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Abstract

Mog of the higher-order and intelligent cognitive behaviours such as reason-
ing, problem solving, and language involve acquiring and performing complex
sequences of activities. Recent advances in neuroimaging techniques, especially
the functional MRI, have made it possible to study the brain in viwo while sub-
jects are engaged in meaningful behavioural tasks. In this thesis, we used rnxn
visuo-motor sequence learning paradigm to investigate the effect of change in
complexity of the skill being acquired on various entities such as the nature of in-
ternal representation of skills, on the behavioural parameters and on the pattern
of brain activation. In the rnxn paradigm the correct order of pressing m keys
(set-length) successively for n times (hyperset-length) is learned by trail-and-
error process. We vary the complexity of the sequence to be learnt along the two
dimensions — m and n, reflecting short-range and long-range prediction loads,
respectively. Eighteen subjects were trained and tested on three sequence tasks
— 2x6, 2x12 and 4x6. We hypothesized that in the complex sequence learning
condition corresponding to increased set-length (i.e., m), the optimization pro-
cess may be limited to the items within the set and may not span across sets. In
contrast, we expected that in the complex condition corresponding to increased
hyperset-length (i.e, n), sequence information may possibly be organized in a
hierarchical fashion.

The behavioural results indicate that success rate and key-press response
times (RT) reveded the lcarning related improvements from the early to the con-
solidation stages in al the sequence learning tasks (2x6, 2x12 and 4x6) and the
complexity related cffects when 2x6 task was compared to the 2x12 or 4x6 tasks.
Although the number of movements and the success rate attained are observed
to be similar across the complex tasks (2x12 and 4x6), the RT displayed differen-
tial behaviour in the consolidation stages of 2x12 and 4x6. Further, the subjects
are observed to be faster in the 2x12 task as compared to the 4x6 task. These
differences along with the results from chunking analysis pointed out that the
hierarchical organization of complex movement sequences is more likely when the
amount of information processed at any point of time is wel within the working
memory capacity. The results of functional MRI analysis revealed the involve-
ment of cortico-cortical areas in the 4x6 task and the sub-cortical area near the
hippocampus has arole in the acquisition stage of the 2x12 task. The posterior
lobule of cerebellum, the superior parietal lobule and the Inferior frontal gyrus
were found to have a specific role in the chaining across sets and the dorsolateral
prefrontal cortex and the caudate nucleus loop may have a specific role in the
within-set optimization. Thus the neuroimaging results revealed the recruitment
of different, set of brain areas during acquisition and performance stages related to
the two dimensions of complexity. Based on the results, we propose a theoretical
model consisting of two levels. At one level simple associations are learnt and at
the other level higher-order associations are formed.
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Chapter 1

| ntroduction

11 Introduction to Sequence Learning and its
| mportance

Sequencing of information and actions is a fundamental human ability that un-
derlies severa intelligent activities and behaviours. We resort to sequencing of
information in a variety of day-to-day tasks: from sequencing sounds in order to
utter sentences, sequencing movements in order to type or for playing a piano,
sequencing actions to be able to drive a car and sequencing moves in the game
of chess, etc. (Clegg et al., 1998; Sun, 2000; Sun and Giles, 2001). Seguence
learning is very prevalent in humans and animals. It is believed that intelligence
Is based on the ability to learn a complex sequence of movements, as implicated
in the usage of tools and languages (Hikosaka et al., 2000). Karl Lashley, in his
classic paper titled 'The Problem of Serial Order in Behavior’ (Lashley, 1951),
pointed out the prime importance of investigating serial order or sequcntiality in
the studies of cognition. We consider serial order or sequence processing as syn-
onymous in this thesis. Learning of sequences is one important aspect of sequence
processing.

There arc many other areas of application for sequence learning. Research
work on sequence learning has been going on in severa disciplines such as arti-
ficdd intelligence, neural networks, cognitive science (sequence learning aspects
in skill acquisition), and engineering. How humans learn sequential procedures
has been a long-standing research problem in cognitive science and currently is
amaor topic in neuroscience. In human skill learning [for example, Willingham
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(1998); Bapi et al. (2000)], high-level problem solving and reasoning [for example,
Anderson (1995)], sequentiality is often the most important aspect. Therefore,
when building intelligent systems to emulate human intelligence and cognition,
we must pay serious attention to sequences, including learning of sequence (Sun
and Giles, 2001).

The aim of this thesis is to investigate how humans learn and execute complex
skills. Acquiring complex sequential skill involves chaining a number of primitive
actions to make a complete sequence. Sequence learning is a viable experimental
paradigm for investigating skill acquisition (Clegg et a., 1998). With the insights
gathered from the investigation of human sequential behaviour and understanding
the underlying mechanisms, it is hoped that more flexible and robust machines
can be designed in the future (Sun, 2000; Sun and Giles, 2001).

Recent advances in medical imaging techniques, especially the functional Mag-
netic resonance Imaging (fMRI), have made it possible to study the brain in vivo
while subjects are engaged in meaningful behavioural tasks. The resulting dy-
namic picture gives more direct insights into the workings of the brain. In this
research we would like to study aspects of complexity in sequential skill learning
using fMRI as an investigation tool. The current research investigation attempts
to further scientific understanding of human sequential behaviour — an interest-
ing research problem, both in the areas of Cognitive N euro science and Artificial
Intelligence. Recently Colwell (2005) pointed out that understanding intelligence
from the necuroscience perspective is becoming important to achieve the goa of
Artificial Intelligence.

12 Objective of this Research

The objective is to investigate the effect of change in complexity of the skill being
acquired on various entities such as the nature of internal representation of skills,
on the behavioural parameters and on the pattern of brain activation. We used
visuo-motor sequence learning paradigm to address these questions.

Further, we would like to demonstrate the effective connectivity of some brain
areas obtained from the experiments, which gives more insight into the functional
circuits of the brain. The modelling exercise may also spawn further predictions
to be experimentally verified in future.
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13 Internal Organization of Sequences

Investigation of the internal organization of sequential skills is one of the im-
portant issues in the domain of sequence processing. The other possible issues
related to sequence processing are - distributed versus local representation, pre-
wired versus adaptive origins of representation, implicit versus explicit learning,
fixed/fiat versus hierarchical organization, timing aspects, order information em-
bedded in sequences, primacy versus recency in list learning and aspects of se-
guence perception such as recognition, recall and generation. Recently Bapi et al.
(2005) reviewed these issues separately with examples. It is to be noted that no
single experimental paradigm in literature covers al these issues in a unified fash-
ion. In this section we describe in detail about sequence organization as this issue
is central to the problem discussed in this thesis.

Internal organization of behavioural sequences can be either linear (fiat) or
nonlinear (hierarchical) (see figure 1.1). Lashley (1951) argued that the sequen-
tial responses that appear to be organized in linear and flat fashion concealed
an underlying hierarchical structure. Hierarchical representations of sequences
have an edge over linear representations. They alow easier access to common
subroutines of sequences, easier to self-repair in the event of failure, and combine
efficient local action at low hierarchical levels while maintaining the guidance of
an overal structure. A linear (flat) organization of a sequence will be in the form
of one long linear string of actions as shown in Figure 1.1. While the represen-
tation is simple from the storage point-of-view, there can be potential problems
during retrieval. For instance, if the n'*element has to be retrieved, al then— 1
preceding elements have to be processed. Further, if there is a break in the chain,
subsequent elements will become inaccessible. On the other hand, a hierarchical
representation would have multiple levels of representation. Figure 11 shows
a 2—level hierarchical representation. At the lower level, the representation of
the elements of the sequence is flat. At the higher level, control nodes (chunk
nodes) are connected among themselves in a linear fashion and aso connect to
their respective sequence elements forming a. hierarchy. A break in the link be-
tween lower level nodes does not render any part of the sequence inaccessible,
since the control nodes (chunk nodes) would still be able to facilitate access to
the lower level nodes. In human behaviour, hierarchical structuring has been ar-
gued to be essential for many acquired skills, such as language, problem solving
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Figure 1.1: Flat versus Hierarchical representation. Schematic diagram depicts
a sequence of seven elements represented in flat (linear) and hierarchical (non-
linear) arrangement. In hierarchical organization, nodes a,,3 and a,s567 represent
chunks of elements.

and everyday planning (Chomsky, 1957; Newell et al., 1958; Miller et al, 1960;
Newdl and Simon, 1972; Conway and Christansen, 2001). Further, studies show
that representation at the higher level supports grouping of low level units to
form what are popularly known as chunks [for example, Wickelgren (1969, 1999);
MacKay (1982); Rosenbaum et al. (1983); Koch and Hoffmann (2000); Verwey
(2001); Sakai et a. (2003)]. Chunking also enables overcoming the limitations
imposed by the limited-capacity working memory, whose limit is proposed to be
742 constituents (Miller, 1956). In summary, when the amount of information
exceeds the capacity limits of working memory, it is expected that the internal
organization of sequences would be hierarchical in nature.
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14 Experimental Methodology

In order to investigate sequence learning experimentally, we adopted an mxn
finger movement sequence learning paradigm (Hikosaka et al., 1995; Bapi et al.,
2000). In these experiments, subjects learned sequences of finger movements of
increasing size (complexity).

In the mxn complexity paradigm the correct order of pressing m keys (Set)
successively for n times (Hypcrset) is learned by trial-and-error process. In this
paradigm, a visuo-motor sequence is incrementally acquired by learning smaller
sub-sequences. The tasks designed in this experimental paradigm are 2x6, 2x12
and 4x6. Subjects responded to visua stimuli on a 3x3 display by pressing
corresponding keys on a keypad inside the scanner. We trained eighteen subjects
in 15 Tesla functional Magnetic Resonance Imaging (fMRI) scanner on sequences
where set length and hyperset lengths were varied independently. Set length was
increased from 2 to 4 and hyperset length from 6 to 12. The experiments consisted
of four sessions of alternating sequence and base line conditions (called, a hox-
car design or epoch based). The baseline condition required subjects to follow
random visual targets. Complexity of learning in this paradigm is controlled
along two dimensions - the size of the sub-sequence () and the number of sub-
sequences (n). We wish to investigate the effect of independently varying 772 and
n on the acquisition and performance of sequential skill. The major advantage of
preferring the mxn experimental paradigm is that innumerable number of new
hypersets can be generated (the number of possible combinations for a hyperset
will be of the order of 10'). The other interesting feature of this experimental
paradigm is that learning is facilitated by a trial-and-error process. The learning
by trial-and-error process used in our experimental paradigm constitutes a very
good example of the popular machine |learning framework called Reinforcement
Learning (Sutton and Barto, 1998).

The earlier neuroimaging studies of sequence complexity varied the sequence
length linearly (Sadato et al., 1996; Catalan et al, 1998, 1999; Boecker €t al., 1998,
2002) or compared between different types of sequence i.e, contrasting between
repeated and heterogeneous sequence of finger movements (Wexler et ;) 1997
Dassonville et al., 1998; Gordon et al, 1998; Harrington et 41, 2000: Hummel
et al, 2003; Haaland et al, 2004). The work reported in this thesis differs in
methodology from the earlier investigations of sequence complexity. Most of these
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studies used well-learned sequences. But, our tasks involve progressively learning
the visuo-motor sequence by a trial-and-error process. It was aso possible to
probe the learning phenomenon of a new sequence (early stage) and mastering
that sequence (consolidation for the efficient retrieval of the sequence). Our task
also dlowed us to probe the progression of learning hierarchical sequences, i.e.
acquisition of chunks.

15 Questions Addressed in this Thesis

* How do behavioural parameters such as performance accuracy and speed
change by increasing the complexity of the visuo-motor sequence?

* How does the brain activity profile change with respect to changes in the
complexity of the sequence?

* What is the time course of changes (early-to-late differences) in the brain
areas related to aspects of sequence complexity?

» How does brain cope with short-range versus long-range prediction loads in
the working memory?

« Can we model mathematically the changes occurring in the coupling of
brain modules as the learning progressed?

16 Hypothesis

As learning progresses the differences in the behavioural parameters and the brain
activity in the initial learning phase might reflect the differential working memory
load whereas the differences in the later phase might reflect the sequence buffer
load requirements.

In our experiment, the amount of information to be processed at a time is
represented by a set. Increase in the set-length (increase of m in 2x6 to 4x6 tasks)
might increase the short-range prediction load while acquiring the sets. Similarly,
increasing the hyperset-length (increase of n in 2x6 to 2x12 tasks) could be related
to the increase in the long-range prediction load (acquisition of long hyperset).
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We hypothesized that in the complex condition corresponding to increased
set-length (i.e., in the 4x6 task), the optimization process may be limited to the
items within the set and may not span across sets. In contrast, we expect that
in the complex condition corresponding to increased hyperset-lcngth (i.e., in the
2x12 task), sequence information may possibly be organized in ahierarchical fash-
ion. Further, these differential effects may have implications in the behavioural
parameters (such as success rate and response time) and in the brain activity

pattern.

17 Organization of the Thesis

The organization of the thesis is as follows.

Chapter 2 reviews various neuroimaging studies related to sequence complex-
ity and their main contributions along with their experimental paradigms. A
summary of these studies and a comparison of other paradigms with the paradigm
used in our study will be made. Lastly, salient points of our experimental

paradigm will be highlighted.

Chapter 3 is an introduction to functional imaging and experimental design
issues. I this chapter we also describe various analysis methods and approaches

for analyzing functional images.

Chapter 4 describes the task procedures of our m.xn complexity experimental
paradigm, possible cognitive processes associated with the experimental tasks,
methods adopted for the behavioural analysis, fMRI scanner parameters used
for our experiments, methods of statistical analysis of functional images, how we
modelled the effects of complexity in the analysis and the types of fMRI analysis
performed in the current investigation. Thus this chapter describes the materials

and experimental methods.

Chapter 5 reports the statistical analysis results on the behavioural parame-
ters while subjects performed complex sequential skill by trial-and-error., Session-
wise and stage-wise results for the three experiments for each behavioural param-
eter (success rate, average key-press response time and number of movements)
are reported, The demarcation procedure for marking the learning stages in the
behavioural datawill be discussed. The repeated-measures (RM) ANOVA results
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for each behavioural parameter are also reported. The RM ANOVA results play
an important role in understanding the learning related improvements and their
differences among the experimental tasks.

Chapter 6 reports an interesting finding on the hierarchical organization of
sequential skills. In this chapter behavioural analysis of the response times is
presented. The am is to systematically quantify the hierarchical organization of
sequential skills (i.e., the chunking process) and its differential effects when the
sequence is arranged in different ways (i.e., as 2x12 or 4x6).

Chapter 7 reports functional Magnetic Resonance (IMRI) results of our com-
plexity experiment obtained using SPM99 package. SPM99 is developed by the
Wellcome Department of Imaging Neuroscience, University College London. The
results from the random effects analysis (RFX) of comparisons of complex se-
quence conditions (2x12 and 4x6) with 2x6 in both the stages (effects of com-
plexity), RFEX analysis of complex sequence learning conditions 2x12 versus 4x6
and 4x6 versus 2x12 in both the stages (direct comparisons) for both the stages
are reported in this chapter.

Chapter 8 introduces a recent statistical modelling methodology called, effec-
tive connectivity (Friston et al., 2003). The basic idea of effective connectivity
is to construct a reasonable realistic neuronal model of interacting cortical re-
gions using the neuroimaging data. The effective connectivity analysis is realized
through Dynamic Causal Modelling (DCM) in the SPM2 package (a recent tool
developed by the Wellcome Department of Imaging Neuroscience, University Col-
lege London). In this chapter we utilize the DCM analysis methodology and test
a fev models relevant to our tasks.

Chapter 9 presents the overall discussion of results obtained from the be-
havioural, neuroimaging data and the modelling efforts. This chapter will aso
point out possible interpretation of our results. This chapter also summaries the
results of this thesis.

Chapter 10 suggests the future directions of this research.

Appendix A describes the list of instructions given to subjects before they
performed the experiment in the fMRI scanner.

Appendix B lists the procedure for conducting empirical experimentation and
recording the resulting behavioural parameters from the experiments. Sample
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files and their formats are aso described in this Appendix.

Appendix C lists the hypersets generated by our experimental program for all
the 17 subjects for each of the experimental task.

Appendix D demonstrates a step-by-step procedure for performing fMRI data
analysis using the SPM99 package developed by the Wellcome department of
imaging neuroscience, University College London.

Appendix E lists the location of stereotaxic Talairach coordinates of peak
activations in the early and consolidation stages of 2x6>Control, 2xI2>Control
and the 4x6>Control regressor Contrasts in the form of tables.

Appendix F lists the location of stereotaxic Talairach coordinates of peak acti-
vations in the early and consolidation stages of 2x6>2x12 and 2x6>4x6 regressor
contrasts.



Chapter 2

Survey of studies related to Sequence
Complexity

In this chapter various neuroimaging studies related to the sequence complexity
and their main contributions along with their experimental paradigms will be
presented. A summary of these studies and differences of their paradigms with
our complexity paradigm will be discussed. The salient points of our experimental
paradigm will be pointed at the end.

2.1 Literature Survey

Neural basis of motor sequence learning has been extensively studied using var-
ious paradigms. Some studies investigated motor sequence learning with trial-
and-error [Hikosaka and colleagues. (Sekai et al., 1998; Hikosaka et al., 2000);
Passingham and colleagues: (Jenkins et al., 1994; Jueptner et al., 1997b,a; Toni
et al., 1998)]. In trial-and-error learning subjects learned a sequence of finger
movements by actively exploring sensori cues and evaluating responses based
on external feedback. Other studies explored explicit [for example, Kami et al.
(1995)] or implicit sequence learning [for example, Grafton et al. (1995, 1998)]
or both [for example, Honda et al. (1998)]. In explicit type of learning subjects
makes conscious attempt to construct a representation of the task whereas in
the implicit learning the task relevant information is acquired automatically and
without conscious awareness of what is being learnt. In several of these stud-
ies activity was observed in cortical, including the parietal, the primary motor,
the premotor, the supplementary motor, the dorsolateral prefrontal, the frontal
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pole, the anterior cingulate areas and in the subcortical areas, including the cau-
date, the putamen, the thalamus, the hippocampus, and the cerebellar areas.
In al these studies new learning is either compared with prelearned sequences
or pseudo-learning condition or random order sequences. Jenkins et al. (1994)
and Jueptner et al. (1997a,b) observed activation in the dorsal prefrontal cortex
[Brodmann Areas (BA) 9/46] and in the caudate nucleus during new learning.
It has been suggested that these areas participate in one or several component
processes involved in trial-and-error learning such as trying various choices, re-
membering previous choices, evaluating the responses and learning successive
movements on the basis of feedback. Saka et al. (1998) observed transition of
activity from frontal areas in the early stages to the parietal arcas by the late
stages of sequence learning. In an explicitly guided learning paradigm, Kami
et a. (1995) observed an enlarged activity in the primary motor cortex due to
repeated practice of a motor sequence. In a seria reaction task paradigm [a
popular implicit sequence learning paradigm developed originally by Nissen and
Bullemer (1987), in which subjects learn sequential finger movements without
conscious awareness of task in response to visual cues that appear one after the
other and the learning is evidenced by the improvements in response times],
Grafton et al. (1998) noticed learning related activity in the inferior parietal area
reflecting abstract representation and that in the sensorimotor cortex reflecting
effector-specific representation of the motor sequence.

Most of the earlier imaging studies of sequence complexity manipulated se-
guence length (Sadato et al., 1996; Catalan et al., 1998, 1999; Boecker et al., 1998,
2002) or type of sequence i.e. contrast between repeated and heterogeneous se-
quence of finger movements [for example, (Wexler et al., 1997; Dassonville et al.,
1998; Gordon et al., 1998; Harrington et al., 2000; Hummel et al., 2003; Haaland
et a., 2004)]. The current investigation methodologically differs from the earlier
investigations of sequence complexity. Most of the previous studies used well
learned sequences. But, our task involves progressively learning the visuo-motor
sequence by trial and error. It was also possible to probe in our experimental
design learning a new sequence (early stage) and mastering that sequence (con-
solidation for the efficient retrieval of the sequence). Our task also allowed us
to probe the progression of learning hierarchical sequences, i.e. acquisition of
chunks.

In the next section we review in detail some of the important studies related
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to the sequence complexity in chronologica order. Summarization of al the
paradigms discussed along with the salient points about the current sequence
complexity investigation will also be done.

2.1.1 Review of Sequence Complexity Paradigms

Sadato et al. (1996)

In a positron emission tomography (PET) study on 10 right-handed human sub-
jects, Sadato et al. (1996) investigated the effects of sequence complexity during
the performance of sequential finger movement tasks. The main contribution of
their study was that they showed differences in the brain activation between the
performance (execution) of simple and complex finger movements. In this study
they used acoustically paced sequential opponent finger movement tasks in which
subjects briskly and precisely touched the tip of the thumb with the fingers of
right-hand at a frequency of 2Hz. As the index of complexity, they varied the
length of unit sequences (number of finger ordcrings) progressively, namely, 4,
8, 12 & 16 element sequences (the index of complexity: 1, 2, 3, 4 respectively).
During these finger movement opposition tasks of varied complexity, even though
subjects showed over 90% of correct finger taps in dl the tasks for the two trials,
the performance declined from task 1 (complexity index: 1, sequence 1,2,34)
to task 4 (complexity index: 4, sequence 1,2,3,4,1,3,2,4,4,2,3,1,4,3,2,1) indicating
the effects of complexity. It means the performance value decreased from the
simple sequence condition (task 1) to the complex sequence condition (task 4).

