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Chapter 1

I am a brain, Watson. The rest of me is a mere appendix.
Therefore, it is the brain I must consider.
(Sherlock Holmes in The adventure of the Mazarin stone by
Doyle, 1921, p.2)

7

General introduction

8

	
  

Chapter 1.
Decision-making is a universal aspect of everyday life and is defined as a process
where one choice alternative is preferred over all the other alternatives. Despite the fact
that people report a gut feeling when making a decision, it is assumed that this process
entirely takes place in the brain.
In the cognitive neurosciences one way of studying decision-making in humans is to
employ simple perceptual discrimination tasks. These tasks typically feature two or
more forced-choice alternatives with varying levels of difficulty. A frequently used
paradigm is the random dot motion (RDM) task where a cloud of dots is presented on
the screen of which a proportion of the dots move coherently to one of the choice alternatives (Britten et al., 1992). Depending on the coherence level, the perceptual decision can either be easy or difficult. It is thought that such a decision process has multiple stages where sensory information comes in, evidence for the alternatives is accumulated until a decision-threshold is reached and a motor output is generated (Gold
and Shadlen, 2007).
One of the challenges in studying decision-making is that these different processes
need to be inferred from just the observed behaviour, which in the case of a RDM task,
consists of response time (RT) and response accuracy.
Model-in-the-middle
To be able to disentangle the different decision stages and link each process to brain
activity, a recently emerging discipline called model-based neuroscience is helpful.
Model-based neuroscience is an interdisciplinary field where experimental psychology,
mathematical psychology, and the neurosciences are combined to form a “model-inthe-middle” approach (Corrado and Doya, 2007; Forstmann et al., 2011; Mars et al.,
2012) (see Figure 1). The three different disciplines all have a rich history of studying
decision-making but each from a different perspective. Experimental psychology approaches decision-making by analysing the behavioural data acquired from paradigms
such as the RDM task. Neuroscience investigates the cognitive processes associated
with decision-making by combining brain measurements with behavioural data. Final	
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ly, the field of mathematical psychology uses formal models that describe cognitive
processes, which are then constrained by the behavioural data. The use of a formal
model allows the decomposition of the observed behaviour into a number of latent
cognitive processes which can then be linked to the brain combining the three disciplines into the “model-in-the-middle” approach (Forstmann et al., 2011).

Figure 1. The model-in-the-middle approach where the three different disciplines experimental
psychology, mathematical psychology, and neuroscience are combined. The figure is an adaption
from Forstmann et al. (2011).
	
  

A formal model that has been repeatedly successfully used in model-based neuroimaging is the drift diffusion model (DDM), first proposed by Roger Ratcliff (Ratcliff,
1978). The DDM assumes that the decision process has three phases: stimulus encoding, decision phase, and response execution as is shown in Figure 2. Stimulus encoding
is the first phase of the decision and describes the process where information is extracted from the environment and transformed into a signal that is further processed in
10

	
  

Chapter 1.
the brain. The middle phase of the decision is called the decision phase where a noisy
process takes place in which evidence is accumulated for one of the response alternatives. Once enough evidence is accumulated the decision moves to the third and final
phase: response execution in which the decision is implemented by a motor response
and results in the observed behaviour.
The simplified version of the DDM has three main parameters in the decision phase:
drift rate (v), decision threshold ([0-A]), and starting point (z) (Ratcliff and McKoon,
2008; Mulder et al., 2014). Drift rate is thought to reflect the rate of evidence accumulation. If the sensory information has a high quality then the evidence accumulation, or
drift rate, will be high. The decision threshold reflects the amount of information necessary to make a choice. In the DDM model there are two thresholds that correspond to
two choice alternatives. If the decision threshold is high, more evidence needs to be
accumulated before a decision is reached. Such a situation would correspond to a participant whom is very cautious and requires more evidence before a response is made.
Start point indicates the point from which the evidence accumulation starts relative to
the two thresholds. In a situation where the participant has no prior information this
starting point is in the middle of the two thresholds. If the participant has prior information about the likelihood of the correct alternative, the starting point is moved towards one of the thresholds and captures bias (Mulder et al., 2012; 2014).
Stimulus encoding and response execution are usually combined into the parameter
nondecision time (t0). This is possible because the two phases do not related to the
actual decision and therefore do not differ between the different experimental manipulations. The time necessary for the decision phase combined with the nondecision time
results in an observed response time. Depending on which threshold was hit, the response will be either correct or incorrect (Ratcliff and McKoon, 2008).
By changing the value of the different parameters the model generates different predictions for the shape of the RT distribution for both the correct and incorrect responses in
a given task. By fitting the model predictions to the actual observed behaviour, param	
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eter estimates are derived which can be interpreted to reflect possible latent cognitive
processes.

Figure 2. The Drift Diffusion Model for perceptual decision-making. There are three phases for the
decision: stimulus encoding, decision-phase and response execution. Stimulus encoding is where
the information from the environment is extracted. The decision-phase is where information is
accumulated in favour for one of the alternatives until a threshold is reached. The response output
is the phase where an action is implemented and results in the observed behaviour. The figure is an
adaptation of Descartes (Descartes, 1644).	
  

Individual difference in latent cognitive processes can then be linked to different brain
areas and networks by using neuroimaging methods. This last step is crucial as the
brain data can help discriminate between competing models that would otherwise be
impossible to distinguish (Jonides et al., 2006; Ditterich, 2010; Forstmann et al., 2011).
In the last two decades it has become possible to combine anatomical magnetic resonance imaging (MRI) with functional MRI (fMRI) which allow for non invasive studies that focus on the different functions of the human brain (Bandettini et al., 1992;
Kwong et al., 1992; Ogawa et al., 1992; 1993). To be able to link a specific cognitive
function to a specific brain region, it is important to know where the fMRI activity is
12

	
  

Chapter 1.
located. Common practice is to overlay a neuroanatomical atlas with the statistical
significant fMRI coordinates and extract the brain areas that are then thought to be
involved in the tested paradigm.
Anatomical atlases
Before it was possible to visualize human brains in vivo using MRI, all neuroanatomical atlases were based on the analysis of post-mortem tissue. This analysis was classically done either by cytoarchitecture or by myeloarchitecture. Cytoarchitecture is the
study of parcellating the cerebral cortex based on the cellular distribution in the various
cortical layers. Myeloarchitecture is the study of parcellating the cerebral cortex based
on the organization of myelinated cerebral fibres in the various cortical layers (Vogt,
1903; Nieuwenhuys et al., 2014). By far the mostly widely known and used atlas is the
cytoarchitectonic atlas by Brodmann (Brodmann, 1909) as is shown in Figure 3. Note
however, that in the same period several other cytoarchitectonic atlases were published
(Economo and Koskinas, 1925; Ngowyang, 1934; Sarkisov et al., 1955; Zilles and
Amunts, 2010).
While exquisite in the level of detail there are some obvious limitations to these early
atlases. Since cyto- and myelo-architecture was used, the first limitation is that the
coverage is mainly restricted to the cortex. Another limitation is that these atlases are
printed 2D atlases. Finally, the separate atlases do not have a standard coordinate system, which makes the comparison between the different atlases difficult (Toga et al.,
2006a).
To address these limitations Jean Talairach provided the scientific community with the
first standard 3D coordinate systems that was later enriched with a detailed printed
map of a single post-mortem human brain (Talairach et al., 1967; Talairach and
Tournoux, 1988). This printed atlas was later registered to 3D space making it possible
to compare positron emission tomography (PET) activation across individuals (Fox et
al., 1984). The Talairach atlas is still widely used but has several well-known drawbacks such as: ignoring hemispheric asymmetry, unequal slice distance, and excluding
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the brainstem and cerebellum (Lancaster et al., 2000; Devlin and Poldrack, 2007). To
solve these issues several other atlases have been created, such as the MNI, Harvardoxford, LPBA40, and the Jülich cytoarchitectonic atlas (Evans et al., 2012).

Figure 3. A reproduction of the classical Brodmann map (Brodmann, 1909). A) The lateral surface
of the brain with the different Brodmann areas numbered. B) The medial surface of the brain with
the different Brodmann areas number. Note that all brain structures below the corpus callosum are
excluded from this atlas. Each area has a unique symbol to illustrate the extent of each area.

The MNI atlas is a collection of 142 cortical and subcortical structures that were segmented in a single subject. The whole brain anatomical scans of a 151 other subjects
were then registered non-linearly to this single subject. This resulted in the labelling of
the segmented structures in each individual brain. These individual brains and the labels were then registered linearly to the standard MNI space creating a probabilistic
atlas using a method called label propagation. However, one may argue that the MNI
atlas is not a true probabilistic atlas since the probability information is based on the
registration process and not the actual anatomical variability. Furthermore, label propagation is inherently limited by the accuracy of the non-linear and linear estimation of
the transformation, partial volume effects in the label resampling, and large anatomical
differences between the reference image and the target image (Pipitone et al., 2014).
That the actual anatomical variability is not taken into account is a problem since the
shape of the human brain is as unique as an individual fingerprint (Mazziotta et al.,
14

	
  

Chapter 1.
1995; Rajkowska and Goldman-Rakic, 1995; Uylings et al., 2005; Toga et al., 2006b;
Fischl et al., 2008; Zilles and Amunts, 2010; Evans et al., 2012; Amunts et al., 2013).
In sum, the Talairach and MNI atlases are extremely useful but it is important to note
that they share one significant pitfall because they do not take into account the individual anatomical variability.
Probabilistic atlases that do take the individual anatomical variability into account are
for instance the Harvard-Oxford, LPBA40, and the Jülich cytoarchitectonic atlas. The
Harvard-Oxford atlas is a collection of 48 cortical and 21 subcortical areas that were
all individually segmented in 37 subjects between the age of 18 and 50. The LPBA40
atlas is a collection of 56 structures that were individually segmented in 40 subjects
with an age range of 19 and 39. The Jülich cytoarchitectonic atlas is based on 10 postmortem brains and uses cytoarchitectonic information. The atlas currently consists of a
collection of 52 cortical areas. These atlases can be considered a major step forwards,
however, they are limited because they either exclusively focus on the cortex and/or
exclude large parts of the subcortex. In our own work, we have estimated that approximately seven percent of the subcortical structures mentioned in the Federative community of Anatomical Terminology (FCAT) are depicted in standard MRI atlases implemented in the three most common MRI software analysis packages (FSL, SPM, and
Freesurfer) (Alkemade et al., 2013).
Magnetic resonance imaging
This limited coverage of the brain in standard atlases is perhaps due to the fact that
these atlases are based on anatomical scans acquired using 1.5 Tesla (T) MRI scanners.
The static magnetic field strength (B0) of a MRI scanner is expressed in units of T.
One T corresponds to 10.000 Gauss which makes a 1.5T MRI scanner 30.612 times
stronger than the magnetic field of the earth at the Netherlands (the magnetic field in
the Netherlands is estimated to be 0.49 Gauss in 2014 (Maus et al., 2010). With a higher B0 field strength a higher Signal to Noise Ratio (SNR) and therefore a higher Contrast to Noise Ratio (CNR) is possible (van der Kolk et al., 2013). Theoretically the
SNR increases linearly with the B0 field strength which means that a 7T MRI scanner
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has a possible gain of 4.6 in SNR compared to a 1.5T MRI scanner (Edelstein et al.,
1986; Schmitz et al., 2005). In practice the gain in SNR at ultra-high fields is slightly
lower due to increased inhomogeneity artefacts but the improvement is still significant
(Redpath, 1998). While 1.5T MRI scanners may remain useful in certain clinical settings (Sormaala et al., 2011), it lacks the SNR and CNR necessary to visualize small
subcortical structures such as the subthalamic nucleus (STN) (Abosch et al., 2010;
Beisteiner et al., 2011; Cho et al., 2008; 2010). 7T MRI scanners are, however, scare
and might explain why such small structures have been lacking from standard anatomical atlases (Bandettini et al., 2011; Duyn, 2012).
Another possible cause for the absence of certain structures is that they are not visible
on all types of MRI sequences. Simply put, if a brain is placed in a strong magnetic
field such as 7T, the hydrogen protons align to the main direction of the magnetic field
(B0). The average of these protons that are aligned to B0 is called the net magnetization
(M0). The measured MRI signal arises from detecting the weak radio frequency (RF)
radiation that is emitted by hydrogen protons after exciting them with a RF pulse. Exciting the hydrogen protons with a RF pulse causes several things but the most important effects are that the net magnetization M0 is rotated to the transverse plane (B1)
and that the exited hydrogen protons align their precession phase, which results in a
mean transverse magnetization. Once the RF pulse is switched off, the protons align
again to the B0 and rapidly dephase. The time it takes for the proton to recover 65% of
its equilibrium value towards the main magnetic field is called T1-relaxation time. T1 is
also called the spin-lattice relaxation time because it refers to the time it takes for the
spins to give back their excessive energy to its surrounding lattice. The time it takes for
the transverse magnetization to drop to 37% of its initial size is called the T2-relaxation
time. T2 is also called spin-spin relaxation time because it refers to the interaction between numbers of proton spins dephasing from each other (McRobbie et al., 2006).
The contrast in the MRI image depends on the T1, T2, and proton density of the exited
tissue as well as the actual MRI sequence parameters. Proton density reflects the number of protons in a given unit of tissue. If the number of protons is high, the transverse
16

	
  

Chapter 1.
component of the magnetization is high. By changing the parameters of the MRI sequence, the images can either be T1-weighted, T2-weighted sequences, PD-weighted or
if a gradient echo sequence is used, T2*-weighted (McRobbie et al., 2006). T2*weighted images are based on the T2*-relaxation time which is a combination of the
true T2 relaxation and the relaxation caused by the magnetic field inhomogeneity
(Chavhan et al., 2009).
In Chapter 2 of this thesis, a first step is taken to map subcortical grey matter structures with a focus on the Basal Ganglia (BG) using ultra high-field 7T MRI scanners
with different MRI sequences. The BG is a collection of several highly interconnected
nuclei and located deep in the white matter of the cerebral hemispheres, just below the
corpus callosum, anterior to the thalamus, and medial to the lateral ventricles (see Figure 4). The BG consists of two main divisions, the striatum and the globus pallidus
(GP). The striatum in turn is composed of two highly interconnected masses, the putamen and caudate nucleus, whereas the GP is further divided into an external and internal segment. The putamen and globus pallidus together form the lentiform nucleus.
Finally, two areas that are functionally but not ontologically considered to be part of
the BG are the STN and the substantia nigra (SN) (Federative Committee on Anatomical Terminology, 1998; Yelnik, 2002; Forstmann et al., 2015).
The atlas described in chapter 2 includes six subcortical nuclei: the striatum, the globus
pallidus internal and external segment (GPi/e), the STN, the substantia nigra (SN), and
the red nucleus (RN). The atlas can be useful for most MRI studies within cognitive
neuroscience since the atlas will be based on the most frequently measured population:
young western undergraduates (Chiao, 2009; Henrich et al., 2010). However, one
should be careful when applying it to different populations or age groups. There are
known difference between the Western and Asian ethnic groups which will not be
captured in the atlas described in chapter 2 (Zilles et al., 2001; Lee et al., 2005; Jao et
al., 2009; Chee et al., 2011; Mandal et al., 2012).
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Another factor that might limit
the generalizability of an atlas
that is based on young western
graduates is that the atlas does
not capture any anatomical
variability due to aging. It is
generally accepted that there
are large structural changes
associated with healthy aging
such as ventricle enlargement
and grey matter shrinkage, and
that this maturation of the
human

brain

continues

throughout the entire life span
Figure 4. The Basal Ganglia nuclei outlined on a postmortem brain.	
  

(Toga et al., 2006b; Greenberg
et al., 2008; Evans et al.,

2012). In Chapter 3 of this thesis 7T MRI is used to visualize and segment the STN in
young, middle-aged, and elderly participants to investigate changes across the adult
lifespan.
Anatomy and function
That anatomy can inform function is illustrated by the functional tri-part hypothesis of
the basal ganglia-thalamocortical circuits in the human brain. The tri-part hypothesis
states that there are functionally segregated cortical areas that are involved in cognitive, limbic, or motor functions, which project to the BG (Alexander et al., 1986). How
this cortical input is organized in the BG and project back to the cortex via the thalamus has, however, been a matter of debate (Alexander et al., 1990; Percheron and
Filion, 1990; Baum and Veeravalli, 1994; Joel and Weiner, 1994). The discussion
generally falls into two camps: parallel processing versus information integration (see
Figure 5). Advocates of parallel processing propose that the different information
streams such as cognitive, limbic, and motor, remain segregated throughout the BG
18
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and are projected back to the cortex. The proponents of the information integration
theory suggest that these different information streams are actually integrated in the
BG and reflect a mixture of the cortical signal, which is back projected to the cortex.
This discussion has lately reached some consensus because several studies have shown
that both processes occur (Haber, 2003; Draganski et al., 2008; Nambu, 2011; Haber,
2014).
In fact previous animal work has shown that different cortical areas with similar functions are reciprocally connected within the BG, but segregated from non-related functional areas, resulting in parallel information streams (Alexander et al., 1986). In addition to these reciprocal connections there are also non-reciprocal connections that link
different regions that are associated with different cortical-BG circuits (Haber, 2003).
These non-reciprocal connections would result in the integration of cognitive, motor,
and limbic information. In addition to the non-reciprocal connections between the
different functional regions, two other mechanisms have been proposed how these
parallel circuits can share information.
The second integration mechanism is that while the cortex projects in a topological
fashion throughout the BG, the dendrites and axons in the BG often cross functional
borders resulting in the local integration of parallel circuits. A third mechanism that is
thought to facilitate the integration of circuits is through the convergence of adjacent
fields projection on progressively smaller BG structures (Haber, 2003). Through these
three different mechanisms it is thought that the brain is able to combine the different
information modalities.
The debate about whether the information streams are parallel, integrative, or a mixture
of both seems far from settled and is clearly illustrated in the human STN literature. In
several recent studies and reviews the integration aspect of the tri-part model is simplified to such an extent that authors assume fully segregated functional sub regions in the
STN and belong to the parallel processing camp (e.g. (Lambert et al., 2012; Obeso et
al., 2014). An example of such recent oversimplification can be shown in the STN
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where authors claim that there are “three distinct sub-regions within the human STN”
and that their findings are a “confirmation and replication of previous findings in nonhuman primates” (Lambert et al., 2012). In Chapter 4 a literature review is presented
to independently test whether such a claim of confirmation is consistent with the empirical findings.

Figure 5. The three different theories on information pathways in the cortical-BG loops. In red the
motor information stream; in green the cognitive information stream; and in blue the limbic information stream. The parallel information theory states that the different cortical areas project to
distinct and non-overlapping areas in the BG. The integration information theory states that the
different cortical areas project to fully overlapping areas in the BG and thalamus, which results in
a full mixture of the different cortical networks. Finally, the intermediate information theory states
that the different cortical areas project to separated areas in the BG that have overlapping zones
with the different information streams.	
  

To further investigate the possibility of subdivisions in the STN, Chapter 5 describes a
study on the distribution of iron within the human STN. Previous histochemical work
has shown that iron is heterogeneously distributed in the STN and that a close relationship exists between iron and cytoarchitectonic features (Dormont et al., 2004; Fiedler
et al., 2007; Massey et al., 2012). Therefore, iron might function as a proxy for the
cytoarchitecture of the STN and could be used to investigate possible anatomical subdivisions. The iron distribution is measured using quantitative susceptibility mapping
20
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(QSM), a novel MRI contrast mechanism (Schweser et al., 2011b; Langkammer et al.,
2012; Deistung et al., 2013). QSM allows for the detailed assessment of iron content in
both in vivo and post-mortem tissue and enables us to test whether the STN has clear
subdivisions. In chapter 5, in vivo scans are presented that were acquired with a voxel
size of 0.5mm isotropic. In addition, 4 post-mortem scans are shown with a voxel size
of 0.15mm isotropic, which is +/- 37 times smaller. These small voxels are necessary
when trying to identify subdivisions in the STN as the entire STN is already considered
a small nucleus. The post-mortem volume estimates are on average 133mm3 (Bonin
and Shariff, 1951; Fussenich, 1967; Hardman et al., 1997; Weiss et al., 2014), whereas
in vivo estimates range between 50mm3 and 270mm3 (Wei-gao et al., 2009; Colpan
and Slavin, 2010; Forstmann et al., 2012; Lenglet et al., 2012; Keuken et al., 2013;
2014a).
Function
The second part of the thesis focuses on perceptual decision-making; processes that are
mediated by basal ganglia-thalamocortical. Perceptual decision-making requires a
categorical judgement based on incoming sensory evidence. This process can be deconstructed into several stages; sensory information comes in, evidence is accumulated
for each choice-alternative until a decision variable is met, and finally a decision rule is
implemented which results in an action. The decision variable can be described as the
difference between the accumulation processes for each alternative. The decision-rule
determines when this accumulation difference is large enough to choose an action
(Gold and Shadlen, 2007). Such a decision-rule can be based on for instance minimizing the response time while maintaining a certain level of accuracy.
One of the open questions in the literature is which brain areas are involved in perceptual decision-making process. In the recent perceptual decision-making literature, a
fronto-parietal network is typically reported to primarily represent the neural substrate
of human perceptual decision-making making (Ho et al., 2009; Kable and Glimcher,
2009; Li et al., 2009; Mulder et al., 2012). However, the view that only cortical areas
are involved in perceptual decision-making has been challenged by several neurocomputational models which all argue that the BG play an essential role in perceptual deci	
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sions (Bogacz, 2007; Ding and Gold, 2013). To consolidate these different views,
Chapter 6 describes an Activation Likelihood Estimation (ALE) meta-analysis on the
existing fMRI neuroimaging literature.
When reviewing the perceptual decision-making literature it becomes clear that the
insights in the basic mechanisms of decision-making stem from studies using binary
choices (Schall, 2001; Gold and Shadlen, 2007). However, binary choices are not frequently encountered in real life, and perhaps because of the simplicity of a two forced
choice decision, they offer limited insights in more complex situations (Churchland et
al., 2008). One of the challenges of having more choices is that more time is needed to
accumulate information so that all the options can be considered.
Recently, quantitative mathematical and neurocomputational models have been developed that make predictions about the latent psychological processes and brain structures involved in multiple alternative decision-making. One of such models is the multiple sequential probability ratio test (MSPRT), which is a generalization of the sequential probability ratio test (SPRT). The SPRT is a Bayesian test that provides an
optimal solution for minimizing the mean response time for a given accuracy and can
be re-written to be similar to the DDM (Baum and Veeravalli, 1994; Draglia et al.,
1999; Bogacz et al., 2006). However, because the DDM and SPRT can only accommodate two alternatives, they are not suited to study multiple alternative decisionmaking. To accommodate situations where more than two alternatives are present, the
MSPRT was developed (Baum and Veeravalli, 1994). The MSPRT model predicts that
if the number of alternatives increases, the evidence accumulation process is prolonged
to ensure that enough information is acquired before one of the processes hits a target
resulting in longer decision times (Bogacz and Gurney, 2007). It has been shown that
the MSPRT model can be implemented in a neural network that shares the same characteristics as the Cortico-BG network (Bogacz and Gurney, 2007). In particular, the
STN is hypothesized to become more active with an increasing amount of choice alternatives. This increase of activity in the STN is hypothesized to reflect a decrease in
baseline activity of the BG output nuclei, causing a delayed response so that more
evidence can be accumulated in favour of the correct response (Frank, 2006; Bogacz
22
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and Gurney, 2007; Forstmann et al., 2010b).
In Chapter 7 an empirical study is presented in which the model-in-the-middle approach is employed. As a first step the MSPRT model was used to generate predictions
for the expected behaviour and activity in the STN. A second step was to modify the
standard binary RDM paradigm by expanding the number of choice alternatives. Finally, 7T structural and functional MRI was acquired to test concrete predictions about
STN activation in multi-alternative decision-making.
This thesis is divided into two parts; the first four chapters focus on the human neuroanatomy of the subcortex. The remaining two chapters present functional MRI studies
concerned with perceptual decision-making processes. Finally, chapter 8 summarizes
the empirical findings and discusses how anatomy in combinations with neurocomputational models can help understand the brain.
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Chapter 2

Quantifying inter-individual anatomical variability in the
subcortex using 7T structural MRI.

