 ms and included 5% contaminant responses in the predicted dis-

tributions. For these contaminant responses, the RTs were taken from a uniform 

distribution (0 - 1200 ms) with a response accuracy of 50%. 
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Figure 2: Speed-accuracy tradeoff task and linear ballistic accumulator model
A) A sample trial. In this example, the participant was cued to make a fast decision, the stimulus 
moved to the right, and the participant responded within the specified time. B) Schematic 
representation of the LBA model portraying a race between two independent accumulators. The left 
accumulator corresponds to the correct alternative (with a higher drift rate), and the right corresponds 
to the incorrect alternative. The starting level of activation is drawn randomly from a uniform 
distribution, and information accumulation is assumed to entail a linear drift towards a fixed threshold. 
A decision is made when one of the accumulators reaches threshold. 
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To assess the impact of the speed and accuracy instructions, we defined two 

variables. Caution was defined as the average distance to threshold (b-A/2); as such, 

high values of caution correspond to the situation where the participant requires 

more information accumulation before making a response. Sensitivity was defined 

as the scaled difference between the drift rate for correct and erroneous responses 

((vc -ve)/s).

The difference between patient and control groups was modeled by allowing the 

two groups to have different group-level distributions. We imposed weak prior dis-

tributions on the parameters of group level distributions (truncated normal distri-

butions for the mean parameters and gamma distributions for the variance param-

eters). The prior distributions were identical for the patient and control groups, and 

also for the speed-emphasis and accuracy-emphasis conditions, thus ensuring that 

any observed posterior differences were driven by the data. Samples were drawn 

form the joint posterior distribution over all participant-level parameters and group-

level parameters using differential evolution Markov chain Monte-Carlo methods 

with 100 chains and 5,000 samples. We initialized the chains with random draws 

from the prior distributions, and discarded the first 4,000 samples. We used the last 

1000 samples to obtain our estimates of the stable distributions for the four condi-

tions (2 groups x 2 instructions). 

Differences in the group level distributions are represented by an odds ratio. This 

is computed as x/(1-x), where x is the probability that a sample from one distribu-

tion is larger than one from the other distribution. Such an odds ratio, or Bayes Fac-

tor, is a common way to quantify evidence in Bayesian analyses.

Results

Descriptive statistics

As expected, participants were faster when instructed to emphasize speed 

(F(1)=42.9, p<.000) and produced fewer errors when instructed to emphasize ac-
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curacy (F(1)=10.0, p=.013). Averaged over all participants, the mean RTs in the 

speed and accuracy conditions were 543 ms and 766 ms, respectively.  Correspond-

ing error rates were 40% and 27%. 

Descriptive statistics
mean RT (SD) Controls Patients

Speed 558(47) 529(16)

Accuracy 831(30) 701(40)

mean error rate (SD)

Speed 42(1) 39(6)
Accuracy 23(7) 31(3)

Overall, the patients responded faster than the controls and made more 

errors in the accuracy condition, although none of these differences were reliable. 

There was a marginal effect of group on RT (F(1)=4.9, p=.059) and no effect of group 

on error rates (F(1)=.26, p=.625). The group x condition interaction was not reliable 

for both RT (F(1)=2.2, p=.174) and error rate(F(1)=1.5, p=.258). Of course, given the 

low sample size, analyses of summary statistics such as these are underpowered. 

The modeling analyses provide a more sensitive assessment of the results, taking 

into consideration the complete RT distributions.

Modeling results

The LBA model provided a good fit of the full distributions for correct and incor-

rect trials. Figure 3 plots the cumulative RT distributions, with the errors in red, and 

the correct responses in green. The model fits (lines) and data (dots) are shown for 

the average across participants within each group (left column) and for each indi-

vidual participant. 

A complete list of group level differences in the lower level parameters is shown 

in Table 3. In discussing the results, we will focus on the effects of group on the 

more meaningful higher-level measures of sensitivity and caution. Considering first 

Table 2. Descriptive statistics.
Group means and standard deviations of response accuracy and reaction time.
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our scaled estimate of accumulation rate, the controls and basal ganglia patients 

show near-identical sensitivity in the accuracy emphasis condition. For the speed 

emphasis condition, there was a small difference between the groups (3.9-to-1 

odds ratio), with the patients showing a slightly faster accumulation rate than the 

controls.

 In contrast, there were striking differences between the patient and control 

groups in the estimate of caution. In the accuracy emphasis condition, the patients 

exhibited lower caution than the controls (21-to-1 odds ratio). A similar pattern was 

observed in the speed emphasis condition, although here the effect was weaker 

(6.3-to-1 odds ratio). Moreover, there was decisive evidence of an interaction be-

tween group and condition on caution: the control group showed greater caution 

changes between the speed and accuracy conditions than the patient group (230-

to-1 odds ratio). Thus, the controls exhibited greater flexibility than the patients in 

adjusting their threshold between the two types of instructions.

Modeling results
Parameter Odds (X-to-1) Patients Controls
max start point 2.7 2.56 1.85
threshold s 27 .39 1.39
threshold a 69 1.05 2.30
correct drift s 3.7 4.41 5.09
correct drift a 1.8 4.40 4.69
error drift s 9.3 2.81 4.68
error drift a 1.7 2.21 2.97
nondecision time (s) 28 .22 .13
caution s 6.3 1.66 2.31
caution a 21 2.32 3.22
sensitivity s 3.9 1.61 .42
sensitivity a 1.0 2.19 1.72

Table 3. Modeling results.
Group level effects for each model parameter, as well as the higher order measures of caution and 
sensitivity. Effects are expressed as the odds ratio for the patient group having a larger value than the 
control group, or vice versa. Third and fourth columns present mean parameter estimates for the two 
groups, with the higher value in boldface. Drift variance parameter is not included since this was set to 
1 in all conditions to serve as a scaling factor.
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Figure 3. LBA model fits and parameter estimates.
A) Defective cumulative density functions (CDFs) of the reaction time data.   Dots indicated observed 
data and lines the predicted functions based on LBA model fits. The left column represents the grouped 
data and the other five columns, the plots for the individual participants.  CDF for correct trials is 
shown in green and error trials in red, with the height of the distributions representing the proportion 
of correct and incorrect responses. B) Posterior predicted distributions obtained from the LBA fits.  The 
height corresponds to the group level probability, with the area under the curve summing to 1. The left 
column depicts estimated caution levels and the right column estimated sensitivity. Marks on the 
x-axis correspond to the parameter estimates for individuals.
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Discussion

In this experiment, we have shown that patients with focal lesions of the dorsal 

striatum exhibit a selective impairment in a parameter representing the threshold 

in a perceptual decision making task. This deficit was manifest in two ways: First, 

the patients showed an overall effect to adopt a lower threshold than control par-

ticipants, responding on average sooner than controls for a given level of informa-

tion. Second, the patients were less flexible in adjusting their decision threshold 

between conditions emphasizing speed or accuracy. That is, the parameter esti-

mates for the threshold setting were more similar across the two conditions for the 

patients compared to the controls. Interestingly, we did not observe any differences 

in sensitivity, our measure of information accumulation. Thus, the deficit in thresh-

old setting and adjustment was present, even though the patients’ ability to process 

the perceptual information was unaffected. 

As we can see from the model fits and parameter estimates, the difference be-

tween the groups is most striking on the accuracy emphasis trials. Unlike he con-

trols, the patients showed only a modest increase in caution in this condition com-

pared to the speed emphasis trials. We had hypothesized the reverse scenario, one 

in which the patients were unable to lower caution when asked to respond quickly. 