The brain activations in the bilateral primary sensorimotor area [Talairach co-
ordinates. (-34,-24,52) & (28,-14,52)], the ipsilateral (right) anterior cerebellum
[Talairach coordinate: (14,-58,-16)], the contralateral (left) ventral premotor cor-
tex [Talairach coordinate: (-48,-8,28)], the posterior supplementary motor area
[Taairach coordinate: (-6,-8,56)] and the left putamen [Taairach coordinate: (-
30,-6,4)] were observed as common activations in al the sequence conditions.
They suggested that these areas could be involved in execution of sequential fin-
gers movements. A linear increase in regional cerebral blood flow (rCBF) in the
ipsilateral (right) dorsal premotor cortex [Brodmann area 6, Talairach coordi-
nate: (16,2,56)], the ipsilateral (right) precuneus [Brodmann area 7, Talairach
coordinate: (18,-56,48)], the cerebellar vermis [Taairach coordinate: (-4,-56,-12)]
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and the left thalamus [Taairach coordinate: (-12,-20,4)] were observed with the
increase of complexity index (increased from 1 to 4). Decrease in rCBF in the
contralateral (left) inferior parietal lobule [Brodmann area 40, Talairach coordi-
nate: (-48,-56,24)] was observed with increase in complexity. These activation
loci observed in this investigation did not reflect any learning related cognitive
components, as the subjects were over trained before PET scanning. In this
study they suggested functiona roles for the right dorsal premotor and the right
precuneus. The ipsilateral (right) premotor could be part of the mechanism for
storing motor sequences in working memory buffer and the right precuneus might
have a role in selecting and monitoring the sequence with on-line reference to a
working memory in the ipsilateral premotor cortex.

Catalan et al. (1998) and Catalan et al. (1999)

Catalan et a. (1998) adapted the sequence finger movement paradigm of Sadato
et a. (1996). On these experiments, they investigated the effects of changing se-
guence length in an acoustically paced opponent finger movement task. 13 normal
right-handed human subjects performed four sequence conditions (length of unit
sequences. 1, 4, 12, 16 denoted as simple, sequence-4, sequence-12, sequence-16
respectively) in a PET scanner. In this study they tried to distinguish neu-
ral basis of smple and complex sequential finger movements. They included a
simple condition (one finger movement) in this study in order to perform such
comparisons possible.

The experimental design is similar to that of Sadato et al. (1996). The subjects
performed four conditions in a opponent finger tapping of the thumb paradigm
where the length of the movement sequences varied from 1 to 16. Different unit
sequence lengths reflected different indices of complexity and one rest condition
as control condition. The shortest sequence (simple movement) isjust one finger
movement, i.e., by tapping right index finger with thumb. The other three se-
quences (lengths 4, 12 & 16) used dl fingersi.e., index, middle & ring. Subjects
briskly and precisely touched the tip of the thumb with the right hand fingers at
a frequency of 0.5 Hz, paced with a beat of a metronome. Subjects were made
to ‘overlearn’ the sequences before scanning.

Comparing the rest with the simple sequence condition they observed linear
significant increase in the contralateral (left) primary sensorimotor area and the
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ipsilateral (right) cerebellar cortex. These areas are interpreted to be involved in
the executive role in running the sequences. In addition, they observed regional
cerebral blood flow (rCBF) increase in the ipsilateral (right) premotor [Brodmann
area 6, Talairach coordinate: (28,-8,56)], the bilateral posterior parietal cortex
[Brodmann area 7, Talairach coordinates. (-26,-66,44) & (28,-66,44)] and the
bilateral precuneus [Brodmann area 7, Talairach coordinates. (-18,-76,44) & (14,-
68,40)]. These areas might be more selectively involved in sequence processing
rather than just the execution of movement per se and could be involved in the
storage of motor sequences in spatial working memory.

In aseminal work with the similar paradigm, Catalan et al. (1999) investigated
the effects of performing long sequential movements by comparing normals with
patients with parkinson's disease. They observed overactivity in the parietal and
the premotor areas while the sequence complexity was increased in comparison to
normals. Further, another finding in this study is the extra activation found in the
pre-supplementary area (pre-SMA)/anterior cingulate in the parkinson's patients
when the complexity of sequence was increased. They concluded by suggesting
that the parietal, the premotor and the pre-SMA/anterior cingulate areas ‘work
harder' in parkinson's patients presumably because of the striatal dysfunction
and this overactivity seemed to attempt to compensate for this dysfunction.

Boecker et al. (1998)

The main aim of this study was to investigate the neural bases within the motor
related areas (cortical and subcortical) in humans that participated mainly in the
‘overlearned’ complex sequential finger movements. In a PET scanner, 7 healthy
human subjects executed five different key-press sequences (overlearned before
scanning) of varying sequence complexity. Repeated measurements of rCBF was
done on each subject. Their 12-run PET experiment consisted of two resting
conditions and five pairs of key-press sequences involving linger movements ar-
ranged in the form of a square design. They used similar experimental method-
ology of Sadato et al. (1996) but they differed in the arrangement of sequences.
Five sequence conditions of varying complexity were given to the subjects which
vary from 4 (sequence: 2,3,4,5) to 8 (sequence: 2,2,3,4,4,3,5,3) finger movements.
Computer generated sound at one second interval used as guidance for pacing the
finger movements. They took care of not assigning numbers to the finger move-
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ments (2=index finger, 3=middlc finger, 4=ring finger, 5=little finger), there by
they could investigate cognitive components related to overlearned complex finger
movement sequences. So, there are two main differences between Boecker et al.
(1998) and other studies that used the same paradigm. One is that repeated
measurements were made to improve the signal-to-noise (SNR) ratio. The other
is that with arbitrary assignment of numbers to fingers, they avoided possible
confounds because of a routine (direct) mapping being used.

They observed positive correlations of regional cerebral blood flow (rCBF)
with the increase of complexity in the brain areas, left rostral supplementary mo-
tor area [Brodmann area 6, Talairach coordinate: (-4,2,56)], left thalamus [Ta
lairach coordinate: (-6,-26,8)], bilateral globus pallidus [Taairach coordinates:
(-12,-2,8) & (14,2,8)], left supplementary motor area [Brodmann area 6 antero-
superior part, Talairach coordinate: (0,0,60)], right precuneus [Brodmann area 7,
Talairach coordinate: (12,-68,44)] and right sensorimotor cortex [Brodmann area
4, Talairach coordinate: (48,-16,40)]. Interestingly they observed inverse correla-
tions of rCBF with increasing complexity in left superior frontal gyrus [Brodmann
area 10, Taarach coordinate: (-18,58,20)], right dorsal frontal gyrus [Brodmann
area 10, Talairach coordinate: (8,58,8)], left anterior cingulate [Brodmann area
32, Taairach coordinate: (-6,36,10)] and right medial temporal gyrus [Brodmann
area 39, Taairach coordinate: (46,-64,20)]. Their main conclusion was that the
anterior globus pallidus activation suggests a specific role for the basal ganglia
role in the process of motor sequence facilitation and control.

Harrington et al. (2000)

Harrington et a. (2000) investigated the effects of different structural properties
of sequential actions on 15 right-handed human subjects in functional Magnetic
Resonance Imaging (fMRI) scanner. The structural property in this study is
measured by two independent factors: the number of fingers (surface structure)
and number of finger transitions (abstract or sequence specific structure). These
two factors were systematically varied to form measures of complexity. They
varied sequence complexity independently in the two factors (varying the surface
structure or varying the abstract/sequence specific structure) and investigated
neural systems that were functional in these two aspects of structural properties
of sequential actions.
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In this study subjects performed sequences consisting of five key-press re-
sponses in response to a numeric (digit) sequence that was visually presented on
ascreen. The subjects used their index (left key - "1"), middle (middle key - "2")
and ring (right key - "3") fingers of their right-hand and responded on a horizon-
tal key-pad placed near their right-hand in the fMRI scanner. The left, middle
and right keys were aways pressed using the index, middle and ring fingers and
experimenter took care that subjects did not move their left-hand inadvertently
when performing sequences with their right-hand. Their experiment consisted of
blocks and within each block, one of the three sequences (for example, in condi-
tion 1 the sequences arc '11111", '22222' and '33333") were randomly presented,
which constituted one trial. The conditions 2-8 were heterogeneous sequence
forms. They designed these heterogeneous forms of sequences by systematically
varying the number of finger transitions (0-4) and the number of fingers used
(1-3). The subjects briefly practiced the sequence conditions before scanning.

Their results suggested a network of brain areas common to both the aspects
of sequence structure. They observed common areas involve possibly in visua
processing in the extrastriate cortex [left inferior occipital gyrus, Brodmann area
18, Talairach coordinate: (-34,-88,-1) and the right superior occipital gyrus, Brod-
mann area 19, Talairach coordinate: (35,-74,29)] and for preparation of sensory
aspects of the movement in the rostral inferior parietal [left supramarginal gyrus,
Brodmann area 40, Talairach coordinate: (-45,-3,32)] and the ventral premotor
cortex [Brodmann area 6, Talairach coordinate: (-45,-3,32)]. By varying the num-
ber of fingers used in sequence execution, they found activations in the cerebellum
[left superior anterior lobule, Talairach coordinate: (-26,-41,-19)] and the supe-
rior parietal cortex [right rostral lobule, Brodmann area 7, Talairach coordinate:
(26,-41,51)], which implicated their involvement in sensorimotor and kinematic
representations of the movement respectively. These two areas i.e., the cerebellum
and the superior parietal cortex were aso positively correlated with the number
of fingers used. Changing the number of finger transitions activated the infe-
rior parietal cortex [left angular gyrus, Brodmann area 39, Talairach coordinate:
(-49,-60,33); bilateral supramarginal gyrus, Brodmann area 40, Talairach coor-
dinates. (-56,-42,36) & (50,-35,53)] and the dorsal premotor cortex [Brodmaim
area 6, Talairach coordinates of activations. (-25,-9,49), (-19,18,58) & (-43,3,47)].
They aso demonstrated that the dorsal premotor cortex positively correlated
with the increase in the number of linger transitions. The correlated activity in
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the dorsal premotor with the finger transitions (abstract structure) could be due
to its role in the retrieval or preparation of abstract action plans. This paper
concluded with a suggestion that the surface and the abstract/sequence-specific
structure of sequential movements is subserved by distinct distributed systems.

Boecker et al. (2002)

In a PET study, Boecker et al. (2002) investigated complexity effects during men-
tal imagery of movement sequences. Five different sequence conditions ("2,3,4,5";
"2,2,3,4,5";, "2,23445"; "2,234435"; "2,2,3,4,4353" ) of increasing com-
plexity (i.e., increasing the sequence length, single-finger repetitions and re-
hearsals) were tested on 6 healthy right-handed human subjects in a PET scanner.
The paradigm used in the study is similar to that of their earlier investigation
(Boecker et al., 1998). The mental imagery is defined as a state of mental re-
hearsal of 'motor act (Crammond, 1997). Their 12-run PET experiment consisted
of five different activation conditions (two PET scans per condition) and two rest-
ing scans, arranged in the form of a square design. The activation condition is
defined as the continuous mental rehearsal of a specified, previously overlearned
key-press sequence. 1Hz sounds generated by PC were used to trigger the indi-
vidual imagined finger movements. The sequence conditions were similar to that
of Boecker et a. (1998) and they aso took care that subjects did not mentally
assign any numerical value to the individual finger movements. As the aim of this
investigation was to probe complexity effects during mental rehearsal rather than
execution of finger movements, they instructed subjects to quickly imagine one
of the five activation conditions without actually making the movements of the
hand or the arm. Subjects imagined each of the five sequence conditions which
required al four digits.

They observed activations in the left sensorimotor cortex [Brodmann area
4/3, Talairach coordinate: (-48,-22,58)], the left inferior parietal cortex [Brod-
mann area 40, Talairach coordinate: (-44,-40,52)], the bilateral dorsal premotor
cortex [Brodmann area 6, Taarach coordinates: (-18,-4,54) & (24,0,66)], the
left caudal supplementary motor area [Brodmann area, 6, Talairach coordinate:
(-2,-4,62)], the bilateral ventral premotor [Brodmann area, 6, Talairach coordi-
nates. (64,4,26) & (-64,6,26)], the right primary motor cortex [Brodmann area
4, Talairach coordinate: (32,-36,52)], the left superior parietal cortex [Brodmann
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area 7, Talairach coordinate: (-18,-58,64)], the left putamen [Talarach coordi-
nate: (-20,12,4)] and the right cerebellum [Taairach coordinate: (26,-52,-12)]
found in association with the mental rehearsal of movement sequences in com-
parison with the rest condition. Brain activation positively correlated with the
sequence complexity in the left dorsal premotor cortex [Brodmann area 6, Ta
lairach coordinate: (-22,6,50)], the right superior parietal cortex [Brodmann area
7, Taairach coordinate: (26,-68,56)], the right cerebellar vermis [Talairach coor-
dinate: (8,-82,-16)], the left superior parietal cortex [Brodmann area 7, Talairach
coordinate: (-16,-78,46)] and the right dorsal premotor cortex [Brodmann area
6, Talairach coordinate: (28,0,46)]. Their main conclusion of the neuroimaging
results of varying sequence complexity was that the task-related changes in the
parieto-premotor-cerebellar structures indicated their involvement in sequence
control.

Hamzei et al. (2002)

In an fMRI study, Hamzei et al. (2002) investigated the differences in neural cor-
relates in visuo-motor control with increasing task complexity. 12 Right-handed
human subjects performed their signature under different degrees of visual control
in four types of condition in the fMRI scanner. These four tasks differed in their
degree of visual control: (i) Internally generated movement, (ii) Internally gen-
erated movement with eyes open, (iii) tracing the line of the projected signature
forwards and (iv) tracing the line of the projected signature backwards. The main
finding of their study was that there is a gradual transition of visuo-motor control
with increase in complexity within a distributed parieto-frontal network and also
the strength of the activation shifts between different structures depending on
the complexity of the visual task.

The activation transits from the superior parietal lobule during visually guided
movements to the inferior parietal lobule during internally generated movements
with closed eyes. Another observation of this study was that the activation
of the rostral cingulate cortex area, the pre-supplementary motor area and the
proper supplementary motor area during internally generated movements. Vi-
sually guided movements activated the dorsal premotor. These results suggest
differential role for the media and the lateral premotor areas.
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Janata and Grafton (2003)

Recently, Janata and Grafton (2003) reviewed various neuroimaging studies re-
lated to explicit sequence learning and temporal production. They targeted their
review to explain perception and action cycle problem pertaining to the fidd of
Music (how complex musical sequences are represented and produced). The au-
thors pointed out that understanding the neural basis of sequencing behaviour
in music can be achieved through three cognitive processes namely: timing, at-
tention and sequence learning. As their review mainly targeted as a case study
of music, they reviewed earlier studies related to the increase in temporal and
ordinal complexity. The temporal complexity refers to the number of different
durations that are perceived or produced during atask. The ordinal complexity
refers to the overall number of elements in the sequence, represented by different
gpatial locations, that are to be learned and produced, and/or the number of d-
fectors involved in producing a sequence. The sequence with the lowest temporal
and ordinal complexity is produced with a single effector, and the timing between
elements of sequence are constant throughout.

Their met a-analysis based on a. review of 34 neuroimaging studies revealed the
following relevant observations to our study. The sensorimotor cortex, the supple-
mentary motor area, the cerebellum and the premotor cortex seem to be involved
in a. wide range of temporal and ordinal complexity studies. They aso showed
that the involvement of the cerebellum (CB) and the premotor cortex (PM) is
similar across many studies and is possibly related to their involvement in higher
levels of complexity. The activations of the sensorimotor cortex and the supple-
mentary motor area showed less complexity related activations compared to CB
and PM. They also reported that the activations found in the pre-supplementary
motor area, the superior parietal lobule, the occipital cortex, the superior tem-
poral gyrus, the intraparietal sulcus, the thalamus, the inferior parietal lobule,
the ventrolateral prefrontal cortex, the basal ganglia, the insula and the anterior
cingiilate might be related to various complexity patterns (patterns across levels
of ordinal and temporal complexity).

Hummel et al. (2003)

Hummel et al. (2003) investigated the effects of complexity on ipsilateral cortical
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activation on 15 healthy right-handed subjects using the Electroencephalogram
(EEG). Their main finding is the activation increase in ipsilateral sensorimotor
areas during complex motor behaviour.

The motor sequences in this paper consisted of 16 consecutive finger move-
ments using four fingers of the right-hand (2=index finger, 3=middle finger,
4=ring finger and 5=little finger) on electronic key-board, the subjects performed
three different types of motor sequences (i) Simple: repetitive key-presses of same
finger (e.Q., 2-2-2-2-2-2-2-2-2-2-2-2-2-2-2-2), (ii) Scale: scale like key-presses in
consecutive order arranged as either up or down using 4 fingers (e.g., 2-5-4-3-2-
5-4-3-2-5-4-3-2-5-4-3) & Complex: complex non-consecutive order using dl the
four fingers (e.g., 5-3-2-4-3-4-2-5-4-4-2-3-5-2-4-3). The sequences of complex type
are randomly generated by a computer algorithm. Subjects practiced one set of
sequences on the first day and undergone experimental sesson on the subsequent
day. During Day / subjects attained good performance levels and the sequences
which are practiced were labelled as 'MEM' (memorized) condition. During Day
2 subjects had to perform pre-learned sequences (called as 'MEM' condition) as
well as the randomly displayed novel sequences (called as 'NOV condition) of
matched complexity (Simple, Scale or Complex). In the 'NOV condition sub-
jects had to perform corresponding to a numbered cue (finger numbers indicated
above) displayed on the visua display. The 'NOV condition was designed such
that no memory load was involved.

The conclusion of this study is that they found similar dynamics (simple
to scale to complex) of cortical activation patterns (positive correlation) across
movement sequences during 'MEM' and 'NOV conditions. They interpreted
that the increasing ipsilateral activation might primarily reflect processing of
increasingly difficult transitions between movements and not the motor memory
load.

Haaland et al. (2004)

Stephen Rao and colleagues (Haaland et a., 2004), in a recent study, investigated
the effects of complexity during sequential finger movements. Their main focus of
the investigation was to demonstrate the left hemisphere dominance during het-
erogeneous (complex) sequential movements by either the right or the left hand.
The concept of complexity used by their earlier study (Harrington et al., 2000)
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inspired them to conduct this focussed study. In this investigation complexity
Is defined in terms of heterogeneous sequences. Simple sequences are repetitive
sequences with one of the fingers. Subjects performed key-presses with the digits
of their right or left hand in response to computer generated visual stimuli. The
indexing scheme used for the fingers, the usage of fingers and the placement of
fingers on the horizontal key-pad arc the same as in the previous study (Har-
rington et al., 2000). But in this experiment the key-pad was arranged on the
right or the left thigh to perform sequences with their right or left hands. 14
healthy right-handed human subjects performed finger key-presses involving sim-
ple or complex sequences with their right or left hand. In this fMRI study they
used novel sequences that were not highly practiced or predictable and were cued
with a visua stimulus. Unlike most of the earlier studies, in the current study
subjects practiced briefly before performing the task in the fMRI scanner. Only
two of the eight sequence conditions (simple sequence condition of type: ‘11111’
or '22222' or '33333'; complex sequence condition of type: '12131' or '23231' or
'32321") that were used in the current study as compared to the earlier study
(Harrington et al, 2000). Additionally, subjects performed these conditions with
the digits of both their right and left hands. In a block subjects performed 40
trials randomly presented and a trial consisted of performance of one sequence.

They performed fMRI analysis leading to two types of inferences, 1) acti-
vation fod for comparison of right and left hand performance collapsed over
sequence complexity (i.e., to study hemispheric dominance) and 2) activation
foc for comparison of simple and complex movement sequences collapsed over
movement hand (i.e.,, comparison between simple and complex sequential move-
ments). This kind of analysis methodology enabled two types of comparisons
i.e., left versus right dominance and simple versus complex tasks. Their results
showed that the overal MR signal was larger in the left than the right sen-
sorimotor cortex, the extent of this asymmetry did not change with the hand
or complexity level, the parietal and the premotor cortices activated more in
the left than the right hemisphere when complex sequences were compared with
simple sequences. The statistical comparisons of activation of complex versus
simple conditions (complex > simple) irrespective of the hand used showed a
network of brain areas. The lé&ft dorsal premotor [Brodmann area 6, Talairach
coordinate: (-24,-7,47)], the bilateral superior parietal cortex [Brodmann area
7, Talairach coordinates: (-26,-56,43) & (26,-64,39)], the left posterior cingulate
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[Brodmann area 23, Talairach coordinate: (-3,-52,8)], the right extrastriate cortex
[Brodmann area 18/19, Talairach coordinate: (33,-80,-2)], the left thalamus [Pul-
vinar/ventral nucleus, Talairach coordinate: (-13,-24,7)], the bilateral anterior
cerebellum [Vermis, coordinates as per Schmahmann et al. (2000): (-9,-57,-27)
& (9,-59,-21)] and the right lateral anterior cerebellum [Schmahmann coordinate
(Schmahmann et al., 2000): (17,-39,-23)] were activated when complex sequence
conditions were compared with simple conditions. Their interpretation was that
the left dorsal premotor cortex and the parietal areas might be engaged when
advanced planning is required.

In the following an interesting study related to the investigation of implicit and
explicit sequence learning in asingle experimental paradigm will be reviewed. The
reason for reviewing this study is that it has relevance to our current investigation
in demarcating the learning stages based on subject specific behaviour.

Honda et al. (1998)

Using PET on 21 healthy right-handed human subjects, Honda et al. (1998) tested
the dynamics of brain activations during implicit, explicit and post-learning
phases of sequence learning. The objective of this study was to examine the brain
regions correlated with implicit and explicit phases of motor sequence learning
and their dynamics using a modified SRT task. The dynamics were examined by
using a parametric analysis on PET images where brain activity was correlated
with the behavioural task.