This chapter is based on:
Keuken, M.C., Bazin, P.L., Crown, L., Hootsmans, J., Laufer, A., Muller-Axt, C., Sier,
R., van der Putten, I., Schafer, A., Turner, R., Forstmann, B.U. (2014). Quantifying
inter-individual anatomical variability in the subcortex using 7T structural MRI. Neuroimage 94; 40-46.
The accompanying data is published as:
Forstmann, B.U., Keuken, M.C., Schafer, A., Bazin, P-L., Alkemade, A., Turner,
R. (2014). Multi-modal ultra-high resolution structural 7-Tesla MRI data repository.
Scientific Data.
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Quantifying anatomical variability
Abstract
Functional magnetic resonance imaging (MRI) data are usually registered into standard
anatomical space. However, standard atlases, such as LPBA40, the Harvard-Oxford
atlas, FreeSurfer, and the Jülich cytoarchitectonic maps all lack important detailed
information about small subcortical structures like the Substantia nigra and Subthalamic nucleus. Here we introduce a new subcortical probabilistic atlas based on ultra-high
resolution in-vivo anatomical imaging from 7 Tesla MRI. The atlas includes six important but elusive subcortical nuclei: the striatum, the globus pallidus internal and
external segment (GPi/e), the subthalamic nucleus, the substantia nigra, and the red
nucleus. With a sample of 30 young subjects and carefully cross-validated delineation
protocols, our atlas is able to capture the anatomical variability within healthy populations for each of the included structures at an unprecedented level of detail. All the
generated probabilistic atlases are registered to MNI standard space and are publicly
available.
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Introduction
The exact shape of every human brain including its micro- and macroscopic features is
as unique as a human fingerprint, resulting in interindividual anatomical variability
(Amunts et al. 2013; Evans et al. 2012; Fischl et al. 2008; Mazziotta et al. 1995; Rajkowska and Goldman-Rakic, 1995; Toga et al. 2006; Uylings et al., 2005; Zilles and
Amunts, 2010). Ideally this variability is taken into account in functional magnetic
resonance imaging (MRI) studies constraining the exact location of activations or
nodes within functional networks (Devlin and Poldrack, 2007; Turner, 2011). This is
usually done in several ways by either segmenting brain structures on individual MRI
scans or by registering individual data to brain atlases that provide probabilistic information about the exact location of regions of interest (ROIs; Cabezas et al., 2011;
Devlin and Poldrack, 2007; Evans et al., 2012). While these powerful approaches can
delineate cortical and sometimes subcortical structures such as the putamen (Levitt et
al., 2013), they are unable to delineate smaller structures in the subcortex such as the
subthalamic nucleus (STN). Another key limitation is that several of the smaller subcortical structures are not included as ROIs in commonly used anatomical atlases such
as the Harvard- Oxford atlas, FreeSurfer, LPBA40, and the Jülich cytoarchitectonic
maps (Cabezas et al., 2011).
One solution is to use ultra-high field 7T MRI (Abosch et al., 2010; Beisteiner et al.,
2011; Cho et al., 2008; 2010). Ultra-high resolution MRI in combination with novel
MR sequences such as Quantitative Susceptibility Mapping (QSM) are helpful for the
direct visualization and segmentation of iron- rich subcortical structures in-vivo (Deistung et al., 2013; Langkammer et al., 2012; Schafer et al., 2012; Schweser et al.,
2011). The need of a high spatial resolution makes it essential that an ultra-high field
MRI scanner is used due to the increase in SNR and CNR. A major disadvantage of
this approach is, however, the limited availability of ultra-high field whole-body MRI
scanners around the world. As a consequence, there are currently no reliable atlas maps
available for most of the smaller nuclei in the subcortex.
The present study provides freely available probabilistic atlas maps of six important
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subcortical areas including the striatum (STR), globus pallidus external (GPe) and
internal segment (GPi), subthalamic nucleus (STN), substantia nigra (SN), and the red
nucleus (RN) (Federative Committee on Anatomical Terminology, 1998). These maps
are based on individually segmented data of 30 young healthy participants scanned on
an ultra-high field 7T MRI scanner. Three different MR contrasts including a
MP2RAGE (T1-weighted), a FLASH (T2*- weighted) sequence, and QSM were used to
optimize the visibility and segmentation of the nuclei. This is necessary due to different tissue properties of the six structures, i.e., varying iron and myelin content yielding
different T1 and T2* relaxation times as well as different magnetic susceptibility (Deistung et al., 2013; Schenker et al., 1993).
Method section
Participants
For the acquisition of the structural brain scans, 30 participants (14 females) with mean
age 24.2 (SD 2.4) were scanned. All participants had normal or corrected- to-normal
vision, and none of them had a history of neurological, major medical, or psychiatric
disorders. All subjects were right-handed, as confirmed by the Edinburgh Inventory
(Oldfield, 1971). The study was approved by the local ethics committee at the University of Leipzig, Germany. All subjects gave their written informed consent prior to
scanning and received a monetary compensation.
Scan parameters
The structural data were acquired using a 7T Siemens Magnetom MRI using a 24channel head array Nova coil (NOVA Medical Inc., Wilmington MA) and consisted of
three sequences: a whole brain MP2RAGE, a zoomed MP2RAGE (Hurley et al., 2009;
Marques et al., 2010), and a zoomed multi-echo 3D FLASH (Haase et al., 1986). The
whole-brain MP2RAGE had 240 sagittal slices with an acquisition time of 10:57 min
(repetition time (TR) = 5000 ms; echo time (TE) = 2.45 ms; inversion times TI1/TI2 =
900/2750 ms; flip angle = 5° / 3°; bandwidth = 250 Hz/Px; voxel size = 0.7 mm isotropic) and was acquired to facilitate the registration to the standard MNI04 whole
brain
28

	
  

template

provided

by

the

CBS

High-Res

Brain

Processing

Tools

Chapter 2.
(http://www.nitrc.org/projects/cbs-tools/). The MP2RAGE slab consisted of 128 slices
with an acquisition time of 9:07 min (TR = 5000 ms; TE = 3.71 ms; TI1/TI2 =
900/2750 ms; flip angle = 5° / 3°; bandwidth = 240 Hz/Px; voxel size = 0.6 mm isotropic). The FLASH slab consisted of 128 slices with an acquisition time of 17:18 min
(TR = 41 ms and three different echo times (TE): 11.22 / 20.39 / 29.57 ms; flip angle =
14°; bandwidth = 160 Hz/Px; voxel size = 0.5 mm isotropic). Both of the slab sequences consisted of axial slices tilted to the orientation of the AC-PC line. The QSM were
calculated using the phase information of the FLASH MRI sequence and the method
proposed by Schweser et al. (2012).
Scan sequence and region of interest
The visibility of each region of interest varied across the different scan sequences. The
STR was best visible in both the MP2RAGE and FLASH sequences and therefore
segmented on both. The STR consists of three main subdivisions: the caudate nucleus,
the putamen, and the fundus striati. The latter lies between the caudate nucleus and
putamen and is highly intermingled with both structures. Using human post-mortem
data, Neto and colleagues (2008) have shown that the fundus is almost impossible to
distinguish from the caudate nucleus and putamen. This is in line with work based on
non-human and human data by Haber and colleagues (Haber and Gdowski, 2004; Haber and Knutson, 2009) and Voorn and colleagues (2004) who refer to the putamencaudate complex. This led us to segment the entire STR as a whole without attempting
to distinguish between caudate nucleus, putamen, and the fundus striati. The GPi, STN,
SN, and RN were segmented on the FLASH sequence. Finally, in addition to the
FLASH sequence, the GPe and GPi were also segmented on QSM maps given the
excellent visibility of the medial medullary lamina (Mai and Paxinos, 2008) which
separates the external from the internal segment (see Figure 1).
Segmentation protocol
Manual

segmentation

was

performed

using

the

FSL

4.1.4

viewer

(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/). Segmentation was carried out by two independent researchers and inter-rater agreement was assessed. The landmarks used to locate
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the structures were determined on the Mai atlas and the Duvernoy atlas (Mai and Paxinos, 2008; Naidich et al., 2009).

Figure 1. MRI scan sequences used for creating probabilistic atlas maps. Left: T1-weighted
MP2RAGE sequence; Middle: T2*-weighted FLASH sequence; Right: QSM.	
  

All landmarks were checked for visibility in an independent dataset (dataset published
in Forstmann et al., 2012; Keuken et al., 2013). Only voxels rated by both raters as
belonging to the structure were included in any further analysis. The manual segmentation was done as follows: In an initial step, the MRI volume was loaded into the viewer
separately for each participant. Second, the contrast values in the viewer for the image
was set to maximally increase visibility of the structure. The contrast values were determined on an individual subject basis, separate for each structure, and were independently determined for each rater. The contrast values were kept constant between
hemispheres. Third, either the coronal, sagittal, or transverse view was randomly
picked to start delineating the structure. The order in which the right or left hemisphere
were segmented was randomized per participant. Finally, inter-rater reliability (Co30
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hen's kappa, Dice coefficient, and Intra-class correlation coefficient (ICC)) were obtained per structure and individual as a measure of agreement between the two raters
(Cohen, 1960; Dice, 1945; Shrout and Fleiss, 1979).
Registration to standard stereotactic MNI space
All registration steps were done using MIPAV 5.4.4. (http://mipav.cit.nih.gov/). The
MP2RAGE scans were skull stripped using the MP2RAGE skull strip algorithm as
implemented

in

the

CBS

High-Res

Brain

Processing

(http://www.cbs.mpg.de/institute/software/cbs-hrt/index.html).

Tools
The

for
whole

MIPAV
brain

MP2RAGE was registered to the MNI04 template using the optimized automated registration algorithm using a linear registration with a correlation ratio and 12 degrees of
freedom (DOF). The MP2RAGE slab was then registered to the MP2RAGE whole
brain in MNI space by using a linear registration with a correlation ratio and 12 DOF.
The FLASH slab was registered to the MNI04 in several steps: first the FLASH slab
was registered to the original MP2RAGE slab using the optimized automated registration algorithm using a linear registration with a correlation ratio and 7 DOF. The
FLASH slab was then transformed to the MNI04 space using the transformation matrix
that was generated by the MP2RAGE slab to MP2RAGE whole brain in MNI space
registration.
All the six structures were transformed to the MNI04 template using the transformation
matrices that were either generated by the MP2RAGE slab to whole brain MP2RAGE
registration or by the two transformation matrices that were used for the FLASH to
whole brain MP2RAGE. This was depending on the modality in which the structures
were drawn. All registration steps were visually checked for misalignments (see Figure
2 for details of the registration procedure). For four participants the MP2RAGE slab
did not register correctly to the whole brain MP2RAGE image. For these participants,
the registration was repeated but with a smaller rotation search step (instead of using
steps of 30 degrees for the initial coarse rotation, steps of 15 degrees were used). All
other registration steps and parameters were identical. Additionally the linear registered whole-brain individual scans and the segmented structures in MNI04 space were
non-linearly optimized using ANTS (https://github.com/stnava/ANTs). The non-linear
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optimization was based on the mutual information of the whole brain MP2RAGE and
the MNI04 template using a Gaussian regularization, nearest neighbour interpolation
and 40 coarse, 50 medium, and 40 fine iterations (Avants et al., 2008; 2011). The advantages of the linear registered atlas is that it captures more of the anatomical variability in the location, size, and shape of the structures, whereas the non-linear optimized atlas has the advantage that it is a more accurate representation of the actual
location, size, and shape of the structure. The disadvantage however of the non-linear
atlas is that more of the individual anatomical variability is captured by the deformation field and not in
the

actual

atlas

probability

(Evans

et

al.,

2012). Subsequently, all
individual

masks

in

MNI04

stereotactic

space were added together to create a probabilistic atlas of each
structure separately. All
volume estimates and
inter-rater values were
calculated in individual
space while the maxiFigure 2. Flowchart of the registration protocol. The arrows reflect

mum overlap between

the different registration steps that were done to transfer the indi-

participants was calcu-

vidual masks into MNI standard space. The names of the structures

lated in standard MNI

are placed in italics next to the contrast that was used to segment

space using the linear

them in.	
  

registration.

Results
The mean Cohen’s kappa ranged between 0.76 and 0.89 across structures. The mean
Dice Coefficient ranged between 0.72 and 0.89, and the ICC ranged between 0.72 and
0.87 across structures, indicating that all probabilistic maps have excellent inter-rater
32
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agreement and are of similar quality compared to other segmentation protocols
(Aljabar et al., 2009; Babalola et al., 2009; Fleiss, 1981; see Table 1). There was no
main effect of hemisphere on volume (F(1,472)=0.003, p=0.957). The volume of the
segmented structure in the left hemisphere correlated almost perfectly with the volume
of the corresponding structure in the right hemisphere (r=0.99, p<0.001).
Table 1. Volume estimates and inter-rater reliability coefficients per structure and hemisphere.

STR

MP2RAGE

FLASH

GPe

QSM

GPi

QSM

FLASH

RN

FLASH

STN

FLASH

SN

FLASH

Volume in mm3

Cohen’s κ

Dice

ICC

mean

SD

mean

SD

mean

SD

mean

SD

Left

10128.62

1038.96

0.89

0.01

0.89

0.01

0.84

0.02

Right

10064.20

1051.34

0.89

0.01

0.89

0.01

0.85

0.02

Overall

10096.41

1036.78

0.89

0.01

0.89

0.01

0.84

0.02

Left

7680.24

776.48

0.84

0.02

0.84

0.02

0.86

0.05

Right

7977.19

892.00

0.84

0.02

0.84

0.02

0.87

0.06

Overall

7828.72

842.53

0.84

0.02

0.84

0.02

0.86

0.05

Left

932.47

124.16

0.87

0.02

0.87

0.02

0.86

0.05

Right

904.50

123.09

0.88

0.01

0.88

0.01

0.85

0.04

Overall

918.49

123.38

0.88

0.02

0.88

0.02

0.86

0.05

Left

366.63

63.16

0.82

0.03

0.82

0.03

0.76

0.06

Right

365.11

57.42

0.84

0.03

0.84

0.03

0.83

0.06

Overall

365.87

59.85

0.83

0.03

0.83

0.03

0.80

0.07

Left

402.90

71.74

0.78

0.06

0.78

0.06

0.81

0.08

Right

407.59

65.35

0.77

0.06

0.77

0.06

0.80

0.07

Overall

405.24

68.08

0.77

0.06

0.77

0.06

0.81

0.07

Left

285.05

49.42

0.89

0.03

0.89

0.03

0.82

0.06

Right

276.85

49.79

0.89

0.03

0.89

0.03

0.83

0.05

Overall

280.95

49.36

0.89

0.03

0.89

0.03

0.83

0.05

Left

52.83

16.26

0.72

0.14

0.72

0.14

0.74

0.12

Right

59.50

15.71

0.76

0.09

0.76

0.09

0.79

0.11

Overall

56.17

16.20

0.74

0.12

0.74

0.12

0.76

0.12

Left

223.18

46.79

0.76

0.05

0.76

0.05

0.70

0.08

Right

226.33

50.46

0.76

0.04

0.76

0.04

0.75

0.08

Overall

224.75

48.27

0.76

0.04

0.76

0.04

0.72

0.08

STR: striatum; GPe: globus pallidus external segment; GPi: globus pallidus internal segment; STN:
subthalamic nucleus; SN: substantia nigra; RN: red nucleus.
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The maximum percentage overlap across participants for each structure in MNI space
was high for the larger structures (STR left: 100%, STR right: 100%, GPe left:
96.66%, GPe right: 96.66%, GPi left: 96.66%, GPi right: 96.66%, RN right: 100%, RN
left: 100%). A substantial lower overlap was found for the smaller structures (SN left:
76.66%, SN right: 63.33%, STN left: 56.66, STN right: 53.33%). Note that the overlap
across participants for the STN was similar compared to a previous study (Forstmann
et al., 2010; see Figure 3).

Figure 3. Visualization of the probability atlas maps in MNI 0.4 mm3 space. A) The probability
maps for the STR, GPe, GPi, STh, SN, and RN of the left hemisphere. B) The probability maps for
both hemispheres. C) Axial view of the probability maps at the level of the GPi. The color intensity
reflects the percentage overlap across the 30 participants. D) Axial view of the probability maps at
the level of the RN. The color intensity reflects the percentage overlap across the 30 participants.	
  

Effect of MRI sequence on structure segmentation
The STR was segmented on both the MP2RAGE and FLASH sequence because both
sequences provided excellent visibility of the structure. This is also corroborated by
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identical overlaps across participants in both sequences. However, the volume of the
STR segmented on the MP2RAGE sequence was significantly larger than the STR
volume segmented on the FLASH image (t(60)=68.09, p<0.001). In order to determine
which sequence is more suitable for segmenting the STR, the inter-rater values were
compared between the MP2RAGE and FLASH sequence. The MP2RAGE sequence
resulted in larger Cohen’s kappa (t(73.71)=-16.3, p<0.001), Dice coefficients (t(73.7)=16.3, p<0.001), and ICC (t(77.24)=2.56, p= 0.012) compared to the FLASH sequence.
Initially it was planned to segment the GPe and GPi on the FLASH sequence. However, while segmenting the GPi it became obvious that the medial medullary lamina of
the GP was barely visible in the FLASH sequence, hampering the distinction between
the external and internal segment.
Because the GP has high levels of iron and is therefore paramagnetic, while the medial
medullary lamina has high levels of myelin and is therefore diamagnetic, the QSM was
chosen instead (Langkammer et al., 2012; Péran et al., 2009; Schweser et al., 2011).
QSM is a novel MRI-contrast that provides a quantitative map of the local susceptibility values of the tissue. QSM images are therefore suitable to reveal the sharp boundary between the GPe and GPi due to the different magnetic properties of the medial
medullary lamina (Deistung et al., 2013; 2008; Schweser et al., 2011). By comparing
the volumes and inter-rater coefficients of the FLASH segmented GPi versus the QSM
segmented GPi, the QSM was shown to be more suitable to distinguish the GPi. The
individual GPi segmented on the FLASH resulted in larger volumes (t(116)=3.36,
p=0.001), and significantly lower inter- rater values (Cohen’s kappa: t(92.83)=-6.36,
p<0.001, Dice coefficient: t(92.79)=- 6.37, p<0.001, no significant difference was found
for the ICC: t(117.94)=0.74, p=0.46)).
In sum, for the regions where multiple delineations in different sequences were made,
only the STR maps based on the MP2RAGE sequence and the GPi/e maps based on
the QSM sequence are included in the probabilistic atlas. Finally, all probabilistic linear and non-linear atlas maps are freely available (http://www.nitrc.org/projects/atag)
together with the MNI04 template provided by the CBS High-Res Brain Processing
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Tools. The choice in using either the linear or non-linear atlas should be based on the
employed registration protocol to standard space.
Discussion
An increasing number of studies takes advantage of the excellent structural resolution
of ultra-high field MRI to account for interindividual anatomical variability either by
segmenting certain structures or by making use of ultra-high field 7T MRI probability
atlas maps (e.g., Abosch et al., 2010; Eapen et al., 2011; Forstmann et al., 2012;
Keuken et al., 2013; Kwon et al., 2012; Lenglet et al., 2012; Mansfield et al., 2011).
The present study facilitates these efforts by providing a freely available set of six
subcortical probabilistic atlas maps based on ultra-high field 7T MRI data derived from
30 healthy participants. Importantly, three different MRI contrasts, i.e., MP2RAGE,
FLASH, and QSM, were used to optimize the visibility and hence the precision in
segmentation of the regions.
The anatomical interindividual variability found in our maps highlights the need for
probabilistic atlases (Evans et al. 2012; Fischl et al. 2008; Toga et al. 2006; Uylings et
al., 2005; Zilles and Amunts, 2010). Our results also show that the choice of the appropriate scan sequence is important, in particular in light of the significantly varying
volume estimates and inter-rater reliability coefficients for the STR and GP. The influence of a particular scan sequence on volume estimates has been reported previously
(Heijer et al., 2010; Jovicich et al., 2009). For example, Jovicich and colleagues (2009)
argued that different sequences can have different sensitivities to the signal T2* which
results in varying amounts of signal loss or geometric distortions. Here we show that,
based on the inter-rater reliability, the STR was best segmented on the MP2RAGE
sequence and the GP on the QSM. Previous work has revealed that the MP2RAGE
sequence is well suited to visualize the STR but not other subcortical structures
(Sudhyadhom et al., 2009). This difference in MRI contrast might be due to lower
levels of iron in the STR compared to other subcortical structures (Aquino et al.,
2009). Contrary to the MP2RAGE sequence, QSM, a novel MRI-contrast, was shown
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to be well suited to distinguish between the external and internal segment of the GP
(Deistung et al., 2008; 2013; Schweser et al., 2011).
Limitations
The present probabilistic atlas maps are based on data from young healthy participants.
However, research across the adult lifespan indicates that substantial morphological
brain changes occur such as an increase in ventricle size, cortical atrophy, and the displacement of subcortical nuclei (e.g., Fjell and Walhovd, 2010; Keuken et al., 2013;
Walhovd et al., 2005). Consequently, the present atlas maps should be used with caution in samples deviating substantially in age from the current sample (Evans et al.,
2012; Samanez-Larkin and D'Esposito, 2008). In addition, more work is needed to
optimize scan parameters for the visualization and segmentation of subcortical areas
across the adult lifespan (Jones et al., 2004; Keil et al., 2011). Finally, and in particular
light of 455 unique subcortical grey matter structures (Federative Committee on Anatomical Terminology, 1998), the current atlas can only be viewed as an important first
step to systematically delineate the subcortex (Alkemade et al. 2013). Future work
involving the segmentation and dissection of post-mortem brains at a resolution as high
as 6µm will help to validate and extend the current results (see, e.g., Alkemade et al.,
2012; Amunts et al., 2005). While further development in field strengths of MRI scanners continue making it feasible to map certain microstructural characteristics in-vivo
(Geyer et al. 2011), the golden standard in anatomy remains post mortem myelo- and
cytoarchitectonical work (Alkemade et al. 2013; Duyn 2012). An excellent example of
how post mortem work could serve as a ground truth for in-vivo work is the Big Brain
project, where a single brain was fixated, stained, and 3D reconstructed in standard
MNI space with unprecedented detail (Amunts et al. 2013). We overlaid the probabilistic in-vivo atlas on the Big Brain 0.4mm isotropic resolution as is shown in Figure 4.
Visual comparison of the location of the left hemisphere atlas to the right hemisphere
stained post mortem brain indicates that all structures in the atlas are located in an
anatomical plausible location.
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Figure 4. Post mortem comparison. The left STR, GPe, GPi, STh, RN (not shown
here), and SN probabilistic atlas overlaid on the whole brain 0.4 mm isotropic Big
Brain template in MNI space. For illustrative purposes, the atlas was threshold to
only display the voxels that have a minimum overlap of 16% of the included participants. S: superior, I: inferior, A: anterior, P: posterior, L: left hemisphere, R: right
hemisphere, STR: striatum, GPe: globus pallidus external segment, GPi: globus
pallidus internal segment, STh: subthalamic nucleus, SN: substantia nigra.	
  

Conclusion
The set of subcortical probability maps provided in this study will give researchers the
opportunity to investigate brain structures with an unprecedented accuracy. The maps
can be used for, e.g., functional ROI analyses in standard spaces such as the MNI
space. Another advantage of this set of probabilistic atlas maps is that they can serve as
anatomical priors in segmentation algorithms such as the multiple object geometric
deformable model (MDGM). The MDGM is a segmentation algorithm which is able to
segment multiple anatomical structures while maintaining object relationships and
topology by using a combination of anatomical priors and statistical atlases (Bogovic
et al., 2013). We hope that such approaches as the MDGM combined with higher quality MRI scans will help future developments of automatic segmentation procedures
delineating many more nuclei in the subcortex.
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Chapter 3

Ultra-High 7T MRI of Structural Age-Related Changes of the
Subthalamic Nucleus

This chapter is based on:
Keuken, M.C., Bazin, P-L, Schafer, A., Neumann, J., Turner, R., Forstmann, B.U.
(2013). Ultra-high 7T MRI of structural age-related changes of the Subthalamic Nucleus. The Journal of Neuroscience 33(11); 4896-4900.
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Abstract
The subthalamic nucleus (STN) is a small subcortical structure which is involved in
regulating motor as well as cognitive functions. Due to its small size and close proximity to other small subcortical structures, it has been a challenge to localize and visualize it using magnetic resonance imaging (MRI). Currently there are several standard
atlases available that are used to localize the STN in functional MRI studies and clinical procedures such as deep brain stimulation (DBS). DBS is an increasingly common
neurosurgical procedure that has been successfully used to alleviate motor symptoms
present in Parkinson’s disease. However, current atlases are based on low sample sizes
and restricted age ranges (Schaltenbrand and Wahren, 1977), and hence the use of
these atlases effectively ignores the substantial structural brain changes that are associated with aging. In the present study, ultra-high field 7 tesla (T) magnetic resonance
imaging (MRI) in humans was used to visualize and segment the STN in young, middle-aged, and elderly participants. The resulting probabilistic atlas maps for all age
groups show that the STN shifts in the lateral direction with increasing age. In sum, the
results of the present study suggest that age has to be taken into account in atlases for
the optimal localization of the STN in healthy and diseased brains.
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Introduction
The subthalamic nucleus (STN) plays a key role in a range of motor and cognitive
functions such as task switching (Mansfield et al., 2011), inhibition of on going behaviour (Aron, 2007; Aron et al., 2007; Forstmann et al., 2012), and cognitive conflict
(Cavanagh et al., 2011; Brittain et al., 2012; Zaghloul et al., 2012). The STN is a small
subcortical structure and forms part of the basal ganglia (BG). Due to its small size and
close proximity to structures such as the substantia nigra and the red nucleus, it has
been a challenge to localize and visualize the STN (Mai and Paxinos, 2008).
An often-used atlas to localize the STN in surgical procedures and functional MRI is
the human brain atlas from Schaltenbrand and Wahren (Schaltenbrand and Wahren,
1977; Starr, 2002). However, the disadvantage of this atlas is that only three brains
with several consecutive slices were used to illustrate the BG (Schaltenbrand and Wahren, 1977; Vayssiere et al., 2002; Alho et al., 2011). Moreover, the three specimens
were all male and the age range restricted (two specimens from 40-year-olds and one
specimen from a 51-year-old at the time of death). Finally, the exact location of the
STN differs across all three brains (Niemann and Van Nieuwenhofen, 1999). While
other atlases of the STN are available, most suffer from similar problems which are (1)
the restricted sample size, (2) the restricted age range, and (3) that they ignore the variability of location (Lucerna et al., 2002; Mai and Paxinos, 2008; Evans et al., 2012;
Nakano et al., 2012).
The use of such atlases that do not incorporate the variability in the location frustrate
the precise localization of the STN. Also it calls into question to what extent betweensubject variability and within-subject age-related morphometric changes are taken into
account when localizing the STN. Notably, den Dunnen and Staal (Dunnen and Staal,
2005) showed that the location of the STN changes with age. By measuring the location of the STN in 12 post-mortem brains (age range 29 – 85 years), the authors found
that increasing age causes the STN to shift in superior, lateral, and anterior directions.
Kitajima et al. (Kitajima et al., 2008) report a similar lateral shift of the STN for in
vivo data measured with 3T MRI. However, a recent paper by Massey et al. (Massey et
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al., 2012) came to a different conclusion. Based on a sample of eight post-mortem
brains (age range 38–95 years), no relationship between the age at death and STN location was found. In sum, until now it has remained unclear whether there is a shift in
location and possibly changes in volume of the STN in the aging brain.
In the present study, healthy young, middle-aged, and elderly participants were
scanned on an ultra-high field 7T MRI scanner. Using ultra-high resolution 7T MRI, it
is possible to investigate a shift in location of the STN in vivo related to aging. Both a
shift in location as well as changes in STN volume have important implications for
surgical procedures and the localization of the STN in general.
Materials and Methods
Participants.
Thirteen young participants were scanned, with an average age of 24.38 years (age
range: 22–28 years, SD 2.36; six females). In addition, nine middle-aged participants
with an average age of 50.67 years (age range 40–59 years; SD 6.63; five females), and
nine elderly participants were scanned. The elderly participants were on average 72.33
years old (age range 67–77 years; SD 2.87; four females). None of the participants had
a history of neurological disorders or suffered from psychiatric disorders. The study
was approved by the local ethical committee of the Max Planck Institute for Human
Brain and Cognitive Sciences in Leipzig. All participants gave written informed consent.
Data acquisition of ultra-high resolution anatomical images.
All participants underwent structural scanning on a 7T Magnetom MRI system (Siemens, Erlangen) using a 24-channel head array Nova coil (NOVA Medical Inc., Wilmington MA). Whole-brain images were acquired with an MP-RAGE sequence (TR =
3000 ms, TE = 2.95 ms, TI = 1100 ms, voxel size: 0.8 mm isotropic, flip angle = 6°,
GRAPPA acceleration factor 2) for the young and elderly group. For the middle-aged
group the whole-brain images were acquired with an MP2RAGE sequences (TR =
5000 ms, TE = 2.45 ms, TI =900/2750 ms, voxel size: 0.7 mm isotropic, flip angle =
42
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5/3°, GRAPPA acceleration factor 2). Moreover, a multi echo spoiled 3 dimensional
(3D) gradient echo (FLASH) sequence (TR = 43 ms, TE = 11.22 ms, TE = 21.41 ms,
TE = 31.59 ms, flip angle = 13°, voxel 0.5, 0.5, 0.6 mm, 56 coronal slices) was acquired (for more detailed information about the scan sequence see (Forstmann et al.,
2012).
Manual segmentation of the STN.
Manual