This prediction was based on the assumption that, with reduced striatal inhibition 

of the basal ganglia output nuclei, there should be an increase in tonic inhibition of 

thalamocortical action representations (Mink, 1996). The modeling results con-

verge here with the behavioral results. The patients were faster than the controls in 

both conditions, but this effect was especially pronounced, at least in terms of 

mean values, on the accuracy emphasis trials. Together, the behavioral and mode-

ling results indicate a tendency towards impulsive behavior, consistent with reports 

of increased impulsive behavior following striatal lesions in the rat (Eagle & Rob-

bins, 2003). It may be that, with long-term absence of striatal disinhibition, the 

pallido-thalamo-cortical network has adjusted its baseline activation levels, result-
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ing in the more impulsive and less flexible behavioral pattern we observe here. 

Our current task design varied speed and accuracy emphasis on a trial-by-trial 

basis. This introduces a potential confound: An impairment of threshold adjustment 

could be secondary to a deficit in task switching (Cools, Ivry, & D’Esposito, 2006). 

However, a recent fMRI study of task switching showed that increased striatum ac-

tivity was associated with decreased caution on trials in which the task set repeat-

ed, while this association was absent on trials in which the task set changed (Mans-

field, Karayanidis, Jamadar, Heathcote, & Forstmann, 2011). Thus, striatal function 

is associated with the modulation of caution, even when this operation is applied in 

the absence of task switching. 

As with many neuropsychological studies, there are a few caveats to keep in 

mind. First, our study involved a small sample size. Analyses of similar small cohorts 

is not uncommon in human brain lesion literature, especially when the inclusion 

criteria is designed to only select individuals with focal lesions limited to the region 

of interest (Ell, Marchant, & Ivry, 2006; Ell, Weinstein, & Ivry, 2010; Müller, Mach-

ado, & Knight, 2002; Roca et al., 2011; Shin, Aparicio, & Ivry, 2005; Van der Stigchel, 

van Koningsbruggen, Nijboer, List, & Rafal, 2012)& Knight, 2002; Roca et al., 2011; 

Shin, Aparicio, & Ivry, 2005; Van der Stigchel, van Koningsbruggen, Nijboer, List, & 

Rafal, 2012. Second, while the small sample size precludes analyses that map be-

havior-lesion relationships, it is useful for addressing specific hypotheses regarding 

the necessity of a particular brain region for a particular behavior. In the current 

study, the low power associated with a small sample, as evident from our summary 

statistics, is compensated for by the greater power of the model-based analyses. 

Third, patients with chronic lesions may have developed compensatory proc-

esses and the observed changes may be due to the effects of that adaptation, rath-

er than to the lesion itself. In addition, since we did not compare these patients’ 

data to those of a control lesion group, we cannot rule out the possibility that their 

impairment is the result of ‘general brain damage’. Our concern here is mitigated by 
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the fact that we did observe a selective, and predicted, change in performance, 

with the group differences limited to the caution parameter. 

The mechanism by which the striatum adjusts response caution, and the signals 

guiding this adjustment are not yet fully understood. A role for tonic dopamine in 

threshold setting and adjustment seems plausible (Lo & Wang, 2006; Robbins & 

Everitt, 2007). However, two recent studies report no effect of dopaminergic ma-

nipulations on response caution (Nagano-saito et al., 2012; Winkel et al., 2012). 

Thus, it is important to consider alternative mechanisms. One possibility is a cortical 

driving signal, possibly originating from the pre-SMA (Forstmann et al., 2008; van 

Maanen et al., 2011; Winkel et al., 2012)driving, or playing chess, they have to con-

tinually balance the demands for fast decisions against the demands for accurate 

decisions. In the cognitive sciences, this balance is thought to be modulated by a re-

sponse threshold, the neural substrate of which is currently subject to speculation. 

In a speed decision-making experiment, we presented participants with cues that 

indicated different requirements for response speed. Application of a mathematical 

model for the behavioral data confirmed that cueing for speed lowered the re-

sponse threshold. Functional neuroimaging showed that cueing for speed activates 

the striatum and the pre-supplementary motor area (pre-SMA. Regardless of the 

underlying mechanism, the current results suggest that the striatum is necessary 

for adjusting response caution to flexibly meet speed and accuracy demands.
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Abstract

Being quick often comes at the expense of being accurate. This speed-accuracy 

tradeoff is a central feature of many types of decision making. It has been proposed 

that dopamine plays an important role in adjusting responses between fast and ac-

curate behavior. In the current study we investigated the role of dopamine in per-

ceptual decision making in humans, focusing on speed-accuracy tradeoff. Using a cued 

version of the random dot motion task, we instructed participants to either make 

a fast or an accurate decision. We investigated decision making behavior in partici-

pants who were given bromocriptine (a dopamine receptor agonist) or placebo. We 

analyzed the behavioral data using two accumulator models, the drift diffusion 

model and the linear ballistic accumulator model. On a behavioral level, there were 

clear differences in decision threshold between speed and accuracy focus, but deci-

sion threshold did not differ between the drug and placebo sessions. Bayesian anal-

yses support the null hypothesis that there is no effect of bromocriptine on decision 

threshold.

On the neural level, we replicate previous findings that the striatum and pre-

supplementary motor area are active when preparing for speed, compared with 

accurate decisions. We do not find an effect of bromocriptine on this activation. 

Therefore, we conclude that bromocriptine does not alter speed-accuracy tradeoff.
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Introduction

Decision making is an essential aspect of everyday life, and the ability to make 

choices based on available information is a critical function of the brain. One impor-

tant aspect of making a decision is the speed-accuracy tradeoff (SAT; Wickelgren, 

1977): making a decision quickly comes at the expense of being accurate, and vice 

versa.

To better understand the underlying processes that generate a decision, several 

accumulator models of decision making have been formulated. Such models pro-

vide a more thorough analysis of decisions than summary statistics, as they explain 

the entire reaction time distribution of both correct and incorrect responses. These 

models use several parameters to describe how a decision takes place, and the val-

ues for these parameters can be estimated to best explain the behavioral pattern. 

The prototypical accumulator model is the drift diffusion model (DDM; Ratcliff, 

1978), while the Linear Ballistic Accumulator model (LBA; Brown & Heathcote, 

2008) is also commonly used. While there are some differences between the two 

models, the conclusions drawn by these models are largely comparable (Donkin et 

al., 2011). The DDM explains a decision using information accumulating from 

a baseline starting point between an upper and a lower threshold (see Figure 1). 

The distance between the starting point and each threshold represents the amount 

of information needed to commit to the different response alternatives. As evi-

dence favoring one alternative is collected, the signal accumulates toward the cor-

responding threshold. When the decision process reaches a threshold, the decision 

is made. The critical parameter that determines whether the decision emphasizes 

speed or accuracy is the height of the decision threshold (Ratcliff & Rouder, 1998). 

A high threshold results in few errors, but slow reactions, whereas a low threshold 

results in more errors, but faster reactions. The difficulty of the task and the percep-

tual abilities of the participant are reflected in the drift parameter. An easy task will 

have a higher drift rate than a hard one, while participants who are skilled at the 
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task will have higher drift rates than participants who are not (Ratcliff & McKoon, 

2008). 