A variation of the SRT task paradigm was adapted in their investigation. On
a four button key-pad subjects performed the task while supine in PET scanner
bed while the key-pad was placed near their right-hand. Visual stimuli consist-
ing of a number (1,2, 3 or 4) was presented on a screen in front of the subject.
The subjects were instructed to press key-pad buttons as quickly and accurately
as possible with a different finger in response to each number in the visual dis-
play (I=index finger, 2=middle finger, 3=ring finger and 4=little finger). The
feedback information regarding the correctness of key-presses was given. When
subjects pressed correct response then the number in the visual stimulus disap-
peared. Otherwise i.e., when the key-press was incorrect visual stimulus remained
on the display until the presentation of the next stimulus and subjects were in-
structed not to press during that period. Subjects performed three conditions,
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namely, random, sequence and visua control in a block design. In the random
condition, subjects responded to 100 randomly generated numbers on the vi-
sual display. In the sequence condition, all the subjects practiced the same test
sequence (4-3-2-1-3-4-2-3-1-2) and after each block subjects were examined as
to whether they observed anything in the task. In the visual control condition
the 100 numbers were displayed in a random order but no key-press responses
were required. The mean reaction time and correctness of recall of sequence
were recorded for each block, which formed the behavioural parameters. Based
on the performance of each subject, the blocks in the total experiment were di-
vided into three learning phases namely implicit learning, explicit learning and
post-learning. The demarcations into learning phases was done as follows, (i) im-
plicit learning phase, blocks before subjects reported awareness of the sequence;
(i) the explicit learning phase, defined by the blocks between explicit awareness
of sequence to the blocks where subjects reported the sequence correctly; (iii)
post-learning phase, defined by the blocks after subjects reported the sequence
correctly to the last block of the experiment. The elegancy of this paradigm
is that they studied brain responses correlated to behaviour in the thee phases
of learning with an appropriate behaviour (measure such as, reaction time for
implicit learning phase).

During the implicit learning, they observed negative correlation in the con-
tralateral primary sensorimotor area [MNI coordinate: (-32,-34,52)] and positive
correlation in the left anterior insula [MNI coordinate: (-30,18,4)] with reaction
time.

In the explicit learning phase, they observed that the correct recall positively
correlated with the activation in the bilateral posterior parietal cortex [Brodmann
area 40, MNI coordinates. (26,-70,32) & (-30,-64,40)], the precunes [Brodmann
area 7, MNI coordinate: (-4,-74,36)], the bilateral dorsal premotor [Brodmann
area 6, MNI coordinates: (24,4,52) & (-24,-2,48)], the Ieft anterior part of supple-
mentary motor area [Brodmann area 6, MNI coordinate: (-12,2,48)], the left tha-
lamus [MNI coordinate: (-10,-18,0)] and the right dorsolateral prefrontal cortex
[Brodmann area 46, MNI coordinate: (36,42,16)]. During this stage, the reaction
time was observed to be significantly negatively correlated with the fronto-parietal
network i.e., the supplementary motor area [Brodmann area 6, MNI coordinate:
(-10,4,52)], the right dorsal premotor cortex [Brodmann area 6, MNI coordinate:
(28,4,48)] and the right posterior parietal cortex [Brodmann area 40, MNI co-
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ordinate: (26,-70,32)]. During the post-learning phase reaction time negatively
correlated with the ipsilateral primary sensorimotor area [Brodmann area 4/3,
MNI coordinate: (30,-20,48)] and the posterior part of supplementary motor area
[Brodmann area 6, MNI coordinate: (0,-14,44)]. They concluded that different
brain areas are dynamically involved in implicit and explicit sequence learning.

2.1.2 Differences between various complexity paradigms
reviewed and the paradigm used in this thesis

The earlier neuroimaging studies of sequence complexity varied sequence length
linearly (Sadato et al., 1996; Catalan et al., 1998, 1999; Boecker et al., 1998,
2002) or compared between different types of sequence i.e., contrasting between
repeated and heterogeneous sequence finger movements (Wexler et a., 1997; Das-
sonville et al., 1998; Gordon et al., 1998; Harrington et al., 2000; Hummel et al.,
2003; Haaland et a., 2004).

The paradigm used our study is the mxn sequence complexity paradigm. In
the mxn paradigm the correct order of pressing m keys (set) successvely for n
times (hyperset) is learned by trial-and-error process. Our complexity paradigm
differs methodologically from the earlier investigations of sequence complexity
and we increased the complexity of sequence being acquired along two dimensions.
We hypothesized that in the complex condition corresponding to increased set-
length (i.e.,, in the 4x6 task), the optimization process may be limited to the
items within the set and may not span across sets. In contrast, we expect that
in the complex condition corresponding to increased hyperset-length (i.e., in the
2x12 task), sequence information may possibly be organized in a hierarchical
fashion. Though our experimental paradigm does not contain many points on
the complexity space but it is an interesting demonstration to show two types of
conditions (2x12 versus 2x6 and 4x6 verus 2x6) in a single experimental design.
Previous studies could design more points in the complexity scale because they
used well learnt sequences whereas our task involved sequence learning in the
fMRI scanner.

Most of the earlier studies investigating motor sequence complexity used over-
learned sequences (Sadato et al., 1996; Catalan et al., 1998, 1999; Boecker et al.,
1998, 2002; Hummel et al., 2003) or briefly practiced sequences (Harrington et al.,
2000; Haaland et al., 2004). Our mxn sequence complexity paradigm differs from
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these studies. A novel sequence that was not seen earlier and not practiced earlier
was given to each subject for learning in the course of the experiment. Like in
Honda et al. (1998), we aso marked the learning stages based on the behavioural
data. In our rnxn sequence complexity paradigm we divided scanning sessions
of every subject into learning stages i.e., the early and the consolidation stage.
Subject-specific demarcation of stages in sequence learning is aso an important
contribution of our study. The earlier studies did not address learning stages in
sequential skill learning. Unfortunately because of time dlot limitations in fMRI
scanner, we could not scan for more than 4 scanning sessions, that is why we
could not probe the so-caled 'late’ stage of learning of the complex sequence
conditions.

The earlier studies of complexity used either auditory paced movements (Sadato
et a., 1996; Catalan et al., 1998, 1999; Boecker et al., 1998, 2002) or visualy trig-
gered movements (Harrington et al., 2000; Hummel et al., 2003; Haaland et al.,
2004). The motor movements performed are either finger opposition type (Sadato
et a., 1996; Catalan et al., 1998, 1999) or key-press performance tasks (Boecker
et al., 1998; Harrington et al, 2000; Boecker et al., 2002; Hummel et al., 2003;
Haaland et al., 2004). In the rnxn complexity paradigm, we used a 3x3 grid dis-
play for visual stimulus and a. 3x3 key-pad to perform motor (finger) movements.
In our tasks, the sequences are learned by their spatial grid positions and not
explicitly numbered.

The sequences learned in our raxn complexity paradigm are not performed
solely by visual guidance but subjects had to discover the order of the sequence by
a, trial-and-error process. The other interesting point to mention in our paradigm
is that subjects acquired the sequences progressively.

2.1.3 Summary of our Experimental Paradigm

The rnxn visuo-motor sequence learning paradigm we used for probing complexity
along two dimensions is the first of its kind designed to demonstrate the effects
of complexity in trial-and-error learning. The experimental design alowed us to
address the stages of sequential skill learning. Increcase of complexity along two
dimensions is also an important feature of our study. From the point, of view
of fMRI analysis methodology, our study is novel. We have modelled the effects
of two dimensions of complexity separately (2x12 versus 2x6 and 4x6 versus 2x6
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in two design matrices). The usage of response times as explanatory variable to
probe into the effects of increase in set size (set completion time is used to model
the short-range processes) and increase in hyperset size (hyperset completion time
is used to model the long-range processes) is aso a novel procedure. The current
study is a whole-brain study, so we could image the whole-brain responses, i.e.,
Blood Oxygen Level Dependant signals (BOLD) related to the task conditions
over the entire brain.



Chapter 3

Introduction to fMRI: experimental
design and analysis

In this chapter an introduction to functional imaging and the issues related to
experimental design will be presented. This chapter aso discusses various analy-
ss methods and approaches for analyzing functional magnetic resonance images
(fMRI).

3.1 Introduction to fTMRI

The functional Magnetic Resonance Imaging (fMRI) is a powerful imaging tool
that can be used to perform brain activation studies non-invasively in vivo while
subjects are engaged in meaningful behavioural tasks. The resulting activation
of the brain indirectly depends on blood-oxygen-level-dependent (BOLD) signal
(Ogawa et al., 1990). Before the emergence of fMRI, radioiostope based tech-
niques, such as positron emission tomography (PET) which measures regional
cerebral blood flow (rCBF), were widely used for mapping the brain function.
However, these techniques are invasive and have a low spatial and temporal res-
olution. Electroencephalography (EEG) which records the electrical activity of
nerve cells in the human brain by measuring electrical potential on the scalp is
aso another widely used experimental technique in neuroscience. Magnetoen-
cephalography (MEG) is another non-invasive technique which is becoming pop-
ular now-a-days. MEG measures the weak magnetic fields generated above the
scalp by current flow in the brain. This technique directly measures the neuronal
activity. EEG and MEG techniques though they probe brain activity at very
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finer temporal resolutions, their spatial resolutions are very poor. The fMRI pro-
vides a non-invasive method to access indirectly neuronal activity in the brain, by
measuring the haemodynarnic metabolic signal i.e., blood-oxygen-level-dependant,
(BOLD) signal. Effects of blood oxygen on the apparent transverse relaxation
time (7>*) were reported by Ogawa and colleagues (Ogawa et al., 1992). In-
creased neuronal activity in a brain area leads to an increase in localized cerebral
blood flow, blood volume, and blood oxygenation. The BOLD fMRI techniques
are designed to measure primarily, changes in the inhomogeneity of the magnetic
fied that result from changes in blood oxygenation. Deoxyhaemoglobin is para-
magnetic and introduces an inhomogeneity into the nearby magnetic fied, while
oxyhaemoglobin is weakly diamagnetic and has little effect. Hence, a decrease in
deoxyhaemoglobin would cause an increase in image intensity [refer to Hornak
(2002) for more details of fMRI Physics]. fMRI is wdl suited to measuring the
dynamic clianges in brain activity induced by tasks that involve learning (such as
tasks investigated in this thesis) as it provides a reasonable spatial and temporal
resolution compared to other nceuroimaging techniques such as positron emission
tomography [refer to Cohen and Bookheimer (1994); Volkow et al. (1997)]. After
more than ten years of fMRI research, there is still much to learn about how
neuronal activity, haemodynamics and fMRI signals are interrelated (Heeger and
Ress, 2002). A recent review of Ugurbil et a. (2003) suggested the possibil-
ity of obtaining spatially accurate and quantitative data on brain function from
magnetic: resonance technologies. Recently Chem and Schneider (2003); Culham
(2005) pointed out that there is a growing scientific and clinical community using
fMRI and the neuroimaging publications continue to increase exponentially.

3.2 Issues related to Experimental design

Developing successful fTMRI experiments requires careful attention to experimen-
tal design, data acquisition techniques, and data analysis (Chein and Schneider,
2003). The experimental design is at the heart of any cognitive neuroscience in-
vestigation. In this chapter we present a brief review of various issues related to
the experimental design [for more details refer to: Chein and Schneider (2003);
Culham (2005)].
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3.2.1 Block and Event-related Designs

The experimental designs are broadly classified into two classes i.e, blocked
(epoch) designs and event-related designs. The properties of haemodynamic re-
sponse function (i.e., the transfer function mapping neuronal activity onto BOLD
signal) play an important role in the design of experiments (Friston, 1998). In
a recent investigation by Friston’s group (Mechelli et al., 2008), comparison be-
tween these two design methodologies was presented taking a case study. Though
event-related designs are efficient in capturing transient behaviours, the blocked
designs give good signal to noise ratio (SNR) and are very useful in group studies.

The blocked or epoch designs are commonly used in neuroimaging literature.
Typically the task condition in the blocked designs is performed for an extended
period that is more than the haemodynamic response (HR) time. Some of the
advantages of blocked designs are that they normally give reasonably significant
areas of activation and they are comparatively easy to analyze. On the other
hand, the event-related designs (sometimes called trial-based or single-trial de-
signs) am to characterize transient changes in fMRI signal that emanate as the
consequence of individual trials either separated in time or spaced closely to-
gether in time (Culham, 2005). Some of the advantages of using event-related
designs are: (1) adlow random intermixing of the trials, (2) they are usgful in
characterizing the temporal dynamics of brain activation, (3) alow separation of
sub-processes within multi-componential trials, (4) may facilitate separation of
HR, signals from art if actual events etc. Thus the blocked designs are special case
of event-related designs and each has its own advantages and disadvantages.

Selection of experimental design should be based on the particular research
guestion of interest. For example, in this thesis we are interested in the acquisition
of sequential motor skill while subjects repeatedly practiced a sequence. The
usage of epoch based design in our experimental paradigms is meaningful because
our tasks require subjects to perform continuous motor actions and there are no
events to be really probed. On the other hand, the event-related designs could
be used, for example, when stimulus-action mapping a. a particular event is to
be investigated.



3.2. lIssues related to Experimental design 30

3.22 Genera Taxonomy of Experimental Design

In the previous section we briefly reviewed types of designs suitable for fMRI
experiments. In this section we briefly review taxonomy of experimental designs
useful for the cognitive psychology experiments (i.e., behavioural paradigms).
Overall, designs can be classified into three types i.e., categorical, factorial or
parametric [refer to, Friston (1997)].

The categorical designs assume that the cognitive processes can be dissected
into sub-cognitive processes. That is one can remove and add different cogni-
tive processes by the assumption of pure insertion. The categorical designs are
further divided into subtraction type or conjunction type. Cognitive subtraction
designs are used to test the hypothesis pertaining to activation in one task as
compared to that in another task considering the fact that the neural structures
supporting cognitive and behavioural processes combine in asimple additive man-
ner. Whereas in the cognitive conjunctions type designs, several hypotheses are
tested, asking whether al the activations in a series of task pairs, are jointly
significant.

Factorial designs involve combining two or more factors within atask or tasks
and looking at the interaction between the different factors, or the effect of one
factor on the response to other factor. The simplest example of factorial design is
that one can probe into the interaction between motor activation and time that
can be interpreted in terms of plasticity and adaptation [for example, Friston
et al. (1992)]. Factorial designs are mainly used where the assessment of direct
interaction between the task factors is of interest. Thus in factorial designs one
can mix two effects in a single design. The effectors could be either categorical
or parametric type.

In parametric designs, rather than assuming that the cognitive processes are
composed of different cognitive components, they are considered as belonging to
different psychological dimensions. The main difference in parametric designs
Is that the sensorimotor attributes or the cognitive components of interest are
treated as dimensions as opposed to categories. The systematic changes in the
brain responses according to some performance attributes of task can be investi-
gated in parametric designs. In parametric designs one can aso look at the linear
and non-linear types of relations.
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Thus, one can use factorial approach in a parametric context, i.e. to examine
the brain responses to increasing frequency of stimulus presentation in different
contexts and look for a differential sensitivity to increasing presentation rate.

3.3 Anayss of Imaging Data

Data analysis mainly consists of motion correction, coregistration, normalization
to a template (if required), smoothing, estimation of parameters of a statistical
model (statistical modelling), and statistical inference to determine significant ar-
eas of brain activation. These steps could be implemented using many softwares
available such as AFN1, MEDx, FIASCO, FSL, STIMULATE. In this thesis we
have used one such software package called SPM99. SPM99 is designed to ana-
lyze functional ncuroimaging data. Its primary god is to produce a statistically
meaningful comparison between groups of images. The fMRI images are prepro-
cessed and a General Linear Model (Friston et al., 1994, 1995b,¢) would be setup
to investigate the candidate brain regions that arc activated preferentially by the
sequence tasks. This section outlines the analysis procedure used for image anal-
ysis (see Figure. 3.1). A step-by-step guide to using SPMY9 is given in Appendix
D.

The major steps of data analysis include:

Data Acquisition

* Preprocessing

Model Setup and Estimation

Statistical inference (Results assessment)

SPM stands for Satistical Parametric Mapping. which is the main output
of the software. Statistical Parametric Mapping refers to the construction and
assessment, of spatially extended statistical process used to test hypotheses about
[neuro] imaging data obtained from PET (Positron Emission Tomography) and
fMRI. SPM99 separately examines every voxe (3-dimensional pixel) location
across al images, and computes a parametric map containing a parameterized
value at each voxel. The parametric map is a form of data, reduction, condensing
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information from a number of individua scans into a sngle image volume that
can be more easly viewed and interpreted. The parameterized vaue is generaly
some form of Student’s t-test estimating the likdihood that a comparison of two
Image groups matches a given modd that explains their possible differences.
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Figure 3.1: Data Processng Steps in SPM

3.3.1 Data Acquisition

Issues of data acquisition are included here because it is crucid that the data
are acquired in a way that the experimental hypothesis can be addressed. This
includes the experimental design as wdl as technical questions of modality, ac-
quisition parameters, and reconstruction.



3.3. Analysis of Imaging Data 33

An fMRI experiment to test a given psychological hypothesis must be de-
signed within the constraints of the temporal characteristics of the fMRI BOLD
signal and of the various confounding effects to which fMRI signal is susceptible.
Typically, two designs are possible 1) Epoch- based design using Blocks of stimu-
lation (boxcar designs with alternating activation and rest) and 2) Event related
design, where data may be recorded to monitor the BOLD response following a
marked (pre-determined) event such as a single stimulus or task.

The most important consideration is the actual design of the experiment. In
conducting a hypothesis-based experiment, we wish to be able to attribute any
observed effects to experimentally manipulated conditions. This can be guaran-
teed only if conditions are randomly allocated to a presentation order for each
subject in a sensible manner. Further, this randomization should be appropri-
ately balanced, both across and within subjects. With such random allocation
of conditions, any unexpected effects are randomly scattered between the condi-
tions, and therefore do not affect the designed effects.

The next step after specifying the hypothesis, and designing the experiment
is to acquire the data. Most fMRI studies use a, box-car design with alternating
epochs of rest and a single activation task of about thirty seconds.

SPM uses the simple header and flat binary image file format of ANALY ZE-7.
Images need to be converted into 'Analyze' format, by using other utilities such
as MRIcro (Rorden, 2004).

3.3.2 Preprocessing

This stage includes severa steps, al of which are aimed at massaging the data so
that it is suitable to be statistically analyzed by SPM99. In our experiment, the
scanner was operated continuously for a session. Two additional scans acquired
at the beginning of each session were discarded to account for the transients in
the magnetic fidd of the scanner. Further, one scan at the beginning of every
block that corresponded to the block instruction was also discarded from analysis.

Realignment: In functional imaging, the signal changes corresponding to any
haemodynamic response can be small compared to the signal changes that can
result from subject motion. So, prior to performing the statistical tests, it is
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important that the images arc as closely aligned as possible. Hence, the functional
images were first reoriented to set a common origin for al the images to match
with the line joining the anterior and posterior commissures (AC-PC plane).
Realignment algorithm is then applied to al the images to account for any head
movement during scanning. If not corrected, the head movement give rise to
artifact in the signa intensity variations. A rigid body transformation with 6
parameters (3 translations and 3 rotations about orthogonal axes) is computed
to minimize the sum of squared differences between each scan to the first scan in
the series. Applying this transformation (rigid body transformation) is performed
by resampling the data using sinc or trilinear or nearest neighbour interpolation
methods.

Coregistration: Coregistration enables the functional images to be overlaid
onto the anatomical (structural) image of the subject. This step finds the trans-
formation that maps the anatomical image into the space of the functional im-
ages. A further use of registration is that a more precise spatial normalization
can be achieved. The first functional image is co-registered to the anatomical
image in order to ensure correct anatomical localization of the blood-oxygen-
level-dependent (BOLD) activity. This process is not based on minimizing mean
squared difference between images but follows a three step process. simultaneous
affine registrations (12 parameter affine transformations is used) between each
image and template images of same modality, partitioning of images into grey
and white matter (mixture model cluster analysis used to classfy MR image as
grey matter, white matter & Cerebrospinal Fluid), and fina simultaneous regis-
tration of image partitions (rigid body transformation is used for registering grey
and white matter partitions).

Normalization: Images need to be normalized to account for variation in brain
sizes of different subjects. Normalization would aso help standardization of re-
porting the co-ordinates of the brain space across different studies. The anatom-
ical image was normalized (Friston et a., 19953) to a template image and the
resulting parameters were used for normalizing al the functional images. A 12
parameter &fine transformation of image partitions is used in this spatial nor-
malization process (this process is similar to that of the transformation used in
coregistration but, aso includes zooms and shears). A global nonlinear warping
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technique is applied to fit the overall shape and size between the template image
and source image.

Smoothing: The normalized functiona images are spatially smoothed with a
gaussian filter using a suitable full width half maximum (FWHM of 6mm in our
case i.e., double the voxd size). The smoothing process not only increases the
signal to noise ratio (SNR), but aso validates the underlying gaussian assumption
for the BOLD activity that is in turn used in the statistical inference step.

3.3.3 Statisticss Mode Setup and Estimation

Statistical analysis is performed on the preprocessed image data for each exper-
iment using a general linear model. The general linear model (GLM) is used to
gpecify the covariates of interest, such as the experimental design and the nature
of hypothesis testing to be implemented in the form of a design matrix.

The general linear model allows to phrase an analysis of variance with condi-
tion or group effects in terms of a multiple regression (Strange, 2000). The GLM
is simply an equation that relates what one observes, to what one expected to
see, by expressing the observations (response variable Y) as alinear combination
of expected components (or explanatory variables x) and some residual error (¢),
thereby equivalent to linear regression.

};, = -f'_;l."-"] T . J'_I_;-;"JJ;,- “4 ... F .!'_I,;_;"?"L + €5 (31)

The ftk are unknown parameters to be estimated, corresponding to each of the
L explanatory variables (z,,)for the ;' observation of Y. This can be expressed
in the matrix form as

Y = X3 +e 3.2)

Here, X is caled the design matrix that contains the explanatory variables
and /3 is the parameter estimate. Each column in the design matrix corresponds
to some effect that one has built into the experiment or effects that may confound
the results. The rows of the matrix correspond to the number of observations.
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Commonly used parametric models, such as linear regression, t-tests and analysis
of variance (ANOVA) are specia cases of the general linear model.

Subjects continually adapt to a particular task and both neuronal and cog-
nitive adaptations take place. It can thus be argued that no observation is truly
a, replicate of the previous one. To model these adaptations, we may partition
the overall model into learning stages, and/or include regressors or explanatory
variable (for example, behavioural parameters such as success rate and response
time) in our experiment that represent time effects.