segmentation

was

performed

using

the

FSL

4.1.4

viewer

(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/). Segmentation was performed by two independent researchers and inter-rater agreement was assessed. For more detailed information
regarding the segmentation protocol see Forstmann et al. (Forstmann et al., 2012). The
FLASH sequence for one of the middle-aged participants contained severe motion
artefacts, which made it impossible to distinguish the STN and as a consequence this
participant was excluded from the data analyses. Only voxels rated by both raters as
belonging to the STN were included in any further analyses. Finally, inter-rater reliability (young: mean/SD of Cohen’s κ = 0.86/0.05; middle-aged: mean/SD of Cohen’s κ
= 0.61/0.10; elderly: mean/SD of Cohen’s κ = 0.61/0.15) were calculated. Due to unknown factors, the distinction of the STN from the SN was lower for the middle-aged
and elderly participants compared with the young participants. Therefore the STN for
the middle-aged participants were segmented twice and the data of the elderly participants were segmented three times in total. Only the last segmentation was used for
further processing. There was a main effect of inter-rater values between age groups
(F(2) = 7.41, p < 0.001). Post hoc analyses revealed lower inter-rater values for middleaged and elderly participants compared with the young participants (young vs middleaged: p < 0.005; young vs elderly: p < 0.006, corrected for multiple comparisons using
Tukey HSD). A possible cause for the reduced inter-rater values for the middle-aged
and elderly participants could be a different local increase in iron in both the STN and
SN with age. This increase blurs the borders between both structures possibly inducing
variability. This explanation is in line with work of Aquino et al. (Aquino et al., 2009)
showing that the level of iron in the SN stabilizes at the age of 25. In addition, the
work of Schafer et al. (Schafer et al., 2012) revealed that the T2* values of the SN,
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measured with a magnetic field strength of 7T, is on average 14 ms for the young participants. In sum, it appears that the T2* value of the STN and SN in the middle-aged
and elderly participants are more comparable than in the young participants possibly
hampering a clear distinction between the two structures.
To test this hypothesis, the mean T2* value which is thought to reflect the level of iron
(Schenck, 2003; Aquino et al., 2009; Schafer et al., 2012) was calculated and extracted
for every individual STN. There was a main effect of age group on the mean T2* values
of the STN (F(2) =15.26, p < 0.001). The middle-aged and elderly participants had a
lower mean T2* STN value com- pared with the young participants (young vs middleaged: p < 0.000, young vs elderly: p < 0.001, middle-aged vs elderly: p = 0.23, corrected for multiple comparison using Tukey HSD). The mean T2* values of the STN for
the young participants was 17.22 ms (SD 0.26), middle-aged 14.56 ms (SD 0.35), and
elderly participants 15.44 ms (SD 0.46). Finally the mean T2* values of the STN correlated with the inter-rater Cohen’s κ (r(56) = 0.35, p < 0.006). To ensure that the decrease in T2* across age groups has no effect on the volume estimation or shift of the
STN with increasing age, the T2* values are always taken into account by using partial
correlations.
Computation of probability maps and atlasing of the STN.
The STN masks were delineated in the acquisition space of the T2*-weighted FLASH
images which covered a thin region oriented coronally and centered on the subthalamic
region. To register these masks to MNI standard space, the FLASH image was
first aligned to the MP(2)RAGE image of the same participant. In a next step, the individual MP(2)RAGE was registered to standard space. Finally, the original FLASH
images and the masks were directly transformed to standard space by using the two
transformation matrices. Due to B1 inhomogeneities at 7T, the registration from
FLASH

to

MPRAGE

required

a semiautomated

approach

based

on

land-

mark correspondence. First, the following land- marks on the anatomy were identified:
the posterior commissure, the top indentation of the pons, the start of the trigeminal
nerves out of the brainstem, left and right, and the top of the crux of the fornix. Landmark identifications were performed in triplanar views displaying both images simul44
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taneously in the MIPAV software package (http://mipav.cit.nih.gov). Second, the
FLASH STN mask image was transferred into subject space with a rigid transformation estimated from the landmarks. All landmark-based registration results have
been visually checked, and the entire procedure repeated if any misalignment could be
detected to the region of the STN. To compensate for interpolation in these small structures, the signed distance function for each of the masks were computed first and transferred, and the final delineation was obtained by thresholding the transformed function.
Once all the delineations were in MNI space, a statistical atlas was generated by averaging the masks. Given the small size of the STN, the multiple registration steps, and
the anatomical variability, the statistical atlas was checked for outliers by comparing
the average probability for each delineated mask with each individual STN mask. This
resulted in discarding one young participant from all analyses because the participant
fell below 1 SD compared with the rest of the young participants. Note that this is the
same participant who was also excluded in the full registration procedure as described
by Forstmann et al. (Forstmann et al., 2012).
The young, middle-aged, and elderly MNI probabilistic masks have been made publicly available (http://www.nitrc.org/projects/atag/). Note that the probabilistic maps are
different

from

the

standard

(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases

maps
or

included

in

FSL

http://www.nitrc.org/projects/atag),

which are based on the full registration procedure (landmark-based and automated) and
only the young subjects (see (Forstmann et al., 2012) for details).
Calculation of location.
To determine the location of the STN, we calculated the center of mass (CoM) of the
inter-rater masks of each STN using FSLUTILS as implemented in the FSL software
package. Thereby no prior assumptions were made about the shape or mean relative
distance of the boundary of the STN to other structures.
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Figure 1. The overlap among the three age groups of the STN probabilistic maps based on the
inter-rater masks. The probability maps for the young participants are displayed in red-yellow. The
probability maps for the middle-aged participants are displayed in green. The probability maps for
the elderly participants are displayed in blue. Color intensity reflects the percentage overlap between individuals.	
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Results
Volume of the STN
The volume of the STN was calculated in individual space by using the inter-rater
masks and only incorporate voxels that both raters agreed on (see Table 1 for the results).
Table 1. Mean volume and standard deviation (SD) in cubic millimetres of the inter-rater STN masks
for the left and right hemisphere separately for the three age groups.
Left

Right

mean

SD

mean

SD

Young

67.55

25.89

57.20

20.66

Middle-aged

77.25

20.99

73.68

19.77

Elderly

51.58

23.31

52.22

30.27

Based on an ANOVA there was no effect of hemisphere on STN volume (F(1,56) =
0.60, p = 0.44). A partial correlation between age and STN volume controlling for
mean T2* differences in the STN was computed. No significant relation was found
(t(58) = -1.89, p = 0.057).
Location of the STN
Based on the registration to MNI space for young, middle-aged, and elderly participants, there was some overlap among the three age groups (Figure 1). However, when
quantifying the spatial distance of the CoM coordinate, the groups differed significantly in spatial location. By correlating the X, Y, and Z MNI coordinates (respectively,
sagittal, coronal, and axial directions) separately for each hemisphere with age, while
controlling for T2* values, we found that the X dimension correlated highly with age
(left hemisphere: r(27) = -0.44, p = 0.041; right hemisphere: r(27) = 0.57, p < 0.001),
corrected for multiple comparisons using a Bonferroni correction). The correlation
revealed that there is a shift of STN location in a lateral direction with increasing age
(Figure 2). No significant correlation between location and age was found for either the
Y or Z direction.
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As proposed by Kitajima et al. (Kitajima et al., 2008), a possible cause for such a shift
could be an increase of the ventricles and specifically the third ventricle. To test this
hypothesis, the lateral, aqueduct, third, and fourth ventricle were manually segmented
in individ- ual space separately for each participant and hemisphere. Once the ventricles were segmented, the volumes were extracted and tested with a paired t test to test
for differences between hemispheres. There were no significant differences between
hemispheres for the lateral ventricle volume over age groups (F(1,56) = 0.02, p = 0.88).
Overall, the total ventricle size increased with increasing age reflected by a significant
correlation of r = 0.68 (t(56) = 6.80, p < 0.001). Based on the CoM coordinate, differences between the age groups, we first investigated whether a relationship exists between the shift of the STN and the total size of the ventricle system. By correlating the
X, Y, and Z MNI coordinates with the total ventricle size for each hemisphere separately, we found that the x-axis center of mass coordinate of the STN correlated highly
with the ventricle volume (left hemisphere: r(27) = -0.42, p = 0.023; right hemisphere:
r(27)= 0.67, p < 0.001). There was no significant correlation between the total ventricle
volume and the y-axis or z-axis center of mass coordinate of the STN. However, when
controlling for age, no significant correlation was found between total ventricle size
and x-axis CoM coordinate (left hemisphere: r(27) = -0.28, p = 0.40; right hemisphere:
r(27) = 0.33, p = 0.23, corrected for multiple comparisons using a Bonferroni correction). This result indicates that the total ventricle size does not explain more variance
compared with the variance explained by age alone. More specifically, to test whether
the third ventricle alone could explain the lateral shift of the STN, we first computed a
correlation between the volume of the third ventricle and age (correlation of 0.77 (t(56)
= 8.93, p < 0.001). In addition, we computed partial correlations between third ventricle volume and X location of the STN controlling for age. Again, no significant correlation was found (left hemisphere: r(27)= -0.17, p = 1; right hemisphere: r(27) = 0.40, p =
0.07, corrected for multiple comparisons using a Bonferroni correction).

48

	
  

Chapter 3.

Figure 2. Top row, The X CoM coordinates of the STN masks in millimeters. Middle row, The Y
CoM coordinates of the STN masks. Bottom row, The Z CoM coordinates of the STN masks. The
young masks are plotted in red; the middle-aged masks are plotted in green; the elderly masks are
plotted in blue.	
  

Discussion
Are there age-related changes in location and volume in the STN? In the present study,
young, middle-aged, and elderly participants were structurally scanned using ultra-high
resolution 7T MRI. In line with previous post-mortem work by den Dunnen and Staal
(Dunnen and Staal, 2005) (see their Figure 3) and in vivo work by Kitajima et al.
(Kitajima et al., 2008), the results clearly indicate that the location of the STN shifts in
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the lateral direction with increasing age. However, no significant decrease in STN
volume was detected despite a large body of literature showing that healthy aging is
accompanied by structural gray matter changes (Raz and Rodrigue, 2006; Fjell and
Walhovd, 2010). A possible explanation for the current finding is the age range of our
elderly sample. The oldest participant was 77 years old, while certain structural changes may only occur at a later stage in life ((Barron et al., 1976; Cherubini et al., 2009);
but see also Massey et al. (Massey et al., 2012), who, investigating a broader age
range, also failed to find a decrease in STN volume associated with age). Importantly,
the present results showed a significant change in location of the STN in the elderly
compared with the younger participants. This finding is in line with previous work
(Dunnen and Staal, 2005; Kitajima et al., 2008). A possible explanation for this lateral
shift is the enlargement of ventricles with increasing age which might be due to the
loss of white matter tissue (Guttmann et al., 1998; Fjell and Walhovd, 2010). The results clearly indicate a positive correlation between volume of ventricles and age.
However, when controlling for age, there is no significant correlation found between
the enlargement of ventricles and the lateral shift of the STN. Unfortunately, the lack
of diffusion-weighted imaging in the current study does not allow the investigation of
changes in white matter tissue in, e.g., the internal capsule (Kawaguchi et al., 2010) as
a possible reason to explain the lateral shift of the STN.
Finally, the present results point to the fact that between- subject variability and within-subject age-related brain changes should be taken into account for new generation
atlases (Evans et al., 2012). For more than two decades, the severe motor symptoms of
Parkinson’s Disease (PD) have been alleviated using deep brain stimulation (DBS)
(Limousin et al., 1995). DBS in PD requires a surgical procedure in which a microelectrode is lowered into the STN to induce electrical stimulation (Perlmutter and Mink,
2006; Limousin and Martinez-Torres, 2008). Common neurosurgical practice in deciding where to place the DBS micro-electrodes is to superimpose an anatomical MRI of
the patient to a normalized standard atlas diagram (Abosch et al., 2010). Note that
current atlases for the STN that are used for surgical procedures are based on low sample sizes, a very restricted age range, and low field MRI (Schaltenbrand and Wahren,
50
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1977; Lucerna et al., 2002; Mai and Paxinos, 2008; Nakano et al., 2012). Because PD
is diagnosed at an increasingly early age (Shulman et al., 2011), and the possibility to
implant DBS electrodes is at an increasing broad age range (Kleiner-Fisman et al.,
2006; Parent et al., 2011), a mismatch between the current atlas coordinates and the
actual location of the target structure appears likely. A possible consequence could be a
heightened occurrence of highly undesirable side effects such as a decline in cognitive
functioning, whereas others experience depression, hypermania, hypersexuality, and in
some extreme cases, commit suicide (Burkhard et al., 2004; Temel et al., 2005a).
In sum, a higher level of clinical efficacy might be achieved by providing atlases that
incorporate individual differences (cf. (Forstmann et al., 2012), account for age-related
changes (cf. (Habas et al., 2009), possibly disease-specific brain changes, and are
based on ultra-high field MRI (e.g., 7T). The increase in signal-to-noise and decrease
in isotropic voxel size available at ultra-high field MRI is essential to study small
structures like the STN (Cho et al., 2008; Abosch et al., 2010; Cho et al., 2010;
Beisteiner et al., 2011).
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Chapter 4

Are there three subdivisions in the primate subthalamic nucleus?

This chapter is based on:
Keuken, M.C., Uylings, H.B.M., Geyer, S., Schafer, A., Turner, R., Forstmann, B.U.
(2012). Are there three subdivisions in the primate subthalamic nucleus? Frontiers in
Neuroanatomy 6; 1-10.

53

Number of subdivisions
Abstract
The prevailing academic opinion holds that the subthalamic nucleus (STN) consists of
three parts, each anatomically distinct and selectively associated with cognitive, emotional, or motor functioning. We independently tested this assumption by summarizing
the results from 33 studies on STN subdivisions in human and nonhuman primates.
The studies were conducted from 1925 to 2010 and feature three different techniques:
electrical lesions, anterograde and retrograde tracers, and classical cytoarchitectonics.
Our results reveal scant evidence in support of a tripartite STN. Instead, our results
show that the variability across studies is surprisingly large, both in the number of
subdivisions and in their anatomical localization. We conclude that the number of subdivisions in the STN remains uncertain, and that academic consensus in support of a
tripartite STN is presently unwarranted.
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Introduction
The subthalamic nucleus (STN) is a small but vitally important structure in the basal
ganglia. Because of its central role in motor control, the STN is the target of deep-brain
stimulation that alleviates severe motor symptoms in many levodopa-resistant patients
with Parkinson’s disease. Unfortunately, deep-brain stimulation of the STN also comes
at a cost. In particular, some patients with Parkinson’s disease experience a decline in
cognitive functioning, whereas others may become depressed, experience hypersexuality, hypomania, and some even commit suicide (Burkhard et al., 2004; Temel et al.,
2005a).
These undesirable and perhaps unexpected side-effects of deep-brain stimulation suggest that the STN regulates not only motor behaviour but also cognitive and emotional
processes, a suggestion consistent with one of the most influential theories of the STN
(Alexander and Crutcher, 1990). How does the STN carry out these separate duties? A
simple and widely held assumption is that the STN is comprised of three anatomically
distinct sub- parts, each of which is selectively connected to cognitive, limbic, and
motor areas. An assumption, that seems to be supported by recent electrophysiological
recordings in humans (Mallet et al., 2007; Greenhouse et al., 2011). To underscore the
popularity of this assumption, we reviewed all 16 STN review articles published since
1985 (DeLong et al., 1985; Alexander et al., 1986; Alexander and Crutcher, 1990;
Alexander et al., 1990; Parent, 1990; Parent and Hazrati, 1993; Parent, 1995; Parent
and Hazrati, 1995; Joel and Weiner, 1997; Nakano, 2000; Rodriguez-Oroz et al., 2001;
Hamani et al., 2004; Temel et al., 2005a; Obeso et al., 2008; Rodriguez-Oroz et al.,
2009; Krack et al., 2010) and found that 12 (75%) of these articles suggested that the
STN is a tripartite system (DeLong et al., 1985; Parent, 1990; 1995; Parent and Hazrati, 1995; Joel and Weiner, 1997; Nakano, 2000; Rodriguez-Oroz et al., 2001; Hamani
et al., 2004; Temel et al., 2005a; Obeso et al., 2008; Rodriguez-Oroz et al., 2009;
Krack et al., 2010).
However, the assumption of a tripartite STN was at odds with our initial impression of
the empirical literature. To test the empirical support for a tripartite STN, we therefore,
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conducted an independent and comprehensive literature review. In the first section
below we summarize the results on the number of subdivisions in the STN, in the second section we also summarize the results on the presumed anatomical connectivity
and localization of these subdivisions.
Number of subdivisions in the STN
Following an extensive literature review we initially identified 43 studies, published
between 1925 and 2010, that investigated anatomical connections via the use of tracers
or lesions in the STN for human and nonhuman primates or used cytoarchitectonic
studies of the STN for human and nonhuman primates (Foix and Nicolesco, 1925;
Kodama, 1928; Mettler, 1949; Nauta and Mehler, 1966; Carpenter and Strominger,
1967; Fussenich, 1967; Carpenter et al., 1968; Petras, 1968; Carpenter and Peter, 1972;
Kuzemenský, 1976; Nakano and Carpenter, 1976; Rafols and Fox, 1976; Akert and
Künzle, 1978; Nauta and Cole, 1978; DeVito et al., 1980a; Carpenter et al., 1981a;
1981b; DeVito and Anderson, 1982; Parent et al., 1984; Smith and Parent, 1986; Parent and Smith, 1987; Mizuno et al., 1988; Parent et al., 1989; Nakano et al., 1990;
Smith et al., 1990; Hazrati and Parent, 1991; 1992a; 1992b; Sadikot et al., 1992; Lavoie and Parent, 1994; Smith et al., 1994; Nambu et al., 1996; Shink et al., 1996;
Takada et al., 1996; Nambu et al., 1997; Inase et al., 1999; Parent et al., 2000; Takada
et al., 2001; Karachi et al., 2004; Kelly and Strick, 2004; Miyachi et al., 2006; Bostan
et al., 2010; Rico et al., 2010).
With respect to the animal studies, we included studies only on nonhuman primates:
just as in humans, the STN in nonhuman primates is a closed nucleus (i.e., dendrites
are restricted to the nucleus), in contrast for example to the rat STN (Smith et al., 1990;
Marani et al., 2008). With respect to the human studies, we chose only to include studies using cytoarchitectonics since this is still the golden standard in anatomy (Amunts
et al., 2007) and seems to be more sensitive than cytochemical stainings in detecting
different borders generally (Uylings et al., 2010; Werd et al., 2010). From the initial
group of 43 studies, we focused on a subset of 33 studies that explicitly consider the
number of subdivisions in the STN (Foix and Nicolesco, 1925; Kodama, 1928; Met56
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tler, 1949; Nauta and Mehler, 1966; Fussenich, 1967; Carpenter et al., 1968; Kuzemenský, 1976; Nakano and Carpenter, 1976; Rafols and Fox, 1976; Akert and Künzle,
1978; Nauta and Cole, 1978; Carpenter et al., 1981a; 1981b; DeVito and Anderson,
1982; Parent et al., 1984; Smith and Parent, 1986; Parent and Smith, 1987; Parent et
al., 1989; Nakano et al., 1990; Smith et al., 1990; Sadikot et al., 1992; Lavoie and Parent, 1994; Nambu et al., 1996; Shink et al., 1996; Nambu et al., 1997; Inase et al.,
1999; Parent et al., 2000; Takada et al., 2001; Karachi et al., 2004; Kelly and Strick,
2004; Miyachi et al., 2006; Bostan et al., 2010; Rico et al., 2010). These 33 studies
were assigned to one of three categories, (A) 25 studies used anterograde and retrograde tracers to investigate possible STN subdivisions and their anatomical location in
old- world and new-world monkeys (Nakano and Carpenter, 1976; Akert and Künzle,
1978; Nauta and Cole, 1978; DeVito et al., 1980b; Carpenter et al., 1981a; 1981b;
DeVito and Anderson, 1982; Parent et al., 1984; Smith and Parent, 1986; Parent and
Smith, 1987; Parent et al., 1989; Smith et al., 1990; Sadikot et al., 1992; Lavoie and
Parent, 1994; Nambu et al., 1996; Shink et al., 1996; Nambu et al., 1997; Inase et al.,
1999; Parent et al., 2000; Takada et al., 2001; Karachi et al., 2004; Kelly and Strick,
2004; Miyachi et al., 2006; Bostan et al., 2010; Rico et al., 2010), (B) two studies used
electrical lesions in old-world monkeys (Nauta and Mehler, 1966; Carpenter et al.,
1968), (C) six studies used classical cytoarchitectonics to study STN subdivisions by
examining STN cell type, cell size, and cell density in human and nonhuman primates
(Foix and Nicolesco, 1925; Kodama, 1928; Mettler, 1949; Fussenich, 1967; Kuzemenský, 1976; Rafols and Fox, 1976). For each of these 33 studies, we summarized the
data as supporting none, two, three, or four subdivisions in the STN. This classification
reflected the opinion of the original authors of the studies we reviewed, and we did not
attempt to reinterpret data or alter their conclusions in any way.
Table 1 summarizes the results. Overall, more than half of the studies we reviewed
concluded that the STN has two subdivisions (61%), 21% concluded that the STN has
no subdivisions, 12% concluded that the STN has three subdivisions, and 6% concluded that the STN has four subdivisions. These results contrast sharply with the popular
academic opinion that the STN is a tripartite system. In addition, although the data
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most support the hypothesis that the STN has two subdivisions, the extent of this preference (i.e., 61% vs. 39% based on 33 studies) is not conclusive and the results appear
to vary substantially from one study to the next.
Table 1. Summary of 33 studies that examined the number of subdivisions in the STN for human and
nonhuman primates.
Number of STN

Tracer studies

Lesion studies

subdivisions

Cytoarchitectonic

All studies

studies

None

5 (all nh)

1 (nh)

1 (h)

7 (1h; 6nh)

Two

15 (all nh)

0

5 (3h; 2nh)

20 (3h; 17nh)

Three

3 (all nh)

1 (nh)

0

4 (all nh)

Four

2 (all nh)

0

0

2 (all nh)

Between brackets indicate if the study used nonhuman primate (nh) or human (h) tissue.

The variability across studies may be partly due to methodological differences. In particular, it could be that results vary as a result of the specific tracer injection sites. It is
also possible, however, that the general summary of results in Table 1 hides additional
variability due to more detailed information regarding location and connectivity. For
example, when researcher X argues that the STN has two subdivisions, one lateral and
one medial, this claim is still inconsistent with that of researcher Y, who may also
argue that the STN has two subdivisions, but believes that one is dorsal and the other
ventral. The next section examines the connection profiles and STN subdivisions in
relative detail.
Anatomical connectivity and localization of subdivisions in the STN
We separately analyzed the results from each of 27 studies that used either tracing or
electrical lesions to construct connection profiles and localize subdivisions in the STN.
See mckitchen.files.wordpress.com/2010/01/supplementary-table-stn.pdf for a detailed
overview for the methods, the number of animals and species used in the studies included in this review.
The results of these studies are summarized in Figure 1 and ordered by the number of
subdivisions reported and the localization of the subdivisions within the STN.
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Figure 1. Connection profile and subdivisions of the STN show highly variable
results. (Top of figure) Color-coded lesion, anterograde, and retrograde tracer
injection sites including cortical, subcortical, and brainstem regions. In the middle,
the anatomical orientation of the STN
template is displayed. Three schematic
slices from caudal to rostral are shown.
Anatomical abbreviations: BA, Brodmann
Area; CMAd, Cingulate Motor Area dorsal; CMAr, Cingulate Motor Area rostral;
CMAv, Cingulate Motor Area ventral;
GPe, Globus Pallidus external segment;
GPi, Globus Pallidus internal segment;
HVIIB, Gracial Lobule; M1, Primary
Motor cortex, PMd, Pre-Motor dorsal;
PMv, Pre-Motor ventral; PPN, Pedunculopontine

Nucleus;

Pre-SMA,

Pre-

Supplementary Motor Area; S1, Primary
Sensory

cortex;

SMA,

Supplementary

Motor Area; SN, Substantia Nigra compacta; SNr, Substantia Nigra reticularis;
VA, Ventral Anterior Nucleus; VL, Ventral
Lateral Nucleus. (A–F) Six studies arguing
for zero subdivisions. (G–U) Fifteen studies arguing for two subdivisions. (V–Y)
Four studies arguing for three subdivisions. (Z–AA) Two studies arguing for
four subdivisions. Black arrows denote the
direction of connection. The red arrow
denotes the location of a lesion. Localization of subdivisions within the STN are
color coded according to the injection or
lesion site. The author and publication
year is shown in the left upper corner.	
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The subdivisions are represented on three schematic slices of the STN in rostrocaudal
direction. This was done because individual studies could not be registered in one
common anatomical space. Note that subdivisions were determined based both on
statements derived from the individual studies and on figures contained in the articles.
To exemplify the kind of information visualized in Figure 1, consider the work by
DeVito and Anderson (DeVito and Anderson, 1982), who state: “Silver grains were
distributed diffusely over the STN, with no apparent pattern to reflect an underlying
anatomical organization (p. 110)”; as another example, Karachi et al. (Karachi et al.,
2004) mention: “In summary, the pallidosubthalamic projection appears to be topographically arranged, with the sensorimotor part of the STN occupying its dorsolateral
half, and the limbic part being restricted to its most anterior and medioventral portion
(p. 178)”; finally, Miyachi et al. (Miyachi et al., 2006) provide a figure (i.e., their Figure 6B) that presents the layout of subdivisions (see Supplementary Table 2 for all the
statements used to visualize all the included studies).
One might argue that a temporal bias may be present, i.e., a lower number of subdivisions could have been found due to older methods and that more recent studies using
advanced methodologies converge to a specific number of subdivisions. Figure 2A
shows that this is not the case. Another possible bias is the species, i.e., new- or oldworld monkey, and the type of tracer used. Again, no clear evidence is found for such
a bias (Figure 2B).
Two important conclusions can be drawn from this overview: (1) claims about the
number of subdivisions in the STN do not depend on injection site in a clear and systematic way; (2) claims about the localization of subdivisions within the STN are highly variable. The variability of the results is clear from a visual inspection of Figure 1,
but it is also apparent from other considerations; for instance, studies using the same
subcortical injection sites such as the Globus Pallidus (Parent et al., 1989; Karachi et
al., 2004) yield different localizations of subdivisions within the STN.
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Figure 2. Reported number of subdivisions sorted by the year of publication, method and species.
(A) Histogram including studies that argue for subdivisions in the STN published during the past 45
years, summarized in time-windows of 15 years. (B) Histogram including studies that argue for
subdivisions in the STN separated for(a) the type of tracer used, and (b) the species under investigation. Color indicates the number of subdivisions reported. Blue bars indicate no subdivisions,
red bars indicate two subdivisions, green bars indicate three subdivisions and purple bars indicate
four subdivisions.	
  