Because of the importance of decision making in cognition, how the brain makes 

decisions is of great interest to cognitive neuroscience. As such, the neural repre-

sentation of the parameters that make up a decision has been addressed in many 

experiments (for reviews, see Gold & Shadlen, 2007; Heekeren et al., 2008; Bogacz 

et al., 2010). One candidate network to implement the decision threshold is the 

basal ganglia (BG). The BG are known to play a central role in action selection. Ac-

cording to a common theory, the BG, and more specifically the striatum, select one 

motor program from a set of competing programs by focally releasing a globally ap-

plied inhibition (Mink, 1996). This mechanism makes the BG a likely neural correlate 

of the SAT element of decision making, by flexibly setting the level of the decision 

threshold (Lo & Wang, 2006). Recently, research in humans has revealed a fronto-

Figure 1. The drift diffusion model.
Schematic illustration of the main components of the Drift Diffusion Model, showing a 
sample path for a trial where a correct decision is made. Figure adapted from Mulder et al. 
(2012).
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striatal network to be associated with speeded responding (Forstmann et al., 2010, 

Van Veen et al., 2008, Van Maanen et al., 2011; see Bogacz et al., 2010 for a review). 

Two such studies, using the random dot motion task, showed increased activation 

in the striatum and pre-supplementary motor area (pre-SMA) when preparing for 

fast vs. accurate decisions (Forstmann et al., 2008; Van Maanen et al., 2011). An-

other study manipulated SAT while participants performed the Simon task (Van 

Veen et al., 2008). In preparation for fast vs. accurate decisions, the authors find 

increased sustained baseline activity in a number of regions including the pre-SMA, 

the striatum and the intraparietal sulcus (IPS). This sustained baseline activity is as-

sociated with reduced transient, event-related activity in the same areas, consistent 

with the notion that an increased baseline activity requires less additional activa-

tion to reach a decision threshold.

One way that the lowering of the threshold might take place is through modula-

tion of striatal neurons by dopamine. Although dopamine is most commonly associ-

ated with reward processing, there is a growing body of evidence indicating that 

dopamine is involved in other aspects of cognition. A neural network model of the 

cortex and the BG looks into the mechanism for adapting response thresholds dur-

ing SAT (Lo and Wang, 2006). This model proposes that the strength of corticostri-

atal synapses determines the height of the decision threshold, setting the level of 

cortical activation that is required to achieve a response. As the level of corticostri-

atal connectivity is affected by dopaminergic innervation, this model would predict 

an important role for dopamine in SAT. Aside from influencing synaptic plasticity in 

the longer term, dopamine also acts as an immediate neuromodulator, changing 

the responsivity of striatal neurons on a shorter timeframe. This would suggest that 

fluctuations in dopamine should result in changes in decision threshold. Other re-

search points toward a similar role for dopamine. Some authors have proposed that 

dopamine affects behavioral activation (Robbins & Everitt, 2007), while a model of 

behavioral choice suggests that the tonic level of dopamine acts as a general indica-
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tor of response vigor (Niv et al., 2006). Also consistent with a dopaminergic hypoth-

esis of SAT is the finding that ADHD patients have a deficit in setting their decision 

threshold (Mulder et al., 2010), while the dopamine system is known to be involved 

in the neuropathology of ADHD (c.f. Genro et al., 2008). In a similar vein, patients 

with Parkinson’s disease have more difficulty making fast responses than healthy 

controls in both interference (Wylie et al., 2009) and limb movement (Mazzoni et 

al., 2007) tasks. Based on these findings, we hypothesize that dopamine regulates 

SAT by increasing striatal excitability, thus lowering the decision threshold.

In the present study, we examine the frontostriatal speed related network using 

fMRI. We first confirm our previous hypothesis that the striatum and the pre-SMA 

are involved in setting a threshold for perceptual decision making. Thus, we repli-

cate the finding that the striatum and pre-SMA show increased activation while 

preparing for fast vs. accurate decisions. Second, we test our main hypothesis that 

dopamine regulates the decision threshold. We manipulate the dopaminergic sys-

tem through the partially selective D2/D1 dopamine receptor agonist bromocrip-

tine. This results in deactivation of neurons expressing D2 receptors, such as in the 

indirect pathway, and to a lesser extent in activation of neurons expressing D1 re-

ceptors, such as in the direct pathway. We expect to see changed decision thresh-

olds under bromocriptine, possibly as a function of individual differences in working 

memory capacity (Kimberg et al., 1997) or impulsiveness (Cools et al., 2007). We 

expect to find that the differences in threshold will be accompanied by altered acti-

vation in the previously described frontostriatal speed related network in the brain 

(Forstmann et al., 2008).
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Methods

Subjects

20 Subjects (10 female, age µ=23.6, σ=4.3) were recruited from the Nijmegen 

student population. All subjects gave written informed consent and were compen-

sated for participation. The study was approved by the local ethics committee (com-

mittee for the protection of human subjects of the Arnhem/Nijmegen region; CMO 

protocol number 2008/078). 

Procedure

The experiment took place over the course of three sessions. During the intake 

session, participants were screened by a medical doctor. This screening included 

a Mini-International Neuropsychiatric Interview to exclude (a history of) psychiatric 

diseases (Sheehan et al., 1998). Additionally, an anamnesis and physical examina-

tion (weight, heart rate, blood pressure and electrocardiogram) were completed to 

exclude relevant medical history, substance abuse or a family history of psychiatric 

diseases. Self-report questionnaires and neuropsychological tests were adminis-

tered to assess personality traits, IQ and baseline working memory capacity. All 

scores were within normal range. Finally, the SAT task was practiced in the MRI 

scanner during acquisition of the structural scans. Subjects were instructed not to 

use any drugs in the week prior to the experimental sessions, and not to consume 

any alcohol 24 hours prior to either session.

The second and third sessions were performed identically, but the subject re-

ceived a placebo in one session and bromocriptine (Parlodel ®, Novartis, 1.25mg) in 

the other. This dose was selected based on previous and similar studies, revealing 

good tolerance (Gibbs and D’Esposito, 2005; Cools et al., 2009; Van der Schaaf et al., 

in preparation, Van Schouwenburg et al., in submission). The order of drug applica-

tion was determined in a double-blind counterbalanced manner. This counterbal-
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ancing was performed separately for men and women.

During the second and third sessions, subjects ingested their capsule (bromoc-

riptine or placebo) with a glass of milk at 1.50 PM. They were asked to wait in an 

emotionally neutral environment until being escorted to the scanner. The SAT ex-

periment was performed during fMRI acquisition from 3.30 PM onwards. After this, 

the subject filled out several state questionnaires and performed another behavio-

ral experiment, which will be reported in a separate paper. These questionnaires 

were the State Anxiety Inventory (Spielberger, 1970; Van der Ploeg, 1980), the Bar-

ratt Impulsiveness Scale (Patton et al., 1995), the Behavioral Inhibition/Behavioral 

Activation Scale (BIS/BAS) (Carver and White, 1994) and the Positive and Negative 

Affect Scale (Watson et al., 1988). Background neuropsychological tests assessed at 

the end of each session day included the digit span test (Groth-Marnat, 1997), a pa-

per and pencil block completion and number cancellation test and letter fluency 

test.