3.34 Statistical Inference

The GLM approach to neuroimaging has been used successfully during the past
10 years. For majority of behavioural studies, the "box-car" design is adopted
where the activity of the brain areas correlated with the test blocks is obtained
by comparing the average activation in test blocks to that of the control blocks.
This approach is caled the cognitive subtractionapproach [refer to Friston (1997)
for review of fMRI experimental design]. Brain activity specific to the task is
obtained by specifying linear contrasts. The activations thus obtained can be
overlaid or rendered onto the high-resolution anatomical image of the subject in
order to accurately locate the neural activity.

A contrast can be used to compare different conditions. The conditions of
interest are given a positive value, such as 1, and conditions that are to be
subtracted from these conditions of interest take on a negative value, such as - 1.
One rule for making a contrast that is applied to conditions is that the sum of
al elements of the contrast vector must always be equal to zero.

There are many ways to view the results, both from within SPM99 as well
as using other programs. The two major issues are (i) figuring out which voxels
are significantly active, and (ii) determining the precise anatomic location of a
purported activation.

3.35 Random Effects Analysis

A Random, Effects (R.IFX) analysis is also referred to as a "Mixed Effects”™ analy-
Sis, since it considers both within-and between-subjectvariance. In SPM this is
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realized through a "second level" analysis. A "first level" or Fixed Effects (FFX)
analysis is the standard way to set up an analysis design using the GLM explained
above. A first level design uses within-subject variance, thus providing for in-
ferences that generalize to the subjects studied. The Fixed effects model (FFX)
can be effectively used to find the typical activation of a group of subjects or for
comparing between subject groups. This approach is appropriate for qualitative
assessment of the results. For example, if among eight subjects, three of them
show significant activation then the average activation will also show significant
effect. However in order to make broader inferences or conclusions about the
general population from which the subjects were drawn and to make quantita-
tive inferences, the Random Effects anaysis approach should be used. The
problem with RFX (Holmes and Friston, 1998) analysis is that it requires a large
sample. For a discussion on RFX Anaysis and how many subjects constitute a
study see Friston et al. (1999). A Random Effects analysis was performed within
SPM by the second level of analysis in which contrast images from the first level
are analyzed using student's t-tcst or AN OVA like methods.

34 Characterizing Learning Related Changes

In this section we review some methods and approaches for characterizing learning
related changes observed in fMRI data. In this section first we discuss possible
methodology for characterizing learning induced changes in the data in the SPM
framework. We aso reviewed various approaches available for characterizing
learning other than the SPM approach.

34.1 Usng Statistical Parametric Map (SPM)

Partitioning the Model into Learning Stages

Strictly speaking, fixed effects method is not suitable for learning studies as
it ignores the fact that the epochs are not replicated and that learning causes
differential changes in the early as compared to the late epochs. A simple way
to incorporate early versus late differences is to partition the overal average
into two parts - one corresponding to the average of early epochs and the other
corresponding to the late epochs. The comparison of these two averages gives us
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the typical features of the early stages of learning and that of the late stages.

Time effects within a session (Parametric Modulation)

In the approach outlined thus far, we ignored any session specific improvements.
These can be accounted by using the "parametric modulation” approach in SPM.
Parametric modulation is a special case of the approach of using "user specified
regressors’ in SPM. Regressors are used to study sesson specific adaptation in
brain activity, genera effects of time on brain activity and Brain-Behaviour cor-
relations effectively.

Random Effects Analysis (RFX)

All the above methods use fixed effects model where inter-session variance is
ignored. Subjects continually adapt to a particular task and both neuronal and
cognitive adaptations take place. It can thus be argued that no observation is
truly areplicate of a previous one (Vazquez and Noll, 1998). An approach called
random effects analysis (RFX) takes inter-session variance aso into account and
provides generalizability of results to populations and also to make quantitative
inferences (Friston et al., 1999). Problems with RFX are that it requires large
sample and is more complex to implement. All these methods offer different ways
of adapting the basic SPM framework for studying learning related effects. As
such these methods address the problem only partially, but acceptable as they
conform to existing framework used in practice. In the next section, we point out
alternative approaches.

3.4.2 Alternative approaches for characterizing learning
induced changes

Statistical Time Series Approaches

The SPM framework has special limitations when used for studies that investigate
learning and similarly for investigating pharmacological effects. Hence there is an
immediate need to explore alternative methods that explicitly characterize the
effects of time in fMRI data. One alternative is to augment the current method-
ology with a second-level analysis where statistical time series techniques are
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applied on regions selected from the first-level ANOVA based analysis. Explicit
modelling of time series can potentially reveal and enable the characterization of
learning induced changes in the brain activity.

A series of 228 BOLD intensity values are obtained from the activated brain
areas. These intensity values are extracted from the loca maxima (of voxels) in
the volume of interest as revealed by the SPM fixed effects analysis. We used the
standard Auto Regressive Integrated Moving Average (ARIMA) statistical time
series model (Box and Jenkins, 1976), as it is wel known for uncovering hidden
patterns in time series data.

Pammi et a. (2004b) conducted preliminary investigations on fMRI time se-
ries data obtained from one of our sequence learning experiments (Pammi et al.,
2003a). The coefficients of ARIMA model from different brain regions revealed
a pattern of periodicities in the control condition but dissmilar behaviour in
the test condition. The time series data of the sequence learning (test condi-
tion) fitted optimally in an auto regressive (AR) model reflecting dependencies
on previous history. The dependency could possibly be related to the progressive
sequence learning accomplished by the subject. The data from the control condi-
tion fitted optimally in a moving average (MA) model revealing that there are no
history-related dependencies. This is in accordance with the experimental design
as there is no learning involved in the control condition. Further investigation
needs to be carried out to tease out various components in the AR model related
to sequence learning (test condition).

Modelling haemodynamic response function (HRF)

The other possible approach to characterize learning effects is to explicitly model
and estimate the haemodynamic response function [for example, Svensen et al.
(2000); Marrelec et a. (2002); Friston (2002a); Srikanth et al. (2003); Marrelec
et a. (2004)]. The modelling of HRF is recently becoming popular among en-
gineering community. HRF is the theoretical signa that BOLD fMRI would
measure in response to a single, very short stimulus of unit intensity. The local
change of BOLD is not immediate but usually has a delay of 2—6 seconds from
the onset of the stimulus. This change' is observed to increase dowly and attains
maximum and returns to the baseline. The signa obtained from the fMRI ex-
periments generally consists of noise and BOLD response components. The noise
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is due to physiological sources such as breathing, heartbeat and system sources
like scanner and noise drift.

Estimation of the HRF is of great interest when analyzing fMRI data, since it
can give a deep insight into the underlying dynamics of brain activation and rela-
tionship between activated areas. There are broadly two categories of techniques
for HRF estimation - parametric approaches and non-parametric approaches. In
parametric approach HRF is modelled by functions such as Gaussian, Gamma,
Poisson etc. These functions give a parsimonious representation of the underlying
HRF. With these models the problem smplifies to estimating the parameters of
the above functions. In the non-parametric approach the HRF is modelled by an
FIR filter. The coefficients of FIR filter arc then estimated from the fMRI time
series data.

Independent Component Analysis (ICA)

Another powerful alternative approach is to use model-free methods such as the
Independent Component Analysis. ICA is a data-driven method and can poten-
tially reveal the complex spatiotemporal dynamics of atask (Bel and Sgnowski,
1995, 1997). The ICA algorithm is similar to principal component analysis (PCA)
in that it decomposes a data set into discrete components. PCA orients the first
component in the direction of maximal variance in the data set with subsequent
components oriented orthogonally. The ICA agorithm decomposes the data set
using the principle of minimizing the mutual information between components.
The resultant spatial maps in ICA are independent, but the corresponding time
courses are not constrained to be independent. ICA may be better at identifying
task-related signas in the brain, wherein the contribution of cognitive effects to
the overal variance in functional imaging data is relatively small (Berns et al.,
1999). It is particularly ussful in paradigms in which the time course of the brain
response is unknown. This is a powerful approach, because it allows one to design
experiments in the absence of fixed effects, which are necessary for conventional
ANOVA-type models.
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343 Summary

In this section, we have presented four different approaches for studying the tem-
poral dynamics of brain activity, especialy for learning tasks. The first approach
is the traditional analysis using linear methods such as Statistical Parametric
Mapping. Fixed effects model together with conjunction analysis in SPM can
potentially help in characterizing typical activation in subjects. Random Effects
analysis can be used to generalize results to the population. SPM framework is
useful and popular currently but has serious limitations for characterizing learn-
ing effects. The second approach is to use statistical time scries methods at the
second level on the results obtained from the first level fixed effects analysis.

The other two approaches are explicit modelling of HRF and ICA. Modelling
HRF is aso of interest because HRFs arc increasingly suspected to vary from
region to region, from task to task, and from subject to subject. ICA appears
to be promising, as it does not make any assumptions about the brain response
signals other than their statistical independence.

Learning is an important cognitive function and fMRI studies have not yet
started investigating this phenomenon seriously. One possible reason is that there
are still many interesting open questions related to the analysis methodology for
studying learning induced changes in fMRI data,



Chapter 4

Experimental Methods

This chapter describes the task procedures for the complexity experimental paradigm,
possible cognitive processes, methods for behavioural analysis, fMRI scanner pa-
rameters, statistical analysis of functional images, modelling the effects of com-
plexity in our experiments and the types of fMRI analyses performed.

4.1 Experimental Subjects

Eighteen right-handed normal volunteers (15 males and 3 females; 21 to 28 years
of age with a mean of 23.65 years) participated in this study. Subjects that
participated in our study are from similar educational backgrounds. Each subject
performed three experiments corresponding to the three sequence tasks (2x6,
2x12 and 4x6 tasks). The complex sequence learning tasks (2x12 and 4x6) were
together in the same experimental slot. The order of experiments was counter-
balanced across the subjects. Subjects practiced each task (test sequence for two
sessions) before proceeding to scanning experiments to become familiar with task
procedures and instructions.

Subjects were paid for their participation. Written informed consents were
obtained from each subject before the study. The ethics committee of the Brain
Activity Imaging Center (BAIC), Advanced Telecommunications Research Insti-
tute International (ATR), Kyoto, Japan approved the experimental protocol. A
total of 54 fMRI and behavioural data sets were collected from the 18 human
subjects. Data from one subject was not included in the analysis as significant
improvements in Key-press Response Times were not observed in one of the ex-
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perimental tasks.

4.2 Detalls of the Behavioura aspects of the Ex-
periment

Subjects lay supine in the scanner and visua stimuli were projected on a mirror
in front of the subject (as shown in the Figure 4.1). Subjects performed explicit
sequence learning paradigm called the mxn task (Hikosaka et a., 1995; Bapi et a.,
2000). A set of m sguares was illuminated simultaneously in white colour on a
3x3 grid display against gray background. The grid measured 3.7 cm x 3.7 ¢cm
on the rear screen and the viewing angle was about 5°. Subjects learned by trial-
and-error the correct order of pressing corresponding keys on a 3x3 keypad placed
near their right hand (Figure 4.2). The 3x3 key-pad is so chosen to make perfect
correspondence with the 3x3 visual grid display. In this visuo-motor sequence
learning experimental paradigm, a white colour for the grid button is chosen for
the elements of interest (i.e., key-press to be performed for the corresponding
button in the 3x3 grid display in front of the subject). The gray background for
the rest of the grids elements (squares) separated by the dark black line, indicate
the stimuli of no-interest (no key-press is required to be performed. If pressed
they may yield flash indicating error and a reset to the initial element of the
sequence). These colours are chosen for simplicity and to avoid any effects due
to colour processing. Subjects were instructed to use their index, middle and
ring fingers for the three columns of the keypad — left, middle and right grid
columns respectively (as shown in the Figure 4.2). Refer to Appendix B for more
details about the file formats and a step-by-step procedure for conducting the
experiment.

In our mxn experimental task, the complete sequence of mxn key-presses is
accomplished by incrementally acquiring sub-goals (called, sets). The sequence
to be learned is composed of n sets of m key-presses each set. The correct order
of pressing m keys (called a set) is to be learnt, by trial-and-error. On successful
completion of a set, subjects are presented the next set and so on. Subjects learn
to complete n such sets (caled a hyperset). In the current study, subjects per-
formed three tasks namely, 2xG, 2x12 and 4x6 (the task procedure shown in the
Figures 4.3, 4.4, 4.5). If subjects are not able to complete a set within a specific
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Figure 4.1: fMRI Scanner setup for stimulus presentation. Subjects lay supine
in the fMRI scanner and learned the visuo-motor sequences. The non-magnetic
key-pad in the scanner room is connected to the experimental computer in the
control room. A separate functional image acquisition computer was also present
in the control room (not shown in this figure). The stimulus generation and the
image acquisition timings were synchronized.

time period (& maximum of 0.8 sec per key-press) or if they press an incorrect
key, a screen-flash appears and the sequence is reset to beginning of the hyper-
set. In our paradigm the screen-flash acts like a feed-back signal for enabling
learning the elements of a set As the method of learning in our paradigm is
based on trial-and-error, this screen flash acts like a spunishment signal rather
than as a reward signal. Typical reward signals such as money or some form of
rewards were not given after successful completion of every set or hyperset in our
experimental design. Thus the learning by trial-and-error used in our experimen-
tal paradigm constitutes a. very good example of the popular machine learning
framework caled Reinforcement learning (Sutton and Barto, 1998). Thus rein-
forcement learning in our experiments is facilitated by the punishment signal.

Rote memorisation of finger movements is not possible for the subjects as
they need to learn the sequence by trial-and-error. In our experiments, sets were
not presented at an even pace but to encourage speedier execution subjects were
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Figure 4.2: (a) Stimulus, Key-pad and Hand arrangements, (b) The 3x3 numeric
key-pad with corresponding finger positions.

allowed to proceed to the next set as fast as they could.

We investigated the effect of increasing the number of movements to be learned
from 12 (in the 2x6 task) to 24 (in the 4x6 and 2x12 tasks). Thus, we manipu-
lated the sequence complexity aong two dimensions——m (2 to 4) and n (6 to
12), reflecting the amount of information to be processed in the short-range and
long-ranges respectively (shown in Figure 4.6).

Subjects performed three experiments (2x6, 2x12 and 4x6) while lying supine
in the fMRI scanner. Each experiment consisted of alternating control (C) and
test (T) conditions in a box-car manner (Figure 4.7). The order of the experi-
mental tasks was counterbalanced across subjects. In the control condition (C),
the subjects were asked to press one key at a time following randomly gener-
ated visual targets and thus there was no learning involved. In test or sequence
learning condition (T), they continuously practiced one of the m x n sequence
tasks. Subjects were given 0.8 seconds on an average per key-press (1.6 seconds
for set completion in 2x12 & 2x6 tasks and 3.2 seconds for set completion in
4x6 task). However, they were dlowed to proceed immediately to the next set
as soon as they completed one set. The presentation was reset to the beginning
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Figure 4.3: Procedure for the 2x6 Task
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Figure 4.4: Procedure for the 2x12 Task
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Figure 4.5: Procedure for the 4x6 Task

12 finger movements in total

2x6 Task

4x6 Task | 2x12Task |

24 finger movements in total

Figure 4.6: Dimensions of complexity used in the experiments.
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of the hyperset upon time-out or a hitting error (refer to Figures 4.3, 4.4, 4.5).
The successful completion of hyperset (completing the sequence) aso resets the
program pointer to the beginning of the sequence. This reset to the beginning
of hyperset. allowed subjects to repeatedly practice the sequence. The generation
of sequences, presentation of visual stimuli and recording of subjects’ key-press
responses was carried out with custom-built software running on Macintosh com-
puter. A hyperset was generated randomly for each experiment that remained
fixed for the entire duration of the experiment. Actual instructions given to the
subjects are listed in the Appendix A. Details of experimental procedure arc
given in Appendix B. The list of hypersets generated for 2x6, 2x12 and 4x6
experiments for al the subjects shown in Appendix C.

To reduce the possibility of any explicit structure or pattern in the sequence,
the hyperset was generated such that any repetition or transposition of sets did
not occur. To enable smooth performance of the movements, subjects were en-
couraged to respond as quickly as they could throughout the experiment. All
subjects were trained about half an hour before the scanning session using a dif-
ferent hyperset to become familiar with the task procedures.
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Experimental Tasks

2x6 2x12 4x6

s1 s2 s3 s4
P P,

AOCUIR

7

y

18 sec 36 sec
(3 scans) (6 scans)

Figure 4.7. The desgn of experiments. Each of the Experiments (2x6, 2x12 and
4x6) is divided into sessons (S1, 2, S3 and $4). Sessons consst of aternat-
ing Control/Baseline/Follow (lasting for 18 seconds) and Task/Sequence learning
(lasting for 36 seconds) Blocks. In each block subjects practiced sequence or fal-
low random visua targets in the form of trials. With the repetition time (TR)
St to 6 seconds, atotal of 3 whole-brain scans and 6 whole brain-scans could be
obtained in the control (C) and sequence task (T) blocks, respectively.

4.3 Control (Follow) Task

As fMRI does not measure absolute neural activity, neuroimaging studies must be
designed to quantify relative changes of activity. Further, the brain is constantly
engaged in severa controlling tasks such as respiration, heart-beat etc. Hence,
to measure spedific task related activity, we need to scan subjects while at rest
or while performing a smple basdine task (Gusnard and Raichle, 2001).

Assuming that the brain activity scaes in a linear fashion and that cognitive
processes are additive, we can test for the brain activations pertaining to cer-
tain cognitive processes (Berns, 1999). In our experiments, we adopted a smple
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design for the baseline called the Follow task (Control task), in which subjects
looked at a random visual stimulus and simply performed finger movements but
there was no learning involved. The visuo-motor mapping and the generation of
finger movement are common processes in the control and test conditions. Figure
4.8 indicate the process diagrams of test and control conditions.

(a) (b)

Task condition Control condition
v

Figure 4.8. Design of Task (test) and Control Conditions. The process module in
part (a) indicates the trial-and-error learning process as in the sequence tasks and
part (b) indicates no such component of learning in the control/follow condition.

Thus cognitive subtraction of baseline brain activity maps from those corre-
sponding to the sequence tasks would reveal activations related to trial-and-error
processes (exploration of visual cues and evaluation of motor response based on
visual feedback i.e., flash when subjects pressed a. wrong key), visual-spatial pro-
cessing, working memory for sequence structure, learning sequential dependencies
across sets, attentional and executive processes. These cognitive processes depend
upon the type of sequence learning task (i.e., 2x6 versus 2x12 or 2x6 versus 4x6)
and the stage of learning (Early versus Consolidation, the demarcation of learning
stages into Early and Consolidation is demonstrated in the Chapter 5, Section
5.2).
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4.4 Possible Cognitive Components

In this section we suggest the possible cognitive components related to our exper-
imental paradigm. As the main focus of this thesis is to find behaviour related
neural correlates of the two dimensions of complexity (increase of set size and
increase of hyperset size), the comparisons between 2x6 & 4x6 and 2x6 & 2x12
are of interest. Direct comparisons between 4x6 & 2x12 supplement the findings.
Broadly, the increase in set-length (increase of m in 2x6 to 4x6 tasks) might in-
crease the short-range prediction load while acquiring the sets. Similarly, increas-
ing the hyperset-length (increase of n in 2x6 to 2x12 tasks) could be related to the
increase in the long-range prediction load (acquisition of long hyperset). In this
complexity experimental paradigm we are aso interested in the acquisition (Early
stage) and performance (Consolidation/Late stage) stages of the sequential skill.
The cognitive components related to the early stage comparisons of 4x6 and 2x6
could revea trial-and-error process, increase in the short-term working memory
(short-range prediction process i.e., working memory for single-set/processing of
limited sets). The consolidation stage differences between 4x6 versus 2x6 could
be related to retrieval processes that may have been optimized within a set. As
the working memory requirements reach near to the buffer capacity, subjects may
try to optimize their performance within a set. As in 4x6 comparisons, the early
stage comparisons of 2x12 and 2x6 could be related to trial-and-error set learn-
ing process and acquisition component of long-range sequence. The consolidation
stage differences between 2x12 and 2x6 could be related to chaining across sets.
One way subjects can perform the sequence in a smooth, speedy and skillful way
Is to chain or chunk across sets.

45 Details of Functional Imaging Parameters

Functional images were acquired in a 15 Tesla whole-body scanner (Shimadzu-
Markoni Magnex Eclipse). Each experiment consisted of four sessions of scanning
and each session comprised 13 blocks of alternating control (C) and test (T) con-
ditions, each lasting 18 seconds 36 seconds, respectively (Figure 4.7). Each block
began with a relevant instruction screen lasting for six seconds (i.e., instructing
gither “FOLLOW RANDOM" or “LEARN SEQUENCE"). A time series of 228
whole-brain scans separated by 6 seconds was obtained for each experiment. In
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each whole-brain scan, a set of 50 axial 7; weighted gradient-echo echo-planar
images [repetition time (TR) 6000 ms, echo time (TE) 55 ms, flip angle (FA)
90°, matrix 64 x 64, fidd of view (FOV) 192 x 192 mm and dlice thickness of 3
mm)| covering the whole brain were collected parallel to the anterior commissure-
posterior commissure (AC-PC) line. In addition, a high-resolution T'1-weighted
sagittal anatomical brain images consisting of 191 dices (TR 12 ms, TE 4.5 ms,
FA 20°, matrix 256 x 256, FOV 256 x 256 mm and dice thickness of | mm) was
collected for each subject.

4.6 Anaysis Methodology for Behavioural Pa-
rameters

Performance improvement of subjects was determined by two parameters, namely
Success Rate (SR) and average key-press Response Time (RT). We aso designed
another behavioural measure called the total number of finger movements (NM).
success rate was computed as the ratio of the number of successful hypersets or
part thereof completed to the total number of hypersets attempted (expressed as
percentage) and the average time required to complete a. key-press in a success-
fully completed set was considered as the average key-press response time. The
total number of finger movements (key-presses attempted) performed per block is
termed as NM. For the control (follow) blocks, the success rate was measured as
the ratio of total number of sets completed to the number of sets attempted (ex-
pressed as percentage), as there is no sequence to be learned in the follow task.
The average key-press RT was measured in a similar way as that of sequence
blocks i.e. the average time required to complete a key-press in a successfully
completed set. Repeated-measures analysis of variance (RM AN OVA) was per-
formed on the behavioural data from all the experiments to assess the learning
related improvements. To account for the difference in the learning performance
between subjects, we classfied each subject's performance in the complex condi-
tions into two stages — Early and Consolidation stages. For the complex sequence
tasks (4x6 and 2x12), we divided the four sessions into one of the two learning
stages based on the performance of individual subjects (which showed consider-
able variation due to learning) using the following criteria: Early stage, sessions
in which the subject could not complete a hyperset for more than half of the
blocks in that sesson (limited to minimum of first session); Consolidation stage:
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the sessions that were not included in the early stage. For the 2x6 task, there was
little variability across subjects and hence the first sesson was marked as early,
and the 2nd and 3rd sessions as consolidation stage for al the subjects. The 2x6
task, being a less complex task, the fourth session in this task would correspond
to over-learned stage of performance of sequences.