Based on this overview, there is a discrepancy between the empirical work and the
general conclusions of the reviews published since 1985, as 75% of those reviews
argue that there are three subdivisions, 6% conclude that there are four subdivisions,
13% state that there are five subdivisions, and finally 6% conclude that there are subdivisions in the STN but do not specify the number. Notably, during the past 26 years,
no review paper has been published arguing in favour of none or two subdivisions in
the STN despite the empirical studies that show, if at all, more evidence for two than
three subdivisions. It is also noteworthy, that the misconception of a tripartite STN
could have been caused by misquotations. For instance, two review articles (Alexander
et al., 1986, 1990) argue for five subdivisions, however, they have frequently been
cited by others in favour of three subdivisions (e.g., (Parent, 1995; Parent and Hazrati,
1995). Such quotations are prone to yield a scientific consensus despite a yet to be
answered question about the number of subdivisions in the STN.
Classical cytoarchitectonic studies in human and non-human primates
The classical cytoarchitectonic studies (i.e., studies depending on measures such as cell
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type, cell size, and cell density) are also inconsistent with the tripartite STN (Figure 3).
We found six articles, including four with human specimens and two with old-world
monkeys, published between 1925 and 1976. Five of these six studies reported two
subdivisions in the STN (Foix and Nicolesco, 1925; Kodama, 1928; Mettler, 1949;
Fussenich, 1967; Rafols and Fox, 1976), clearly arguing for a heterogeneous neuronal
distribution and one study with a human specimen arguing for no subdivisions (Kuzemenský, 1976). Although these results are less variable than the results of the tracer
studies (80% of the cytoarchitectonic studies report the same number of subdivisions
compared to 55% in the tracer and lesion studies), considerable variability regarding
the localization of the subdivisions remains, as only three cytoarchitectonic studies
show a comparable localization of the subdivisions within the STN.

Figure 3. The variable location of subdivisions within the STN based on six individual studies using
classical cytoarchitectonic features. Six human and nonhuman studies are shown that argue for
either zero or two subdivisions. For each study, three schematic slices from caudal to rostral are
displayed. Shaded areas refer to different subdivisions in the STN.
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Conclusion
Our review of the literature sharply contrasts with the popular belief that the STN is a
tripartite system (see Figure 1). In addition, our review shows that the variability
across studies is surprisingly large, studies that support the same number of subdivisions almost always disagree on the localization of these subdivisions. A finding that
cannot be explained by a potential bias regarding the publication year of the studies,
methodological differences between studies, and the species under investigation (see
Figure 2).
In the face of these results, it is difficult to explain why the belief in a tripartite STN
continues to be as popular as it is. Moreover, Alexander et al. ((Alexander et al., 1990))
considered 5 parallel loop circuits in the basal ganglia and the present view considers
10 or more parallel circuits (e.g.,(Middleton and Strick, 2001) involving the STN.
Therefore, one might speculate that the STN consist of more than three subdivisions.
In sum, our review suggests that to better understand the anatomical structure of the
STN further systematic studies are needed. We hope that future post- mortem and in
vivo studies using ultra-high resolution magnetic resonance imaging and histology will
provide more definitive evidence regarding STN subdivisions and will help answer
some important questions (Cho et al., 2010; Forstmann et al., 2010a; Turner, 2011).
Based on the empirical data that are presently available, firm conclusions about the
number and localization of the STN are presently not warranted.
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Supplementary table 2. The exact statement or figure number referring to the number of subdivisions
derived from all tracings and lesions studies displayed in Figure 1.
Zero subdivisions
Nauta and Mehler (1966)

Kim, Nakano, Jayaraman and
Carpenter (1976)
DeVito and Anderson (1982)
Lavoie and Parent (1994)
Sato, Parent, Levesque and Parent
(2000)

Rico et al. (2010)

Two Subdivisions
Monakow, Akert & Kunzle (1978)
Nauta and Cole (1978)

Carpenter, Carleton, Keller and
Conte (1981)
Parent, Bouchard and Smith (1984)

Smith and Parent (1986)

Parent and Smith (1987)

Nakano et al. (1990)

Smith, Hazrati and Parent (1990)
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p32: “The material available was, however, too restricted to afford an
adequate picture of further details of the topological organization, particularly because no lesions were placed in the far rostral and caudal quarters of
the globus pallidus. “
p273: “Radioactive labeling was especially prominent in ventral regions of
the lateral part of the nucleus. Only one section through caudal parts of the
subthalamic nucleus revealed label in terminal distributed to all parts of the
nucleus.”
p110:”Silver grains were distributed diffusely over the subthalamic nucleus,
with no apparent pattern to reflect an underlying anatomical organization.”
p227: “In the squirrel monkey, afferent fibers from the PPN are uniformly
distributed in the subthalamic nucleus and these fibers do not form close
pericellular contacts with subthalamic neurons.”
p145: “The plotting of each type of STN projection neurons of a series of
equally spaced (280 µm apart) parasagittal sections (figure6) did not reveal
any correlation between the precise location of the labeled cells within the
nucleus and their axonal branching pattern.”
p387: “Most importantly, the delivery of CTB into the VA/VL thalamic
nuclei led to the appearance of a moderate number of retrograde-labeled
neurons in the ipsilateral STN nucleus. CTB-labeled neurons were distributed throughout the STN in all 6 monkeys single-injected with CTB, although labeled neurons appeared to be discretely and preferentially located
within medial STN territories.”
p402: “While the precentral connections occupy the lateral and dorsal
moiety of N. Subthalamicus, it was found that the remaining frontal lobe
regions may project more to the medial and ventral districts.”
p3: “A comparison of the two cases MS-7 and MS-8 suggest a topographic
organization in which the lateral part of the subthalamic nucleus (injected in
case MS-7) projects to the main sector of the pallidal complex while the
rostro-medial part of the nucleus (injected in case MS-8) projects to the
rostral and medial parts of the pallidal complex.”
p22:”(1) cells in the medial half of the middle third of the STN projected to
the rostral division of the LPS and (2) cells in central regions of the rostral
two-thirds of the STN projected to the central division of the LPS. ”
p389: “Also noteworthy is the situation in the subthalamic nucleus where
GP-labeled cells occupy the entire dorsolateral two-thirds of the structure
whereas SN-labeled cells are mostly confined to the ventromedial third,
with again only a small number of double-labeled neurons.”
p357: “The subthalamic nucleus also contains numerous positive cells
which abound in the dorsolateral two-third portion of the structure on the
putamen-injected side, and in the ventromedial third of the nucleus on the
caudate-injected side.”
p307: “(1) a large (80%) dorsolateral “sensorimotor” zone where most
neurons project to the lenticular nucleus and terminate in the globus pallidus and /or the putamen, (2) a small (20%) ventromedial “associative” zone
whose neurons give rise to either ascending projections to the caudate
nucleus or descending projections to the substantia nigra, and (3) a smaller
(10%) overlapping zone whose neurons send axon collaterals to both the
lenticular nucleus and the substantia nigra.”
p65: “The medial (horizontally shaded area) or lateral (solid star area) part
of the STN sends projection fibers to the caudate nucleus (horizontally
shaded area in CN) or the putamen (solid star area in Putamen), respectively.”
See figure13 for the layout.
p321: “Instead, much like the striatum, it appears to be composed of sepa-

Chapter 4.

Sadikot, Parent & Francois (1992)
Shink, Bevan, Bolam and Smith
(1996)
Nambu, Tokuno, Inase and Takada
(1997)
Inase et al. (1999)
Takada et al. (2001)
Kelly and Strick (2004)
Bostan, Dum and Strick (2010)
Three Subdivisions
Carpenter, Fraser & Shriver (1968)

Parent, Smith, Filion and Dumas(1989)

Nambu, Takada, Inase and Tokuno
(1996)

Four Subdivisions
Carpenter, Batton, Carleton and
Keller (1981)
Miyachi et al. (2006)

rate subsystems that originate from different regions of the nucleus and
modulate the various target structures.”
p149: “The present study shows that CM projects lightly to the dorsal
lateral part of the subthalamic nucleus, whereas PF projects mainly to its
medial and rostral parts.”
See figure13 for the layout.
p15: “The terminal zones from the PMd and PMv were located mostly in
the medial aspect of the STN, whereas the terminal zone from the M1 was
in its lateral aspect.”
See figure4 for the layout.
See figure13 for the layout.
See figure3 for the layout.
See figure4a and 4b for the layout.
p558: “(a) the most medial and lateral regions of the lateral pallidal segment
project fibers respectively to medial and lateral parts of the subthalamic
nucleus, and (b) the medial segment of the globus pallidus projects a small
number of fibers to the subthalamic nucleus which terminate in regions
caudal and medial to those that receive fibers from the lateral pallidal
segment.”
p143: “in the rostral third of the subthalamic nucleus, GPe labeled cells
were slightly more numerous than GPi-positive neurons and each population occupied a distinct territory, GPe-labeled cells being confined to the
lateral half and GPi-positive neurons to the medial half of the nucleus. In
the middle and caudal thirds of the subthalamic nucleus, the two cell populations remained well segregated but appeared progressively displaced
medially leaving the lateral third of the nucleus mostly devoid of labeled
cells.”
See figure2 for the layout.
p2680: “Each of the two mediolaterally separated portions of the STN is
characterized with somatotopically arranged hyperdirect cortical inputs
form the M1 and the SMA. The first set of body parts representations is
transformed mainly from the M1 to the lateral STN, whereas the second set
is transformed primarily from the SMA to the medial STN.”
See figure 8 and figure text caption for layout.
See figure6b for the layout.

All studies are based on non-human primates.
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Chapter 5

A gradual increase of iron towards the medial-inferior tip of the
Subthalamic Nucleus.

This chapter is based on:
de Hollander, G., Keuken, M.C., Bazin, P-L., Weiss, M., Neumann, J., Reimann, K.,
Wähnert, M., Turner, R., Forstmann, B.U., Schäfer, A. (2014). A gradual increase of
iron towards the medial-inferior tip of the Subthalamic Nucleus. Human Brain Mapping.
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Abstract
The Subthalamic Nucleus (STN) is an important node of the cortico-basal ganglia
network and the main target of Deep Brain Stimulation (DBS) in Parkinson’s disease.
Histological studies have revealed an inhomogeneous iron distribution within the STN,
which has been related to putative subdivisions within this nucleus. Here, we investigate the iron distribution in more detail using quantitative susceptibility mapping
(QSM), a novel magnetic resonance imaging (MRI) contrast mechanism. QSM allows
for detailed assessment of iron content in both in vivo and post-mortem tissue. 12 human subjects and 7 post-mortem brain samples containing the STN were scanned using
ultra-high field 7 Tesla (T) MRI. Iron concentrations were found to be higher in the
medial-inferior tip of the STN. Using quantitative methods we show that the increase
of iron concentration towards the medial-inferior tip is of a gradual rather than a discrete nature.
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Introduction
In this study, the spatial distribution of iron in the Subthalamic Nucleus (STN) was
investigated using ultra-high resolution 7Tesla (T) magnetic resonance imaging (MRI)
and quantitative susceptibility mapping (QSM) of both in vivo and post-mortem brains.
QSM is a novel MR contrast mechanism that provides a map of local tissue magnetic
susceptibility, which allows for the quantification of iron content (Schweser et al.,
2011b; Langkammer et al., 2012; Deistung et al., 2013). In the basal ganglia (BG), and
more specifically the STN, iron is present in relatively high concentrations as compared to other brain areas (Aquino et al., 2009; Schafer et al., 2012; Deistung et al.,
2013). Previous histochemical work has shown that iron is heterogeneously distributed
in the STN and that a close relationship exists between iron and cytoarchitectonic features (Dormont et al., 2004; Fiedler et al., 2007; Massey et al., 2012). The heterogeneous distribution of iron might be related to functional subdivisions in the STN, in line
with the influential tripartite model of a (oculo)motor, associative, and limbic networks
within the BG (e.g., (Alexander and Crutcher, 1990). In one interpretation of this tripartite hypothesis, the iron-rich medial part of the STN should be related to the limbic
circuit, an intermediate level of iron should be found in the associative network, and
the posterior-lateral sensorimotor part should reveal the lowest concentration of iron
(Dormont et al., 2004). The tripartite hypothesis is at odds with a recently conducted
literature review revealing an inconsistent pattern of the precise number and location of
subdivisions in both humans and non-human primates (Keuken et al., 2012). This inconsistency in the literature might be rooted in the assumption of sharp borders between the projections of functionally distinct circuits in such small nuclei. Instead of
discrete subdivisions, projections of distinct networks to the STN might largely overlap
and are organized in a continuous manner similar to the striatum (Haber, 2003;
Alkemade, 2013). Such a model is in line with recent findings that argue for a convergence rather than discrete functional bounds within the STN (Haynes and Haber, 2013)
and follows the model previously proposed by Alexander et al. (Alexander et al.,
1986).
Here, iron concentrations in the STN were used as a proxy to test two opposing hy	
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potheses: (a) that there are discrete subdivisions of iron distribution in the STN;
(b) there is a gradual increase of iron distribution in the STN. These hypotheses make
different predictions about the shape of the magnetic susceptibility distributions displayed in QSM as well as the size of the vectors in the gradient field of the QSM (see
Figure 1 for a simulation of these two models). In case of discrete boundaries, a multimodal distribution of iron concentration is expected (Figure 1b), as well as the presence of a subset of relatively large gradient vectors (Figure 1c), reflecting a large increase of iron concentration over small distances. In case of a gradual increase of iron
concentrations, a unimodal distribution of both iron concentration and gradient vectors
is expected.
Figure 1. Hypothetical distributions of
iron: (A) Simulated (2D) data of both
the discrete subdivisions and gradient
hypothesis. The cop- per color map
indicates iron concentration, the arrows
the direction of the gradient and their
color the size of the gradient. (B) Histograms of raw intensity values. According to the discrete subdivision hypothesis, multiple clusters of susceptibility
values should be present. According to
the gradient hypothesis, only a single
cluster of values is present. (C) Distribution of gradient vector lengths. According to the discrete subdivision
hypothesis, a small fraction of the vector lengths is much higher and the
distribution is bimodal. According to
the gradient hypothesis, the vector
lengths are distributed unimodal.

In the following we will test these different predictions and show using quantitative
measures that there is a consistent increase of iron toward the medial-inferior tip of the
STN, but that this increase is of a gradual nature.
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Methods
MR acquisition protocol and segmentation of the STN
In vivo data
Thirteen healthy young subjects (mean age 24.38 years old, range 22-28 years, standard deviation 2.36, six females) were scanned on a 7T Magnetom MRI system (Siemens, Erlangen, Germany) using a 24-channel head array Nova coil (NOVA Medical
Inc., Wilmington MA, USA). The study was approved by the local ethics committee at
the University of Leipzig, Germany. All subjects gave their written informed consent
prior to scanning and were given a monetary compensation. One subject had to be
excluded due to problems with the orientation of the acquisition matrix, which resulted
in uncertainty regarding the anatomical orientation. Whole brain images were acquired
with an MP-RAGE (Deichmann et al., 2000) sequence (TR=3000 ms, TE=2.95 ms,
TI=1100 ms, voxel size: 0.8 mm isotropic, flip angle=6°, GRAPPA acceleration factor
2). Moreover, multiecho spoiled 3 dimensional (3D) gradient echo images (GRE)
FLASH (Haase et al., 1986; Elolf et al., 2007) sequence (TR=43 ms, TE=11.22 / 21.41
/ 31.59 ms, flip angle=13°, voxel 0.5x0.5x0.6 mm, 56 coronal slices) were acquired.
Subsequently, individual QSMs of the STN were calculated in the following way: first,
the phase images of the FLASH data, which show the field perturbations of a magnetic
susceptibility distribution (Schäfer et al., 2009), were unwrapped using a best-path 3D
unwrapping algorithm (Abdul-Rahman et al., 2007). Second, the unwrapped phase data
were converted in units of ppm and high pass filtered using the SHARP algorithm
(Schweser et al., 2011a). To calculate the magnetic susceptibility distribution from
filtered phase data, the approach of inversion of the thresholded dipole kernel was
applied (Wharton et al., 2010).
Post-mortem data
Two post-mortem tissue blocks were obtained from the Netherlands Brain Bank in
Amsterdam, the Netherlands (http://www.brainbank.nl/). Three additional brain tissue
blocks were obtained from the Max Planck Institute for Human Cognitive and Brain
Sciences, Leipzig, Germany. For three of the five brains tissue blocks both hemispheres were available resulting in five left and three right STNs in total. All post	
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mortem tissue was obtained in accordance with all legal requirements. Tissue blocks
were fixed in 4% formaldehyde for approximately 30 days prior to 7T MRI scanning.
See Table 1 for the clinico-pathological data of the post-mortem tissue. The tissue
blocks were scanned on a 7T Magnetom MRI system (Siemens, Erlangen, Germany)
with a dedicated in-house built RF coil for small tissue samples. The blocks were
placed in an acrylic sphere filled with Fomblin® (Solvay Solexis, West Deptford, New
Jersey), a highly viscous fluid of perfluoropolyethers, to avoid background signal. All
tissue blocks were scanned using a GRE FLASH sequence (three tissue blocks were
scanned with TE=10 ms, TR=30 ms, bandwidth=100 Hz/px, angle=10°, voxel size=0.2
mm isotropic; two tissue blocks were scanned with TE=7 ms, TR=23 ms, bandwidth=120 Hz/px, angle=30°, voxel size=0.15 mm isotropic). Three different orientations of each tissue sample to the main magnetic field were acquired by rotating each
sample around the left-right axis with +60 degrees and -60 degrees.
The phase information of the resulting three FLASH datasets were unwrapped using a
best path 3D unwrapping algorithm (Abdul-Rahman et al., 2007). The magnitude images of the FLASH data sets were co-registered using SPM (Wellcome Department of
Cognitive Neurology, London, UK, http://www.fil.ion.ucl.ac.uk) and the resulting
registration matrices were applied to the unwrapped phase data. The co-registered
phase data were highpass filtered using a fourth order polynomial and converted in
units of ppm. The QSMs were calculated using the COSMOS approach and the phase
data of the three different orientations for each tissue block (Liu et al., 2009).
Manual segmentation of the subthalamic nucleus
Manual segmentation was performed using the FSL 4.1.4 viewer (FMRIB Software
Library; http://www.fmrib.ox.ac.uk/fsl) and was carried out by two independent researchers. Inter-rater reliability for the manual segmentation was assessed using the
Dice coefficient (Dice, 1945). Only voxels rated by both raters as belonging to the
STN were included in further analyses. For more detailed information regarding the
segmentation protocol, see (Forstmann et al., 2012; Keuken et al., 2013).
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Table 1. Demographics of the post-mortem tissue.
Brain

Sex

Age

Hemisphere

Cause of Death

1

M

88

L

2

F

101

L

3

F

91

L

Aortic stenosis, hypertension, hypercholesterolemia, cardiorenal syndrome, ischeamic cardiomyopathy, atrial fibrillation, rupture of the bowel.
Hypertension, old myocardial infarction,
stomach carcinoma, metastasized, reflux
oesophagitis, anemia, coxarthrosis, respiratory insufficiency
Cardiac insufficiency, urinary tract infection, bronchitis

4

F

70

5

M

62

R
L
R
L
R

PMD
(hours)
6

Resolution
MRI
0.2

5

0.2

22

0.2

Cardiac decompensation

28

Sepsis

36

0.2
0.15
0.15
0.15
0.15

PMD: post-mortem delay.

Analyses of iron distribution
To allow for earlier findings to be replicated and distinguish between the two main
hypotheses of a) discrete subdivisions, or b) a gradual increase of iron within the STN
(Figure 1), QSM and quantitative gradient vector analyses were performed. After the
QSM contrast was constructed, the gradient vector field of the QSM was estimated.
Such a field indicates, for every voxel, the direction in which the largest increase of
iron concentration is present as well as the magnitude of this increase. Both hypotheses
assume a single direction of iron increase. To test whether this was a plausible assumption for further analyses, the QSM data were tested for one or more gradient directions
using the most likely number of clusters according to a spherical clustering algorithm
(Maitra and Ramler, 2010). Secondly, for every found cluster, the direction of the
mean gradient vector was computed. This mean vector reflects the main direction of
the overall increase in iron and allowed the quantitative replication of earlier qualitative findings of increased iron concentrations in the anteriormedial tip of the STN
(Dormont et al., 2004; Massey et al., 2012). Third, to distinguish between the two main
hypotheses, k-means clustering was performed on the raw QSM values as well as the
gradient vector lengths (Figure1).
Gradient vector field estimation of the QSM image
The derivatives of the QSM were estimated over all three axes. This was done by con	
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volution with a Gaussian first derivative-operator (Lohmann, 1998; Szeliski, 2010;
Solem, 2012) with an absolute sigma of 1.5 times the voxel width of the in vivo data.
To prevent the occurrence of any spurious gradients as a result of differences in intensity with voxels partly outside the STN (partial volume effects), the masks were eroded
by one voxel. All voxels outside the resulting masks were interpolated with the magnetic susceptibility value of their nearest neighbour within the mask to ensure that no
gradients were rooted in susceptibility values outside the mask. This procedure yielded
a vector field indicating the main direction and size of the derivative of the image at
every voxel inside the STN.
Number of distinct iron gradient directions
To assess whether a single direction of iron increase was plausible, a spherical k-means
algorithm was applied to all gradient direction vectors of the QSM gradient vector field
within the STN mask. The likelihoods of different numbers of orientation clusters were
assessed using the ‘elbow method’ for spherical clustering proposed by Maitra & Ramler (Maitra and Ramler, 2010).
Anatomical regularity of gradient direction
To test for a regular pattern in gradient direction within the sample population, the k
main gradient directions according to the maximum likelihood of the spherical kmeans algorithms were binned in an 8-bin orientation histogram which was tested for
uniformity using a Χ2-test and plotted on a Lambert plane for visual inspection (Mardia and Jupp, 2000), Chapter 9).
Susceptibility distributions and gradient size clustering
To test for distinct clusters of iron concentrations, as predicted by the discrete subdivision hypothesis (Figure 1b), a standard k-means algorithm (MacQueen, 1966; R, n.d.)
was applied to the one-dimensional vector containing the susceptibility values of all
voxels within the STN mask. The optimal number of clusters was determined using the
gap statistic proposed by Tibshirani (Tibshirani et al., 2001). To test for the presence of
any sharp boundaries, as predicted by the discrete subdivision hypothesis (Figure 1c),
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the sizes of the gradient vectors were also clustered using the same k-means algorithm
and gap statistic. See figure 2 for a visual representation of the analysis pipeline.

Figure 2. Overview of the analysis pipeline. (A) The input of the pipeline is the QSM image which
quantifies the magnetic susceptibility for each voxel and thus the iron content in basal ganglia
regions. The susceptibility values are then clustered. (B) The QSM is convolved with the derivative
of a Gaussian separately in all three directions. This yields a vector field indicating, for each voxel,
in which direction the iron increases most. These directions are also clustered. (3) Finally, the
length of the gradient vectors is calculated and clustered. Plots in this figure are constructed using
the actual QSM data of a representative subject of the in vivo dataset.	
  

Results
Inter-rater reliability coefficients of the STN masks
Across the in vivo subjects and hemispheres the Dice coefficient of the individual STN
masks varied between 0.43 and 0.85 with a mean (standard deviation) of 0.73 (0.09).
Across the remaining post-mortem STN tissue and hemispheres the Dice coefficient
varied between 0.74 and 0.87 with a mean of 0.83 (0.05)). For one of the tissue blocks,
i.e., the right STN of case no.3 (see Table 1), both raters agreed on a STN overlap of
only 20 mm3. Given this very small volume, this sample was excluded from any further analysis. In summary, both the in vivo and post-mortem inter-rater reliability coefficients showed a high overlap across raters. See Figure 3 for a representational in vivo
and post-mortem QSM image of the STN.
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Number of iron gradient
directions
For the large majority of
the data, a single direction of iron increase
across the STN, as predicted by both hypotheses was the most likely
model. In the in vivo
data, in the left hemisphere, k=1 was the
most likely model for 9
out of 12 subjects. For
the remaining 3 subjects, k=2 was found to
be the most likely numFigure 3. QSM-images of the STN in vivo and post-mortem. (Upper

ber of clusters. In the

panel) QSM-image of a single in vivo participant. Superimposed on

right hemisphere, for 11

the scan are the raw QSM values for the STN mask in copper.

subjects, a single cluster

Lower two panels) QSM images of a right and left hemisphere
tissue block of an ex vivo sample. Superimposed on the scans are
the raw QSM values for the STN in copper. Note that the voxel size

was the most likely, and
for 1 subject, k=2 was

of the ex vivo sample is about 37 times smaller than the voxel size

the most likely number

of the in vivo sample (0.15 x 0.15 x 0.15 mm3 vs. 0.5 x 0.5 x0.5

of clusters. When clus-

3

mm ). Pu: putamen, GPe: globus pallidus externa, GPi: globus

tering the gradient vec-

pallidus interna, SN: substantia nigra, RN: red nucleus. 	
  

tors in the post-mortem

data, 7 out of the 7 post-mortem samples showed k=1 as the most likely number of
distinct gradients. See supplementary table 1 for the explained variance per k number
of gradient clusters (http://www.gillesdehollander.nl/gradient_paper/).
Consistency of the main iron gradient directions across subjects
The consistency of the main iron gradient directions across subjects was tested by plot76
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ting the cluster centroids for the most likely number of clusters together on a Lambert
azimuthal equal-area projection circle. In such a projection, the surface of a sphere is
represented as a circle where relative area is preserved (Mardia and Jupp, 2000), Chapter 9). As can be seen in Figure 4, the main direction of the iron gradient, for both the
in vivo data and post-mortem tissue and both in left and right STN, lie in the medialinferior direction. To quantitatively assess whether the main gradient directions were
non-uniformly distributed across all possible directions, we divided the unit sphere in 8
bins of equal surface representing the 23 = 8 possible combinations of the axes medial
vs. lateral, anterior vs. posterior, and inferior vs. superior. A chi-squared test shows
that in the in vivo-data, in both hemispheres the main directions are not uniformly
distributed over the 8 direction bins (Χ2 (7, N=15)= 20.73, p= 0.0042 for the left STN, and
Χ2 (7, N=13) = 15.92, p= 0.026 for the right STN), where for both hemispheres the medial-inferior direction was the preferred direction. The small number of post-mortem
cases did not allow the computation of chi-squared test, but show similar main directions of iron increase. In summary, the directions of the individual iron gradients are
non-uniformly distributed and point mostly in medial-inferior direction.