Experimental paradigm

Subjects performed a random dot motion task in which a cue indicated a trial’s 

speed or accuracy focus (Forstmann et al., 2008). Subjects responded to a random 

dot motion stimulus with a left or right hand button press, and were instructed to 

perform each trial either quickly or accurately depending on the cue. During both 

sessions, the task comprised two blocks of 105 trials, consisting of 50 speed, 50 ac-

curacy, and 5 dummy trials. Every trial onset was locked to each 5th scanner pulse, 

resulting in a 10 second trial length, regardless of the trial’s RT. All trials started with 

a fixation cross, presented for 500 ms, followed by a jittered interval (with a dura-

tion of 0, 500, 1000 or 1500 ms). After that interval, a cue was presented for 4800 

ms. The cue could be either SN for speed focus, or AC for accuracy focus. The cue 

was followed by a second jittered interval, the length of which compensated for the 

first jitter so that the sum of the two intervals was always 1500 ms. Next was the 
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random dot motion stimulus with a coherence of 50%, which was presented for 

1500 ms, or until a response was made. After a 300 ms delay, the subjects were 

presented with feedback for 350 ms. For the accuracy trials this feedback could be 

either ‘correct’ or ‘incorrect’. For the speed trials this feedback could be either ‘in 

time’ (when subjects responded before 400 ms) or ‘too late’ (when subjects re-

sponded between 400 and 1000 ms). If the subject did not respond within the first 

1000 ms of the stimulus, the subject received a feedback stating ‘no response’. Fol-

lowing feedback presentation, no more stimuli were presented until the start of the 

next trial. During the dummy trials, a fixation cross was presented for 10 s.

Bayesian t-tests

In several statistical analyses, we report Bayesian posterior probabilities in addi-

tion to conventional p-values to support the null hypothesis that the behavior dur-

ing drug and placebo was the same. When we assume, for fairness, that the null 

hypothesis and the alternative hypothesis are equally plausible a priori, a default 

Bayesian t-test (Wetzels et al., 2009) allows one to determine the posterior plausi-

bility of the null hypothesis and the alternative hypothesis. We denote the posterior 

probability for the null hypothesis as pBayes(H0). When, for example, pBayes(H0) = 0.9, 

this means that the plausibility for the null hypothesis has increased from 0.5 to 0.9, 

and the plausibility of the alternative hypothesis has correspondingly decreased 

from 0.5 to 0.1. We report these posterior probabilities because they address sev-

eral problems both with conventional p-values and with prep (Wagenmakers, 2007; 

Iverson et al., 2008a;b). Most importantly, posterior probabilities allow one to di-

rectly quantify evidence in favor of the null hypothesis, instead of only ‘failing to 

reject’ it. In the case of our analyses, we perform a one-sample Bayesian t-test on 

the difference scores of two measures (during drug and during placebo), because 

we want to show the posterior probability that they are the same.
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Behavioral analyses

Data from 3 subjects were excluded due to poor behavioral performance (accu-

racy < 60% in the accuracy condition). Accordingly, we report behavioral data from 

17 subjects (8 female; age µ=23.0, s=3.2). We analyzed subjects' mean RT and ac-

curacy using SPSS (PASW Statistics 18.0 for MacOS). Trials in which there was no 

response were excluded from the RT calculations. RT and accuracy rates were en-

tered into separate repeated measures ANOVAs with within-subjects factors drug 

(bromocriptine vs. placebo) and cue (speed vs. accuracy). 

Additionally, we analyzed the full correct and incorrect reaction time distribu-

tions per subject using two separate accumulation models, the DDM and the LBA 

model. To model the data, trials with left and right moving dots were collapsed. For 

each subject, 5 RT quantiles (.1, .3, .5, .7, .9) were computed separately for correct 

and error responses. A SIMPLEX minimization routine (Nelder & Mead, 1965) was 

used to optimize the fit of the model predictions RT quantiles to those of the behav-

ioral data (Ratcliff and Tuerlinckx, 2002; Brown & Heathcote, 2008).

To model the data with the DDM, we allowed the threshold and nondecision 

time parameters to vary between the speed and the accuracy condition (e.g., Rink-

enauer et al., 2004). The drug and placebo sessions were fit independently, mimiz-

ing the chi-square statistic. 

To model the data with the LBA model, we defined a single model which allowed 

the threshold parameter to vary across both condition and session, and fit this to 

the data using maximum likelihood estimation.

We examined drug effects on threshold using a repeated measures ANOVA with 

threshold as the dependent measure, and session and condition as within subject 

measures. Additionally, we performed paired sample t-tests and Bayesian t-tests, 

comparing speed and accuracy thresholds between drug and placebo. 

In addition to testing for an effect of session on behavioral measures across the 

group, we also tested whether these effects varied as a function of subjects' BIS, 
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BAS, or Barratt scores. We computed correlations between these three measures 

and the difference value of RT and accuracy between the drug and placebo ses-

sions, as computed separately for both the S and the A trials. This resulted in 12 

comparisons (2 behavioral measures * 2 conditions * 3 personality measures), giv-

ing a Bonferroni corrected alpha of .05/12 =.004).

MRI data acquisition 

Whole-brain imaging was performed on a 3 Tesla MR scanner (Magnetom Trio 

Tim, Siemens Medical Systems, Erlangen, Germany). Functional data were obtained 

using a gradient-echo echo-planar scanning sequence with blood oxygenation level-

dependent (BOLD) contrast (30 axial-oblique slices acquired in interleaved order, 

repetition time = 2000 ms, echo time = 30 ms, voxel size = 3.5 x 3.5 x 3.0 mm, inter 

slice gap = 0.5 mm, field of view = 224 mm, flip angle = 80º). Visual stimuli were 

projected on a screen and were viewed through a mirror attached to the head coil. 

In addition, a high-resolution T1-weighted MP-RAGE anatomical scan was obtained 

from each subject (192 sagittal slices, repetition time = 2300 ms, echo time = 3.03 

ms, voxel size = 1.0 x 1.0 x 1.0 mm, field of view = 256 mm).

MRI preprocessing

The imaging data from 3 subjects were excluded due to abrupt motion artifacts 

consisting of translations > 6 mm or data acquisition problems. Accordingly, we re-

port imaging data from 14 subjects (6 female, age µ=22.7, σ=3.3).

Preprocessing was performed using FSL (FMRIB’s Software Library, version 4.8, 

www.fmrib.ox.ac.uk/fsl ,Smith et al., 2004, Woolrich et al., 2009). The first four vol-

umes of functional data were removed to allow T1 equilibrium to set in. Functional 

images were corrected for slice time acquisition, pre-whitened, and realigned to 

compensate for small head movements (Jenkinson et al., 2002). Data were spatially 

smoothed using a 5 mm full-width-half-maximum Gaussian kernel, and temporally 

filtered using a high-pass filter with a cutoff time of 80 s, to correct for baseline 
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drifts. Functional images were coregistered to the subject’s T1 structural image, and 

then normalized to Montreal Neurological Institute (MNI) space using parameters 

estimated using affine transformation based on the structural image (Jenkinson and 

Smith, 2001).

MRI analysis

Functional analysis was performed using FEAT (FMRI Expert Analysis Tool, Ver-

sion 5.98, part of FSL). Our first level GLM analysis included regressors for the speed 

and accuracy cues, which were convolved with a double-gamma hemodynamic re-

sponse function (HRF) and its first-order derivative. The resulting statistical maps 

were averaged over the two blocks of the same session.