4.7 Statistical Analysis of functional 1mages

It has long been established that the brain undergoes learning related changes -
both short and long term [for example, Karni et al. (1995)]. Although “learning’
is an important cognitive function that the brain is constantly engaged in, most
of the current fMRT studies do not explicitly investigate this phenomenon. Bapi
et a. (2003) have reviewed possible approaches for characterizing learning related
fMRI activity.

The imaging data were analyzed using SPM99 (Wellcome Department of
Imaging Neuroscience, University College London) using fMRI option (Friston
et al., 1995c). The functional images were reoriented to set the origin near
the intersection of the coronal plane through AC and the AC-PC line and then
motion correction was performed. Anatomical image for each subject was first
co-registered with the first functiona image and then normalized to the MNI
template from the International Consortium for Brain Mapping (ICBM) Project.
The resulting parameters were used for normalizing al the functional images
(Friston et al., 199548). This method of normalization was adopted to ensure cor-
rect anatomical localization of the blood oxygen level-dependent (BOLD) activity.
The normalized functional images were spatially smoothed with an isotropic 6mm
full width half maximum gaussian filter. We followed a two stage analysis. Sin-
gle subjects' data were analyzed with a fixed effects model (Friston et al., 1994,
1995b) and group data were analyzed with a random effects model (Holmes and
Friston, 1998; Friston et al., 1999). In the first level of analysis, separate design
matrices were constructed by concatenating images from al the sessions of 2x6
and one of the complex tasks (4x6 or 2x12). We designed performance related
variable that uses response time as the user specified regressor. The regressor
took on the value of set completion times for the sequence blocks in the 2x6—4x6
design matrix and the liyperset completion times for the sequence blocks in the
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2x6—2x12 design matrix. Regressors used to model the effects of two dimensions
of the complexity are shown in the Figure 4.9. The main idea behind designing
the regressor was to explicate the effects of sequence complexity of the task that
would also correspond to the psychophysical behaviour of the subjects as learning
progressed in the sequence tasks.
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Figure 4.9: Modelling the effects of the two dimensions of sequence complexity.
(a) set complexity effects (b) hyperset complexity effects. The error bar indicates
the variations across subjects. The values corresponding to each subject are
entered as regressors in the first level MR image analysis.

The follow blocks were given a value of zero to model the ON—-OFL design
and the regressor would take approximately twice the value in the complex se-
quence task (4x6 or 2x12) as compared to the value given in the 2x6 task, thus
modelling the experimental hypothesis of increasing the complexity of sequence to
be learned. Regressor would also model subject specific variations in behaviour.
The regressors were convolved with canonical hemodynamic response function to
account for hemodynamic delays. A temporal cut-off of 84 seconds was applied to
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filter subject-specific low-frequency drifts. Linear contrasts were specified to ex-
tract behaviour-related brain activations and deactivations. In the second level
analysis, the contrast images of 17 subjects taken from the first level analysis
were analyzed using a one sample T-test (for example, Early 2x6 regressor con-
trast) or two sample T-test (for example, Early 2x12 > 2x6). This corresponds
to the random effects analysis as implemented in the SPM99 package. All the
contrasts were calculated using a height threshold of p < 0.001, uncorrected for
multiple comparisons across the volume and extent threshold of zero voxels. We
also performed a small volume correction (SVC) analysis to make our interpre-
tations more acceptable. We applied SVC to the cluster centered at the coordi-
nates over marginal spherical region of interest of sze 5 mm [refer to a recent
reference Schendan et al. (2003) for reporting of SVCs]. All the coordinates of
voxels of local maxima reported here were transformed from the Montreal Neuro-
logica Institute (MNI) template [International Consortium for Brain Mapping's
(ICBM) template of average of 152 normal MR1 scans| space to the Talairach
gpace (Taarach and Tournoux, 1988) using the Brett et al. (2001) MATLAB
script. This transformation enables us to localise the activation fod and report
the Brodmann area names & the anatomical labels using the Talairach atlas. At
selected functional regions of interest, voxel data were extracted from a 3 mm
spherical volume of interest (VOI) and entered into an brain-behaviour correla-
tion (BBC) analysis. Average blood oxygen-level dependent (BOLD) signal was
calculated for each of the learning blocks at the designated VOI for each subject
in the specified experiment (2x6 or 2x12 or 4x6). Similarly, mean performance
measure (response time) were calculated for cach of the learning blocks for each
subject in the specified experiment. The resultant BOLD signal values and the
corresponding behavioural measure were then entered into a correlation analysis.
Pearson correlation coefficient (R) and its two-tailed significance level (p) were
computed. We developed SPM99 add-on scripts to perform brain-behaviour cor-
relation (BBC) analysis over a specified VOL The time course of activation over
a VOI was aso obtained during the BBC analysis. The step-by-step procedure
followed in order to implement various fMRI analysis steps in the SPM99 package
is given in Appendix D.



Chapter 5

Behavioural Results

The objective of the analysis of behavioural results is to quantify statistically
the demarcation of learning stages and the learning related improvements in
the behaviour. We present these results separately for each of the behavioural
parameters computed. These results will be useful in the neuroimaging analysis
for fixing the subject specific learning stages and to model performance related
effects for each experiment. These results also useful to understand the behaviour
related differences among the task conditions.

This chapter reports the statistical analysis results of the behavioural param-
eters while subjects performed the complex sequential skill tasks by trial and
error procedure. The session-wise, stage-wise results for the three experiments
for each behavioural parameters are reported. The repeated-measures ANOVA
results for the each behavioural parameter are also reported.

5.1 The Behavioura Parameters

Two behavioural measures of performance (success rate and key-press response
time) are designed to measure subjects' performance. We aso computed the to-
tal number of finger movements as another behavioural measure. The success
rate indicates the correctness of attempts made while performing the task and
the key-press response times indicate the quickness in acquiring and performance
of the movements. The number of movements indicate the total number of fin-
ger movements (key-presses attempted) performed. The behavioural parameters
computed are averaged to the block levd (total of 52 blocks, in which the learn-
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ing blocks are 24 and the control/follow blocks are 28). Results from the success
rate and key-press RT are reported for the sequence and control/follow blocks,
followed by a discussion in the subsequent sections.

5.1.1 Definition of the Parameters

Three behavioural parameters are computed using the following formulae.

1. Success rate (SR): Ratio of the number of successful hypersets or part there
of completed to the total number of hypersets attempted (expressed as
percentage)

2. Average key-press response time (RT): The average time required to com-
plete a key-press in a successfully completed set.

3. Number of movements (NM): The total number of finger movements (key-
press attempts) performed per block.

Eighteen right handed subjects participated in the current study. Simple AN OVA
for each subject and for each experiment from session 1 to 4 was performed to look
for subject specific: improvements. One of the subjects did not show significant
improvements on the 2x6 task [Key-press RT: F{; 10 = 0.14; p = 0.71 and Success
Rate: Fy 19) = 242, p = 0.14] and hence was excluded from further analysis.

52 Demarcating the Learning Stages

Inspection revealed that learning speeds differed among the subjects. To account
for these differences in the learning performance among subjects, we classified
each subject's performance in the complex conditions (2x12 and 4x6) into two
stages - Early and Consolidation stages.

We divided the four sessions into one of the two learning stages based on the
performance of individual subjects (which showed considerable variation during
learning) using the following criteria:
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Early stage: the sessions in which the subject completed the hyperset or could
not complete a hyperset for more than haf of the blocks in that session (limited
to a minimum of the first session)

Consolidation stage: the sessions that were not included in the early stage.

We adopted a different procedure for demarcating the learning stages in the
2x6 task. Since 2x6 is a simpler task, subjects showed greater amount of learning
in this task. It has been observed that subjects went beyond the "consolidation”
performance exhibited in the complex tasks (2x12 and 4x6). For the 2x6 task,
the first session was marked as early, and the 2nd and 3rd sessions as consoli-
dation stage for all the subjects. This classification for the 2x6 task is justified
(refer to Figure 5.1) because the behavioural response of subjects was not sig-
nificantly different in the 2nd and 3rd sessions [repeated-measures analysis of
variance on Success Rate: F{y 9= 0.702, p = 0.404]. On the other hand, such
saturation was observed only between the 3rd and 4th sessions (Figure 5.1) for
the complex conditions [repeated-measures ANOVA on Success Rate for 2x12:
Fi196) = 0.362, p = 0549 and for 4x6: Fly 96 = 2.22,p = 0.14]. Furthermore, it
was observed that al the subjects had completed one hyperset in the first session
itself in the 2x6 task (block number ranging from a minimum of 2 to a maximum
6 in the first session).

Table 5.1 shows the early stage sessions for dl the seventeen subjects. The
consolidation stage for the complex sequence learning conditions (2x12 and 4x6)
constitutes the early stage sessions subtracted from the total number of sessions.
For the 2x6 sequence condition, the 2nd and 3rd sessions were considered as
the consolidation stage (as discussed above). We thus demarcated the early and
consolidation stages for all the subjects and for al the experiments based on
the criteria discussed above. These subject-specific learning stages (i.e., early
and consolidation) are used in the fMRI analysis also to model subject-specific
stages. The learning phenomenon is modelled within the stages using subject-
gpecific: regressors (as described in Chapter 4).

The performance measures collected repeatedly from each of the subjects,
potentially reflect learning and adaptation effects. Hence, statistical tests such
as Analysis of Variance (ANOVA) aso need to take into account this fact. In
these situations where multiple measurements are obtained from a subject, ap-
propriate statistical measure to test difference of means is the repeated-measures
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(RM) ANOVA [for a tutorial refer to Hopkins (1997)]. An RM-AN OVA was per-
formed on the success rate, the average, key-press response times and the number
of movements by entering two factors , namely, Experiments (3), Stages (2) for
sequence/test and control /follow blocks. The analysis was carried out separately
for the three measures and also separately for follow and sequence data. We also
performed session-wise RM-ANOVA for the sesson-wise data for SR, RT and
NM measures.
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Figure 5.1: Success rate graph indicating the improvements from session 1 to 4 in
the three sequence tasks (2x12, 1x6 and 2x6). The session-wise mean values are
plotted for the four sessions. The error-bar indicates the variability across each
session. The statistical significance values are also shown [*** is highly significant
(p << 0.001), * is significant (p < 0.001) and NS is non-significant (p > 0.05)].
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Table 5.1: Demarcation of the early Stage for 2x6, 2x12 and 4x6 tasks. The
numbers in the table indicate the sesson number up to which the early stage is
considered.

Subject's Name | Early 2x6 | Early 2x12 | Early 4x6
FB 1 1 3
HU 1 1 3
KU 1 1 1
ST 1 1 2
TF 1 1 1
TG 1 1 2
wy 1 1 1
AS 1 1 2
BN 1 2 2
CH 1 1 2
EC 1 . 2
JC 1 3 3
NS 1 1 1
PV 1 1 1
RC 1 1 1
WP 1 1 2
YU 1 1 1

53 Learning related improvements

53.1 Success Rate

The learning related improvements in al the tasks and the effect of increasing
complexity based on success rate are described with the behavioural measure
in Figure 5.2. This plot shows that in the complex conditions (4x6 and 2x12
tasks in Figure 5.2b & c) learning was dower depicted by dower success rate
Improvements as compared to the simpler condition (2x6 task in Figure 5.2a).
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Figure 5.2: The block-wise graphs containing the success rate separately plotted
for the three experiments with the error-bars indicating the standard deviation
across the subjects.
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Figure 5.3: Session-wise improvements of success rate across the experiments.
S1, 82, S3, and $4 indicate the session number index. The error-bar indicates
the standard deviation across sessions. The statistical significance values arc also
shown [* is significant (p < 0.001) and NS is non-significant (p > 0.05)].
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Session-wise Results of Repeated-measures ANOVA

Repeated-measures ANOVA was performed by entering the number of experi-
ments (3: 2x12, 4x6 and 2x6), the number of sessions (4) and the number of
blocks (6) as within subject factors.

A significant main effect was observed for experiment Fi, 3, = 37.01, p «
0.0001, sessions F(zag) = 159.21, p « 00001 and blocks Fls g = 21.19, p «
0.0001. The Experiment x Session interaction term was significant Fig o4 =
836, p « 0.0001. The post hoc means comparison analysis on the factor
‘experiment’ revealed significant differences between 2x6 and 2x12 [Fi; 35y —
37.98, p « 0.0001] , 2x6 and 4x6 [F(1 32 = 68.57, p « 0.0001] tasks. There
was also a marginaly significant difference between the 2x12 and 4x6 tasks
[Flua2) =4.49, p=0.042)].

Session-wise post hoc means comparison was performed to further probe the
above mentioned differences across the three experimental tasks. For each of the
four sessions (51, S2, S3, $4) there was significant difference between the 2x6 and
2x12 tasks and between 2x6 and 4x6 tasks (p < 0.0005). Interestingly the two
complex tasks 2x12 and 4x6 were different in the first session [F{; 5y = 13.77, p <
0.0005] but were similar in the 2nd session [F{ o) = 3.687, p =0.0577], the 3rd
session [Fl106) = 1.794, p = 0.183] and the 4th session [F{; ¢¢) = 0.203, p = 0.653].
The percentage success rates obtained for the three experiments in each of the
sessions is tabulated in Table 52 and the block and session-wise improvements
are presented in Figures 5.2 and 5.3, respectively. It is apparent from the Table
5.2 that success rate attained almost similar values in 2x12 and 4x6 tasks by the
last session.

Table 5.2: The percentage change of success rate for the four sessions. The
standard deviation indicates the variability across each session.

| Session Index 2x12 46 | 2x6__:‘
| Session 1 | 44.19+13.68 | 34.03+14 .66 | 69.51+15.91
Session 2 | 71.64+6.26 | 66.38+5.14 | 85.57+3.56 |
Sesson 3 | 77.19+3.01 | 73.52+2.29 | 87.86+1.75 '

Session 4 | 78.84+3.21 | 77.61+1.92 | 88.09+I.08 |
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Stage-wise Results of Repeated-measures ANOVA

Repeated-measures ANOVA was performed by entering the number of experi-
ments (3: 2x12, 4x6 and 2x6) and the number of Stages (2: Early and Consoli-
dation) as within subject factors.

Repeated-measures ANOVA for the sequence condition revedled a signifi-
cant main effect for experiment [F(3) = 39.513, p << 0.0001] and Stages
[Fiie)y = 277.151, p << 0.0001]. The Experiment x Stage interaction term
was also significant [F232) = 12.806, p < 0.0001]. The Post hoc means com-
parison analysis on the factor 'experiment’ has revealed significant differences
between 2x6 and 2x12 tasks [F(;32) = 56.07, p « 0.0001], 2x6 and 4x6 tasks
[Fl1,32) = 62.358, p « 0.0001]. Whereas, there was a non-significant difference
between 2x12 and 4x6 tasks [F{; 3. = 0.1669, p = 0.686]. We further probed
into this non-significant effect to see the differences between 2x12 and 4x6 tasks
in the Early and the Consolidation stages separately.

Learning was observed in dl the three sequence conditions from the early to
the consolidation stages. There was a significant improvement in success rate
from 69.5+10.6% in the early to 86.7+6.4% in the consolidation stages of the 2x6
task [F{;32) = 49.81, p << 0.0001]. In the 4x6 task, the improvement was from
437+75>% to 76.7+11.7% [F{1 32 = 182.71, p « 0.0001]. The improvement in
the 2x12 task was from 45.4+11.6% to 76.9+9.9% [F(132) = 167.91, p « 0.0001].
For both the learning stages (Early and Consolidation) there was significant differ-
ence between the 2x6 and 2x12 tasks and between 2x6 and 4x6 tasks (p < 0.0001).
Interestingly, success rate (SR) attained similar levels in the complex conditions
[Barly: F; 3, =0.435, p = 0.51; Consolidation: {13 = 0.01, p=0.92]. Figure
54 describes the success rate differences with their statistical significance values
in the Early and the Consolidation stages separately for the three experiments.
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Figure 5.4: Stage-wise improvements of success rate across the experiments (2x12,
4x6 and 2x6 experiments) for (@) Early (E) and (b) Consolidation (C) stages
separately. The error-bar indicates the variability across the subjects. The sta-
tistical significance values axe aso indicated in the plot [*** is highly significant
(p << 0.001), ** is more significant (p < 0.0001) and NS is non-significant
(p > 0.05)].

Summary of Success Rate Analysis Results

The block-wise success rate graphs (Figure 5.2) visualy demonstrated a trend
of improvements in the three sequence learning tasks. The block-wise trend
plot demonstrates that the simpler sequence condition (2x6) attained saturation
performance by the last block. Whereas the complex sequence conditions (2x12
and 4x6) depicted dower improvements as compared to 2x6.

The session-wise and stage-wise repeated-measures AN OVA results on success
rate revealed learning related improvements in all the sequence learning tasks
(2x12, 4x6 and 2x6) as evidenced by the significant main effects. The complexity
related effects (i.e,, 12 movements in 2x6 task being increased to 24 movements
in 2x12 and 4x6 tasks) are revealed from the significant differences in session-wise
and stage-wise post hoc analyses. Interestingly, in the stage-wise analysis (Figure
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5.4) the success rate was observed to be similar across the complex sequence
conditions (2x12 and 4x6) in both the stages.

This result clearly demonstrates that the subjects attained similar levels of
accuracy in both the complex tasks. Thus the success rate as a behavioural
measure isjustified and it mainly demonstrated (quantified) the similar difficulty
levels across the complex sequence learning conditions.

532 Average key-press Response Time (RT)

The learning related improvements in al the tasks and the effect of increasing the
complexity on RTs are shown in Figure 5.5. This plot shows that in the complex
conditions (4x6 and 2x12 tasks in Figure 5.5b&c) learning was dower depicted
by dower RT improvements as compared to the simpler condition (2x6 task in
Figure 5.5a).
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Figure 5.5: The block-wise graphs containing the average key-press RT separately
plotted for the three experiments with the error-bars indicating the standard
deviation across the subjects.
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Key-press RT

Figure 5.6; Session-wise improvements of Response Time across the experiments
for comparison. S1, S2, S3, and $4 indicate the sesson number index. The error-
bar indicates the standard deviation across sessions. The statistical significance
values are aso shown [** is more significant (p < 0.0001), * is significant (p <
0.001) and NS is non-significant (p > 0.05)].

Session-wise Results of Repeated-measures ANOVA

Repeated-measures ANOVA was performed on key-press response time data by
entering the number of experiments (3: 2x12, 4x6 and 2x6), the number of sessions
(4) and the number of blocks (6) as within subject factors.

A significant main effect was observed for experiment F{s32) = 41.68, p «
0.0001, sessions Fi345) = 15247, p « 0.0001 and blocks Fssn = 28.34. p «
0.0001. The Experiment x Sesson interaction term was significant Fs96) —
4,67, p =0.0003.

The post hoc means comparison analysis on the factor ‘experiment’ has re-
veded significant differences between 2x6 and 2x12 [F(; 3, = 41662, p <<
0.0001] , 2x6 and 4x6 tasks [F|, 4., = 77.783, p « 0.0001] tasks. On the
other hand, there was a marginally significant difference between the 2x12 and
4x6 tasks [F() 32) = 5592, p = 0.024].

The Session-wise post hoc means comparison was done to further probe the
above mentioned differences across the three experimental tasks. For each of
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the four sessions (51, S2, S3, $4) there was significant difference between the
2x6 and 2x12 tasks and between 2x6 and 4x6 tasks (p < 0.0001). Interestingly,
the two complex tasks 2x12 and 4x6 were similar in the first sesson (£, o =
0.000535, p = 0.982] but were different in the 2nd sessions [F{; 4 = 7.19, p <
0.01], the 3rd session [F1,06) =11.567, p < 0.001] and the 4th session [F}, o =
28.360, p« 0.0001].

The average key-press response time (RT) obtained for the three experiments
in each of the sessions is tabulated in Table 5.3 and the block and the session-wise
improvements are presented in Figures 5.5 and 5.6, respectively. It isevident from
Table 5.3 that response times (RT) became dissmilar between 2x12 and 4x6 tasks
by the last session. The RT value in 2x12 is also observed to be lesser compared
to the RTs of 4x6 task.

Table 5.3: The Key-press Response times for the four sessons. The standard
deviation indicates the variability across each session.

| Session Index 2x12 4%6 2x6 '
Sesson1 | 0.362+0.011 | 0.362+0.011 | 0.304+0.047
Sesson 2 | 0.306+0.018 | 0.329+0.013 | 0.224+0.009
Sesson 3 | 0.268+0.013 | 0.297+0.008 | 0.195+0.007
Sesson 4 | 0.228+0.007 | 0.274+0.010 | 0.175:0.003 |

Stage-wise Results of Repeated-measures ANOVA

Repeated-measures ANOVA was performed on key-press response time data en-
tering the number of experiments (3: 2x12, Ix6 and 2x6) and the number of
Stages (2: Early and Consolidation) as within subject factors.

RM ANOVA for sequence condition revealed a significant main efect for ex-
periment [Flp4) = 19.307, p « 0.0001] and Stages [Fiis = 173.449. p «
0.0001]. The Experiment, x Stage interaction term was also significant, [F2.32) =
3.603, p = 0.038]. The post hoc means comparison analysis on the ‘experi-
ment' factor has revealed significant differences between 2x6 and 2x12 [F132) —=
24.162, p « 0.0001], 2x6 and 4x6 tasks [F|; 3 = 33.052, p « 0.0001] tasks.
On the other hand, the difference was non-significant between the 2x12 and 4x6
tasks [F(l‘:m = 0.694, p = 0.4107]. We further probed into this non-significant
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effect to see the differences between 2x12 and 4x6 in the Early and the Consoli-
dation stages separately.