Figure 4. Main directions of the iron gradient for in vivo and post-mortem data. Every point represents one of the main directions of iron gradients in the left and right STN mask. Markers with the
same color and glyph are main directions within the same sample when k = 2 was the most likely
model (4 out of 24 cases). The size of the glyphs represents the size of the gradient cluster. The
diamond glyphs represent the post-mortem brain.
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QSM intensity and gradient size clustering
The discrete subdivision hypothesis predicts that multiple discrete clusters of similar
susceptibility values exist. However, k-means clustering on the QSM intensity values
yielded k=1 as the most likely number of clusters in all 12 in vivo datasets, for both the
left and right hemispheres. The post-mortem data also showed k=1 as the most likely
number of clusters in all 7 post-mortem samples. These results suggest a gradual increase of iron rather than discrete boundaries. For the gradient vector lengths, the discrete hypothesis predicts a multimodal distribution of gradient vector magnitudes with
a distinct subset of gradient vectors of large magnitude. Clustering on the magnitudes
of the gradient vectors using k-means showed k=1 as the most likely number of clusters in all 12 in vivo data sets in both hemispheres and all 7 post-mortem tissues. In
summary, both in vivo and post-mortem data confirm the gradient hypothesis. See
supplementary table 2 and 3 (http://www.gillesdehollander.nl/gradient_paper/) for
likelihoods of different numbers of clusters based on the QSM intensity values and
gradient sizes, respectively.
Discussion
The present study replicates and extends previous findings of heterogeneous iron distributions throughout the STN (Dormont et al., 2004; Massey et al., 2012) by using
ultra-high resolution 7T quantitative susceptibility MR mapping of both in vivo subjects and post-mortem tissue. Single iron gradients, mainly pointing in the medialinferior direction, were found in the majority of the samples (7/7 in post-mortem, 9/12
for left and 11/12 for right in vivo STN).
Complementary to the findings of Dormont et al.(Dormont et al., 2004) and Massey et
al. (Massey et al., 2012)who reported an increase in iron in the medial-anterior direction, here we show increased iron concentrations in the medial-inferior-anterior direction. This difference might be due to the different methodologies employed in the
aforementioned studies, as both Dormont et al. (Dormont et al., 2004) and Massey et
al. (Massey et al., 2012) used histological staining on a limited number of specimens
and reported the topology of the employed stainings only qualitatively. Also, histologi78
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cal work is always confined to a single cutting plane eventually inducing biases of
changes in intensities in one axis of the plane. Any gradients in the inferior-superior
axis will especially be less evident when axial sections are used, as was done in Massey et al. (Massey et al., 2012). In Dormont et al. (Dormont et al., 2004), coronal sections were used so that inferior gradients should be more visible, however, only one
single specimen was investigated. Both anatomical variability and the lack of any
quantitative measures might explain that an inferior gradient was not found in the
Dormont study. Here we present quantitative analyses in the intact STN in 3D on a
much larger number of specimens, which suggest a similar pattern of increased iron as
the abovementioned studies and complementing these findings with the presence of an
inferior component to the iron gradient.
Importantly, this quantitative approach allowed the testing of two hypotheses regarding
the functional organization of the STN using the iron distribution as a proxy: (a) the
discrete subdivision hypothesis, and (b) the gradient hypothesis. K-means clustering
analysis of the QSM susceptibility values showed no discrete clusters of iron intensities. In addition, the k-means clustering analysis of the gradient vector lengths revealed
that there are no sharp boundaries or septa within the STN. Note that these analyses are
agnostic towards the number of possible subdivisions because they only reveal a lack
of distinct boundaries.
These findings are in favor of the second hypothesis of a gradual increase in iron. We
suggest that this reflects that projections of different cortical networks, such as the
motor, cognitive, and limbic system converge in the STN and largely overlap, as argued before by Haynes and Haber (Haynes and Haber, 2013). This makes sense in
light of the integrative function of the STN: a relatively small nucleus, but with a wide
array of projections from almost the entire cortex as well as many subcortical areas
(Temel et al., 2005a; Lambert et al., 2012). It is, however, at odds with the well-known
but inconclusive tripartite subdivision model segregating (oculo)motor, cognitive, and
limbic networks (see, e.g., (DeLong et al., 1985; Alexander et al., 1986; Alexander and
Crutcher, 1990; Parent, 1990; Parent and Hazrati, 1993; Parent, 1995; Parent and Haz	
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rati, 1995; Parent et al., 1995; Joel and Weiner, 1997; Nakano, 2000; Rodriguez-Oroz
et al., 2001; Hamani et al., 2004; Temel et al., 2005b; Obeso et al., 2008; RodriguezOroz et al., 2009; Krack et al., 2010).
Finally, a gradual organization of iron within the STN could have important clinical
implications, in particular for the electrode placement in deep brain stimulation (DBS)
in Parkinson’s patients. DBS of the STN can cause serious “cognitive” and “limbic”
side-effects, theorized to be due to disturbance of the limbic and associative networks
as opposed to the motor network within the STN (Temel et al., 2005a). If these different networks largely overlap within this nucleus, it could be possible to minimize nonmotor side effect in DBS by avoiding the region that is least connected to motorrelated areas (Lambert et al., 2012). However, it still remains unclear how large these
functional areas or transitional zones between areas are. Should the overlap be substantial then it will be significantly more challenging to devise a surgical solution that minimizes non-motor side effects.
Limitations
Two limitations will be discussed in this section. First, iron is just one of many heavy
metal markers of the structural organization in the subcortex. It is possible that other
markers such as zinc and copper could show a different distribution. However, there is
evidence for a close relationship between iron and cytoarchitectonic features and
thereby potentially revealing anatomical subdivisions (Fiedler et al., 2007). Second,
iron plays a role in a range of brain functions including myelin production, oxygen
transport, and neurotransmitter synthesis (Rouault, 2001; Zecca et al., 2004). Complementary to the role iron plays in cellular functions, there is some evidence linking levels of iron in subcortical structures to higher-level cognitive functions (Sullivan et al.,
2009; Penke et al., 2012). It is thus likely that a gradual distribution of iron in the STN
is related to its functional organization. Third, four out of 24 participants showed more
than one gradient orientation cluster. One explanation for these interindividual differences could be the size of the masks, inducing partial volume effects related to the
limited resolution compared to the post-mortem tissue. Partial volume effects might
80
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have yielded gradient vectors pointing into the STN, in particular at the dorsal and
ventral borders. These gradients are then exactly opposing each other, and will thus be
treated as separate clusters by the clustering algorithm. Arguably, this is an artifact and
not an actual property of the iron distribution within the STN. A solution for the removal of these artificially induced clusters is to use additional eroding of the masks.
However, we decided to leave the original data as unprocessed as possible to avoid any
bias towards one of the two hypotheses.
Conclusion
In conclusion, the work presented here shows an increased concentration of iron in the
medial-inferior tip of the STN. Iron concentrations in the STN increase gradually towards this tip. It is likely that this gradual increase is related to the functional organization of the STN. The current finding of a gradual organization is at odds with the
prominent idea of a one-to-one mapping between clearly discernible cytoarchitectonic
areas and specific cognitive functions such as the popular tripartite motor-cognitivelimbic model of the STN (Rodriguez-Oroz et al., 2009). We propose to update the
tripartite motor-cognitive-limbic model of the STN which, in our opinion, should include transition zones as has been previously proposed by several authors (e.g. (Alexander et al., 1986; Alkemade, 2013; Haynes and Haber, 2013). Still, further experiments, including studies of tissue composition and histology are needed in order to
provide more insight into the anatomical organization of the STN.
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Chapter 6

Brain networks of perceptual decision-making: an fMRI
ALE meta-analysis.

This chapter is based on:
Keuken, M.C., Muller-Axt, C., Langner, R., Eickhoff, S., Forstmann, B.U., & Neumann, J. (2014). Brain networks of perceptual decision-making: an fMRI ALE metaanalysis. Frontiers in human neuroscience 8; 1-14.
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Abstract
In the recent perceptual decision-making literature, a fronto-parietal network is typically reported to primarily represent the neural substrate of human perceptual decisionmaking. However, the view that only cortical areas are involved in perceptual decisionmaking has been challenged by several neurocomputational models which all argue
that the basal ganglia play an essential role in perceptual decisions. To consolidate
these different views, we conducted an Activation Likelihood Estimation (ALE) metaanalysis on the existing neuroimaging literature. The results argue in favor of the involvement of a frontal-parietal network in general perceptual decision-making that is
possibly complemented by the basal ganglia, and modulated in substantial parts by task
difficulty. In contrast, expectation of reward, an important aspect of many decisionmaking processes, shows almost no overlap with the general perceptual decisionmaking network.
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Introduction
Many of our decisions in everyday life rely on our senses and how quickly and accurately we extract information from our environment. Consider, for example, driving
down the highway on a motorcycle while it starts to rain. Soon, your visibility is significantly reduced due to accumulating raindrops on your helmet visor and it becomes
harder to see if the car in front of you is slowing down and whether you need to slow
down as well.
Which brain areas are involved in these kinds of perceptual decision-making processes
is a key question in cognitive neuroscience (Schall, 2001; Krawczyk, 2002; Platt,
2002; Romo and Salinas, 2003; Romo et al., 2003; Gold and Shadlen, 2007; Heekeren
et al., 2008; Ding and Gold, 2013). While most of the current insights stem from single-unit recordings in monkeys, an increasing number of functional magnetic resonance imaging (fMRI) studies have addressed the neural correlates of perceptual decision-making in humans (Kim and Shadlen, 1999; Schall, 2001; Shadlen and Newsome,
2001; Krawczyk, 2002; Platt, 2002; Glimcher, 2003; Romo and Salinas, 2003; Gold
and Shadlen, 2007; Churchland et al., 2008; Heekeren et al., 2008). These studies frequently employ simple perceptual discrimination tasks, which typically feature two or
more forced-choice alternatives at varying levels of difficulty (Gold and Shadlen,
2007). A straightforward way of manipulating the difficulty is to change the amount of
sensory evidence provided by the experimental stimuli. For example, the number of
coherently moving dots in the often-used ‘random dot motion paradigm’ may be reduced in order to make the judgment on the direction of motion considerably more
difficult (Britten et al., 1992; Palmer et al., 2005).
Evidently, a key question in this line of research is which brain areas or networks are
involved in choices that are based on varying degrees of sensory evidence. Neurophysiological evidence in monkeys suggests that the decision-forming process for such
simple perceptual decision-making tasks starts off with the integration of sensory evidence for each choice by lower-level sensory neurons (Heekeren et al., 2008). The
decision is then thought to be computed in higher-order cortical regions by comparing
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the difference in amount of sensory information for each choice. Once enough evidence in favor of a certain choice has been accumulated, the information is passed on
to the motor system, thereby enabling the execution of an action associated with that
specific decision (Gold and Shadlen, 2007; Heekeren et al., 2008). Previous studies
have argued for a fronto-parietal network to subserve this functionality and hence to
enable simple perceptual decision-making (Ho et al., 2009; Kable and Glimcher, 2009;
Li et al., 2009; Mulder et al., 2012).
The presumption that perceptual decision-making is primarily implemented by a fronto-parietal network, however, has been challenged by recent neuro-computational
models. These models state that the basal ganglia (BG) are likewise essential for the
computation of perceptual decisions and should not be neglected in theorizing (Bogacz, 2007; Ding and Gold, 2013). The BG is a collection of subcortical nuclei that
anatomically consist of the striatum and pallidum. Additionally, the subthalamic nucleus and the substantia nigra are functionally considered to be part of the BG (Federative Committee on Anatomical Terminology, 1998).
It has been argued that the BG as a whole implement a central gating mechanism by
evaluating the evidence of each choice alternative facilitating the appropriate behavioural response for the alternative with the most supporting evidence (Lo and Wang,
2006; Bogacz and Gurney, 2007; Frank et al., 2007). More specifically, the model by
Bogacz and Gurney (2007) proposes that the striatum is involved in encoding certain
actions whereas the subthalamic nucleus inhibits the output to the thalamus until
enough information is accumulated. In line with this reasoning, several fMRI studies
have shown an involvement of the striatum in flexibly adapting the response regime in
such simple perceptual decision-making tasks (Forstmann et al., 2008a; 2010b; van
Maanen et al., 2011). Other studies argue for the involvement of the subthalamic nucleus in task-switching or in mediating the decision-threshold under stimulus conflict
(Cavanagh et al., 2011; Mansfield et al., 2011). In addition, there is a large body of
literature on the involvement of the BG in reward-based decision-making (Kawagoe et
al., 1998; Tanaka et al., 2004; Liu et al., 2011; Mulder et al., 2013). While these results
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point towards an involvement of subcortical brain structures in several aspects of perceptual decision-making, it remains unclear if the BG are also involved in decisionmaking aspects such as task difficulty.
Finally, several recent reviews hypothesize that the perceptual decision-making network serves as a core network that can be recruited for other forms of decision-making
such as reward-based decision-making (Gold and Shadlen, 2001; Heekeren et al.,
2008). However, whether or not this theory holds, has yet to be shown. By combining
the literatures on perceptual and reward-based decision-making, it becomes possible to
test whether reward-based decision-making recruits a similar network as does perceptual decision-making.
The present study set out to address the following questions:
1) Which cortical and subcortical brain areas are consistently involved in
simple perceptual decision-making?
2) To what extent is this perceptual decision-making network modulated by
task difficulty?
3) To what extent does the task-general network for simple perceptual decision-making overlap with a reward-based decision-making network?
In order to answer these questions a number of Activation Likelihood Estimation
(ALE) meta-analyses of fMRI studies were conducted on simple perceptual decisionmaking tasks as well as reward-based decision-making. Such meta-analyses go beyond
qualitatively pooling results from diverse neuroimaging experiments by quantitatively
modeling reported brain coordinates and statistically testing their convergence across
studies in standard brain space (Turkeltaub et al., 2002; Neumann et al., 2008; Eickhoff et al., 2009; 2012).
Methods
A comprehensive search for relevant neuroimaging studies in the field of perceptual
decision-making was carried out using the PubMed database (www.pubmed.org). The
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three main keywords utilized were ‘fMRI’, ‘neural’, and ‘brain’. Each of these keywords was entered in combination with general keywords (e.g., ‘perceptual decisionmaking’) as well as more specific keywords (e.g., ‘random dot motion’ see Table 1 for
all keywords).
Based on the information contained in the abstracts of all papers returned, empirical
studies were selected to meet the following inclusion criteria: (1) Studies were published in peer-review English language journals between January 2000 and March
2012; (2) they employed fMRI in healthy adults; (3) participants engaged in simple
decision-making tasks with at least two alternatives that did not explicitly require higher-order cognitive functions such as language or memory; (4) studies reported a Task >
Control contrast or a Hard > Easy contrast of the experimental task; and (5) they reported whole-brain activations as 3D coordinates in stereotactic space of Talairach or
the Montreal Neurological Institute (MNI). Subsequently, the full texts of all applicable studies were read to confirm the valid inclusion in the meta-analysis. Finally, the
included empirical studies were cross-referenced, and the whole selection process was
repeated for the newly obtained empirical papers.
Additionally, to increase the number of possible relevant empirical studies, all abstracts returned by PubMed were scanned for reviews. This was done by searching the
initial list of abstracts returned by PubMed for the keywords ‘review’, ‘summary’, and
‘summarize’. Based on the abstracts of the obtained reviews, only reviews that covered
the topic of decision-making were then cross-referenced, and the whole selection process was repeated for the newly obtained empirical papers.
Two independent raters completed the entire article inclusion procedure, and only
articles that both raters agreed on were included in the final sample. See Figure 1 for
an overview of the selection and inclusion process and Table 2 for the included studies.
Note that several studies reported both Task > Control and Hard > Easy contrasts.
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Table 1. All the keyword combinations used to search the PubMed database where the first column
was combined with the second column. The numbers indicate the total number of papers returned for
the corresponding keyword combination. The other combinations did not yield new results.
fMRI

Neural

Brain

	
  

random dot motion

50

perceptual decision-making

122

faces and houses

79

speed accuracy tradeoff

10

speed accuracy

296

speed-accuracy-tradeoff

8

speed-accuracy

21

perceptual discrimination

326

perceptual judgement

85

random dot kinematogram

2

motion discrimination

165

evidence accumulation

219

perception noise

421

random dot motion

117

perceptual decision-making

234

speed accuracy tradeoff

21

evidence accumulation

356

random dot motion

267

perceptual decision-making

402

speed accuracy tradeoff

29

89
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Figure 1. The selection procedure for the inclusion of empirical studies. The left arm shows the
selection process of the empirical studies based on the abstracts. The right arm shows the selection
process of the review papers based on the abstracts. The number of results per selection stage is
reported in bold. Several keywords resulted in the inclusion of the same study, which is reflected by
the total N. Subsequently only the unique papers were used in the next selection step. The interrater
congruency between the two independent raters is reported in italics. For instance, of the 3102
empirical abstracts, both raters independently agreed on 98.17% of the abstracts to either exclude
them or to read the full text. The remaining abstracts were discussed and a consensus was reached
on whether to exclude the abstract or to read the full text.
Table 2. A summary of the included studies per Activation Likelihood Estimate (ALE) analyses. Several studies conducted multiple experiments and each experiment is reported as a separate contrast.
Number of Number

Statistical

Smoothing

Subjects

of Foci

Threshold

FWHM

Face Recognition

16

4

FDR 0.05

8mm

Object Recogni-

14

1

FWE

8mm

Contrast

Author

Task

Task >

(Banko et al., 2011)
(Bode et al., 2012)

Control
tion
(Ivanoff et al., 2008)

RDM Motion

0.001
22

49

FDR 0.05

4mm

20

7

Unc.

6mm

Discrimination
(Kahnt et al., 2011)

Gabor Patch
Orientation

0.0001

Discrimination
(Lewis et al., 2000)
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10

9

Unc. 1x10-

4mm
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5

Discrimination
RDM Discrimina-

9

10

Tactile Motion

4mm

11

tion
(Lundblad et al., 2011)

Unc. 1x10-

16

24

FWE 0.05

8mm

7

30

Cluster

5mm

Discrimination
(Singh and Fawcett,
2008)*
(Snyder et al., 2011)

RDM Discrimination
RDM Discrimina-

0.01
10

15

FDR 0.05

8mm

10

11

FDR 0.05

8mm

tion
Object Recognition
Hard >

(Banko et al., 2011)

Face Recognition

16

10

FDR 0.05

8mm

(Bode et al., 2012)

Object Recogni-

14

1

FWE

8mm

Easy
tion
(Fleming et al., 2010)*

Face vs House

0.001
14

2

12

14

8

5

11

11

FDR 0.05

4mm

5

22

Unc.

5mm

Discrimination
(Heekeren et al., 2004)

Face vs House
RDM DiscriminaRDM Discrimina-

Unc.

8mm

0.0001

tion
(Ho et al., 2009)

8mm

0.001

Discrimination
(Heekeren et al., 2006)*

Cluster

Unc.

8mm

0.005

tion
(Kayser et al., 2010a)

RDM Discrimination
Color Discrimina-

0.0001
5

18

tion
(Kayser et al., 2010b)

RDM DiscriminaObject Recogni-

6

25

(Philiastides and Sajda,
(Sunaert et al., 2000)

Face vs Cars

19

9

12

5

Face vs House

Cluster

8mm

Cluster

8mm

0.05
8

5

tion
(Tosoni et al., 2008)*

6mm

0.05

Discrimination
RDM Discrimina-

Unc.
0.0001

tion
2007)*

5mm

0.0001

tion
(Noppeney et al., 2010)

Unc.

Cluster

10mm

0.05
12

18

Unc. 0.05

n.s.

Discrimination

FWHM: full width at half maximum, RDM: random dot motion, Unc: uncorrected, FWE: familywise
error rate, FDR: false discovery rate, n.s.: not stated. *: coordinates acquired via personal communication.
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For answering the third question of this paper (i.e., the specificity of the task-general
network for simple perceptual decision-making tasks), a separate meta-analysis was
conducted on reward-based decision-making to assess the overlap as well as the difference between perceptual and reward-based decision-making. Selection of relevant
studies was based on a recently published ALE meta-analysis on reward processing in
the brain conducted by Liu et al. (Liu et al., 2011). For this meta-analysis, the authors
identified 142 neuroimaging studies that examined brain activation in reward-related
decision-making tasks in healthy adults. In order to ensure direct comparability with
the perceptual decision-making meta-analysis, only a subset of these studies was chosen here. Specifically, only studies reporting Reward > Control contrasts were considered. In these studies, the reward condition contained a cue informing the participant
that one of the choice alternatives would result in a larger reward, whereas in the control condition the participant received a neutral cue. In addition, only studies that assessed the BOLD response in a time window comparable to the perceptual decisionmaking tasks (i.e., the actual decision process rather than later components such as the
period between making a response and receiving feedback) were selected.
See Table 3 for the studies included in the meta-analysis on reward-based decisionmaking.
Table 3. The studies selected from the meta-analysis of Liu et al. (2011). Several studies conducted
multiple experiments and each experiment is reported as a separate contrast.
Contrast

Author

Task

Reward Anticipation > Control

(Adcock et al., 2006)

MIE

(Knutson et al., 2001)
(Knutson et al., 2003)
(Bjork, 2004)
(Fukui et al., 2005)

MID
MID
MID
IGT

(Juckel et al., 2006)

MID

(Satterthwaite et al., 2007)
(Ströhle et al., 2008)
(Xue et al., 2009)
(Wrase et al., 2007)

Gambling
MID
Cubs task
MID

Number of
Subjects
12
12
8
12
12
14
14
10
10
26
10
13
16
16

Number
of Foci
17
17
2
7
13
1
1
9
18
6
7
9
3
2

MIE: Monetary Incentive Encoding, MID: Monetary Incentive Delay, IGT: Iowa Gambling Task.
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Activation Likelihood Estimation
ALE analyses were performed using the BrainMap application GingerALE, version 2.3
(http://brainmap.org/ale/). All activation foci of the included studies that were originally reported in Talairach space were converted to the MNI stereotactic space using the
Lancaster et al. (Lancaster et al., 2007) transformation algorithm. Within ALE, these
activation foci are modelled as the center of a three-dimensional Gaussian probability
distribution reflecting the spatial uncertainly associated with the respective neuroimaging findings. Combining these distributions within and across experiments, a statistical
whole-brain map is created that yields an estimate of the activation likelihood (i.e.,
ALE value) for each voxel, based on all reported activation foci (Eickhoff et al., 2009).
In order to confine the number of inflated ALE values arising from experiments reporting many proximate activation foci, a non-additive ALE method was chosen (Turkeltaub et al., 2012). Utilizing this approach, significant ALE values are less likely to
be caused by simple within-experiment effects, but reflect the actual concordance in
activation patterns between the different experiments. Furthermore, the FWHM of the
3D probability distribution was estimated per individual study, resulting in a higher
specificity of the actual overlap between studies (Eickhoff et al., 2009).
Subsequently, to test against the null hypothesis of spatial independence of activation
foci, the analytical approach based on a non-linear histogram integration as described
by Eickhoff et al. (Eickhoff et al., 2012) was employed. To correct for multiple comparisons, a cluster-level approach with a cluster-forming threshold of p = 0.05 was
used. To estimate a null-distribution of cluster sizes, a random set of experiments was
created with the same characteristic as the actual data but with random coordinates. For
this random set, the same ALE analysis was performed and this process was repeated
10,000 times to create a null-distribution of cluster sizes. In the following, all clusters
that exceeded the critical threshold to control for the cluster-level family wise error
rate at p < 0.05 are reported.
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Testing for overlap between different task aspects
The overlap between the Task > Control contrast, the Hard > Easy contrast, and the
Reward > Control contrast was analysed by computing the pairwise minimum conjunction of the respective ALE maps (Nichols et al., 2005), whereas unique clusters for
each contrast were identified by pairwise subtraction analyses (Eickhoff et al., 2011).
The subtraction analysis entailed that all experiments that contributed to the initial
contrast were pooled and randomly divided into two equally sized groups. The ALE
values for these two randomly divided groups were then calculated, and the difference
between these ALE values was recorded per voxel. This process was repeated 10,000
times and resulted in a null-distribution for the difference in ALE values. The actual
observed difference between the two contrasts was then compared to the nulldistribution and resulted in a p-value map. This map was statistically thresholded at a
level of p < 0.05, resulting in a set of areas that were reliably associated with one of the
two networks but not the other.
Anatomical labels for the final activation cluster locations were determined using the
Anatomy Toolbox and the Harvard-Oxford atlas as implemented in FSL, version 5.0.2
(Eickhoff et al., 2005; Desikan et al., 2006; Eickhoff et al., 2006; Makris et al., 2006;
Eickhoff et al., 2007).
Results
Figure 2 shows the location of the activation clusters revealed by the three individual
meta-analyses. The ALE meta-analysis for Task > Control, based on 10 contrasts and
160 foci, revealed 12 significant clusters. The largest clusters were located in the bilateral pre-supplementary motor area (pre-SMA), bilateral anterior insula, the right putamen, the right opercular supramarginal area (PFop, (Triarhou, 2007; Caspers et al.,
2008) located in the supramarginal gyrus, and the left middle frontal gyrus (MFG). See
Table 4 for the coordinates of all the 12 clusters that form this perceptual decisionmaking network.
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The ALE analysis for
Hard > Easy was based on
13 contrasts and 145 foci
and revealed 17 separate
clusters of activation. The
largest

clusters

where

found in the right preSMA, bilateral anterior
insula, bilateral precentral
gyrus, bilateral inferior
frontal gyrus (IFG), and
the left superior frontal
gyrus (SFG). See Table 4
for the coordinates of the
17 clusters that are part of
the task-difficulty-related
network.
Figure 2. The significant Activation Likelihood Estimate (ALE)
clusters for the three separate ALE analyses in standard Montreal Neurological Institute space. Red: Task > Control; blue: Hard

The ALE analysis for the
Reward > Control con-

> Easy; green: Reward > Control. Numbers indicate Z coordi-

trast, based on 14 contrasts

nates in MNI space.	
  

and 112 foci, showed a

network that was distributed over frontal and subcortical areas. The largest clusters
were located in the bilateral striatum, right substantia nigra (SN), right IFG, left insula,
and right superior medial gyrus (SMG). Notably, the Reward > Control ALE analysis
did not show any parietal activation. See Table 4 for the coordinates of the local maximum ALE values.
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Table 4. Significant activation clusters of the Activation Likelihood Estimate (ALE) analyses. Several
clusters had multiple peak ALE values and are reported in ALE as subclusters. Note that these do not
have a volume estimate as they are part of the main cluster.
Number of
Volume

Contrast

Region

Task >

L pre-SMA

Control

R pre-SMA

(minimum

R insula; anterior part

cluster size

R insula; anterior part

304mm3)

L insula; anterior part

768

R putamen

ALE(x10

studies /

3

Foci per

x

y

z

-2

18

46

19.3

6

12

58

8.8

30

24

2

17.05

40

18

-4

14.4

-32

18

-2

14.7

3/3

448

22

8

2

15.2

2/2

432

56

-16

24

14.7

2/2

L middle frontal gyrus

432

-28

-4

52

11.2

1/1

R posterior cingulate gyrus

312

4

-36

34

11.6

2/2

312

42

-42

46

10.7

2/2

304

46

-66

4

12.1

2/2

304

-56

10

22

10.4

2/2

(mm3)

)

cluster

R inferior parietal lobule
(PFop)

R inferior parietal lobule
(hIP2)
R anterior occipital sulcus
(hOC5)
L inferior frontal gyrus; p.
opercularis

2560
1304

4 / 10
4/5

Hard > Easy

R pre-SMA

4040

2

18

46

24.7

9 / 10

(minimum

R insula; anterior part

3560

38

20

0

20.1

9/9

cluster size

R inferior frontal gyrus; p.