We performed several higher level analyses using FLAME (FMRIB’s Local Analysis 

of Mixed Effects, Beckmann et al., 2003; Woolrich et al., 2004). These analyses were 

thresholded at Z=2.3 on the voxel level, and then thresholded at a cluster level 

(multiple comparisons corrected) p value of .05. To verify that bromocriptine af-

fected the neural data, we first examined the general effect of drug on the brain, by 

computing the difference between the effect of any cue vs. implicit baseline during 

the drug and placebo sessions, regardless of trial type. For the drug and placebo 

sessions separately, we computed the difference between activation during the 

speed and accuracy cues (S-A contrast). We also computed covariance analyses for 

drug and for placebo, using the individual threshold difference between cues (as 

estimated by the DDM) as a covariate. Second, we examined whether the S-A con-

trast was modulated by drug, by computing the difference between speed (drug) 

and speed (placebo), and the difference between accuracy (drug) and accuracy (pla-

cebo). To allow us to make statistical inferences regarding activation during drug vs. 

placebo (Nieuwenhuis, Forstmann & Wagenmakers, 2011), we directly compared 

effects of drug on the S-A contrast in six regions of interest (ROIs) using a paired 

samples t-test and Bayesian t-test (Wetzels et al., 2009). We selected these ROIs 
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based on a priori expectations generated by previous research (Forstmann et al., 

2008), and defined them anatomically. These six ROIs correspond to the (bilateral) 

caudate nucleus, putamen, and pre-SMA. We used the Harvard-Oxford Subcortical 

Structural Atlas within FSL to define the caudate nucleus and putamen ROIs, and 

anatomical masks ranging from Y=0 to Y=30 to define the pre-SMA ROIs (Johansen-

Berg et al., 2004). 

Based on the results of these analyses, we needed to get an estimate of the drug 

effect on the speed network. Directly computing the difference between drug and 

placebo based on functional ROIs from either of these conditions would produce 

biased statistics, since it would include those voxels that were significantly active in 

one condition, even if this were due to noise (Vul et al., 2009). In order to gain 

a qualitative comparison of subthreshold activations during drug and placebo, we 

also computed statistical maps without a cluster threshold. In this analysis we used 

a Z threshold of 2.3, and no cluster-based threshold.

Results

Behavioral results

Analysis of RT showed a main effect of cue (F(1,16)=45.2, p<.001). There was no 

effect of drug (F(1,16)=.53, p=.475), and no interaction effect of cue*session 

(F(1,16)= 1.284, p=.247). Analysis of accuracy showed a main effect of cue 

(F(1,16)=20.5, p<.001). There was no effect of session (F(1,16)=1.5, p=.231) and no 

interaction effect of cue*session (F(1,16)=.120, p=.734) (see Figure 2).

Direct comparison of session effects on RT and accuracy did not show significant 

differences, and the result of the Bayesian t-tests showed evidence in favor of the 

null hypothesis that drug did not affect RT and accuracy. There was no effect of 

session on RT in the speed (t(16)=1.6, p=.129; pBayes(H0)=.613), or in the accuracy 

condition (t(16)=.07, p=.945; pBayes(H0)=.845). Similarly, there was no effect of 

session on accuracy in the speed (t(16)=1.07, p=0.296, pBayes(H0)=.793) or in the 
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accuracy condition (t(16)=1.182, p=.254, pBayes(H0)=.795).

Figure 2. Summary statistics.
Mean reaction times and accuracy rates across the two sessions (drug and placebo) and the two 
cues (speed and accuracy). Error bars indicate the standard error of the mean.

Analyzing the threshold parameters from the DDM showed a significant effect of 

condition (F(1,16)=27.5, p<.001), but no significant effect of session (F(1,16)=.0955, 

p=.76), and no interaction effect (F(1,16)=.82, p=.38). There was a significant differ-

ence between the speed and accuracy condition, both during placebo (t(16)=4.31, 

p<.001), and during drug (t(16)=3.84, p=.0014). 

Direct comparison of session effects on threshold did not show significant differ-

ences, and the result of the Bayesian t-tests showed evidence in favor of the null 

hypothesis that drug did not affect thresholds. There was no effect of session on 

threshold in the accuracy (t(16)=-.71, p=.49; pBayes(H0)=.81) or in the speed condition 

(t(16)=.52, p=.61; pBayes(H0)=.83).

Analyzing the threshold parameters from the LBA model showed a significant 

effect of condition (F(1,16)=51.5, p<.001), but no significant effect of session 

(F(1,16)=.120, p=.734), and no interaction effect (F(1,16)=.025, p=.877). There was 

a significant difference between the speed and accuracy condition, both during pla-

cebo (t(16)=6.398, p<.001), and during drug (t(16)=6.945, p<.001). 

Direct comparison of session effects on threshold did not show significant differ-

ences, and the result of the Bayesian t-tests showed evidence in favor of the null 

hypothesis that drug did not affect thresholds. There was no effect of session on 
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threshold in the accuracy (t(16)=-.12, p=.91; pBayes(H0)=.84) or in the speed condition 

(t(16)=-1.0, p=.34; pBayes(H0)=.77).

The DDM and LBA model fits, as well as the corresponding parameter estimates 

Figure 3. Modeling results.
This figure shows the vincentized behavioral data and model fits (top) and the threshold estimates per 
experimental condition (bottom) of the LBA model (left) and the DDM (right).

are shown in Figure 3.

The correlations between drug effect on behavior and personality question-

naires did not yield significant activations even before correcting for multiple com-

parisons. The highest correlation found in these 12 analyses was R(17)=.482, p=.051 

between subjects’ BIS score and the drug effect on their accuracy in the speed con-

dition. Note that the bonferroni correction prescribes an alpha value of .05/12=.004.
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fMRI results

Our general analysis of the effect of drug on cue (regardless of cue type) vs. im-

plicit baseline revealed significantly activated clusters in the bilateral midbrain (in-

cluding regions of the brainstem, pallidum, thalamus and subthalamic nucleus), in 

the left lateral occipital cortex (including area MT) and in the right inferior frontal 

gyrus.

Our initial contrast comparing S-A trials during placebo revealed increased 

activation in the bilateral striatum, the bilateral pre-SMA, bilateral occipital poles, 

the right intraparietal sulcus and the right posterior cingulate cortex. During drug, 

significant activation was found only in the occipital pole (see Figure 4A and Table 

1). However, the analysis of the interaction between session and condition did not 

yield significant activations at the whole-brain level.

Direct comparisons of extracted activation levels from caudate nucleus, 

putamen and pre-SMA ROIs revealed no significant differences between the drug 

and the placebo session (left caudate nucleus(t(13)=1.096, p=.293; pBayes(H0)=.74), 

right caudate nucleus(t(13)=1.293, p=.219; pBayes(H0)=.70), left putamen (t(13)=1.358, 

p=.198; pBayes(H0)=.68, right putamen (t(13)=1.211, p=.247; pBayes(H0)=.72), left pre-

SMA (t(13)=.842, p=.415; pBayes(H0)=.78), right pre-SMA (t(13)=1.216, p=.246; 

pBayes(H0)=.72)). Our voxel-thresholded qualitative comparison (see Figure 3B) illus-

trates the presence of subthreshold activation during drug, in the regions that were 

significantly activated during placebo. The covariate analyses did not yield signifi-

cant activations in either the drug or placebo conditions.
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Figure 4. fMRI results.
Results of the fMRI analyses showing the speed - accuracy contrast during placebo (yellow) and during 
drug (blue). A) Cluster thresholded with a voxel thresholded of Z=2.3, and a cluster threshold of p=.05. 
B) Voxel thresholded results, with a voxel threshold of Z=2.3 and no cluster threshold. The statistical 
maps are overlaid on Montreal Neurological Institute (MNI) T1 anatomical scans with a 2 mm 
resolution.