Learning was observed in al the three sequence conditions from the early to
the consolidation stages. A significant improvement (decreasing profile) in RT
was observed from 0.305+0.08 sec to 0.21+0.05 sec in 2¢6 [F|; 5, = 1216, p «
0.0001], from 0.354+0.06 sec to 0.289+0.06 scc in 4x6 [F(y 3y = 57.75, p «
0.0001] and from 0.359+0.06 sec to 0.266+0.05 sec' i 2X12 [ 45 = 115.1, p «
0.0001] tasks. For both the learning stages (Early and Consolidation) there was
significant difference between the 2x6 and 2x12 tasks and between 2x6 and 4x6
tasks (p < 0.0001). Interestingly, key-press response times (RT) showed a dif-
ferential behaviour. RTs were similar [F{; 32 = 0.232, p - 0.633] in the Early
period. On the other hand in the consolidation stage, RTs were significantly
[Flise) = 6.99, p = 001] faster in 2x12 compared to the 4x6 task. Figure 5.7
describes the response time differences with their statistical significance in the
early and the consolidation separately for the three experiments.
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Figure 5.7: Stage-wise improvements of key-press response time across the ex-
periments (2x12, 4x6 and 2x6 experiments) for (a) Early and (b) Consolidation
stages separately. The error-bar indicated the variability across the subjects. The
statistical significance values are aso indicated in the plot [*** is highly signifi-
cant (p << 0.001), ** is more significant (p < 0.0001), * is significant (p < 0.01),
and NS is non-significant (p > 0.05)].

Summary of the Analysis of Average Key-press RT Results

The block-wise average key-press RT graphs (Figure 5.5) visually pointed out
the trend of improvement in the three sequence learning tasks. The block-wise
trend plot demonstrates that the key-press RT decreased rapidly in the smpler
sequence condition (2x6). Whereas the complex sequence task conditions (2x12
and 4x6) depicted dower improvements as compared to 2x6 task.

The session-wise and stage-wise repeated-measures ANOVA results on key-
press response times revealed learning related improvements in al the sequence
learning tasks (2x12, 4x6 and 2x6) as evidenced by the significant main effects.
The complexity related effect (i.e., the effect of increasing the number of Move
ments from 12 in 2x6 task to 24 movements in 2x12 & 4x6 tasks) is revealed
froni the significant differences in session-wise and stage-wise post hoc analyses.
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Figure 5.7. Stage-wise improvements of key-press response time across the ex-
periments (2x12, 4x6 and 2x6 experiments) for (a) Early and (b) Consolidation
stages separately. The error-bar indicated the variability across the subjects. The
statistical significance values are also indicated in the plot [*** is highly sgnifi-
cant (p « 0.001), ** is more significant {p < 0.0001), * is significant (p < 0.01),
and NS is non-significant (p > 0.05)].

Summary of the Analysis of Average Key-press RT Results

The block-wise average key-press RT graphs (Figure 55) visualy pointed out
the trend of improvement in the three sequence learning tasks. The block-wise
trend plot demonstrates that the key-press RT decreased rapidly in the smpler
sequence condition (2x6). Whereas the complex sequence task conditions (2x12
and 4x6) depicted dower improvements as compared to 2x6 task.

The session-wise and stage-wise repeated-measures AN OVA results on key-
press response times revealed learning related improvements in al the sequence
learning tasks (2x12, 4x6 and 2x6) as evidenced by the sgnificant, main effects.
The complexity related effect (i.e., the effect of increasing the number of move-
ments from 12 in 2x6 task to 24 movements in 2x12 & 4x6 tasks) is reveaed
from the significant differences in session-wise and stage-wise post hoc analyses.
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Interestingly, in the stage-wise analysis (Figure 5.7) the average key-press RT
revealed a differential behaviour across complex sequence conditions (2x12 & 4x6
tasks) from the early to the consolidation stages. In the early stage the key-press
RT was observed to be similar across 2x12 and 4x6. Whereas in the consolida-
tion stage key-press RT became dissimilar. In addition the consolidation stage
RT value of 2x12 task was observed to be significantly lesser than that of the
consolidation stage RT value of 4x6. Similar differentia effects across 2x12 and
4x6 were observed for the session-wise analysis on key-press RTs.

So when 24 movements are arranged as 2x12, the single-key-press RTs were
shorter compared to when they are arranged as 4x6. These differences may have
potential implication in organizational differences across 2x12 and 4x6 tasks.
These issues will be taken up further in the Chapter 6. Thus the key-press RT
as a behavioural measure is justified and it mainly demonstrated (quantified) the
organizational differences across complex sequence learning conditions.

5.3.3 Number of Movements (NM)

In addition, we computed the total number of finger movements (key-press at-
tempts) performed per block. This measure is an additional one to address ques-
tions such as whether the total number of movements differed between the com-
plex sequence tasks (2x12 versus 4x6). We performed repeated-measures ANOVA
for the session and stage-wise data.

Session-wise Results of Repeated-measures ANOVA

Repeated-measures ANOVA was performed on the number of movements data by
entering the number of experiments (3: 2x12. 4x6 and 2x6), number of sessons
(4) and number of blocks (6) as within subject factors.

A significant main effect was observed for experiment F»30) — 17.214, p «
0.0001, Sessions F{345) = 163.68. p « 0.0001 and blocks /5, = 102588, p «
0.0001. The Experiment x Session interaction term was observed to be non-
sgnificant Fg 96 = 1.0573, p = 0.394. The non-significant difference in number
of movements in the Experiments and the Session interaction term indicates that
the time-courses (Session 1 to 4) of the three experimental tasks are similar.
Further, the post hoc means comparison has revealed a non-significant difference
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between the 2x12 and 4x6 tasks with the experiment as main effect [F{; 30 =
0.357, p = 0.544]. This verifies that the total number of movements across the
complex tasks are statistically similar.

Stage-wise Results of Repeated-measures ANOVA

Repeated Measures ANOVA was performed on NM data entering the number
of experiments (3: 2x12, 4x6 and 2x6) and number of Stages (22 Early and
Consolidation) as within subject factors. A dgnificant, main effect was observed
for experiment Fo30) = 927, p = 00007 and Stages F{; 5 = 201.8, p «
0.0001. The Experiment x Stage interaction term was non-significant /(s 32 =
1468, p = 0.245. This result is similar to th at of session-wise experiment x
session interaction obtained earlier.

The post hoc means comparison on the factor '‘experiment’ have revealed a
non-significant difference between the 2x12 and 4x6 tasks [F(; 3y — 2.8257, p =
0.103]. This further reinforces the fact that number of movements across complex
tasks was similar.

Summary of the Analysis of Number of Movements Results

The repeated-measures ANOVA results on number of movements revealed that
the total key-press attempts increased from the sesson 1 to the sesson 4 in
sesson-wise analysis and early to the consolidation sta,ge in the stage-wise anal-
ysis. The important finding is that the number of movements remained balanced
across the complex sequence learning tasks. This result is evidenced by the re-
sults of the post hoc analysis of Experiments both in the sesson-wise and the
stage-wise analyses.

54 Anayss of the Control/Follow Condition

In the control condition, subjects were asked to press one key at atime, following
randomly generated visual targets and thus there was no learning involved. For
the control (follow) blocks, Success Rate (SR) was measured as the ratio of the
total number of sets completed to the number of sets attempted (expressed as
%) as there is no concept of a sequence in the Follow task. This measure reflects
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the accuracy with which subjects are following the random visua target,, The
average key-press Response Time (RT) was measured in a similar way to that
of sequence blocks i.e.,, the average time required to complete a key-press in a
successfully completed set (here set is a single key-press).

Repeated-measures ANOVA was performed on SR and RT data entering the
number of experiments (3: 2x12, 4x6 and 2xG), the number of sessions (4) and the
number of blocks (7) as within subject factors. The repeated-measures ANOVA
performed on the two behavioural parameters for the control condition yielded
no significant difference across the three experiments [Success Rate: F(, 3y  —
0.64, p = 0.5318; key-press RT: Fl232) = 0932, p = 0.404], thereby indicating a
steady performance in the control task across the experiments (refer to Figures
58 and 5.9).

Repeated-measures ANOVA was aso peformed on the SR and RT data
entering the number of experiments (3: 2x12, 4x6 and 2x6) and the number
of Stages (2. Early and Consolidation) as within subject factors. The con-
trol/Follow blocks corresponding to the sequence blocks of the Early and the
Consolidation are considered here. This analysis dso yielded no significant dif-
ference across the three experiments by the lack of experimental main effect [SR:
Flogo) = 0.34, p=0.7158; RT: Fi32) = 0.346, p = 0.7101].

541 Summary of the Results in the Control Condition

The repeated-measures ANOVA results from the sesson-wise and stage-wise anal-
ysis revealed non-significant experimental main effect for both the behavioural
measures computed (success rate and average key-press response time). The re-
sults demonstrate that the in the control condition, the behavioural parameters
were statistically similar across the three tasks.
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Figure 5.8: The block-wise graphs containing the success rate plotted for the
three experiments with the error-bars indicating the standard deviation across
the subjects. This plot indicates the similarity of the success rate vaues in the
control condition across experiments.
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Figure 5.9: The block-wise graphs containing the response time plotted for the
three experiments with the error-bars indicating the standard deviation across
the subjects. This plot indicates the similarity of the key-press response time
values in the control condition across experiments.



Chapter 6

Hierarchical organization of Sequential
Skills

This chapter presents a systematic behavioural analysis for quantifying the hier-
archical nature of organization of sequentia skills (i.e., chunking process) and its
differential effects when the sequence was arranged in different ways. We present
behavioural analysis results on response times as subjects learned finger move-
ment sequences of length 24 arranged in two ways - 12 sets of two movements
esch (2x12 task) and 6 sets of four movements each (4x6 task).

This investigation is aimed at studying hierarchical organization of sills that
may have an impact in understanding higher cognitive functions such as language,
speech, etc., dl of which involve sequence processing. In this chapter we first
review important studies, report the results obtained on chunking analysis and
discuss the findings.

6.1 Introduction

Most of the higher-order intelligent behaviours such as problem solving, reason-
ing and language involve acquiring and performing complex sequence of activities
(Sun, 2000). It is known that acquiring a complex sequentia skill involves chain-
ing a number of primitive actions to make the complete sequence. The notion of
chunking in the context of limited capacity of short term working memory was
introduced by Miller way back in 1956. Miller (1956) suggested the reorganiza-
tion of unrelated list items into chunks in order to overcome the limitation of
immediate memory buffer. In the current terminology it is caled as short-term
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or working memory (Baddeley, 1986, 1992). Miller suggested that the capacity
of short-term memory or working memory (STM or WM) is 7+2 chunks and
argued that the amount of information that is retained in STM/WM is indepen-
dent of the information contained in each chunk. The hierarchical organization
of movement sequences has been suggested by several researchers [far example:
(Rosenbaum et al, 1983)]. Rosenbaum et al. (1983) firs demonstrated the ev-
idence of the hierarchical control of the execution of movement sequences. A
sequence might consist of several sub-sequences and these sub-sequences in turn
can contain sub-sub-sequences. In their experiment, subjects were required to
perform a previously memorized finger-tapping sequence of responses as quickly
and accurately as possible. Their latency and error data of the movement se-
guences suggested a hierarchical model wirich resembles a tree-traversal-process.
Though Karl Lashley, way back in 1951, in his classic paper on serial order (Lash-
ley, 1951) dso argued that the sequential responses that appear to be organized in
linear and flat fashion concealed an underlying hierarchical structure, Rosenbaum
et a. (1983) made notable contributions by actually demonstrating hierarchical
control of the execution of movement sequences. In areview, Conway and Chris-
tansen (2001) argued that the humans outperform non-human primates on more
complex sequential learning tasks — in particular the learning and processing of
hierarchically organized temporal sequences.

The concept of chunking in sequential behaviour has been previoudy studied
in animals [see Terrace (2001), for a review] and in humans [for example: see
Koch and Hoffmann (2000); Verwey (2001); Seka et al. (2003)]. Terrace (2001)
reviewed mainly the chunking phenomenon in list learning by pigeons, monkeys
and humans. He aso argued for an operational definition of chunks. He suggested
a distinction hetween the notions of input and output chunks from the ideas of
short-term and long-term memory. Input chunks reflect the limitation of work-
ing memory during the encoding of new information i.e., how new information
is stored in long-term memory, and how it is retrieved during subsequent recall.
Output chunks reflect the organization of over-learned motor programs that are
generated on-line in working memory. He also suggested that during the sequence
performance stage (already learnt stage), subjects download list items as chunks
during pauses and that chunk size for order information is approximately 3 items.
Koch and Hoffmann (2000) examined the influence of relational structures in the
stimulus and in the response sequences on sequence learning using seria reaction
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task paradigm. In three experiments, they separately studied patterns, chunks
and the higher-order relations (i.e., hierarchical structures). Vewey (2001), us-
ing two highly practiced sequences, investigated the robustness of motor chunks
(motor representations) in different situations. He suggested a model consisting
of dual-processors i.e., cognitive and motor may be involved in the execution of
sequences. The familiar sequences are carried out by a dedicated motor proces-
sor and the forthcoming sequence predictions are done by cognitive processor.
Based on the earlier studies they advised that the dorsal prefrontal cortex and
anterior cingulate may have arole in cognitive processor and the motor processor
comprises of supplementary motor area, the basal ganglia and the lateral cere-
bellum. Using a 2x10 sequence task, in a recent study Seka et al. (2003) have
demonstrated that different subjects chunked the same sequence of movements
differently. They have aso shown that performance on a shuffled sequence after
learning was less accurate and dower when the chunk patterns were disrupted
than when they were preserved. This clearly suggests an operationa role for
the chunks as a single memory unit that facilitates efficient performance of the
sequence. Most of the studies reviewed in this section suggest that the shorter
response time (RT) between successive responses/actions during the sequence
performance stage could possibly be due to the spontaneous reorganization (in
the form of chunks) across the elements of sequence.

Now, one practical question is to see how a chunk can be identified from
behavioural observations. Most of the studies reviewed in this chapter suggest
that shorter Response Time (RT) between successive responses/actions during
the sequence performance stage could possibly be due to the spontaneous reorga-
nization (in the form of chunks) across the elements of sequence. So identifying
places where RTs dow-down is a way of marking the chunk location. Terrace
(2001) also suggested that during the sequence performance stage (already learnt
stage), subjects download list items as chunks during pauses and that chunk size
for order information is approximately 3 items.

The current experiment in this chapter specificaly addresses the differences
in chunk formation when the same amount of information is organized in two
different ways. The amount of information to be processed at a time forms a
set. We hypothesized that a smaller set-size would enable spontaneous chunking
across several sets, while increasing the set-size will limit the chunk formation
to single sets. Using the mxn visuo-motor sequence task (Hikosaka et al., 1995;



6.2. Daaandyss 77

Bapi et al., 2000), we set out to investigate the phenomenon of chunking during
learning of a complex sequential skill. In this chapter we mainly concentrate on
the chunking results of two complex sequence tasks: 2x12 and 4x6.

6.2 Data anayss

Subjects performed severa trials in a block and a trial was terminated upon
error. We measured the response times for each successful set in a trial and
named these the 'set completion times. In this experimental paradigm we have
only resolution of response times up to the set levd rather than up to esch
key-press level. The response time (RT) is defined as the time taken from the
presentation of visual cues to the completion of the set (pressing al corresponding
keys in the correct order). In addition to these trial-wise behavioural measures,
the repeated measures ANOVA results reported in the Chapter 5, Section 5.3.2
were used to support some of the results on chunking. The focus of the current
chapter is to examine the hierarchical organization of sequences by controlling
the total number of movements to be learnt.

To study the chunk formation, we employed two strategies. Firstly, we plotted
the stacked graph of cumulative set completion times for successfully completed
trials. Next, we performed cluster anaysis on the cumulative set response times
(RT) to identify the pattern of chunking (clusters across the sets). We used a
bottom-up hierarchical cluster analysis [refer to, Duda et al. (2001)] to identify the
hierarchical sequence structure possibly employed by the subjects. Hierarchical
clustering methodology is suitable to address the problem of investigating the
chunking processes in sequence learning as sequences can consist of sub-sequences,
which in turn could be hierarchically organized.

A graphical representation of the hierarchical organization thus found is de-
picted as a dendrogram. A dendrogram is essentialy a tree structure consisting
of many upside-down U shaped lines connecting nodes in a hierarchical tree. For
constructing the dendrogram, single-linkage analysis was performed in which the
distance between two clusters is taken as the minimum between all pairs of pat-
terns from the two clusters [refer to Jain et al. (1999) for a review of clustering
methods|. Single-linkage analysis of cumulative set-completion times would re-
sult in the distances shown on the y-axis of dendrogram reflecting the actual set
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RTs. The clusters corresponding to the chunks were identified by performing
a one-way analysis of variance (ANOVA) on the set completion times between
successive sets. A significant pause between sets is identified as the beginning of
a new chunk.

6.3 Results

6.3.1 Repeated-measures ANOVA Results

In this section we will substantiate the behavioural results from repeated-measures
ANOVA [reported in Chapter 5, Section 5.3.2] to point out spontaneous reorga-
nization in 2x12 compared to 4x6. The smaller value of RT in the 2x12 task com-
pared to the 4x6 in the consolidation stage [refer to Figures 56 and 57] could
possibly point out the benefits of long-range optimization process by chaining
(spontaneous reorganization) a number of sets in the form of chunks (Rosenbaum
et a., 1983; Seka et al., 2003).

The repeated measures ANOVA results reported in Chapter 5, Section: 5.3.2
are used in this section. The post hoc means comparison for each sesson across
experiments in the repeated measures ANOVA on key-press response times (RT)
revealed that the two complex tasks 2x12 and 4x6 were similar in the first session
[Fl1,96) = 0.000535, p =0.982] but were different in session 2 [F{j 96 = 7.19, p <
0.01], session 3 [F; 96 = 11.567, p < 0.001] and became more significantly dif-
ferent by the 4th session [F{; 45 = 28360, p « 0.0001]. It is interesting to
note that the RTs in 2x12 and 4x6 were similar in the first sesson and became
dissimilar by the last sesson. The RT value in 2x12 was observed to be lesser
compared to the RTs of 4x6 task (as reported in the Table 5.3 from the Chapter
5). As the number of sets to be internalized (12) is larger than the short-term
memory capacity, it appears that subjects compressed the information into a
number of chunks. As the average set RT indicates the time taken to complete
a single logical unit (set), the lesser value in RT (compared to the RT values in
4x6 task) by the performance (consolidation) stage may indicate that subjects
may be improving the performance by chunking across sets. Similar result (lesser
values of RT in 2x12 compared to 4x6 in the consolidation stage) was obtained
in the RT values in the consolidation stage (reported in the stage-wise analysis
of Chapter 5 and Section 5.3.2).
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6.3.2 ANOVA Results across Sequence Conditions

To test for differences in the chunking phenomenon across different sequence
conditions, we performed ANOVA on Set RTs taking only data corresponding
to successfully completed hypersets from the last session. We assumed that the
chunking patterns would have stabilized by the fourth sesson. ANOVA was
performed for each experiment separately with 'set' as main effect. Analysis of
variance of set completion times (across subjects) revealed significant main effects
for set in the 2x6 [Fis,96 = 7.93, p < 0.0001] and 2x12 [F|;; 1957 2.32, p = 0.01]
experiments but not for the 4x6 experiment [F(545 = 0.23, p = 0.95]. This
indicates that chunking phenomenon across sets is less likely to happen in the
4x6 task. The visualisation of this behaviour and more forma quantification of
these observations are described in the next section.

6.3.3 Quantifying the Chunking Phenomenon

Subjects showed learning related improvements by successfully acquiring the hy-
perset. This was also reported in Chapter 5, but here we present the trial-wise
data of the behavioural parameters, namely, number of sets completed and set
response time. Figure 6.1 shows the number of sets completed and the average
set completion time for al the trials of one subject (WY) for the 2x6, 4x6 and
2x12 tasks (note that the resolution of measurement of learning is at the trial
level).
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Figure 6.1: Learning related improvements observed in the three raxrc tasks
for one subject (WY). Number of sets completed (left panel) and average set
completion time (right panel) over al the trials across the four sessons (S1 to
) are shown. Vertical lines in the right panel and the gaps in the left panel
corresponds to the session-to-session demarcation. The Early (E), Consolidation
(C) and Late (L) stages (in left panel) are also indicated along with the sesson
index (S1, S2, S3 and 4).

Out of the 18 subjects that participated in our experiments, we report in detail
the results from three representative subjects (KU, NS and WY) for analyzing
the chunking phenomenon. These subjects have more number of successful trials
in the last session. Other subjects have fewer number of trials in the last session
for 2x12 and 4x6 tasks. For better demonstration of chunking phenomenon and
statistics we selected these three subjects. The stacked graphs shown in Figure
6.2a reveal a clear bunching pattern evolving as training progressed in the 2x12
task. Each bunch represents a chunk. The data of set RTs from the last sesson
was used for identifying chunking patterns. ANOVA between successive set RTsS
revealed significant (p < 0.05) pauses for several sets representing the beginning of
an ensuing chunk. For example, KU: set 3, 8; NS: sets 3, 6, 8, 12, WY: set 7. The
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dendrogram plots (2nd row of Figure 6.2a&h) show the hierarchical structuring of
the sequence and thus reveal sub-sequences within the cluster identified from the
ANOVA. Although ANOVA reveded main cluster patterns, it is interesting that
the complete hierarchical sequence structure can be identified by the dendrogram.
For example, the nested sequentia structure for KU is(12) 3 (4 (5(©7) 8 (9
10) (11 12)) and for WY is((21 2) 3 (4 (56)) (7 (89)) ((20 11) 12).