320mm3 )

triangularis

50

22

12

9.7

R precentral gyrus

2328

42

4

32

25.4

6/6

R angular gyrus; hIP3

2168

28

-60

46

14

6/7

24

-72

42

10.5

-40

8

28

11.4

-46

-2

38

11

R superior occipital
gyrus; SPL
L inferior frontal gyrus; p.
opercularis

1904

L precentral gyrus
L precentral gyrus

-38

-2

26

7.9

L insula; anterior part

1840

-32

22

4

17.5

6/6

R precentral gyrus

1448

32

-6

54

15.3

4/5

L superior frontal gyrus

1008

-22

4

60

11.6

3/4

-24

-10

58

9

-26

-66

54

10.5

L superior frontal gyrus
L superior parietal lobule
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(SPL)
R inferior parietal lobule

680

42

-46

52

12.3

2/3

552

-30

-50

44

12.4

2/2

520

-30

-90

10

11.4

1/1

R middle occipital gyrus

440

32

-84

10

11.3

2/2

L calcarine gyrus

432

-10

-96

-4

12

2/2

R calcarine gyrus

360

16

-98

4

11.5

2/2

R middle frontal gyrus

360

32

46

16

10.6

2/2

(hIP3)
L inferior parietal lobule
(hIP3)
L middle occipital gyrus
(hOC3v)

L superior occipital gyrus

320

-22

-76

30

9

2/2

Reward

R caudate nucleus

15208

12

10

-10

33

8 / 48

Anticipation

L putamen

-12

8

-10

26.5

> Control

L caudate nucleus

-6

2

0

23

(minimum

R pallidum

10

4

-2

17.7

cluster size

R rectal gyrus

22

12

-16

17.2

288mm3)

L thalamus

0

-18

10

16

R amygdala

22

2

-20

15

L amygdala

-14

2

-16

14.3

8

-16

-16

19.6

-2

-16

-18

14.1

36

22

-22

14.4

42

22

-14

13

R substantia nigra

1664

L mammillary body
R inferior frontal gyrus; p.
orbitalis

1568

R inferior frontal gyrus; p.
orbitalis

2/5

4/5

R superior medial gyrus

1040

6

46

30

15.2

3/4

L insula; anterior part

1000

-38

14

-16

14.5

2/4

448

-22

-74

-42

13.8

1/2

440

0

42

12

10

2/3

6

52

16

9.3

L cerebellum; lobule VII
crus II
L anterior cingulate gyrus
R superior medial frontal
gyrus

L: left, R: Right, SMA: supplementary motor area.
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Subsequently, a conjunction
analysis across the Hard >
Easy and Task > Control
contrasts was performed in
order to assess to what extent the perceptual decisionmaking network was modulated by task difficulty. Results of this analysis revealed a substantial overlap
in the conjunction map including a cluster in the right
anterior insula, right preSMA, left premotor cortex
and

right

magnocellular

supramarginal area (PFm,
(Triarhou, 2007; Caspers et
al., 2008) in the inferior
parietal lobule. Thus, considerable parts of the percepFigure 3. The significant conjunction and subtraction clusters
in standard Montreal Neurological Institute space. Green: The
significant conjunction clusters for the task-general network

tual

decision-making

net-

work were modulated by

and the task difficulty network are located in the right pre-

task difficulty. See Figure 3

SMA, left pre-motor cortex, bilateral anterior insula, and right

for the location of the signif-

PFm. Blue: The significant conjunction cluster for the task-

icant conjunction clusters.

general and reward networks is located in right anterior insu-

Finally, the subtraction anal-

la. Red: The unique areas for the task-general network compared to the reward-based network are located in left preSMA cortex, right hIP2, and right anterior insula. Violet: The

ysis did not show any significant differences in the like-

unique areas for the reward-based network are located in left

lihood of activation for the

nucleus accumbens and right frontal orbital cortex. Numbers

Hard > Easy contrast com-

indicate Z coordinates in MNI space.	
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pared to the Task > Control contrast or vice versa.
To test the specificity of the task-general network for simple perceptual decisionmaking, it was compared to the reward-based decision-making network. The conjunction analysis across the Task > Control and Reward > Control contrasts showed one
small area of overlap in the right anterior insula. See Figure 3 for the significant conjunction cluster. The subtraction analysis revealed that the perceptual decision-making
network had unique activation in the left pre-SMA, the right second human intraparietal sulcus (hIP2,(Choi et al., 2006), and again in the right anterior insula, the latter
cluster being located more inferior than the anterior insula cluster resulting from the
conjunction. Conversely, the reward-based decision-making network showed unique
involvement of the left nucleus accumbens and right orbito-frontal cortex (see Figure
3). See Table 5 for the coordinates of the local maximum ALE values revealed by the
conjunction and differences between the two networks.
Table 5. Significant activation clusters of the conjunction and subtraction analyses. Several clusters
had multiple peak Activation Likelihood Estimate (ALE) values and are reported in ALE as subclusters. Note that these do not have a volume estimate as they are part of the main cluster.
Contrast

Region

Volume

x

y

z

ALE(x10 3)

3

(mm )

Number of
Studies / Foci
per cluster

(Task > Control) ∩

R pre-SMA

1712

1

17

45

18.4

9/9

(Hard > Easy)

R insula; anterior

824

40

18

-4

14.4

8/8

32

22

2

13.8

344

-32

20

1

12.5

2/2

104

43

-44

48

10

2/2

part
R insula; anterior
part
L insula; anterior
part
R inferior parietal
lobule (PFm)
L premotor cortex

8

-26

-10

56

7.8

(Task > Control) ∩

R insula; Anterior

16

42

20

-8

8.4

(Reward > Control)

part

(Task > Control) >

L pre-SMA

2280

-1

15

46

3

(Reward > Control)

R superior frontal

4

18

34

2.85
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gyrus
R inferior parietal

312

42

-42

45

2.6

216

32

23

6

2.91

34

23

2

2.81

2/2

lobule (hIP2)
R insula; anterior
part
R insula; anterior
part
(Reward > Control)

L accumbens

-6

7

-9

3.72

> (Task > Control)

L amygdala

4456

-11

-1

-16

3.54

L amygdala

-16

0

-15

3.19

L caudate nucleus

-8

5

3

3.04

L accumbens

-11

9

-10

2.93

L frontal orbital

-21

12

-17

2.77

L putamen

-13

7

-3

2.72

L frontal orbital

-18

20

-16

2.71

26

10

-18

3.09

26

14

-18

3.06

R putamen

12

11

-12

2.99

R frontal orbital

15

12

-18

2.97

16

3

-17

2.83

19

2

-21

2.82

7/14

cortex

cortex
R frontal orbital

2984

8/12

cortex
R frontal orbital
cortex

cortex
R parahippocampal
gyrus
R Hippocampus
entorhinal cortex

Discussion
This study set out to identify the consistent brain network underlying perceptual decision-making tasks. Such network can be obtained from quantitative meta-analyses
techniques for functional imaging studies such as ALE, multi-kernel density analysis
(MKDA), model-based clustering, or similar approaches that received considerable
attention in the neuroimaging community in recent years (e.g., (Turkeltaub et al., 2002;
Neumann et al., 2005; 2008; Wager et al., 2009; Neumann et al., 2011; Yarkoni et al.,
2011; Eickhoff et al., 2012). We thus conducted an ALE meta-analysis of fMRI findings in simple perceptual decision-making experiments. In addition to identifying the
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task-general network for perceptual decision-making, we assessed its possible modulation by task difficulty. Finally, we tested the specificity of the perceptual decisionmaking network by comparing the results to a meta-analysis of reward-based decisionmaking experiments.
Perceptual decision-making network
In accordance with several reviews (Schall, 2001; Gold and Shadlen, 2007; Heekeren
et al., 2008), the task general network for perceptual decision-making revealed by our
analysis comprised several distinct cortical areas. Frontal areas included the pre-SMA,
involved in setting response thresholds (Forstmann et al., 2008b; van Maanen et al.,
2011); and the left IFG pars opercularis. The latter is an area that is conventionally
thought to be involved in linguistic processes, but there are several reports on its involvement in motor planning and response inhibition that could explain why a cluster
of activation was found in this region (Heiser et al., 2003; Johnson and Grafton, 2003;
Gough et al., 2005; Pobric, 2006; Swick et al., 2008). Finally, a recent meta-analysis
further revealed that the posterior part of Brodmann area 44, which would overlap with
the IFG pars opercularis, is involved in action processes (Clos et al., 2013).
In addition to these frontal areas, the bilateral anterior insula was found to be involved
in the perceptual decision-making network. This area is believed to play an integrative
role in perception-action coupling and is shown to be consistently involved in a wide
range of paradigms (Kurth et al., 2010; Sterzer and Kleinschmidt, 2010; Langner and
Eickhoff, 2012; Chang et al., 2013).
The parietal areas of the perceptual decision-making network included the PFop; an
area implicated in processing spatial orientation (Mochizuki et al., 2002) and the hIP2;
an area involved in processing spatial attention and numerical cognition (Wu et al.,
2009; Uddin et al., 2010). Further smaller clusters were found in the posterior cingulate
cortex (PCC), an area thought to be involved in task engagement or decision salience
(Heilbronner et al., 2011). Additionally, a small cluster was found in the fifth human
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occipital area (hOC5), an area reported to be involved in the coding for visual form,
motion, and the representation of objects (Vaina et al., 2001; Malikovic et al., 2006).
Importantly, as predicted by several neuro-computational models, this cortical network
was complemented by subcortical activation, specifically, in the right putamen. The
putamen together with the caudate forms the striatum and functions as a major input
structure for the BG, as it receives a wide range of cortical inputs and is thought to be
essential for action selection, learning, and reward prediction (Bogacz, 2007; Bogacz
and Gurney, 2007; Chakravarthy et al., 2010; Ding and Gold, 2013). According to the
model by Bogacz and Gurney (Bogacz and Gurney, 2007), the activity in the striatum
reflects the encoding of certain actions. While the neuro-computational models of Bogacz and Gurney do not make explicit differential predictions for the two striatal subparts, the finding of convergence in the putamen was not surprising. Previous work has
shown that the putamen is more involved in limb movements whereas the caudate
might be more involved in oculomotor responses (Alexander and Crutcher, 1990; Ding
and Gold, 2013). Furthermore, the putamen is known to be connected to several of the
aforementioned cortical areas (Leh et al., 2007; Helmich et al., 2010).
However, it should be noted that the two studies contributing to the putamen cluster
both used a passive control task where no response was necessary. In both studies subjects had to either respond with both hands or only with the left hand (Ivanoff et al.,
2008; Lundblad et al., 2011). Therefore, we cannot rule out the possibility that the
putamen cluster solely reflects a difference in motor-related task demands. However,
based on evidence complementing our analysis, we would propose that the observed
putamen likely implements more than just the motor response. Previous model-based
fMRI studies have attributed activation in the putamen not solely to the motor implementation of the decision, but also to the processing of prior information regarding the
stimuli (Forstmann et al., 2010b; Nagano-Saito et al., 2012). Using linear accumulation
models to analyse the functional data, both studies were able to separate the actual
motor response from the decision-making process and found evidence for the putamen
being involved in encoding response bias (Ding and Gold, 2013). However, in our
results this interpretation of the putamen cluster should be taken with caution, as the
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contributing coordinates for the putamen were derived without using such mathematical models and warrant further investigation.
While the involvement of the BG cannot be resolved conclusively based on the data
currently available for meta-analyses, results regarding our first research question
speak in favour of a perceptual decision-making network that comprises of both cortical and possibly subcortical regions. Moreover, the analysis revealed that this network
consisted of a set of nodes involved in task engagement, information encoding, response caution setting, and finally action implementation, resembling most stages necessary for making a decision (Shadlen and Newsome, 2001; Platt, 2002; Glimcher,
2003; Gold and Shadlen, 2007).
Task difficulty effects on the perceptual decision-making network
The individual meta-analysis on task difficulty revealed that the right pre-SMA, involved in setting response thresholds (Forstmann et al., 2008b; van Maanen et al.,
2011) and the left SFG an area that is reported to be involved in selective attention
(Cutini et al., 2008) , were part of the task difficulty network. In the parietal lobule, a
significant cluster was found in the bilateral area hIP3 an area that is the possible human homologue of the macaque ventral portion of the lateral intraparietal cortex
(LIP,(Gillebert et al., 2013). LIP activity has been repeatedly shown to reflect the
amount of information accumulated for each choice alternative (Shadlen and Newsome, 2001; Churchland et al., 2008). Based on these findings one would predict a
lower BOLD response in hIP3 for hard trials compared to easy trials as the amount of
available information is lower. An explanation for why the current meta-analysis found
an overall higher BOLD response in hIP3 could be an increased top-down modulation
of attention (Bisley, 2003; Heekeren et al., 2004; Hebart et al., 2012). Finally, bilateral
early visual cortices were found to be involved in task difficulty and this activation
might again be due to increased top-down modulation of attention (Spitzer et al., 1988;
Sunaert et al., 2000).
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The conjunction analysis showed that task difficulty modulated a subset of the perceptual decision-making network including right pre-SMA, right anterior insula, left premotor cortex, and right PFm. If task difficulty increases, it is expected that more attentional resources are necessary so that task performance does not suffer (Posner, 1980).
The PFm might facilitate this attentional modulation as it is thought to be essential in
the orientation of attention (Jakobs et al. 2012; Wu et al., 2009). With respect to our
second research question, the conjunction analysis revealed that several cortical areas
involved in perceptual decision making are effected by task difficulty.
Differences between perceptual and reward-based decision-making
The final question of the present study was to test the specificity of the perceptual decision-making network. We conducted an additional ALE meta-analysis focusing on
reward-related decision-making tasks. The Reward > Control contrast showed several
regions including right SMG, right IFG pars orbitalis, left insula, and anterior cingulate
gyrus (ACC). Several subcortical structures were found to be active including the striatum, the thalamus, and the SN, all areas that are deemed essential to the processing of
reward-related information (Helfinstein et al., 2013). No clusters were found in the
parietal cortex, which may seem surprising when taking the perceptual decisionmaking and task difficulty meta-analysis results into account. The main paradigm employed in the included reward-based decision-making studies was a monetary incentive
delay (MID) task. In the MID task, the participant is instructed to respond as quickly as
possible after receiving a cue that indicates the possible reward (Knutson et al., 2001).
In such a task, one might argue that continuous stimulus information does not need to
be accumulated, whereas in tasks such as the random dot motion paradigm where this
is clearly the case. This fundamental difference in paradigms would explain why areas
such as hIP3 are not consistently found in the current analysis on reward-based decision making. Comparing the perceptual and the reward-based decision-making networks only showed partial similarities as the conjunction analysis showed an overlap
in the right anterior insula. The subtraction analysis revealed that the perceptual decision-making network recruited a number of unique areas compared to the rewardbased decision-making network and vice versa.
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In conclusion, these results indicate that the core network involved in perceptual decision-making has almost no overlap with the network involved in reward-based decision-making. The anterior insula was the only area that was found to be active in all
three networks (including activity associated with perceptual task difficulty). This
finding is in line with previous work that argues that the anterior insula is a key node
involved in the integration of information from different sources and modalities (Sterzer and Kleinschmidt, 2010; Chang et al., 2013). The fact that the anterior insula is
active during simple perceptual decision-making, dissociates between low and high
task difficulty, and is involved in reward-based decision-making supports the hypothesis of the integrative nature of this area (Kurth et al., 2010; Menon and Uddin, 2010).
Limitations of the current study
The present study entails several limitations. First, only a limited number of studies
could be included in the current ALE meta-analyses on perceptual decision-making.
After a rigorous literature search, only 18 out of 3230 potential articles were deemed
suitable to be included. But even with the strict inclusion criteria, the suitable studies
still varied on a large number of variables such as statistical thresholds, smoothing
kernels, registration procedures to standard space, and MRI scanning parameters.
While current coordinate-based meta-analysis methods cannot account for all these
differences separately, ALE does estimate a spatial uncertainty per individual study
thereby alleviating some of the between-studies variability arising from varying study
specific parameters such as the number of subjects or the use of different brain templates (Eickhoff et al. 2009). The second limitation is the anatomical specificity of the
results. The included studies only report the peak coordinates of what is most likely a
larger activation area and are based on statistical procedures that include smoothing
kernels ranging from 4 to 8 mm FWHM. This inherently limits the anatomical specificity of the results of both the included studies as well as the current meta-analysis. A
third limitation is the lack of methodological or procedural information in some of the
original studies, which limits the assessment of their similarity to other data included in
the meta-analysis (Poldrack et al. 2008). For instance information regarding the use of
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a linear or nonlinear registration normalization procedure, whether incorrect responses
were included or whether the subjects responded with one or both hands was not always indicated. Fourth, the included data did not allow us to determine the precise role
of the BG in perceptual decision making as, based solely on activation coordinates, we
cannot distinguish different possible underlying processes that might have given rise to
the BG activation in the original publications. This would require model-based imaging methods that use parametric analyses to directly link functional activation to cognitive mechanisms. While such approaches exist (Forstmann et al. 2010; Nagano-Saito et
al. 2012) the currently available meta-analysis techniques cannot combine results from
parametric analyses with coordinates from purely contrast-based analyses. The final
more general, limitation is that not all conducted studies are reported in the literature,
as studies that fail to find significant results are typically not published. This phenomenon is often referred to as the ‘bias against null results’ or ‘the file drawer problem’
(Rosenthal, 1979). While this problem is common to all meta-analyses and cannot be
resolved

at

present,

initiatives

such

as

the

Open

Science

Framework

(http://openscienceframework.org/) and pre-registered reports in journals (Chambers,
2013) will help to overcome this limitation in the future.
Conclusions
The results of the current meta-analysis argue in favor of a frontal-parietal network
involved in perceptual decision-making that is possibly complemented by the basal
ganglia. While several cortical parts of this network, i.e. pre-SMA, anterior insula,
premotor cortex and the PFm, are modulated by task difficulty, our conjunction analysis yielded only a small functional overlap between perceptual and reward-based decision-making that is restricted to the anterior insula.In contrast, the subtraction analysis
revealed that a considerable number of areas that were uniquely involved in perceptual
decision-making compared to reward-based decision-making and vice versa.
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The subthalamic nucleus during decision-making with
multiple alternatives.

This chapter is based on:
Keuken, M.C., Van Maanen, L., Bogacz, R., Schafer, A., Neumann, J., Turner, R.,
Forstmann, B.U. (submitted). The subthalamic nucleus during decision-making with
multiple alternatives.
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Abstract
Several prominent neurocomputational models predict that an increase of choice alternatives is modulated by increased activity in the STN. In turn, increased STN activity
allows prolonged accumulation of information. At the same time, areas in the medial
frontal cortex such as the ACC and the pre-SMA are hypothesized to influence the
information processing in the STN. This study set out to test concrete predictions of
STN activity in multiple-alternative decision making using a multi-modal combination
of 7 Tesla structural and functional MRI, and ancestral graph modeling. The results are
in line with the predictions in that increased STN activity was found with an increasing
amount of choice alternatives. In addition, our study shows that activity in the ACC is
correlated with activity in the STN without directly modulating it. This result sheds
new light on the information processing streams between medial frontal cortex and the
basal ganglia.
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Introduction
Decision-making is ubiquitous in everyday life, and has attracted much attention in the
empirical and neurocomputational neurosciences (Shadlen and Newsome, 1996; Gold
and Shadlen, 2007; Forstmann et al., 2008b; Ho et al., 2009; Winkel et al., 2014).
However, many studies focus on two-alternative forced-choice decision-making tasks,
limiting the ecological validity of these studies (Churchland et al., 2008; Churchland
and Ditterich, 2012). To address this issue, recent animal studies have adapted the
frequently used binary-choice random dot (RDM) motion paradigm by increasing the
number of alternatives, showing that an increase in choice options prolonged the accumulation of evidence (Churchland et al., 2008). To incorporate such results in the
theoretical framework of decision-making, quantitative mathematical and neurocomputational models have been developed that make predictions about the latent psychological processes and brain structures involved in multiple-choice decision-making(Frank,
2006; Bogacz and Gurney, 2007; Bogacz et al., 2007; Churchland et al., 2008; Albantakis and Deco, 2009; van Maanen et al., 2012; Chau et al., 2014). Several of these
models focus on information processing in the basal ganglia (BG), and describe the
computations of its different structures, including the subthalamic nucleus (STN). Despite its small size, the STN is thought to play an important role in action selection due
to its unique anatomical position. The STN neurons project to inhibitory neurons in the
output nuclei of the BG, and thus STN activity effectively inhibits movements. Furthermore, individual STN neurons project to a wide range of the output nuclei neurons(Parent, 1995) and thus the individual STN neurons are thought to contribute to
inhibiting multiple motor plans (Gurney et al., 2001).
The function of the STN has been the subject of several hypotheses. First, it has been
proposed that while one action is being selected, the STN inhibits all actions. Since
only the activity of neurons representing the winning action can overcome the STN
inhibition, the STN activity results in “surround inhibition” of the other actions(Mink,
1996). Second, it has been suggested that when conflicting information is present that
supports more than one choice, STN neurons selective for all the supported choices
become active. This results in an increase in inhibition of all actions, which postpones
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movement initiation until the conflict has been resolved (Frank, 2006). As predicted by
this theory, it has been demonstrated that disrupting information processing in the STN
using deep brain stimulation shortens response times in high conflict trials (Frank et
al., 2007; Coulthard et al., 2012; Zavala et al., 2013). Third, it has been suggested that
activity in the BG approximates a decision procedure, known as the Multiple Sequential Probability Ratio Test (MSPRT)(Baum and Veeravalli, 1994), and computes the
probabilities that different actions will be appropriate according to Bayes’ theorem
(Bogacz and Gurney, 2007). This model suggests that the STN effectively computes
the normalization term in Bayes’ theorem, which ensures that probabilities of all actions add up to 1. In this model the STN fulfills the functions assigned to it by the surround inhibition and conflict theories. When the probability of one action increases, the
STN ensures that the probabilities of other actions decrease (to maintain a sum of 1).
Furthermore, when two actions receive equal support, the STN ensures that their probabilities do not exceed 0.5, so that neither of the action probabilities can exceed a higher threshold of confidence until the conflict is resolved.
Each of the above theories predicts that STN activity during decision-making should
increase with the number of choice alternatives. With more alternatives competing for
selection, more STN neurons will be selective for these alternatives, inhibiting other
options; there will be higher conflict and a prolonged need for movement inhibition
until the conflict is resolved; and there will be a need for more extensive normalization
of action probabilities. Here, by simulating the MSPRT model we generated predictions on how the activity in the STN and the observed behavior respond to the number
of choice alternatives in a multiple-choice RDM task. These MSPRT predictions were
then tested by acquiring 7 Tesla (T) functional Magnetic Resonance Imaging (MRI)
data while 15 participants complete a multiple-choice decision-making RDM task with
three, five or seven alternatives (see Figure 1).
The information processing in the BG is thought to be modulated by areas such as the
pre-supplementary motor area (pre-SMA) and the anterior cingulate cortex (ACC).
These two structures are known to be involved in perceptual decision-making (Ridder110 	
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inkhof et al., 2004; Keuken et al., 2014b) and are anatomically connected to the STN
(Keuken et al., 2012; Lambert et al., 2012). Previous work has shown that the preSMA modulates the response threshold (Forstmann et al., 2008b), while the ACC is
implicated in switching between response regimes (van Maanen et al., 2011). Taking
these anatomical and functional findings into account, these two areas may have an
important modulatory role on the STN activation in multiple-choice decision-making.
The present study also addressed a question of the directionality of the connection
between cortical and subcortical areas. More specifically, we tested the functional and
effective connectivity between the pre-SMA, ACC, and STN during decision-making
using a novel multi-modal combination of 7T structural and functional MRI, Diffusion
Weighted Imaging (DWI) data, and ancestral graph (AG) modeling (Waldorp et al.,
2011) (see Figure 1A). AG is a type of graphical modeling that enables the testing of
the presence and nature of functional and effective connections between nodes or regions of interest (ROI).
Materials and methods
Participants
15 healthy participants (nine female, mean age = 23.7, SD age = 1.58) were scanned.
All participants have normal or corrected to normal vision and none of them have a
history of neurological or psychological disorders. All participants were right-handed,
as confirmed by the Edinburgh Inventory (Oldfield, 1971). The study was approved by
the local ethical committee of the Max Planck Institute for Human Brain and Cognitive
Sciences in Leipzig. All participants gave written informed consent and received a
monetary reward for their participation.
General procedure
The experimental session lasted for two hours, during which the participant underwent
a behavioural session and a session in a 7 T MRI scanner. The behavioural sessions
consisted of a calibration procedure to determine the individual subjects' sensitivity to
the random-dot motion stimulus. This entailed a binary choice random-dot motion task
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Figure 1: The analysis pipeline and methods. A) Using individually segmented STN masks as a
ROI in a standard fMRI analysis the question is addressed whether the STN is involved in multiple alternative choice decision-making. To answer the question whether the pre-SMA or ACC
modulate the activity in the STN the BOLD signal is extracted per trial in the three ROI’s. Using
DWI tractography only the voxels that are probabilistically connected between the pre-SMA or
ACC and STN are selected. B) The level of coherently moving dots was determined per individual.
This was done by interpolating from the psychometric curve produced by the proportional-rate
diffusion and selecting the coherency level that was associated with 85% accuracy. C) Each trial
lasted for nine seconds. The duration of the fixation dot was jittered and varied between 500,
1000 and 1500ms. The cue was always valid and the locations of the targets did not vary within
or between subjects. A response was considered correct if the final location of the joystick was
within 20° of the correct target. If the response was outside of this window the response was
considered incorrect. The participants were aware of this response window and were instructed
to respond as fast and as accurate as possible. Seven percent of the trials were neutral trials in
which a fixation dot was displayed for nine seconds.