Table 1. fMRI results.
Significantly activated clusters (cluster corrected p<.05) in the speed - accuracy contrast during placebo 
and during drug, based on voxels that exceed a Z-threshold of 2.3. The cluster size is in voxels. 
Coordinates correspond to the spatial center of gravity of the Z-values in the cluster, represented in 
MNI space. Abbreviations: pre-SMA - pre-supplementary motor area.

Region Cluster size Cluster p x y z

Main effect of drug on cue
bilateral brainstem 533 .00389 0 -15 -8
right inferior frontal gyrus 459 .0102 49 24 12
left lateral occipital cortex 391 .0257 -44 -70 13

Fast - Accurate (Placebo)
bilateral pre-SMA 3412 1.15e-11 8 7 51
bilateral striatum 3055 9.87e-11 -2 -3 6
right occipital pole 1388 7.33e-6 -29 -93 3
left occipital pole 913 .000381 29 -97 2
posterior cingulate 538 .0145 1 -24 29
right intraparietal sulcus 448 .0384 60 -45 39

Fast - Accurate (Drug)
left occipital pole 983 .00115 26 -98 1
right occipital pole 836 .00351 -25 -99 3
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Discussion

In this experiment, we have investigated the effect of bromocriptine on speed-

accuracy tradeoff. Contrary to our hypothesis, we have found that bromocriptine 

does not alter decision thresholds in perceptual decisions. There are several possi-

ble explanations why we did not find such an effect. We can rule out the explana-

tion that our pharmacological manipulation was unsuccessful, because we do find 

effects of bromocriptine on neural activations in our main contrast of task. Also, the 

same dosage and timing schema have been successfully employed to show signifi-

cant effects in numerous other studies (Cools et al., 2007; 2009; Van Holstein et al., 

2011; Van der Schaaf et al., in preparation; Van Schouwenburg et al., in submission). 

However, we cannot rule out that a higher dose of bromocriptine or a different drug 

might still affect SAT, for instance because SAT could be mainly driven by D1 recep-

tors, or be sensitive to dopamine precursors or reuptake inhibitors, but not to direct 

agonists.

The most obvious explanation for our findings is simply that, contrary to our 

hypothesis, dopamine does not regulate SAT. This interpretation is supported by our 

Bayesian analyses, which support the null hypothesis that bromocriptine does not 

affect mean RT and accuracy. Bayesian analyses on the threshold parameters as 

determined by the DDM and LBA model also support the null hypothesis. However, 

we should be cautious to draw general conclusions about the role of dopamine 

based on just these findings using bromocriptine. It is still possible that dopamine 

does play a role in SAT, but that the relevant aspect of the dopaminergic system is 

not affected by bromocriptine. This could be due to the receptor specificity of bro-

mocriptine, or due to selective effects of tonic vs. phasic dopaminergic signaling. It 

could also be the case that decision threshold is less sensitive to this manipulation, 

requiring a higher dose to be effective. Another possibility is that the postsynaptic 

effect of bromocriptine is counteracted by its effect on presynaptic autoreceptors, 

which might decrease the amount of dopamine released into the synapse (Laakso 
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et al., 2005; Stelzel et al., 2010). Further experiments using dopamine reuptake in-

hibitors or precursors should provide further insight into these issues. A final expla-

nation is that bromocriptine has different effects based on individual differences in 

the subjects’ dopaminergic systems, which together occlude any group effects 

(Cools & D’Esposito, 2011). While such an effect was not found when examined as 

a function of working memory or impulsivity, our sample size is insufficient to inves-

tigate individual differences based on genetic polymorphisms. This possibility war-

rants further investigation. 

In our fMRI data, we have replicated and expanded the previous findings of For-

stmann et al (2008). We have confirmed that speeded decision making is associated 

with enhanced neural activation in the striatum and pre-SMA, as well as in the in-

traparietal sulcus, occipital pole and posterior cingulate cortex. The observation 

that the occipital pole is also affected by speed cues is interesting, as it shows top-

down effects on early perceptual processing regions, which take place before the 

target stimulus is presented. Effects of drift and threshold changes with SAT on ac-

tivity in area V1 have recently been discovered (Ho et al., 2012). Understanding our 

fMRI data in relation to drug is not straightforward. At first glance, the cluster-cor-

rected whole-brain maps (Figure 3A) suggest an effect in placebo and not in drug, 

but the difference between the two maps is not significant. This means that al-

though one effect differs significantly from 0 and the other does not, the difference 

between the two cannot be interpreted statistically (Nieuwenhuis, Forstmann & 

Wagenmakers, 2011). Direct comparisons based on the activated regions would 

also not be a valid statistical analysis, since only including those voxels that show 

significant activation in one condition introduces a bias towards a significant differ-

ence between the conditions (Vul et al., 2009). Neither the whole-brain interaction 

between session and condition, nor the anatomical ROI analyses show a significant 

difference between drug and placebo, and Bayesian analyses show the evidence to 

be in favor of the null hypothesis. The absence of a difference is can be explained by 
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the qualitative comparison of the non-thresholded images (Figure 3B). These show 

that there is subthreshold activation during drug in the regions that are significantly 

active during placebo. Taken together, our imaging findings suggest that there is no 

effect of bromocriptine on the effect of cue on the brain. 

To summarize, we have replicated the finding that striatum and pre-SMA are ac-

tive when preparing fast decisions. We have found that bromocriptine does not al-

ter subjects’ decision threshold, and that it does not change the activation of the 

known speed-related network in the brain.
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In this thesis, I have described the studies my colleagues and I have done regard-

ing speed-accuracy tradeoff (SAT). We have studied SAT both at the computational 

and at the implementational level of explanation (Marr, 1982). In this chapter, I will 

first provide a brief summary of the previous chapters, then discuss their relevance, 

and provide suggestions for future research.

Summary

In chapter 2 of this thesis, we described how the basal ganglia form a control 

structure, gating between competing cortical action plans. We formulated three 

different research questions, related to the mathematical psychology, the systems 

neuroscience, and the functional neurochemistry of speeded decision making.

Urgency gating or evidence accumulation?

The first research question, addressed in chapter 3, was ‘is evidence accumulation 

required to explain perceptual decision making?’. This question lies within the field of 

mathematical psychology, and it relates to the computational level of explanation. 

A new model, the urgency gating model (UGM), proposed that decisions are made 

based on the current level of evidence and a sense of urgency, and does not require 

the accumulation of evidence over time (Cisek et al., 2009). This is directly contrary to 

conventional evidence accumulation models, such as the drift diffusion model (DDM).  

The DDM predicts that evidence presented early in a trial will not influence the deci-

sion made unless that decision is made directly. We hypothesized that perceptual 

decisions are the result of evidence accumulation, rather than of urgency gating.

Hypothesis 1:

Evidence accumulation is necessary to explain perceptual decision making.

We hypothesize that the urgency gating model does not correctly predict behav-

ior in a perceptual decision making task with changing evidence. Rather, we ex-

pect that early evidence will be weighed into subsequent perceptual decisions, 

in concordance with the drift diffusion model. We tested this hypothesis in chap-

ter 3 of this thesis
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As such, we expected to find that evidence presented early on would affect later 

decisions. The experimental data we collected matched our expectations, showing 

clear effects of the early evidence in the directions predicted by the DDM. This con-

firmed our hypothesis that decisions are made based on evidence accumulation, 

rather than urgency gating. This, in turn, validates the accumulator class of deci-

sion-making models, and as such paved the way for our subsequent studies, which 

make use of these models to probe the neural underpinnings of decision making.

A causal role for the striatum in setting the decision threshold?