Figure 6.2b shows the chunking phenomenon for the 4x6 task for the same
three subjects. The cumulative set RTs (Figure 6.2b) did not show any bunching
pattern across sets. The dendrogram shows that subjects require similar amount
of time for completion of each set. The ANOVA results reveded non-significant
p values for al pairs of successive set RTs, thus possibly indicating the absence of
any significant pauses during sequence acquisition. Most of the other 14 subjects
also displayed chunking phenomenon in the 2x12 task and less in the 4x6 task.
Across al the subjects for each task the chunk size varied from 1 to 3 in the
2x6 task, 2 to 4 in the 2x12 task and O to ] in the 4x6 task. Thus across set
reorganization of the sequential information is likely in the 2x12 and 2x6 tasks
but less likely in the 4x6 task.

6.4 Summary and Conclusions

Chunking offers a flexible way of learning. We have demonstrated that subjects
employed different reorganization patterns when the same number of finger move-
ments was arranged in two different ways. Our results suggested that when the
set-size was larger as in the 4x6 task, there was less reorganization across sets.
Subjects had to process more amount of information in each set and because of
the increased short-term cognitive load, it appears that performance optimization
might possibly have occurred more within the sets but less across the sets. This
is consistent with the theory of limited capacity of working memory of Miller
(1956). Recent fMRI investigations by Owen (2004) and Todd and Marois (2004)
also support the effects of limit on working memory capacity we pointed out in our
results. On the other hand, when the set-size was kept smaller but the number
of sets to be processed was increased as in the 2x12 task, we observed remarkable
reorganization across sets. As the number of sets to be internalized (12) is larger
than the short-term memory capacity, it appears that subjects compressed the



6.4. Summary and Conclusions 82

information into a number of chunks.

The results from the current behavioural study have implications for the cog-
nitive models of hierarchical sequence learning. The results also point out that
a neural network model that learns sequences using a limited capacity working
memory (WM) would need to optimize in two different ways depending on the
amount of information to be processed at any instance of time. If the amount
stretches beyond the limit of WM then optimization process needs to operate
within the logica unit (set). If the amount is wel within the WM capacity,
optimization across the logica units (sets) would facilitate efficient performance.
Some of these findings have been reported in Pammi et al. (20031), 2004a,c, 2005).
Neural bases for the chunking phenomenon have been suggested to be located
in various brain areas including the pre-supplementary motor area, (Kennereley
et a., 2004), lateral prefrontal cortex (Bor et al., 2004) and the basal ganglia
(Graybiel, 1998). Our am in the subsequent chapters is to analyze the IMRI re-
sults with a view to identifying brain areas participating in the process of coping
with complexity and aso in the chunking process.
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Figure 6.2: Chunking phenomenon observed in three subjects (KU, NS, WY) for
the 2x12 and 4x6 tasks. top panel: The cumulative set RTs for successful trials for
al the sessions (delineated by vertical lines), middlepanel: dendrogram, bottom
panel: mean set RTs in the last session. (8) 2x12 Task. Cumulative set RTs
show a clear bunching pattern for few sets of 2x12 task. The dendrogram shows
the hierarchical structure of the sequence acquired by the subject. (b) 4x6 Task.
The cumulative set RTs for successful trials do not show any bunching pattern
across sets. The dendrogram shows that subjects require similar amount of time
for each set.



Chapter 7

lmaging Results

This chapter reports results of analysis of functiona Magnetic Resonance in-
ages (fMRI) collected in the complexity experiment. The image analysis was
performed in SPM99 (refer to Appendix D for details of Statistical Parametric
Mapping framework SPM99), developed by the Wellcome Department of Imaging
Neuroscience, University College London.

In this thesis, the objective is to investigate the effects of increasing sequence
complexity while human subjects acquired and performed complex sequential
skill. The current study is the first- of its kind investigating two dimensions of
complexity using trial-and-error sequence learning in asingle experimental design.
The behavioural results described in Chapter: 5 revealed that the subject-specific
demarcation into learning stages is justified based on the statistical results per-
formed on the behavioural parameters (success rate and key-press response time).
In addition to the results of learning related improvements observed in each of
the sequence learning tasks, the behavioural results aso point to the reorganiza-
tional differences among complex conditions (2x12 and 4x6). As the main am of
this thesis is to investigate the effects of complexity (i.e., comparison of complex
sequence learning conditions with the simple sequence learning condition), the
imaging results from these comparisons (i.e., 2x12 and 4x6 with respect to 2x6)
are primarily used for mgjor conclusions.

The results from Random Effects Analysis (RFX) analysis of comparisons of
complex sequence learning conditions (2x12 and 4x6) with 2x6 in both the stages
(effects of sequence complexity and the RFX analysis of direct comparisons of
complex sequence learning conditions (2x12 versus 4x6 and 4x6 versus 2x12 in
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both the stages) for both the learning stages are reported in this chapter. The
results from Random Effects Analysis (RFX) of comparisons of sequence learning
conditions with Control/Follow condition (basic comparisons) in both the early ¢
consolidation stages are reported and highlighted separately in Appendix E. The
imaging results from the comparison of 2x6 task with complex sequence tasks in
both the stages are reported in Appendix F. The general description of various
fMRI imaging methodologies, including the RFX analysis, is given in Chapter:
3. The step-by-step procedure used in SPM99 is described in Appendix D.

7.1 fMRI Results

In this thesis we wished to explicitly model the behaviour related brain activation
in al the sequence tasks in both the stages of learning and performance (i.e.,
Early and Consolidation) while analyzing the fMRI images. This behaviour or
learning related brain activation is modelled with the help of set and hyperset
response times (RTS). These RTs are entered into the design matrix of SPM99
as 'user specified regressors. These regressors would model variations within the
sessions and also between sessions (i.e., stages) in an experiment.

We used the following methodology to come up with a meaningful summary
of our neuroimaging results. First, we compared al the sequence learning tasks
to the control or baseline condition. Activations are listed in Tables E.1, E.2,
E.3, E4, E5, E.6 in Appendix E (these are listed in the Appendix to avoid
clutter in the reporting of results) to identify any area, that was engaged by the
three conditions (2x6 or 2x12 or 4x6). We used this to constrain the search for
differences among the three conditions. Asthe am of this investigation is to probe
the neural correlates of the effects of complexity (4x6 versus 2x6 & 2x12 versus
2x6) during learning (Early) and performance (Consolidation) stages, we confined
our summary primarily to the findings from Early 4x6>2x6, Early 2x12>2x6,
Consolidation 4x6>2x6 and Consolidation 2x12>2x6 regressor contrasts (refer to
Tables 7.1, 7.2 and Figures 7.2, 7.3, 74, and 7.5). These findings are further
supplemented by the difference between 4x6 and 2x12 directly (listed in Tables
7.3 & 74, Figures 7.6, 7.7, 7.8, and 7.9 and the brain renderings shown in Figures
710 & 7.11). This method of summarization of results enabled us to make
inferences about the selective recruitment of the systems involved in the two



7.2. Basic comparison results 86

forms of complexity.

The results from the random effects analysis for 17 subjects from the two
design matrices (i.e, 2x6-4x6 and 2x6-2x12) are summarized in the form of ta-
bles listing stereotaxic Talairach coordinates of al the peak activations obtained
a athreshold of T > 369 (p < 0.001 uncorrected for multiple comparisons).
The common method of locating brain activations is by using the Taairach at-
las labels (Talairach and Tournoux, 1988), which has Brodmann areas labelled
along with the area names (with gyri or sulci labels). SPM99 uses the standard
brains from the Montreal Neurological Institute (MNI) space. Usng this tem-
plate SPM99 reports results in MNI coordinates. The corresponding Taairach
coordinates were obtained by using the non-linear transformation (Brett et a.,
2001) to convert MNI coordinates into Taairach coordinates. The anatomical
labels for these coordinates were obtained using the Talairach daemon software
(Lancaster et al., 2001), MRIcro (Rorden, 2004) AAL & brodmann templates
and manually checking with the talairach atlas (Talairach and Tournoux, 1988).

The first three columns of each table list the categorized Brain area labdl,
hemisphere in which activation is found (Right or Left) and the Brodmann area
(BA). X, Y, Z indicate coordinates in mm as referenced in the atlas by Talairach
and Tournoux (1988). The T-Score is the statistic score computed by SPM, which
sgnifies the strength of activation.

The brain images shown in Figures 7.2-7.9 are the activity maps aong with
their statistical significance (measured with the help of T-Score). The activar
tions obtained from the respective RFX contrasts are overlad onto one of the
subjects' normalized (to MNI space) high-resolution brain using a modified MAT-
LAB script (Christoff, 2001).

7.2 Basic comparison results

The basic comparison results are obtained from the contrast images of every sub-
ject by taking them to the second levd and performing one-sample t-test. For
every segquence condition with respect to the baseline/follow, we obtained activa-
tions and deactivations corresponding to the contrasts of interest. For example,
activation: Early 2x6>Control and deactivation: Early Control>2x6. The Ta
lairach coordinates listed in Tables E.1, E.2, E.3, E4, E.5, E.6, are the local
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maxima of activations and deactivations of sequence/task related (2x(i, 2x12,
4x6) regressor contrasts with respect to the Control/Follow condition in both the
Early and Consolidation stages.

These activations tabulated in basic comparisons only guided us to have an
idea about the brain activity specific to the sequence learning tasks. Further
probing into the comparisons gave us more informative or focussed picture, which
alowed us to compare the tasks.

7.2.1 Detailed description of basic comparison results

In this section we will point out interesting findings from the basic comparison
results (i.e., comparison of sequence learning tasks with the control/follow con-
dition). The brain areas obtained in these comparisons could be related to their
role in the sequential skill learning as demanded by the tasks. Though we ob-
served several brain area activations in al the three tasks in both the learning
stages, we will highlight some interesting findings.

The cerebellar activations (anterior and posterior) showed differentia effects
in the 2x12 task. In the early stage activity in these areas was absent, whereas in
the consolidation stage both the anterior and the posterior lobules of cerebellum
are active.

Another interesting finding is the differentia activation of the various areas
of striatum during the early and the consolidation phases. We observed selective
activation of the right putamen/globus pallidus in the 2x6 and 2x12 tasks in
the consolidation stage but not in the early stage. Interestingly, the activity
(dorsal) in this area was not seen in the consolidation stage of 4x6. Another
notable observation is the bilateral ventral striatum activation in both the early
and consolidation stages of 4x6 and 2x12 tasks but not in the 2x6 task. We aso
observed activation of caudate head in the dorsal striatum in both the early and
consolidation stages of 4x6 task but not in 2x12 task.

The Hippocampus is found to be active exclusively in the early stage of 2x12.
However, this area got suppressed (control/follow>sequence/test comparison)
more in the early stage of 2x6 and 4x6 tasks.

We noticed the activation of contralateral (left) primary motor cortex [Brod-
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mann area (BA) 4] in the consolidation stages of 2x6 and 4x6 tasks. The activa-
tion was not observed in both the stages of 2x12 task and in the early stage of
2x6 and 4x6 tasks.

In the frontal cortex, an exclusive activation of the right dorsolateral prefrontal
cortex (BA 46/9) was found in the consolidation stage of 4x6 and in the early
stage of 2x6.

We observed the pre-supplementary motor area (BA 6), the bilateral dorsa
premotor (BA 6) and the bilateral precuncus (BA 7) activations in dl the se-
guence learning tasks in both the stages. The bilateral precuneus and the right
dorsal premotor in the early stage of 4x6 aso survived whole brain correction for
multiple comparisons (p < 0.05). In addition, the left middle occipital gyrus (BA
18/19), the left precuneus and the right dorsal premotor areas in the consolida
tion stage of 4x6 are aso survived the correction (indicated by bold T-values in
the tables) for multiple comparisons (p < 0.05). The supplementary motor area
was observed to be activated only in the consolidation stages of 2x6 and 2x12
tasks but not in the 4x6 task. Another interesting observation is the activation
of the rostral cingulate motor area only in the consolidation stage of complex
sequence learning tasks (2x12 and 4x6) but not in the early stages.

722 Summary of basic comparison results

The basic comparison analysis resulted in some notable differences in the whole
brain activations. The cerebellar activations were found to be more specific to
the consolidation stage of 2x12 task than the earlier stage. This may point out, its
role in the retrieval processes associated with long-range sequences. The striatal
activations revealed possible functional specializations. The ventral striatum is
associated more with the complex tasks than smple ones, the right dorsa puta-
men/globus palidus is specific to the consolidation stages of 2x6 & 2x12 tasks
and the right dorsal caudate is related to the consolidation stage of 4x6 task. The
results on differentia roles of striatum are aso reported in Pammi et al. (2()04d).
Interestingly, the hippocampus activated exclusively in the early stage of 2x12
task and this may be related to long-range sequence learning. The primary mo-
tor activation was observed to be more specific to the consolidation stages of 2x6
and 4x6. The activations in the parietal and related motor areas suggest that
the precuneus and the right dorsal premotor areas are more associated with the
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4x6 task, the supplementary motor area involved specificdly in the retrieval pro-
cess of short-set sequences, the rostral cingulate motor area more Spedific to the
retrieval process in complex tasks.

7.3 Comparisons between the sequence tasks

Comparisons between the sequence conditions are obtained by taking the con.
trast images of every subject to the second levd and performing two-sample
t-test (for example, refer to Figure 7.1). The comparisons could be between
2x12 with 2x6 (from the 2x6-2x12 design matrix) or with 4x6 with 2x6 (from
the 2x6-4x6 design matrix) or 2x12 with 4x6 (the respective contrasts obtained
from the 2x6—2x12 and 2x6—4x6 design matrices). These comparisons between
the sequence tasks alowed us to probe into the effects of the two dimensions of
complexity, namely, set related and hyperset related complexity. The talairach
coordinates listed in Tables 7.1, 7.2, 7.3 and 7.4, are the locd maxima, activa-
tions of comparison between the tasks in both the early and consolidation stages.
The brain activations for comparisons between the tasks in both the learning
stages are shown in the Figures 7.2—7.5. Direct comparison results are shown in
Figures 7.6—7.9 and the 3-dimensional surface rendered (on one of the subject's
extracted brain) activations for the early and consolidation stages for complex
sequence conditions (2x12 versus 4x6) are shown in Figures 7.10 and 7.11, re-
spectively. The comparisons of 2x6 task with the complex sequence tasks are
reported separately in Appendix F (tables I.1, F.2).
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Figure 7.1: The example Design matrix in RFX analysis of Sequence conditions.
The contrast images of every subject for the two sequence task conditions were
taken to the second level and two-sample t-test was performed.

7,3.1 Detalled description of results from comparison be-
tween seguence learning tasks

As the objective of this research is to investigate the effect of change in complexity
of the skill being acquired on the pattern of brain activation, we based our findings
on the activations obtained from the behaviour related comparisons of Early
4x6>2x6 (refer to the Table 7.1 and Figure 7.2), Early 2x12>2x(i (refer to the
Table 7.1 and Figure 7.3), Consolidation 4x6>2x6 (refer to the Table 7.2 and
Figure 7.4) and Consolidation 2x12>2x6 (refer to the Table 7.2 and Figure 7.5).
The results reported in the tables meet the following criteriac consistency of
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activation, a reasonably high T-score, and a minimum of area Of activation of
greater than or equal to 5 voxds. Thus the results reported i the tables are
taken as important set of areas and the brain dice pictures show the location and
extent of activation.

Detailed description of brain activations obtained from the learning related
comparisons between complex sequence conditions with the smple sequence con-
dition i.e,, 2x6 are as follows. We observed activations in ipsilateral (right) pri-
mary motor area [brodmann area (BA) 4], ipsilateral pogt, central gyrus (BA
2/5), contralateral (left) insula, ipsilateral dorsal premotor (BA 6), ipsilatera
anterior cerebellum, media superior frontal gyrus (BA 9), contralateral caudate
body, contralateral sensorimotor cortex (BA 3/4), lingua gyrus (BA 18) and left,
orbitofrontal cortex (BA 11) in the early stage comparisons of 4x(i with 2x0.

The early stage comparison of 2x12 task with 2x6 revealed activations in
the right supramarginal gyrus (BA 39/40), media posterior cingulate gyrus (BA
23/31), left hippocampus, left ventral middle temporal gyrus (BA 21), left cuneus
(BA 23/18) near parieto-occipital sulcus, medial superior fronta gyrus (BA 8),
bilateral inferior parietal cortex (BA 40), left middle temporal gyrus (BA 39),
left orbitofrontal cortex, right fusform gyrus (BA 39) and the left insula

The consolidation stage results between 4x6 compared with 2x6 activations
revealed activations in the contralateral (left) caudate body (anterior striatum),
right fusform gyrus (BA 37), contralateral (left) primary motor cortex (BA 4),
contralateral sensori cortex (BA 2/3) and contralateral dorsolateral prefrontal
cortex (BA 9/46).

The consolidation stage results of 2x12 task compared with 2x6 task, reveded
activations in the ipsilateral inferior frontal cortex (BA 45/47), right cuneus (BA
18/19) near parieto-occipital sulcus, right superior parietal cortex (BA 7), ips-
lateral posterior cerebellum, ipsilateral postcentral gyrus (BA 5/2) and the con-
tralateral middle occipital gyrus (BA 19).

As the results reported are uncorrected p values for multiple comparisons,
we also performed small volume correction (SVC) to make our interpretations
more acceptable. We applied SVC to the cluster centered at the coordinates over
marginal spherical region of interest of size 5 mm [refer to a recent reference
Schendan et al. (2003) for the reporting of SVCs|. All the coordinates reported
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from regressor contrasts early 4x6>2x6, early 2x12>2x6, consolidation jx( - 2x(.
consolidation 2x12>2x6 survived the SVC and their adjusted p vaues obtained

were reliable at p < 0.05.

Table 7.1: Location of Stereotaxic Talairach coordinates of pesk ac-
tivations in the Early 4x6>2xG Regressor and the Early 2x12>2x6
Regressor Contrasts

Early 4x06>2x6 R

Early 2x12>2x6 R~ |

Brain Area R/L | BA Coordinates | T-Score Coordinates | T-Score
X Y Z X Y Z
Cerebellum
Anterior lobule (Culmen) | R 26 | -4 | -28 1.22
Basal ganglia =
Candate body L 200 18 | 14 3.95
Hippocampus L -34 | <22 | <16 161
Occipital areas T )
Lingual gyrus L 18 -6 | -72 | - 3.95
Temporal areas
Middle Temporal gyrus L 21 57 h | -22 1.62
L 39 -46 | -61 | 27 3.59
Fusiform gyrus R 37 32 | -49 [ -13 387
Parietal areas
Supramarginal gyrus R 39/40 46 | -h3 | 32 5.34
Inferior Parietal cortex L 39/40 A8 | -34 | 22 3.70
R 40 42 | -41 | 28 3.7
Cuneus L 23/18 -4 |67 | 25 A28
Sensory and
Motor areas
Precentral gyrus R 4 30 | -19 | 53 0.1
Postcentral gyrus L 3/4 -42 | -17 | 51 3.85
R |2/5 29 | -36 | 57 4.39
Premotor (dorsal) R G 22 | 4 | 48 4.28
Cingulate gyrus
(posterior, medial) L 23/31 -2 | -45 | 32 5.04
Frontal areas
Superior frontal gyrus
(medial) L 8 -8 | 43 | 16 4.07
L 9 -6 | 50 | 29 4.06
Insula L 47 26 27| 6 1.31
L 47 -26 | 27 (§] 4.14
Orbitofrontal cortex L 11 -18 1 40 | -12 3.97
L 11 =20 | 38 | -12 3.49
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Table 7.2: Location of Stereotaxic Talairach coordinates of peak
activations in the Consolidation 4x6 > 2x6 Regressor and the Con-
solidation 2x12> 2x6 Regressor Contrasts

Consolidation 4x6>2x6 R

Consolidation 2x12>2x6 R |

Brain Area R/L | BA Coordinates T-Score Coordinates T-Score
X|¥YIE X LY | 2 — |

Cerebellum

Posterior lobule

(Uvula) R 18 | -79 | -23 3.81
| Basal ganglia

Caudate body L S U I O O 5.29

Occipital areas

Middle Occipital gyrus | L 19 =34 | -T2 4 3.98

Temporal areas

Fusiform gyrus R 37/20 || 44 | -32 | -10 4.52

Parietal areas

Cuneus R 18/19 20 | -72 | 28 1.00

Superior Parietal cortex | R 7 30 | -47 | Gl 3.61

Sensory and

Motor areas

Precentral gyrus L 4 -38 | -13 | 50 388

Posteentral gyrus L 2/3 -55 | -23 | 46 1.19

R 5/2 20 | -45 | 67 3.57

Frontal areas

Inferior frontal gyrus R 45/47 32 | 29| 6 4.15

Dorsolateral

prefrontal cortex L 0/46 -24 | 35 | 30 8.78
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7.3.2 Results from direct comparisons of complex condi-
tions

The direct subtraction of complex sequence learning conditions revealed distinet
set of brain areas related to 4x6 and 2x12 in both the stages of learning. The
results from these comparisons are reported in the Tables 7.3 and 7.4. The brain
activations on the transverse dices shown in the Figures 7.¢6 and 7.9. The 3D
renderings of activations for the carly and the consolidation stages separately
shown in the Figures 7.10 and 7.11. Interestingly, though we compared 2X6 {5k
with 2x12 and 4x6 (complex segquence learning tasks in two design matrices), the
brain activations obtained in the 2x6 tasks in (both stages of learning) in both
the design matrices are the same. This result enabled the cross comparison Of
2x12 versus 4x6 to be meaningful.

The early stage results of 4x6 compared with the 2x12 task reveded activa-
tions in the ipsilateral cerebellum, contralateral ventral striatum, contralateral
caudate, bilateral middle occipital gyrus [brodmann area (BA) 19|, bilateral pre-
cuneus (BA 7), bilateral superior parietal cortex (BA 7), ipsilateral dorsal pre-
motor (BA 6), right lateral orbitofrontal cortex (BA 47) and left lateral superior
frontal cortex (BA 8/6). It is interesting to note that the activations in left ven-
tral striatum, right middle occipital gyrus, bilateral precuneus, bilateral superior
parietal cortex, right dorsal premotor and the left superior frontal cortex (near
premotor area) aso survived whole brain correction for multiple comparisons
(p < 0.05). The early stage results of 2x12 compared with the 4x6 task reveaed
activations in the left caudate tail, left hippocampus, left superior tempora gyrus
(BA 22), left middle temporal gyrus (BA 21), right inferior tempora gyrus (BA
20/21), bilateral inferior parietal cortex (BA 40), bilateral supramarginal gyrus
(BA 39/40), media posterior cingulate gyrus (BA 31), left lateral orbitofrontal
cortex (BA 11), bilateral superior frontal cortex (BA 9/8). It is interesting to note
that the activations in left hippocampus, left caudate tail and left inferior parietal
cortex survived whole brain correction for multiple comparisons (p < 0.05).