where the coherence was varied between 0, 10, 20, 40, and 80%. The calibration procedure started with a practice block of 20 trials to ensure that the participant understood the task and got familiar with using a joystick. The actual calibration task was
112 	
  

Chapter 7.
similar to the practice block but incorporated more trials, i.e., 400 trials in total, resulting in 80 trials per coherence level. After the calibration task, the participants performed one short practice block of 54 trials of the multiple-choice random-dot motion
task. Once this was completed, the participant was placed in the scanner and the practice block was repeated to familiarize with the scanner compatible joystick, which was
different than the joystick used in the calibration session. Finally the participant started
with the actual experiment, which consisted of two blocks of each 100 trials.
Random-dot motion paradigm
The stimuli were displayed using Presentation (version 16.1) and consisted of white
dots on a black background with a size of 3x3 pixels. The dots moved within a circle
with a diameter that reflected a visual angle of 5°, with a speed of 5°/s. The overall dot
density was 16.7 dots/deg2/s. On the first three frames of the motion stimulus, the dots
were located in random positions. For each of these frames, the dots were repositioned
after two subsequent frames. The dots were generated in a similar manner as the Variable Coherence Random-Dot Motion library (www.shadlen.org/Code/VCRDM). The
participant was instructed to move a joystick towards one of the targets to which the
direction of motion was perceived. For the binary calibration session two targets were
placed at the left and right side of the cloud of dots. For the multiple-choice decisionmaking task there were three, five, and seven targets equally spaced around the moving
dot cloud. The locations of the targets did not vary within or between subjects. A response was considered correct if the final location of the joystick was within 20° of the
correct target. This response window was equal for the two, three, five, or seven choice
alternatives and assured that any difference in response time or accuracy between the
choice alternatives was not due to motor response difficulty. If the response was outside of this window, the response was considered incorrect. The participants were
made aware of this response window and were instructed to respond as fast and as
accurate as possible.
Calibration Coherence level
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By using the proportional-rate diffusion model, the level of coherence was determined
for each individual separately at a level that corresponded to an accuracy level of 85%
correct for two alternatives (Palmer et al., 2005). This coherence level was determined
by interpolating from the psychometric curve produced by the proportional-rate diffusion model and was used for the ensuing multiple-choice random-dot motion task in
the scanner to ensure equal task difficulty across participants (Winkel et al., 2014). See
Figure 1B for an illustration of how the level of coherence was determined using the
psychometric curve derived from proportional-rate diffusion model fit. Observing the
behaviour of the first participant during the fMRI session it became clear that the determined coherence was too difficult and in line with previous work (van Maanen et
al., n.d.); therefore, the individual determined coherences were multiplied with a factor
of 1.3 for the ensuing participants. For example, if a coherence level of 10% was determined to correspond to an 85% accuracy level, a coherence level of 13% was used
in the scanner. This multiplication factor was decided on arbitrarily. Each trial lasted
for nine seconds, corresponding to three MR volumes per trial. If the participant responded within 200 ms of stimulus onset, the participant received “Too Fast” as feedback. If the participant responded between 1750 and 2000 ms, the participant received
“Too Slow” as feedback. If the participant failed to respond within 2000 ms, the participant received “No Response” as feedback. Figure 1C illustrates the layout and timing
of a single trial.
MRI data acquisition
All MRI data was acquired using a whole body 7T scanner (MAGNETOM, Siemens
Medical Solutions, Erlangen, Germany) using a 24 channel head coil (Nova Medical).
All subjects underwent three separate MRI sessions, one for the structural T1 and T2*
weighted anatomical scans, one session for the DWI scans, and finally a functional
MRI session which was preceded by the behavioural calibration session.
Structural scans
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The structural data that were used to segment the ROI’s consisted of three sequences: a
whole brain MP2RAGE (Marques et al., 2010); a zoomed MP2RAGE and a zoomed
FLASH (Haase et al., 1986).
The whole brain MP2RAGE had 240 sagittal slices with an acquisition time of 10:57
min (repetition time (TR) = 5000 ms; echo time (TE) = 2.45 ms; inversion times
TI1/TI2 = 900/2750 ms; flip angle = 5° / 3°; bandwidth = 250 Hz/Px; voxel size = 0.7
mm isotropic). The zoomed MP2RAGE slab consisted of 128 slices with an acquisition time of 9:07 min (TR = 5000 ms; TE = 3.71 ms; TI1/TI2 = 900/2750 ms; flip angle = 5° / 3°; bandwidth = 240 Hz/Px; voxel size = 0.6 mm isotropic) and was acquired
to facilitate the registration of the FLASH image to the whole brain MP2RAGE. The
zoomed FLASH slab consisted of 128 slices with an acquisition time of 17:18 min (TR
= 41 ms and three different echo times (TE): 11.22 / 20.39 / 29.57 ms; flip angle = 14°;
bandwidth = 160 Hz/Px; voxel size = 0.5 mm isotropic). Both of the slab sequences
consisted of axial slices covering the midbrain. All MP2RAGE and FLASH scans are
freely available (http://www.nitrc.org/projects/atag_mri_scans).
Diffusion weighted imaging
The DWI scans were used to only select the voxels within the ACC, pre-SMA, and the
STN ROI’s which were probabilistically connected with one and other. The DWI data
was acquired using spin-echo echo planar imaging (EPI) (Heidemann et al., 2010) and
consisted of 100 axial slices with a total acquisition time of 54:16 min (TR = 11.3 s,
TE = 67 ms, voxel size = 1.0 mm isotropic, GRAPPA acceleration factor = 3, diffusion
weighting was isotropically distributed along 60 directions, b-value = 1000 s/mm2,
AV= 4, for each repetition 7 images with no diffusion weighting (b0) was acquired).
Functional MRI
The fMRI images were acquired using a zoomed Field of View (FOV) covering a similar FOV as the zoomed anatomical slabs (Heidemann et al., 2012) as previously
used(Forstmann et al., 2008b). The two EPI runs consisted of 36 slices with an acquisition time of 15:17 min per run (EPI 2D, TR= 3000ms, TE= 19 ms. 36 slices, voxel
size= 1.5 mm isotropic, phase encoding direction r->l, GRAPPA acceleration factor 3.
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Number of pulses 300, bandwidth 1056 Hz/px, echo spacing 1.05 ms, partial Fourier
6/8). This was followed by the acquisition of a B0 field map helping to correct geometric distortions due to inhomogeneity’s in the B0 field. The FOV of the field map was
identical as the FOV for the EPI with an acquisition time of 4:53 min (TR= 1500 ms, Δ
TE = 1.02ms, 27 slices, voxel size= 2.0 mm isotropic, phase encoding direction r -> l).
ROI segmentation for ancestral graph model
The STN segmentation was done on the individual FLASH images according to the
previously described segmentation protocol(Forstmann et al., 2008b; 2012; Keuken et
al., 2013). The resulting mean (SD) STN inter-rater volume was 62.25 (15.19) mm3.
The mean (SD) Cohen’s Kappa was 0.74 (0.09) indicating a good inter-rater reliability.
The pre-SMA was identified using the coordinates reported by Johansen-Berg et al.
(Johansen-Berg et al., 2004). The ACC was defined as the grey matter tissue between
the pre-SMA and the Corpus Callosum. The posterior border of the ACC was based on
the posterior border of the pre-SMA and the anterior border was based on the most
anterior part of the Corpus Callosum. This anterior border was chosen due to the coverage of the zoomed EPI, which for all participants at least covered the entire anterior
part of the Corpus Callosum. The anterior border excluded the most frontal and the
subgenual part of the ACC. Based on the functional meta-analysis of the ACC this is
not a confound as most reported activations relevant for the current task are in the
more posterior region of the ACC which are included in the ACC mask(Ridderinkhof
et al., 2004). The pre-SMA and the ACC masks were segmented on the 0.4 mm3 MNI
template

provided

by

the

CBS

High-Res

Brain

Processing

Tools

(http://www.cbs.mpg.de/institute/software/cbs-hrt/index.html). The masks were registered to the individual whole brain MP2RAGE scan using a linear 12 DOF automatic
registration algorithm implemented in MIPAV. Since both the pre-SMA and ACC
masks are coordinate-based, no inter-rater value was computed.
Functional MRI analyses
To answer the first question whether the STN is involved in multiple-choice decision
making, single trial betas were acquired by modeling the data according to the Least
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Squares-Separate as proposed by Mumford et al.(Mumford et al., 2012) (see Jahfari et
al.(Jahfari et al., 2011) for a similar approach). The single trial RT was used as a coregressor to ensure that any effect found in the STN was not solely due to differences
in motor response. The fMRI data was B0 unwarped, motion corrected, high-pass filtered at 100s and slice-time corrected. All analyses were done in individual space and a
statistical threshold of p=0.01 (uncorrected) was used. To preserve the spatial resolution and anatomical specificity, no smoothing was applied. Finally, using featquery,
the mean beta per trial, per STN was extracted and used in a linear mixed effect model.
All fMRI analysis were done using FEAT (distributed in FSL version 5.0.1) and focused on stimulus-locked presentation.
Functional MRI single-trial analyses
For the ancestral graph analysis, the same single trial betas were used as described
above but now the ROI’s also included the ACC, and the pre-SMA. Contrary to the
first analysis not all voxels in the ROI’s were used. To only select the voxels in the
STN, ACC, and pre-SMA that were probabilistically anatomically connected, the following steps were computed. First, a single image without diffusion weighting (b=0)
was extracted from the DWI data and non-brain tissue was removed using BET(Smith,
2002) to create a brain-mask which was used in the subsequent analyses. Secondly,
DTIFIT was applied to fit a tensor model at each voxel of the data. Probabilistic tractography using bedpostx (distributed in FSL version 5.0.1) and subsequent seed-based
classification were performed using the STN, pre-SMA, and ACC masks per hemisphere using 5000 samples, estimating 2 fibers per voxel, and a curvature threshold of
0.2(Behrens et al., 2003). Subsequent classification masks were thresholded at 50 and
were used as a ROI for the ancestral graph analysis. Finally, using featquery and the
classification masks obtained from probabilistic tractography, the average beta values
per probabilistically connected ROI, per trial, and per subject were extracted.
MSPRT
Optimal behaviour in perceptual decision-making is defined here as minimizing the
mean response time at a fixed level of accuracy (Wald and Wolfowitz, 1948; Draglia et
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al., 1999). Such behaviour is achieved in the MSPRT model by calculating the posterior probability for each alternative that that alternative is the correct answer given the
observed stimuli. This can be expressed with Bayes’ rule, which quantifies the posterior probability of hypothesis Hi that alternative i is the correct alternative given the set
of motion samples S as the relative likelihood of the motion (S) under hypothesis Hi
compared to the sum of the likelihoods under all competing hypotheses:

𝑃 𝐻! 𝑆 =

𝑃 𝑆 𝐻!
!𝑃

𝑆 𝐻!

  .

The posterior probability of each alternative is updated at each time step until a predetermined response criterion (θ) is surpassed. This determines the moment of choice,
with the choice outcome determined by the highest posterior probability at this time.
Changes in the posterior probabilities of each alternative are mediated by two mechanisms (see also (van Maanen et al., 2012) for a similar model): (1) The number of alternatives influences the posterior probabilities of each alternative because the likelihood of each alternative is scaled by the sum of likelihoods. (2) The spatial proximity
between alternatives influences the posterior probabilities because spatially close alternatives receive similar evidence from the stimulus.
Following Bogacz and Gurney(Bogacz and Gurney, 2007), we mapped the MSPRT
model to a neural network model including STN, to study how changes in cortical
input layers affected STN activation. For the network to reach a decision, evidence for
the various choice alternatives is required as input. The MSPRT model assumes that
evidence integration takes place in cortical neural populations that each code for one
choice alternative:

𝐶𝑋! =
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Here, we assume a discrete representation of time. At each time step t in the interval
[1,T] an evidence sample is accumulated that represents the evidence for one choice
alternative (i) at that time (with 𝑡 ~  𝑁(𝜇! , 𝜎! )). For example, in the task described in
this paper, xi(t) could indicate a location on a tuning curve in motion sensitive areas in
the brain (e.g.,(Jazayeri and Movshon, 2006; van Maanen et al., 2012)). If motion is
perceived that provides evidence for choice alternative i, then xi(t) is high, yielding
strong evidence accumulation.
The neural network implementation of MSPRT makes a choice by inverting the signal
from the cortical integrators in inhibitory signals to the output nuclei. This inhibitory
signal is combined with a diffuse excitatory signal from STN that activates the output
nuclei (see (Bogacz and Gurney, 2007)for details):

𝑂! 𝑡 = −𝐶𝑋! 𝑡 +   

𝑆𝑇𝑁! 𝑡   .
!

Because the default operation of the output nuclei (O) is to inhibit possible actions,
inhibition of the output nuclei themselves leads to activation of target structures related
to possible actions. In particular, as soon as the activation of one of the output nodes
falls below a particular threshold, an action is performed (θ*, note that this differs from
the threshold θ used to set the response criterion for the posterior probabilities). Under
the assumption that the basal ganglia implement the MSPRT (Draglia et al., 1999), the
activation of STN should be (Bogacz and Gurney, 2007) :

𝑆𝑇𝑁 𝑡 = ln

!

𝑒𝑥𝑝 𝐶𝑋! 𝑡

  .

Thus, the activation of STN at time t is independent of the choice alternatives, and
depends on the strength of the cortical integrators.
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We simulated behavioral responses and STN activation under the hypothesis that there
were N independent cortical integrators. The correct alternative (without loss of generality, this is referred to as alternative 1) was represented by a signal taken from a sampling distribution with a mean µ1 = 1. The mean signal in the remaining N – 1 cortical
integrators drops with spatial proximity to emulate the experimental design deployed
here (Figure 1c). Specifically, the signal of each distractor is determined by the angle
to the correct alternative, using a Von Mises distribution function (van Maanen et al.,
2012):

𝑓 𝜑! 𝜅 =

!"# ! !"# !!
!!!! !

,

where Io(x) is the modified Bessel function of order 0, κ the precision of the Von Mises
function, and φi the angle between alternative i and the correct alternative. To ensure
that all signals are proportional to the signal of the correct alternative (µ1 = 1), the signals are normalized (this also cancels out the Bessel function):

𝜇!!! =

exp(𝜅 cos 𝜑! )
exp(𝜅)

In our simulations, κ was set at κ = 0.3, the standard deviation of all cortical integrators
was σi = 0.25, and the shared response threshold θ* was set at θ* = 0.8.
We performed 50,000 simulated trials with these parameters. In each simulation, we
computed the values for CXi and STN on the time interval [0, 500], and recorded the
first time step when the value of Oi fell below θ*. Also, we recorded which alternative
was the first to be below θ* (that is, which choice was made, Figure 2a), and what was
the value of STN at this time step (Figure 2c). R code implementing this simulation is
available as supplemental material.
Ancestral Graph Analysis
To investigate whether the pre-SMA and the ACC act as modulating cortical areas for
the STN, AG analysis was employed. AG is a type of graphical modeling which allows
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testing the presence and nature of functional connections between nodes or ROI’s. We
tested AG models with two different types of connections. These connections are undirected and directed. Although the AG model allows for bilateral connections this was
not feasible with the network configuration that we tested(Waldorp et al., 2011). An
undirected connection between two nodes reflects two nodes being functionally correlated but do not causally influencing each other (represented as the following connection: A -- B). Directed connections between two nodes reflect two nodes being functionally correlated while additionally one node causally influences the other (A -> B)
(Jahfari et al., 2011; Waldorp et al., 2011). These different connections are determined
by testing the likelihood that the distribution of activation values (e.g., BOLD) across
trials and ROIs is consistent with a distribution with particular conditional dependencies. The AG analysis allowed us to test whether the STN is functionally connected
(undirected connection) to the pre-SMA and ACC and whether these connections are
also effectively connected (directed connection)(Waldorp et al., 2011).
The twelve AG networks that were tested are shown in Figure 3. To be able to fit the
AG models for each participant, we computed single-trial beta weights of the BOLD
response (as described above), for the left and the right pre-SMA, the left and the right
ACC, and left and right STN, respectively. Next, we fitted the graph models in Figure
3 to the data and computed the AIC values(Waldorp et al., 2011) and Akaike weights
(Wagenmakers and Farrell, 2004). Finally the evidence ratios (the ratio of Akaike
weights) were computed to determine the probability that the data was generated under
any of the alternative models that were tested (Wagenmakers and Farrell, 2004).
Results
MSPRT predictions
The MSPRT model simulation predicts that increasing the number of choice alternatives prolongs the decision time, decreases accuracy, and increases the BOLD response
in the STN. Figure 2A illustrates the predicted behavior, and Figure 2C illustrates the
dependence of STN activity on the number of alternatives, based on a simulation of the
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MSPRT model. See Supplement 1 for R code implementing this MSPRT model simulation.
Behavioural results
The 15 participants performed a multiple-alternative RDM task in the MRI scanner for
two blocks of 100 trials each (see Figure 1C). The reaction time (RT) data was normalized for each participant using a z-transformation and all data points smaller or larger
than 2.5 were removed from the analysis. This resulted in an exclusion of 1.76% of the
total amount of data. A two-way repeated measure ANOVA showed that with more
alternatives the RT increased (F(2,13)=9.69, p<0.001) and that participants responded
slower for incorrect trials compared to correct trials (F(1,14)=8.25, p=0.003). There was
no interaction between the number of alternatives and accuracy on RT. Post-hoc tests,
using a Bonferroni correction for multiple comparisons, showed that the mean RT for
the three groups all differed significantly (three versus five alternatives: t(14)=4.89,
p<0.001; three versus seven alternatives: t(14)=6.69, p<0.001; five versus seven alternatives t(14)=3.69, p=0.007). For response accuracy a separate two-way repeated measure
ANOVA showed that with an increase of alternatives participants were less accurate
(F(2,13)=76.41, p<0.001).
In sum, as expected, participants become slower and less accurate with an increasing
number of choice alternatives. At the same time, slower RTs are observed on incorrect
compared to correct trials (see Figure 2 B).
fMRI results
To investigate whether the STN is involved in multiple-choice decision-making, single
trial betas were extracted from the individual STN. To ensure that the findings in the
STN were not solely due to differences in motor response, the single trial RT was used
as a co-regressor in the fMRI analysis. The percentage BOLD signal change in the left
and right STN for choice versus neutral trials was significantly above zero (left STN:
t(236.82)=-3.81, p<0.001, right STN: t(236.02)=-2.86, p=0.005). These findings show that
the STN is bilaterally involved in perceptual decision-making. Using a linear mixed122 	
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effect model with participant as a random effect and hemisphere as a fixed effect, there
was a significant increase of percentage BOLD signal change in the STN with an increase of choice alternatives (t(3941)=2.12, p=0.034). There was no significant effect
of accuracy (t(3941)=1.03, p=0.30) or hemisphere (t(14)=-0.67, p=0.51; see Figure 2
panel C for the MSPRT BOLD predictions and panel D for the BOLD results for the
STN).

Figure 2: The MSPRT predictions and the behavioural and fMRI results. A) The MSPRT predictions for the RT and accuracy. B) The behavioral results that were normalized within subjects and
averaged over the entire group. C). The MSPRT predictions for the BOLD signal change in the
STN. D) The mean percent BOLD signal change in the bilateral STN, normalized within subjects
and averaged over the entire group. The red line corresponds to the incorrect responses; the green
line corresponds to the correct response. Error bars reflect the standard error.
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To exclude the alternative hypothesis that the observed increase of BOLD was not
specific to the STN, a similar analysis was done on a combined mask of the ACC and
pre-SMA. This analysis showed no main effect of the number of alternatives on the
percentage BOLD signal change in these cortical regions (t(7911)=-1.65,p=0.10).
In sum, both the behavioral and fMRI results corroborate the hypothesis that the STN
is sensitive to the number of choice alternatives.
Ancestral Graph
To investigate whether the pre-SMA and the ACC act as modulating cortical areas for
the STN, the undirected and direct AG models shown in Figure 3 were fit to the data.
From the model fits the Akaike Information Criterion (AIC) values were computed.
The AIC values for both direct and undirected models were used to calculate the evidence ratio, which reflects the probability that the data was generated by that specific
model given the other models that were tested.
The AIC evidence ratio revealed that the six undirected models are always preferred
over the six directed models (Table 1). These results show that there is no evidence
that the pre-SMA or the ACC directly modulates the STN. Additional analyses showed
that the undirected STN -- ACC model fits the data better than the undirected STN -pre-SMA model or the undirected STN -- pre-SMA and ACC model (left: summed
AIC weight 1.0, preferred for 8 out of 15 participants; right: summed AIC weight 1.0,
preferred for 9 out of 13 participants – two participants did not have any voxels in the
left pre-SMA that were probabilistically connected to the right STN. Therefore, networks involving the right STN are tested in only 13 participants). In sum, this result
shows that the ACC and STN are correlated, but without clear evidence that the ACC
directly influences the STN.
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Figure 3: The undirected and directed AG models. The first and third column shows the six tested
AG models that incorporate the hypothesis of functional connectivity. These models have undirected
connections between the cortical nodes and the STN, which would mean that for instance the preSMA and the STN would be correlated but do not directly influence each other. The second and
fourth column shows the six tested AG models that incorporate the hypothesis of effective connectivity. These models have directed connections from the cortical nodes towards the STN, which
would mean that for instance the pre-SMA would directly influence the activity in the STN. The
white arrows indicate the direction of the connection. In red the individual segmented STN, in green
the coordinate based pre-SMA mask and in blue the coordinate based ACC mask. Plots in this figure
are constructed using the actual DWI tractography data from a representative subject. Visualization
was done using trackvis (http://trackvis.org).