The second research question, addressed in chapter 4, was ‘is the striatum part 

of the functional circuit responsible for setting the decision threshold?’. This ques-

tion lies within the field of systems neuroscience, and it relates to the implementa-

tional level of explanation. Previous research has shown the striatum to be active 

when preparing fast decisions (Forstmann et al., 2008). Based on this research, and 

our understanding of the role of the basal ganglia in gating cortical activation pat-

terns, we stated the following hypothesis. 

We tested this hypothesis using methods from neuropsychology. Patients with 

a focal ischemic lesion in the striatum were asked to respond in a speed or an ac-

curacy regime, and we compared their performance to that of healthy control par-

ticipants. The patients showed a deficit in adjusting the decision threshold, consist-

ent with our hypothesis. Interestingly, the patients had a lower decision threshold 

than the controls, especially during the accuracy regime. This effectively resulted 

in impulsive behavior, with an inability to raise their decision threshold. Having 

Hypothesis 2:

The striatum is necessary to adjust the decision threshold.

We hypothesize that the striatum is causally involved in setting the decision 

threshold to meet the speed or accuracy demands of the environment. This hy-

pothesis was also put forward in a recent review paper (Bogacz et al., 2010). We 

tested this hypothesis in chapter 4 of this thesis.
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established that the striatum is causally involved in setting the decision threshold 

raises the question what the controlling input is that affects the striatal processing 

to lower the threshold.

Threshold adjustment through dopaminergic modulation?

Our third research question, addressed in chapter 5, was ‘does dopamine regu-

late the decision threshold?’. This question lies within the field of functional neuro-

chemistry, and it relates to the implementational level of explanation. Dopamine’s 

central neuromodulatory role in the basal ganglia allows it to make large scale 

changes to the activity of the entire system, which make it a likely candidate for 

implementing the SAT (Lo and Wang, 2006). In chapter 2, we formulated the follow-

ing hypothesis.

We tested this hypothesis using neuropharmacological methods. Healthy con-

trol participants were given bromocriptine, a dopamine receptor agonist, or a pla-

cebo. Based on our hypothesis, we expected to find decreased decision thresholds 

during bromocriptine administration, as compared to the placebo sessions. Instead, 

we found that bromocriptine did not affect participants’ decision thresholds at all. 

Based on this finding, as well as converging results from the literature (Nagano-

Saito et al., 2012), we rejected our hypothesis, concluding that the setting of the 

decision threshold is most likely not driven by dopaminergic signaling. While this 

outcome answers our narrow research question regarding the role of dopamine in 

SAT, it does of course leave the larger question unanswered: how does the striatum 

adjust SAT?

Hypothesis 3:

Striatal dopamine sets the decision threshold.

We hypothesize that the level of nigrostriatal dopaminergic innervation is the 

driving factor that determines the height of the decision threshold. 
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Discussion

Our findings from chapter 3 demonstrate that accumulation models of decision 

making provide a valid account of how perceptual decisions work. However, while 

the standard DDM with static thresholds may provide a parsimonious account of 

decision making, many authors argue for a threshold that changes over the course 

of a decision process. For instance, Ditterich (2006) also argues for a gain that in-

creases over time during the decision process, similar to a decreasing threshold. 

The addition of such a gain parameter isn't just visible in the behavioral data, it also 

makes sense from an optimal decision making standpoint, if there is a cost associ-

ated with additional observation (Drugowitsch et al., 2012). However, this compu-

tation of optimality assumes that the quality of the incoming evidence is known. If 

the quality of the evidence is not known to the participants, it is still possible to 

determine the optimal shape of the decision boundary based on the quality of the 

evidence sampled so far (Deneve, 2012).

One recent meta-survey compared this phenomenon of collapsing bounds be-

tween humans and macaques (Hawkins et al., submitted). It found that adding 

a boundary collapse factor did not add sufficiently to the fit of the humans' data to 

warrant inclusion. However, in the monkey data the parameter did explain suffi-

cient additional variance to be included. In other words, the monkeys' behavior 

showed decreased caution as a trial progressed, while the humans' behavior did 

not. This difference may easily result from the vast differences in training regimes, 

rather than an intrinsic species difference. Regardless, it does warrant caution when 

making translational interpretations of decision making neurophysiology data that 

were gathered from monkeys. In addition to decreasing decision boundaries, there 

are other ways in which evidence accumulation may not be as static as the DDM 

suggests. For instance, adaptive gain theory predicts that later evidence is weighed 

more strongly, and that evidence that is inconsistent with previous samples is down-

weighted. It appears that humans make perceptual decisions in a manner consist-
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ent with these predictions (Cheadle et al., 2014).

Our results from chapter 4 support our hypothesis that the striatum is causally 

involved in setting the decision threshold. This in itself provides a clear direction for 

other research into the neural correlates of the decision threshold, including our 

own research into the role of dopamine in setting the threshold described in chap-

ter 5. As we found that manipulating the dopamine system does not, in fact, alter 

the decision threshold, we conclude that large scale striatal activity is most likely 

altered by some other, nondopaminergic mechanism. In the next section, I will pro-

vide some speculations for what this mechanism may be.

Directions for future research
Having answered our three research questions, we are of course left with an 

even larger abundance of new questions. One example is that although we showed 

that bounded evidence accumulation is needed to explain decision making, the ex-

act shape of the boundary is still the topic of intense debate. One challenge for fu-

ture research is to better map the conditions under which various models may or 

may not explain the data well.

While we now believe that the striatal role in SAT is likely not driven by dopamine, 

this does of course leave the question by what mechanism the striatal activity is 

regulated. A good candidate for a region-wide activity modulator would be the re-

gion’s interneurons. The striatum contains a small number of large cholinergic in-

terneurons, and a large number of GABAergic interneurons (Kawaguchi et al., 1995). 
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There are three classes of GABAergic interneurons in the striatum, and these class-

es receive differential inputs from cortex and thalamus (Kawaguchi, 1993, see Tep-

per et al., 2010, for a review). Importantly, like dopamine, these interneurons map 

onto the direct and indirect pathways differentially (Gittis et al., 2010). As such, they 

have the connectivity pattern necessary to both facilitate action while promoting 

inaction, or vice versa, which is a prerequisite for a system implementing SAT. The 

(cholinergic) interneuron activity is also closely linked to the release of dopamine in 

the striatum (Threlfell et al., 2012). The hypothesis that interneurons are the way 

the threshold is adjusted in the striatum could be tested in several ways. Using in 

vivo electrophysiology (Battaglia et al., 2008), we might assess the functional (SAT 

related) response properties of striatal interneurons, as well as their network inter-

action with medium spiny neurons. In humans, techniques such as magnetic reso-

nance spectroscopy (Jocham et al., 2012) or radioligand positron emission tomog-

raphy (Boecker et al., 2010) might indirectly inform us of the role of interneurons in 

SAT by correlating individual differences in striatal GABA or acetylcholine signaling 

with measures of SAT adaptation. One complicating factor is that the striatal medi-

um spiny neurons are themselves GABAergic, so we should be cautious in interpret-

ing striatal GABA as resulting from interneurons, rather than from the striatal me-

dium spiny neurons themselves.