Discussion
Using a similar paradigm as Churchland et al. in primates (Churchland et al., 2008),
the present study shows that the STN is involved in multi-alternative perceptual decision-making, in line with the computational models. The behavioral data and the 7T
fMRI BOLD results for the STN activity support the MSPRT predictions: both the
reaction time and the STN’s BOLD signal increased with the number of choicealternatives, whereas accuracy decreased with the number of alternatives.
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Table 1: The results of the ancestral graph analysis. The summed evidence ratios (the
ratio of the Akaike weights) for the directed and undirected models across all the participants. AIC evidence ratios can be anywhere between 0 and 1 and reflect the normalized probability of one model being more likely than the other tested model. Between brackets is the number of participants that favored that specific model over the
other model.
AIC evidence ratio
Directed

Undirected

1) L STN - pre-SMA

0.0 (0)

1.0 (15)

2) L STN - ACC

0.0 (1)

1.0 (14)

3) L STN - pre-SMA / ACC

0.0 (3)

1.0 (12)

4) R STN - pre-SMA

0.0 (1)

1.0 (12)

5) R STN - ACC

0.0 (0)

1.0 (13)

6) R STN - pre-SMA / ACC

0.0 (5)

1.0 (8)

Note: According to the DWI voxel selection, two participants did not have any voxels
in the left pre-SMA that were probabilistically connected to the right STN. Therefore
networks involving the right STN are tested only in data of 13 participants.
The current findings support the hypothesis that the STN functions as a general brake
mechanism when there is increased choice difficulty in perceptual decision-making.
Based on current and previous results, it is possible that the brake function of the STN
is a general mechanism, independent of the perceptual decision-making domain
(Baunez et al., 2001; Florio et al., 2001; Wylie et al., 2010). Such an interpretation is
supported by previous work that has attributed a pivotal role to the STN in solving the
speed-accuracy tradeoff, response inhibition, and task switching, all proposed via the
mechanism of braking the motor output(Aron et al., 2007; Frank et al., 2007; Bogacz et
al., 2010; Jahfari et al., 2011; Mansfield et al., 2011; Forstmann et al., 2012).
Results from the ancestral graph analysis provide no evidence for a directional influence of the ACC on the STN, but confirms that the activity of these two regions is
correlated during perceptual decision-making. The function of the ACC has been relat126 	
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ed to performance monitoring (Ridderinkhof et al., 2004; van Maanen et al., 2011).
More specifically, it has been proposed that the ACC detects situations where errors
are likely to occur, and thus more attention is required (Carter et al., 1998; Botvinick et
al., 2001; van Maanen et al., 2011). The current findings suggest that both the ACC
and the STN are involved in perceptual decision-making: however, they may implement different functions. The ACC may help to increase attention during more difficult
situations, i.e., more choice alternatives, while elevated STN activity may be related to
an increased need to withhold a response. This would allow more information to be
accumulated during multiple-alternative decision making, increasing the likelihood of
selecting the correct response.
In conclusion, by means of the excellent spatial resolution and sensitivity provided by
ultra-high field MRI and fMRI, the MSPRT predictions regarding the involvement of
the STN in multiple-alternative decision-making were confirmed. When the number of
alternatives increases task difficulty, the STN becomes more active. To the best of our
knowledge, this is the first study to show the functional role of the STN in multiplechoice decision-making. The results support the view that the STN functions as a brake
mechanism, thereby facilitating the accumulation of more evidence for the choice at
hand. Additionally, using a novel combination of DWI, fMRI, and AG modeling, it
was shown that the ACC correlates with, but no evidence was found that it directly
modifies the activity in the STN during multiple-choice decision-making.
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Supplementary code. R implementation of the MSPRT model from Bogacz and Gurney (2007) "The Basal Ganglia
and Cortex implement Optimal Decision Making between Alternative Actions", Neural Computation. For any
questions regarding the code contact L. van Maanen: lvmaanen@gmail.com
BGmodel <- function(z=c(.2,1),mx=100, sz=0.1, MSPRT=F)
{
# z: the means of the input to the cortical integrator
# t: range
# sz: standard deviation of the input to the cortical integrator
# MSPRT: should output be scaled using the optimal g param value?
if (MSPRT) g <- (z[1]-z[2])/(sz^2) else g <- 1
# cortical integrator (eg in LIP):
cx <- g*matrix(rnorm(length(z)*mx,z,sz), length(z), mx)
cx <- t(apply(cx,1, cumsum))
# output of STN:
stn <- log(colSums(exp(cx)))
# output of GP:
gp <- stn-log(stn)
# output of SNr/EP:
out <- -cx+matrix(stn,nrow(cx),length(stn), byrow=T)
return(list(cx=cx, out=out, gp=gp, stn=stn))
}
#########################################################################################
## example for one trial:
In

<- c(1, .8, .6)

mx
sz
msprt

<- 500
<- .25
<- FALSE

# input signals, first is target, then distractors with
# decreasing strength

BGmodel(In, mx, sz=sz, MSPRT=msprt)
#########################################################################################
vonmises <- function(N, k=1)
{
# This function generates input signals that are proportional to the Von Mises distribution function.
# The input is the number of choice alternatives N and the precision k
# The output is a vector of signals, of which the first is the target
(exp(k*cos(seq(0,2*pi,2*pi/N)))/exp(k))[-(N+1)]
}
## example that generate Figure 2A and 2C
mx
<- 500
sz
<- .25
msprt
<- FALSE
MC
<- 50000
theta
<- .8
k
<- 0.3
# store the results
rts
for (n in 2:7)
{
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In
res
stn
out
rts[n-1,]
act[n-1,]
index
resp[n-1,index]

<- vonmises(n,k)
<- sapply(1:MC,function(i) {BGmodel(In, mx, sz=sz,
MSPRT=msprt)})
<- matrix(unlist(res[4,]), mx, MC)
<- array(unlist(res[2,]), dim=c(n,mx, MC))
<- apply(out,3,function(x) {min(which(x<theta, arr.ind=T)[,2])})
<- sapply(1:MC, function(i) {stn[rts[n-1,i],i]})
<- rts[n-1,]!=Inf
<- apply(out[,,index],3,function(x) {which(x<theta,
arr.ind=T)[1,1]==1}) }

## remove those simulated trials that didnt finish before the deadline
rts[rts==Inf]
<- NA
resp[rts==Inf]
<- NA
act[rts==Inf]
<- NA
## split correct and error RTs
cr
<- er <- rts
cr[resp==F]
<- NA
er[resp==T]
<- NA

### plot Figures 2A and 2C
par(mfrow=c(1,3), las=1, mar=c(4,5,1,1))
plot(rowMeans(resp, na.rm=T), type='l', ylab="Proportion correct", ylim=c(0,1),xaxt='n', xlab="N", lwd=2)
axis(1,1:6,2:7)
plot(rowMeans(cr, na.rm=T), type='l', col="darkgreen", ylab="RT (a.u.)", xaxt='n', xlab="N",
lwd=2,ylim=c(0,10))
lines(rowMeans(er, na.rm=T), col=2, lwd=2)
axis(1,1:6,2:7)
legend("topleft", legend=c("correct response","error response"), col=c("darkgreen","red"), bty='n', lty=1, lwd=2)
plot(rowMeans(act, na.rm=T), type='l', col="black", ylab="STN activation (a.u.)", xaxt='n', xlab="N",
lwd=2,ylim=c(0,10))
axis(1,1:6,2:7)

	
  

129

Multiple choice decision-making

130 	
  

	
  
Chapter 8

Summary and Discussion

The overall aim of this thesis was to study the structure and function of the human
STN. The first part of this thesis focussed on describing several anatomical features of
the STN using ultra-high field 7T MRI. The results of Chapter 2 show that it is feasible to manually segment the BG but that the choice of MRI sequence influences the
visibility of the structure and that the anatomical variability is large. Chapter 3
showed that healthy aging has an effect on the location of the STN that highlights the
need to develop atlases that take aging into account. Chapter 4 reviewed the empirical
literature regarding the number of subdivisions in the STN and, contrary to popular
believes, comes to the conclusion that there is no clear empirical evidence for well
defined “limbic”, “cognitive”, and “motor” subparts. Chapter 5 presents the results
from an empirical study providing clear evidence for a gradual organization of iron in
the STN. The findings of chapter 4 and 5 are in favour of a theoretical model of the BG
in which cognitive, motor, and limbic information are integrated instead of segregated.
The second part of this thesis focussed on the function of the STN and its role in perceptual decision-making. First, an fMRI meta-analysis was conducted. The fMRI meta-analysis, which is described in Chapter 6, showed that there is some evidence for
the involvement of the BG in decision-making but did not provide any evidence for the
involvement of the STN. This was in direct contrast to the findings described in Chapter 7 where evidence is provided for the involvement of the STN in perceptual decision-making.
In what follows, I will discuss the results presented in this thesis in more detail, address several implications and highlight the advantage of using a model-in-the-middle
approach.
Brain atlases
The most important finding of chapter 2 is that the choice of MRI sequence determines
the visibility, and therefore the size of different anatomical structures. The segmentation of the striatum on a T1-weighted volume resulted in a higher inter-rater reliability
131

General discussion
and larger volume estimates, than when a T2*-weighted sequence was used. Other parts
of the BG were, however not visible using such a sequence. With a T2*-weighted sequence, structures such as the Globus pallidus, STN, SN and RN became visible.
A possible reason why the GPe/i, STN, SN and RN were better visible in the T2*weighted sequence compared to the STR is that these contain a higher amount of iron
(Hallgren and Sourander, 1958; Kosta et al., 2005). Local iron deposits in the brain
cause larger magnetic field inhomogeneity’s, resulting in a faster T2* decay and thus
creating a larger contrast to the surrounding tissue. These results are in line with previous work showing the importance of the correct MRI sequence for the visibility of
brain structures (e.g. Locus Coeruleus (Sasaki et al., 2006; Keren et al., 2009); intrathalamic nuclei (Tourdias et al., 2014); GPi (Nölte et al., 2011); STN (Kerl et al.,
2012)).
In light of the results of chapter 2 and 3, it is evident that there is large anatomical
variability in the size and location of the STN and that this location changes considerably over time. Previous studies have shown that ultra-high field MRI is superior to 3T
or lower field strength when studying small structures such as the STN (Cho et al.,
2010; Beisteiner et al., 2011; Eapen et al., 2011; Forstmann et al., 2012; Lenglet et al.,
2012). This is because 7T MRI data allows for direct visualization of the STN in individual space, which ensures that anatomical variability is taken into account.
However, because there are only 40 or so ultra-high field scanners primarily used for
research purposes worldwide, access to such facilities is not always warranted (Duyn,
2012). Therefore, probabilistic atlases as the one described in chapter 2 and 3, could be
used instead. While these probabilistic atlases will always be anatomically less precise
than using the individual anatomy, they represent a significant improvement over atlases that are based on single individuals or atlases that do not contain any probabilistic
information (Devlin and Poldrack, 2007).
An interesting future development using the present probabilistic atlas is that it could
act as anatomical prior for automatic segmentation algorithms. Initial segmentation
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algorithms (such as FAST (Zhang et al., 2001)) segment the brain into three tissue
classes: grey matter, white matter, and cerebral spinal fluid. Recently, new segmentation algorithms have been developed that not only identify the three tissue classes but
also segment the individual cortical and subcortical regions within the grey matter
tissue (Babalola et al., 2009; Cabezas et al., 2011; Patenaude et al., 2011; Evans et al.,
2012).
There are several different types of atlas-based segmentation strategies and the three
main ones are discussed: label propagation, multi-atlas propagation, and probabilistic
atlas segmentation (Cabezas et al., 2011). The simplest strategy is label propagation,
which reduces the segmentation problem of individual brain structures to a registration
problem between the brain template on which the atlas was created and the individual
brain. Once the brain template is registered to the individual brain, the labels of the
individual structures are overlaid on the individual brain by using the transformation
matrix. This is a straightforward method but it is not without its challenges. In cases
where the individual brain is significantly different than the template (e.g., ventricle
enlargement due to aging), label propagation results in registration errors that directly
translate to the incorrect labelling of structures. To address this issue multi-atlas label
propagation was developed. This method is highly similar to the label propagation but
uses multiple atlases. Once the individual atlases are registered to the individual brain,
voxels with low overlap between the different sets of atlases are discarded. While this
strategy is more robust against gross registration errors, it has the problem of how the
separate atlases should be weighed. A third class of atlas-based segmentation strategies
is the probabilistic atlas segmentation. Here, instead of using a binary atlas, a probabilistic atlas such as the ones described in chapter 2 and 3, is used in a Bayesian framework. After registration of the template to the individual brain, the probability of a
voxel being part of a structure due to anatomical variability is then used as a prior.
Using such an anatomical prior, the segmentation algorithm tries to predict to which
structure each voxel belongs. Another advantage of such Bayesian framework is that
different modalities such as intensity (T1 or T2 maps) can act as additional priors and
help to segment structures (Bazin et al., 2013). Such Bayesian segmentation frame	
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works are potentially able to account for large anatomical variability and are therefore
preferred over the label propagation or multi-atlas propagation. However, the Bayesian
segmentation algorithm requires anatomical priors that contain age-related information
(Cabezas et al., 2011). Creating anatomical priors that capture age-related effects in the
BG is on-going work. In what follows, I will use the term “automatic segmentation
algorithm” only referring to algorithms that belong to the probabilistic atlas segmentation class.
There are several advantages of using an automatic segmentation algorithm over manual segmentation. One of the biggest advantages is that an automatic segmentation
algorithm is significantly less labour intensive than manual segmentation. Another
advantage is that automatic segmentation algorithms do not require a significant
amount of anatomical training to identify the regions of interest (Kikinis et al., 1996;
Wu et al., 2006). Finally, a big advantage of automatic segmentation algorithms is their
consistency of detecting the exact same borders. This is, however not the case for
manual segmentation because of inter- and within-rater inconsistencies (Morey et al.,
2009).
Segmentation algorithms also have several disadvantages including not being able to
segment the entire brain. For instance, Freesurfer is mainly used to segment the cortex
but additionally also segments several subcortical structures (i.e. thalamus, caudate,
putamen and pallidum) (Fischl et al., 2002). While extremely useful, it misses out on
+/- 450 subcortical structures (Federative Committee on Anatomical Terminology,
1998; Alkemade et al., 2013). Probabilistic atlases such as the ones created in chapter 2
and 3 can significantly contribute to minimize this disadvantage by providing anatomical shape priors. Segmentation algorithms such as FIRST or MGDM can then be applied to identify other structures (Patenaude et al., 2011; Bogovic et al., 2013).
Anatomical subdivisions and clinical implications
Chapter 4 addressed the question about subdivisions within the STN. Reviewing the
empirical literature between 1925 and 2010 revealed that there is little consensus on
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the number of subdivisions and their spatial location.
Adding to the body of empirical literature about subdivisions in the STN, in Chapter 5
the iron distribution within the STN was investigated. The results showed that there is
a gradient and no clear subdivisions within the STN, however the functional meaning
of such an iron-gradient remains elusive. In sum, chapter 4 and 5 speak against an
over-simplified model of well-defined motor, cognitive and limbic subdivisions in the
STN.
That such an oversimplification has an important clinical impact is illustrated by the
use of Deep Brain Stimulation (DBS) in Parkinson’s Disease (PD). DBS is used to
treat the PD symptoms, however, serious side-effects such as hypersexuality, depression, and suicide are reported (Kleiner-Fisman et al., 2006; Chiken and Nambu, 2014).
In order to minimize DBS side-effects, the surgical procedures are optimized to only
target the “motor” area in the dorso-lateral part of the STN (Yokoyama et al., 2006;
Piallat et al., 2010; Greenhouse et al., 2011; Guo et al., 2013).
The theory behind this optimization are based on studies that show that the dorsolateral part of the STN receives a large portion of the M1 input, and thus could be considered the “motor” area. However, it is important to note that this part of the STN also
contains large convergence zones from the Supplementary Motor Area (SMA), Dorsal
Prefrontal Cortex (DPFC) and caudal Cingulate Motor Area (CMAc) (Takada et al.,
2001; Nambu, 2011; Alkemade, 2013; Haynes and Haber, 2013). Further evidence
against a well-defined motor area is provided by Eisenstein et al. (Eisenstein et al.,
2014) where motor improvement in PD is reported regardless of the DBS electrode
location in the STN. These results together with the findings reported in chapter 4 and
5 highlight the fact that that the anatomy and function of the STN remain elusive. In
sum, a correct model of the cortical-BG-thalamic network should take into account the
integration of different information streams including transition zones.
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Perceptual decision-making
Based on the results of the ALE meta-analysis in chapter 6, evidence for the BG involvement in perceptual decision-making is provided. We also speculated that subparts
of the BG should encode task difficulty, however, this prediction was not confirmed.
This result is surprising in light of several neurocomputational models (Frank, 2006;
Bogacz and Gurney, 2007) and is in direct contrast to the results of chapter 7 showing
that the STN is sensitive to task difficulty in a multi-alternative decision making task.
There are several possible explanations for the absence of other BG nuclei in the metaanalysis. One explanation might be that the initial studies did not find activations in
these subcortical areas because of a lower SNR (Moritz et al., 2000; Handwerker et al.,
2004; Barry et al., 2013). Due to this low SNR, these small regions do not survive a
whole-brain statistical threshold. Another possible explanation is that all included studies in the meta-analysis used smoothing kernels ranging between 4 and 8mm FWHM.
Such smoothing kernels were developed to compensate for statistical power and to
account for anatomical variability (Stelzer et al., 2014). The use of such smoothing
kernels made sense at a time that only PET or low field fMRI was available, but as a
result hinder any sensible anatomical interpretation of the results currently acquired
from modern MRI scanners (Turner, 2013; Stelzer et al., 2014).
Recently, we have simulated the effect of such smoothing kernels in small subcortical
structures like the STN and the SN. If a smoothing kernel of 4mm FWHM is used,
30% of the signal found in the centre of the STN originated from outside of the STN
and SN, 10% of the signal originates from the SN, and 60% of the then extracted signal
comes from the STN itself. If a smoothing kernel of 8mm FWHM is used, these numbers drop to 75%, 10% and 15% respectively (de Hollander, Keuken, and Forstmann,
2015).
To make matters worse, it has been shown that the use of such smoothing kernels can
systematically shift the spatial location of the activation foci towards regions that have
relatively more grey than white matter (Sacchet and Knutson, 2013) thereby biasing
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fMRI results against small nuclei. Finally, using a smoothing kernel, even as small as 1
mm FWHM can result in false positives in anatomically implausible locations such as
white matter (Logothetis and Wandell, 2004; Stelzer et al., 2014). An alternative for
such general smoothing kernels is that the mean signal is extracted per a-priori defined
ROI. This ROI would be based on the individual anatomy by for instance segmenting
the STN per individual. These masks can be used to extract the mean BOLD signal
STN per individual and used in a Generalized Liner Model (GLM) to test whether
there is an effect on group level. This approach does results in the loss of the single
voxel resolution but the smoothing is anatomically informed so that the signal originates from that STN and not from the adjacent structures as the SN.
In chapter 7, an empirical study is presented where the model-in-the-middle approach
was employed to investigate the role of the BG, and specifically the STN, in multiplechoice decision-making. As the numbers of alternatives increase, the decision becomes
more difficult and results in longer RTs. To explain this behaviour several quantitative
mathematical and neurocomputational models have been developed that make predictions about the latent psychological processes and brain structures involved in multiple-choice decision-making (Frank, 2006; Bogacz and Gurney, 2007; Bogacz et al.,
2007; Churchland et al., 2008; Albantakis and Deco, 2009; van Maanen et al., 2012;
Chau et al., 2014). Several of these models focus on the cortico-BG network and have
shown that the cortico-BG network implements a MSPRT decision rule, with a central
role for the STN (Bogacz and Gurney, 2007). In particular, the STN was hypothesized
to become more active with an increasing amount of choice alternatives resulting in
longer RTs.
The BG implementation of the MSPRT model is responsible for this prolongation by
inverting the signal from the cortical integrators into inhibitory signals towards the
output nuclei of the BG, which in turn inhibit the motor response. Inhibition during the
accumulation of information results from an excitatory signal from the STN that activates the output nuclei of the BG (i.e., the internal segment of the Globus Pallidus
(GPi). Because the default operation of the output nuclei is to inhibit possible actions,
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excitation of the output nuclei themselves lead to reduced activation of target structures
which are related to possible actions. The neurobiological underpinnings of this model
are supported by previous work, as the STN is the only BG structure that employs the
excitatory neurotransmitter glutamate (Utter and Basso, 2008). Based on the connections within the BG, if the STN receives an excitatory signal from the cortex, an increased excitatory signal is conveyed to the GPi. Since the GPi uses the inhibitory
neurotransmitter GABA, the GPi will have a stronger inhibition on the thalamus,
which results in a decreased excitatory signal to the cortex (Utter and Basso, 2008).
To be able to test this hypothesis we first used the MSPRT model to generate predictions on the involvement of the STN in multiple-choice decision-making. These predictions were tested using ultra-high field MRI, which allowed for the identification of
the STN in individual space and provided high enough SNR so that smoothing was not
necessary. The results are in line with the MSPRT predictions, namely that the STN
becomes more active as the task difficulty increases. Such an increase in activation is
thought to reflect a general braking mechanism, which allows the brain more time to
accumulate enough evidence for the choice at hand. These results were acquired without the use of any FWHM smoothing kernel. Instead, all analyses were done in the
native space of the single subject.
Model-in-the-middle-approach and future outlook
With the advent of ultra-high field MRI scanners, the cognitive neurosciences are moving in an era where the individual anatomy can be visualized in-vivo with unprecedented detail. Due to recent development in ultra-high field MRI it has become feasible
to visualize small anatomical structures in-vivo, something that was previously only
possible using ex-vivo techniques. Cortical structures such as BA 3a, BA 4, BA 17, the
Stria of Gennari, the hippocampus and its subregions, as well as subcortical structures
such as the STN, SN, but also sub-nuclei of the thalamus, can now be reliably identified per individual (Geyer et al., 2011; Sánchez-Panchuelo et al., 2011; Trampel et al.,
2011; Deistung et al., 2013; Cho et al., 2014; Tourdias et al., 2014; Keuken et al.,
2014a).
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In 2014 alone, five sites have installed a 7T MRI scanner, bringing the total number of
7T sites worldwide over 50 (The Spinoza Consortium in Amsterdam, The Netherlands,
The Center for Magnetic Resonance in Biology and Medicine, Marseille, France, The
University of Queensland, Australia, The University of Iowa, Iowa, USA, The University of North Carolina, Chapel Hill, USA, and The Copenhagen University Hvidovre
Hospital, Hvidovre, Denmark). The increase of ultra-high field scanner sites will allow
researchers to take the individual anatomy in to account, something that is essential for
understanding the cognitive functions of the brain since psychology is physiology
above the collar button (M.H. Fisher).
While this development is exciting, it calls for new ways of treating ultra-high field
MRI data. Clearly the use of smoothing kernels to compensate for reduced statistical
power and anatomical variability should belong to the past (Bazin et al., 2013; Sacchet
and Knutson, 2013; Turner, 2013; Stelzer et al., 2014; Turner and Geyer, 2014). A
framework that greatly benefits from such improved data quality is the model-in-themiddle approach. As discussed in the introduction, the model-in-the middle approach
starts by utilizing a formal model to generate clear behavioural and functional MRI
predictions for the cognitive process that is investigated. A suitable behavioural paradigm is then tested while acquiring neuroimaging data. Finally, the behavioural and
neuronal data are linked to the formal model so that inferences can be made regarding
the cognitive process. These questions regarding cognitive processes are becoming
increasingly more specific and as a result the formal models develop alongside (e.g.
(van Maanen et al., 2011). The development of these formal models necessitates better
neuroimaging data so that is remains possible to dissociate between competing cognitive models. One of the quality benchmarks of neuroimaging data needs to be that all
analysis can be done without the loss of anatomical specificity (Turner, 2013; Turner
and Geyer, 2014).
In conclusion, as the formal models and neuroimaging data continue to improve, the
field of decision-making from a model–in-the-middle perspective holds great promise.
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Further development of the different aspects of the model-in-the-middle approach will
facilitate a more precise mapping between the cognitive functions and the underlying
anatomy and therefore increase our understanding of the brain.
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Nederlandse Samenvatting
Dit proefschrift beschrijft het onderzoek dat ik heb gedaan naar de structuur en functie
van de subthalamische nucleus (STN) in de mens. De STN is onderdeel van de Basale
Ganglia (BG), een verzameling gebieden diep in de hersenen die een belangrijke rol
lijken te spelen bij verschillende functies.
In het eerste deel van mijn proefschrift komen in hoofdstukken 2-5 de verschillende
anatomische kenmerken van de STN aan de orde. Hoofdstuk 2 laat zien dat het mogelijk is met behulp van een 7 Tesla MRI scanner de BG te visualiseren per individu. Dit
is gedaan bij 30 jonge proefpersonen en de resultaten zijn gecombineerd tot een breinatlas. Deze atlas is uniek om twee redenen: het laat structuren zien waarvan we nog
geen kaart hadden en de atlas bevat probabilistische informatie over waar deze structuren zich bevinden. Dit laatste is van belang omdat er tussen individuen een grote
anatomische variatie is in omvang en locatie van afzonderlijke hersenenstructuren.
Een andere aspect dat ik heb onderzocht is het effect van ouder worden op de structuur
van de STN. Hoofdstuk 3 laat zien dat bij veroudering de STN in laterale richting verschuift. In hoofdstukken 2 en 3 wordt het onderzoeksbelang duidelijk van een breinatlas met kaarten die zowel de anatomische variatie binnen een leeftijdsgroep alsmede
tussen verschillende leeftijdsgroepen beschrijft.
In hoofdstuk 4 heb ik onderzoek gedaan naar een prominente theorie over mogelijke
anatomische substructuren van drie verschillende functies van de STN: limbische,
cognitieve en motorische functies. De hypothese is dat de STN in drie verschillende
anatomische substructuren is verdeeld, die elk correspondeert met één van deze drie
functies. Om te toetsen of deze theorie aansluit bij de empirische data heb ik de relevante empirische studies onder de loep genomen. De conclusie van deze literatuurstudie is dat de hypothese van drie verschillende substructuren in de STN niet eenduidig
door de empirische data wordt onderbouwd.
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In hoofdstuk 5 heb ik een experimenteel onderzoek gedaan naar de structuur van de
STN met een specifiek MRI contrast, waarmee de verdeling van ijzer in de STN werd
gemeten. De resultaten lieten zien dat ijzer in de STN niet in clusters was verdeeld
maar juist een continue verdeling volgde. Op grond van de hoofdstukken 4 en 5 wordt
geconcludeerd dat de hypothese van drie gescheiden substructuren in de STN waarschijnlijk niet juist is. Het lijkt waarschijnlijker dat er een zekere mate van informatie
integratie in de STN plaats vind tussen de drie eerder genoemde functies.
Het tweede deel van mijn proefschrift in de hoofdstukken 6-7 beschrijft het onderzoek
naar de mogelijke rol van de STN in perceptuele besluitvorming. Een voorbeeld van
perceptuele besluitvorming is de ‘random dot motion’ taak, waar proefpersonen een
wolk van stippen zien waarvan een deel van de stippen naar links of naar rechts bewegen. De proefpersoon moet dan zo snel en zo accuraat mogelijk aangeven welke kant
dit is. In hoofdstuk 6 heb ik eerst een meta-analyse gedaan van functionele MRI studies die perceptuele besluitvorming onderzochten. Hieruit werd geconcludeerd dat
delen van de BG betrokken zijn bij perceptuele besluitvorming maar er was geen empirische onderbouwing voor een mogelijke rol van de STN.
Deze bevinding was in tegenstelling tot de resultaten van onderzoek beschreven in
hoofdstuk 7 waarin werd geconcludeerd dat de STN juist wel betrokken was bij perceptuele besluitvorming. Een mogelijke verklaring voor de tegenstrijdige conclusies in
hoofdstuk 6 en 7 is het verschil in onderzoeksmethoden. In de meta-analyse waren er
alleen studies geïncludeerd die gebruik maakte van MRI scanners met een magnetisch
veld dat lager was dan 7 Tesla. In hoofdstuk 7 hebben we gebruik gemaakt van een 7
Tesla MRI scanner waarmee met een hogere resolutie mogelijk was dan in voorgaande
studies. Hierdoor kon de STN veel nauwkeuriger in kaart worden gebracht. Meer onderzoek met 7 Tesla en krachtiger MRI scanners wordt aanbevolen om onze bevindingen verder te bestuderen.
Dit proefschrift is een collectie van studies waarin ik heb gepoogd inzicht te krijgen in
de structuur en functie van de STN. Zoals altijd leidt elke studie tot nieuw inzicht maar
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roept ook nieuwe vragen op. Een van die inzichten is dat het in acht nemen van individuele verschillen essentieel is om een beter begrip te krijgen van het brein. Een van de
vragen die naar voren is gekomen aan de hand van mijn proefschrift is wat de relatie is
tussen de anatomie van het brein en de functies die daar uit volgen.
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