If the striatal interneurons do indeed drive the SAT, the question remains where 

the driving signal originates. We believe the frontal cortex, possibly the pre-SMA, is 

the most likely source of a control signal that drives SAT. High level control is a known 

role of the prefrontal cortex, and there is extensive connectivity between the fron-

tal cortex and the striatum (Cummings, 1993; Haber, 2003). Additionally, the pre-

SMA and striatum are both active during speeded decisions as compared to accu-

rate ones (Forstmann et al., 2008), and the structural connectivity of these regions 

predicts the ability to adjust decision threshold. While we usually simplify the stria-

tum as receiving cortical input, it does also receive inputs from other regions, such 
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as the cerebellum (Dum and Strick, 2013) and the amygdala (Corbit, 2013). There-

fore, we should not rule out the possibility that the signal driving threshold adjust-

ment in the striatum originates in one of these regions, rather than in the (prefron-

tal) cortex. To truly discover the neural mechanisms of SAT, we will need an adapta-

tion of our paradigms that works well in animals. One reason this is problematic, is 

the confounding factor of reward. Since all animal training paradigms involve re-

ward schemas in some way, it becomes hard to disentangle the role of the studied 

structures in SAT vs. their role in reward. This is especially problematic if the struc-

tures we are interested in are highly associated with reward processing, as is the 

case with the basal ganglia.

Currently, much of the research on decision making focus on very simplistic, of-

ten perceptual decisions. While my own research has not formed an exception to 

this, I would like to see the same quantitative methodologies be applied to more 

complex and ecologically meaningful stimulus sets.

The years of research described in this thesis have given me a greater under-

standing of how decisions work, at many different levels. I hope and believe that the 

work my colleagues and I have done has also added new knowledge and insights to 

our overall understanding of speeded decision making and its neural correlates. 

Nevertheless, there is a lot more to explore.
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Samenvatting

Nederlandse samenvatting

In dit proefschrift beschrijf ik mijn onderzoek naar hoe beslissingen werken. 

Soms is het nodig om snel te beslissen, terwijl we op andere momenten juist beter 

zo zorgvuldig mogelijk kunnen beslissen. Mensen kunnen gericht kiezen om enkel 

met veel, of juist met weinig informatie genoegen te nemen. We stellen als het 

ware een drempelwaarde op, voor hoeveel informatie we nodig achten. Maar hoe 

werkt dit eigenlijk? Staat de informatiedrempel vast in de tijd, of wordt deze 

misschien lager naarmate hij langer niet bereikt blijkt, of laten we ons in feite vooral 

leiden door hoeveel haast we hebben? 

Hoe zorgen onze hersenen ervoor dat we deze drempel instellen? Welke 

hersengebieden zijn hierbij betrokken? En welke signaalstoffen, of neurotransmitters, 

gebruiken we om deze hersengebieden te beïnvloeden? Dit zijn de vragen die ik in 

hoofdstuk twee van dit proefschrift heb opgeworpen, en het onderzoek dat ik in 

hoofdstuk drie, vier en vijf beschrijf probeert deze vragen te beantwoorden.

In hoofdstuk drie onderzoeken we hoe de beslissing zelf werkt. Hierbij toetsen 

we voorspellingen van een recent ontwikkeld model, het ‘urgency gating model’. Dit 

model stelt voor dat we in feite oude informatie niet hoeven te bewaren om onze 

beslissingen te maken, maar dat we onze beslissingen enkel hoeven te baseren op 

de huidige informatie, en de hoeveelheid haast die we hebben. Hierdoor voorspelt 

het model dat informatie die we vroeg aanbieden niet bijdraagt aan de uiteindelijke 

beslissing, tenzij deze onmiddellijk genomen wordt. We vergelijken dit met de 

voorspellingen van een traditioneel model, het ‘drift diffusion model’, dat voorspelt 

dat alle oude informatie ook meegenomen wordt in de beslissing. De data die we 

verzameld hebben komen overeen met de voorspellingen van het diffusie model, 

en laten dus zien dat de accumulatie van informatie wel degelijk nodig is om te 

verklaren hoe beslissingen werken.

In hoofstuk vier beantwoorden we de vraag ‘is het striatum nodig voor het 

aanpassen van de beslissingsdrempel?’. Uit eerder onderzoek weten we dat de 
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basale ganglia, en dan vooral het striatum, actief zijn tijdens het maken van snelle 

beslissingen. Wij vroegen ons af of dit gebied ook daadwerkelijk nodig is om zelf de 

beslissingsdrempel in te stellen. Om deze reden onderzochten we patienten die een 

lokaal herseninfarct hebben geleden, in het striatum. We lieten ze beslissingen 

maken die ofwel snel, ofwel nauwkeurig moesten zijn. We vergeleken hun gedrag 

met dat van gezonde proefpersonen van een vergelijkbare leeftijd. Hierbij maakten 

we gebruik van een wiskundig model van beslissingen, waarmee we op individuele 

basis de beslissingsdrempel uit konden rekenen. Uit dit onderzoek bleek dat mensen 

met een infarct in het striatum een lagere beslissingsdrempel hadden, vooral 

wanneer ze nauwkeurig moesten zijn, en dus eigenlijk hun drempel zouden moeten 

verhogen. Het daadwerkelijke vermogen om de informatie te verwerken was niet 

aangetast. Hieruit concluderen we dat het striatum inderdaad noodzakelijk is voor 

het succesvol aanpassen van de beslissingsdrempel.

In hoofdstuk vijf beantwoorden we de vraag ‘wordt de beslissingsdrempel 

bepaald door het dopamine-niveau in het striatum?’. Dopamine is een signaalstof, 

oftewel een neurotransmitter, die zeer belangrijk is in de basale ganglia. Omdat het 

een zeer globaal signaal geeft, dat langdurig de informatie om iets wel te doen kan 

versterken, en om iets niet te doen kan verzwakken, vermoedden wij dat dopamine 

een belangrijk factor zou kunnen zijn in het bepalen van de hoogte van de 

beslissingsdrempel. We gaven gezonde jonge mensen in één sessie bromocriptine, 

een middel dat de werking van dopamine nabootst; en in een andere sessie een 

neppil, oftewel een placebo. We verwachtten dat mensen onder invloed van 

bromocriptine een verlaagde beslissingsdrempel zouden vertonen, maar er bleek 

geen enkel verschil tussen de twee sessies. Hieruit hebben we geconcludeerd dat 

het mechanisme waarmee het striatum de beslissingsdrempel instelt 

hoogstwaarschijnlijk niet afhankelijk is van dopamine.

In hoofdstuk zes vatten we kort de voorgaande hoofdstukken samen, en blikken 

we vooruit op mogelijk vervolgonderzoek. We weten nu dat beslissingen toch echt 
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het gevolg zijn van de accumulatie van bewijs, en dat de grenswaarde voor deze 

beslissingen bepaald wordt door het striatum. Het blijkt echter dat deze grenswaarde 

niet gevoelig is voor veranderingen in dopaminerge activatie. De grote vraag blijft 

dus hoe het striatum dan wel de beslissingsdrempel aanpast. Een goed beginpunt 

om verder te zoeken lijken mij de striatale interneuronen. Interneuronen zijn cellen 

die vrij globaal een hersengebied inhiberen, en zo grootschalige effecten hebben 

die niet heel lokaal specifiek zijn. Dit komt sterk overeen met het soort 

informatieoverdracht dat nodig is om de beslissingsdrempel aan te passen.

We weten veel over hoe beslissingen werken, en hoe het brein deze processen 

implementeert. Door dit onderzoek te doen weet ik hier nu zelf veel meer over, en 

ik hoop dat ik ook iets heb bijgedragen aan de beschikbare kennis over dit 

onderwerp. Desondanks blijft er nog heel veel te ontdekken.
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