The consolidation stage results of 4x6 compared with the 2x12 task reveded
activations in ipsilateral lateral anterior cerebellum, bilateral caudate head, bilat-
eral occipital gyrus (BA 18/19), bilateral thalamus (pulvinar), bilateral precuneus
(BA 7), bilateral superior parietal cortex (BA 7), anterior cingulate (BA 32) and
ipsilateral dorsal premotor (BA 6), contralateral primary motor cortex (BA 4),
pre-supplementary motor area and right orbitofrontal cortex (BA 47). Activation
in the right dorsal premotor (BA 6) area and Ieft occipital gyrus (BA 18) survived
whole brain correction for multiple comparisons (p < 0.05). The consolidation
stage results of 2x12 compared with the 4x6 task revealed activations in bilateral
middle temporal gyrus (BA 21/20), left superior temporal gyrus (BA 22), left
supramarginal gyrus (BA 40/39), bilateral inferior parietal cortex (BA 40), right
middle frontal gyrus (BA 8) and left inferior frontal gyrus (BA 45).
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Table 7.3: Location of Stereotaxic Taarach coordinates of peek ac-
tivations in the Early 4x6>2x12 Regressor and the Early 2x12>4x6
Regressor Contrasts. Bold faced T-score indicates that the activa
tion survived whale brain correction for multiple comparisons a

p <0.05.
e Early 4x6>2x12 R Early 2x12>4x6 R
| Brain Area R/L | BA Coordinates | T-Score Coordinates | T-Score
XY | Z XY ]| 2Z )
Cerebellum
Anterior lobule (Culmen) | R 26 | -H8 | -24 6G.17
Basal ganglia
Putamen L 18 | 11 | -11 7.79
Caudate tail L 6 | 228 | 22 6.79
Caudate Head L -8 G ] 5.5
Hippocampus L 28| -¥ | -16 8.01
Occipital areas
Middle Occipital gyrus R 19 36 | -85 | 15 7.39
L 19 -36 | BT | 8B H.84
Temporal areas
Superior Temporal gyrus | L 22 50 | -h6 | 14 H.52
Middle Temporal gyrus L 21 BT | 28 | -9 H.G7
Inferior Temporal gyrus | R 20/21 57 | -3 | -28 406 |
Parietal areas
Precuneus R 7 14 | -66 | 49 8.63
L 7 -8 | -66 | 46 7.96
Superior Parietal cortex | L 7 -18 | <61 | 53 6.74
R 7 10 | -61 | 53 6.51
Inferior Parietal cortex L 40 AT | <51 | 38 7.85
R 40 53 | -8 | 40 501
Supramarginal gyrus L 40/39 -7 | 49 | 26 5.33
R | 39/40 50 | -53 | 25 4.77 |
Sensory and
Motor areas
Premotor (dorsal) R 6 26 | 6 | 5l 8.85
Cingulate gyrus .
(posterior, medial) L 31 -8 | -49 | 28 6.11
Frontal areas
Orbitofrontal cortex R 47 34125 | -6 546
L 11 -44 | 42 | -14 4.58
Superior frontal gyrus L 8/6 -24 | 16 | 49 732 o i e
L 9/8 222 1 46 | 36 1>’1
R 8/9 18 | 41 | 40 4.36
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Figure 7.6: Early 4x6>2x12 Regressor contrast activations
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Figure 7.7: Early 2x12>4x6 Regressor contrast activations
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Table 7.4: Location of Stereotaxic Talairach coordinates of peak
activations in the Consolidation 4x6> 2x12 Regressor and the Con-
solidation 2x12>4x6 R.egressor Contrasts. Bold faced T-score indi-
cates that the activation survived whole brain correction for mul-
tiple comparisons at p < 0.05.

Consolidation 4x6>2x12 R

Consolidation 2x12>4x6 R

Brain Area R/L | BA Coordinates T-Score Coordinates T-Score
X|Y | Z X | 7
Cerebellum
Lateral Anterior lobule R 40 | -59 | -24 6.00 B
Basal ganglia
Candate Head R 1141 4.83
L -6 12 2 4.02 |
Occipital areas
Middle Occipital gyrus L 18 -30 | <93 | 12 6.86
R 19 30 | -86 | 19 5.01
Thalamus (Pulvinar) L =20 | -26 | 16 .56
R 24 | -26 | 16 5.37 ]
Temporal areas
Middle Temporal gyrus | R 21/20 48 | -1 | -20 7.1
L 21 a9 | -37 | -2 H.h0
Superior Temporal gyrus | L 22 60 | <57 | 16 5.89
Parietal areas
Precuneus L ¥ -26 | -G8 | 38 6G.17
R 7 12 | -G8 | 46 6.1
Superior Parietal cortex | R 7 12 | -61 | 55 5.09
L 7 -16 | -65 | BH 4.58 .
Supramarginal gyrus L 40/39 46 | -49 | 36 ".,t:.i
Inferior Parietal cortex L 40 53 | -H8 | 40 A8
R 40 50 | -60 | 40 -Ii ':_i
Sensory and
Motor areas
Anterior Cingulate L 32/24 || -2 | 18 | 41 6.01
Premotor cortex
(dorsal, anterior) R 6,/32 20 | 8 | 47 7.01
R 6 30 4 | 48 3.87
Precentral gyrus L 4 -40 | <20 | 6O 4.41
Pre-SMA R 6 10 | 11 | 58 4.84 |
Frontal areas ‘
Orbitofrontal cortex R 47 20 | 17 | -9 6.34 s | s | g 4.49
Middle frontal gyrus R 8 'i[_' = -;'q; )
| Inferior frontal gyrus L 45 53 | 18 | 10 il
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Figure 7.8: Consolidation 4x6>2x|2 Regressor contrast activations
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Figure 7.10: Early 4x6>2x12 (Red colour) and Early 2xI2>4x6 (Green colour)
Regressor contrast activations
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Figure 7.11: Consolidation 4x6>2x12 (Red colour) and Consolidation 2x12>4x6
(Green colour) Regressor contrast activations

7.3.3 Summary of results of comparison between sequence
tasks
The interesting findings of comparisons of the complex sequence conditions with

the 2x6 task in both the learning stages are that the striatum and that the motor-
areas are more specific to the 4x6 task and the hippocampus is more specific to
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the early stage of 2x12 task. Further, the activity in the right dorsal premotor
(Brodmann area 6) is very interesting in 4x6 task, because its activity is seen
strongly in the Early 4x6>Control regressor contrast and it even survived the
correction for multiple comparisons (p < 0.05). We dso observed differential
role for cerebellar activations i.e., the ipsilateral anterior cerebellar lobule in the
early stage of 4x6 and ipsilateral posterior cerebellar lobule in the consolidation
stage of 2x12 task. In the comparisons with the 2x6, the parietal areas were
observed to be more specific to the 2x12 task i.e., left inferior parietal lobule
in early 2x12>2x6 and right superior parietal cortex in consolidation 2x12>2x6
contrasts. Another interesting observation is the activation of medial posterior
cingulate cortex specific to the early 2x12 task. The early stage comparisons
of 2x12>2x6 and 4x6>2x6 yielded common activation in the left orbitofrontal
cortex and insula. This common activation could be related to the additional
trial-and-error processing load imposed by the complex conditions.

In addition, the direct comparison between complex sequence conditions re-
veded the involvement of the medial parietal areas, occipital areas, lateral frontal
areas and areas of striatum specific to the early stage processing of 1x6 task. The
activation in the hippocampus, temporal areas, lateral parietal areas and pos
terior cingulate cortex revealed their specific involvement in the early stage of
2x12 task. These results aso suggest speciaizations within the parietal areas
i.e, medial parietal areas for 4x6 and lateral parietal areas for the 2x12 task.

74 Brain-Behaviour correlation (BBC) anay-
gs results

At selected regions of interest, voxe data were extracted from a S mm spherica
volume of interest (VOI) and entered into a brain-behaviour correlation analysis.
Average blood oxygen-level dependent (BOLD) signal was calculated for each of
the learning blocks (24 blocks i.e., 6 learning blocks in each sesson multiplied by
four learning episodes i.e., sessions) at the designated VOI for each subject in the
gpecified experiment (2x6 or 2x12 or 4x6). Similarly, mean performance measure
(response time) was calculated for each of the learning blocks for each subject
in the specified experiment. The resultant twenty-four values of BOLD signa
and the corresponding behavioural measure were then entered into a correlation
analysis. Pearson correlation coefficient (R) and its two-tailed significance levd
(p) were computed. We developed a SPM99 add-on script to automatically per-
form brain-behaviour correlation anaysis over a specified VOI. We performed the
brain-behaviour correlation (BBC) analysis from the basic comparison results on
the selected VOlIs.

Figures 7.12 and 7.13 show the BBCs of right dorsolateral prefrontal cortex
(DLPFC) for the two VOIs picked from the coordinates of Early 2x6 Regressor
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and Consolidation 4x6 regressor contrasts. In these two VOIs the activity in
the 4x6 displayed a very high and significant positive correlation (R>0.7G51,
p « 0.001) with the behaviour. The activity in the 2x6 task dso displayed
sgnificant positive correlation with the behaviour (R>0.5595, p < 0.004). But
in the 2x12 task, the BBC did not show consistent positive correlations in both
the VOIs. The interesting finding from this analysis is the very high correlation
of Right DLPFC in the 4x6 sequence learning task with the learning related
(indicated by the response times) behaviour. The decrease in activity as indicated
by this analysis suggests arole of riglit dorsolateral prefrontal in working memory.

Figure 7.14 shows the BBCs of left primary motor area (Brodmann area 4) for
the VOI picked from the coordinate of consolidation 4x6 regressor contrast. The
interesting finding from this BBCs analysis is the significant negative correlation
of left primary motor in the 4x6 segquence task with the behaviour (R=-0.6157,
p = 0.001).

Figure 7.15 shows the BBCs of the right lateral globus palidus (GP) for
the VOI picked from the Consolidation 2x19 regressor contrast,. The interesting
finding from this BBC analysis is the reasoyably good negative correlation (R—
0.4563, p = 0.02) with the behaviour in the 2x12 sequence task and the time
course of activation in 2x12 task builds njcely by the lagt, sesson. The high
activity in the last sesson 2x12 sequence task (refer to the bottom right panel
of Figure 7.15) in the right lateral GP brajn area may point out its role in the
long-range optimization process as demanded by the 2x12 task.

Figure 7.16 shows the BBCs of Left Precentral gyrus i.e, primary sensory
motor nea (Brodmann area 3/4) for the VOI picked from the coordinate of Farly
4x6>2x6 regressor contrast. The interesting finding from this BBCs anaysis
is the significant negative correlation of Left Primary sensory motor in the 4x6
sequence task with the behaviour (R=-0.677, V = 0.00027).

74.1 Summary of BBC Results

The brain-behaviour correlations (BBCs) on the few areas which showed inter-
esting relationship with response time are presented in this section. In summary,
the right dorsolateral prefrontal cortex displayed significant positive correlation
In the 4x6 & 2x6 tasks, the contralateral primary motor displayed significant
negative correlation in the 4x6 task, the right lateral globus pallidus displayed
significant negative correlation in the 2x12 task and contralateral sensorimotor
cortex displayed significant negative correlation in the 4x6 task.

The interpretations and implications of the findings summarized in Section
7.3 are discussed in Chapter: 9.
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Figure 7.12: The brain-behaviour correlations of 2x6, 4x6 & 2x12 (x-axis. be-
haviour and y-axis: brain activation) and their time courses at Right Dorsolateral
prefrontal cortex (Brodmann area 10/46) obtained from the Early 2x6>Control
Regressor contrast. The top panel: The brain-behaviour correlation (BBC) of
2x6 and 4x6 tasks (left and right respectively). bottom panel: The BBC of 2x12
task (left) and the time course of activation in the three tasks (2x12, 4x6 and 2x6
respectively).
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Figure 7.13: The brain-behaviour correlations of 2x6, 4x6 & 2x12 (x-axis: be-
haviour and y-axis. brain activation) and their time courses at Right Dorso-
lateral prefrontal cortex (Brodmann area 46) obtained from the Consolidation
4x6>Control Regressor contrast. The top panel: The brain-behaviour correla
tion (BBC) of 2x6 and 4x6 tasks (left and right respectively). bottom panel: The
BBC of 2x12 task (left) and the time course of activation in the three tasks (2x12,
4x6 and 2x6 respectively).
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Figure 7.14: The brain-behaviour correlations of 2x6, 4x6 & 2x12 (x-axis. be-
haviour and y-axis. brain activation) and their time courses at Left Primary
motor area (Brodmann area 4) obtained from the Consolidation 4x6:>Control
Regressor contrast. The top panel: The brain-behaviour correlation (BBC) of
2x6 and 4x6 tasks (left and right respectively). bottom panel: The BBC of 2x12
task (left) and the time course of activation in the three tasks (2x12, 4x6 and 2x6
respectively).
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Figure 7.15: The brain-behaviour corrclations of 2x6, 4x6 & 2x12 (x-axis. be-
haviour and y-axis. brain activation) and their time courses at Right Lateral
Globus Pallidus obtained from the Consolidation 2x12>Control Regressor con-
trast. The toppanel: The brain-behaviour correlation (BBC) of 2x6 and 4x6 tasks
(Ieft and right respectively). bottom panel: The BBC of 2x12 task (loft) and the
time course of activation in the three tasks (2x12, 4x6 and 2x6 respectively).
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Figure 7.16: The brain-behaviour correlations of 2x6, 4x6 & 2x12 (x-axis. be-
haviour and y-axis: brain activation) and their time courses &, Left Precentral
gyrus (Brodmann area 3/4) obtained from the Early 4x6>2x6 Regressor contrast.
The top panel: The brain-behaviour correlation (BBC) of 2x6 and 4x6 tasks (left
and right respectively). bottom panel: The BBC of 2x12 task (lft) and the time
course of activation in the three tasks (2x12, 4x6 and 2x6 respectively).



Chapter 8

Modelling of fMRI data to probe
effective connectivity

In this chapter, we introduce arecent analysis methodology caled 'effective con-
nectivity'. The effective connectivity analysis isrealized through Dynamic Causal
Modelling (DCM) option in the SPM2 package. DCM is a recent option in SPM
developed by the Wellcome Department of Imaging Neuroscience, University Col-
lege London. In this chapter we demonstrate the analysis methodology of effective
connectivity on a few models.

Historically, neuroimaging has been concerned predominantly with the localiza-
tion of brain function, i.e. where in the brain certain types of cognitive processes
is being implemented. The questions are addressed by the 'General Linear Model’
for example implemented in SPM (Friston et a., 1995c). In addition, rather than
just looking at the localization of areas involved in certain cognitive processes,
one can ask the question of how this neural implementation works in terms of
functiona principles of the system i.e., through functiona integration. One way
to address this question of functional integration is through temporal correlation
between spatially segregated remote neurophysiological events. This is caled
functional connectivity. The nature of functiona coupling such as modulation
are not dealt in these kind of models. The other way is to use the modes of
effective connectivity, where one can model the influence one neuronal system
exerts over another system through causal statements (Friston €. al., 2003). The
basic idea of effective connectivity is to construct a reasonably realistic neuronal
model of interacting cortical regions using neuroimaging data. The effective con-
nectivity for the fMRI data is introduced recently by Karl Friston through the
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concept of dynamic causal modelling (Friston et al., 2003; Stephan et al., 2004).

81 Dynamic Causa Modeling (DCM)

DCM treats the brain as a deterministic nonlinear dynamical system that is sub-
jected to inputs and produces outputs (Friston et a., 2003). The effective connec-
tivity is parameterized in terms of coupling among unobserved brain states i.e,
neuronal activity in different regions. The generd idea behind DCM is to con-

struct a neuronal model of interacting cortical regions with neurophysiologically
meaningful parameters. These parameters are estimated such that the predicted
BOLD series, which results from converting the neural dynamics into hacmody-

namics, corresponds as closay as possible to the observed BOLD series. 1n DCM,
neural dynamics in severa regions represented by a neurona state vector z with
one state per region are driven by experimental inputs. These inputs enter into
the model in two ways. (1) by dliciting responses through direct, influences on
gpecific anatomical nodes, (2) by modulating the coupling among nodes. DCM
models the change in neural states as non-linear function of states z, the inputs
u and neural parameters 0":

z = F(z,u,0") (8.1)

where F is some non-linear function describing the neurophysiological influences.
0 are the parameters of the model whose posterior density we require for inference.
The parameters are the connectivity matrices (/" — A, 3,C')that define the

functional architecture among brain regions at the neurona level. The bilinear
approximation of the Equation. 81 suggested by Friston et a. (2003) is as follows

2=~ Az + Z-u_.,-;"y’-?: + Clu
= (A+ > u;B)z+ Cu 82

in which the coupling parameters correspond to partial derivatives of F:
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The Jacobian or effective connectivity matrix A represents the first-order con-
nectivity among the regions in the absence of modulatory input. The matrix B
encodes the change in effective connectivity induced by the ;" input «, The C
matrix embodies the extrinsic influences of inputs on neural activity. DCM com-
bines this neural model with the biophysical forward modd of Friston (20021))
which describes how neuronal activity translates into a BOLD response. This en-
ables the parameters and time constants of the neuronal model to be estimated
from the measured data, using a fully Bayesan approach with empirical priors
for the biophysical parameters and conservative shrinkage priors for the coupling
parameters. The posterior distributions of the parameter estimates can then be
used to test hypotheses about the sze and nature of modeled effects. Usudly,
these hypotheses concern context-dependent changes in coupling which are rep-
resented by the bilinear terms of the model. Thus dynamic causd modelling is
way of modelling the effect one hypothesizes. The nature of efed, is represented

in terms of parameters 6.

The important points to be noted while designing DCM-compatible fMRI
studies are as follows. The experiment should be designed in a multi-factorid
fashion with at least one factor being effected by sensori input, while others vary
with contextual inputs. The dice time TR of the scanner should be as short, as
possible (typicaly it should be less than 15—2 seconds) to estimate the DCM
parameters perfectly. In general it can aso works with higher TR.s but one should
localize the anatomical hypothesis over nearby brain regions. The specification
of a priori hypothesis is also an important point while working with DCM. To
make inference over a group, one should evaluate DCM models for each sub-
ject/experiment/session and the parameters obtained are taken to the second
level to perform statistical tests like t-test.

Though our experimental paradigm does not satisfy dl the prerequisites for
DCM analysis, in this chapter we try to bring out some results based on the
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brain areas we obtained from the SPM analysis of the complexity experiment.
The results will be presented on one representative subject to demonstrate the
procedure. The procedure for the DCM analysis is adopted from the SPM website
(http://www.filion.ucl.ac.uk /spm/).

82 Results

The idea of doing the DCM analysis is to study the effective connectivity among
some of the areas that were activated in the comparisons of complex sequence
conditions with the 2x6 task. As the current study investigates motor sequence

learning, we selected few motor circuits such as dorsa premotor (PMd)—primary
motor (M), PMd—anterior cerebellum, caudate—PMd, dorsolateral prefrontal
cortex (DLPFC)—caudate and posterior cerebellum—superior parietal cortex for

investigating effective connectivity between them during the task. Anatomical
connections between most of these areas is wdl known (Alexander et al., 1986
Middleton and Strick, 1998b,a; Picard and Strick, 2001)

821 Testing the model of dorsal premotor cortex, pri-
mary motor cortex

We tested a model consisting of ipsilateral (right) dorsal premotor and ipsilateral
(right) primary motor cortex on one representative subject. For the early and the
consolidation stages we performed DCM analysis for these; two areas, which were
found to be active in the RFX analysis of Early 4x6:>2x6 contrast. In the absence
of modulatory inputs the intrinsic connections (matrix A and its probability
values shown in the brackets of Figure 8.1) showed significant connection strength
from right dorsal premotor to the right primary motor cortex. Figure 82 shows
the modulatory effects (matrix B and its posterior probability vaues) of the early
and the consolidation conditions on the reciprocal connections between the these
two areas. The results suggest that, in the early stage of 4x6 the connection
between right dorsal premotor and right primary motor cortex is sgnificant in
strength and displayed high probability value.
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Figure 8.1: The intrinsic connections strengths between ipsilateral dorsal |yreno-
tor and ipsilateral primary motor area.
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Figure 8.2: The modulatory connections for (a) Early and (b) Consohdation
stages related to the 4x6 task. This graphs shows in the early stage the connec-
tions between right dorsal premotor and right primary motor are strong ™ the
early stage but became weak by the consolidation stage.



8.2. Results

e ; : 119

Note that the intrinsic and extrinsic connection strength units are generaly de-
fined in Hz. Hence, the strength of a coupling can bo thought of ‘.,' rate
constant or the reciprocal of the time constant (the speed with winch (¢ area
can affect another one). The modulatory parameters quantify how experimental
manipulations change the values of intrinsic connections.

822 Testing the model of dorsal premotor cortex, ante-
rior cerebellum

We tested another model consisting of ipsilateral (right) dorsal premotor cortex
and ipsilateral anterior cerebellum on one representative subject. We performed
DCM analysis separately for the early and the consolidation stages on those ar-
eas which got activated in the 4x6>2xG contrasts. In the absence of modulatory
inputs the intrinsic connection showed significant connection strength from right
dorsal premotor to the right anterior cerebellum (Figure 8.3). Figure 84 shows
the modulatory effects of the early and the consolidation conditions on the recip-
rocal connections between the these two areas. This suggests that, in the early
stage of 4x6 the connection between right dorsa premotor and right, anterior
cerebellum is more in the strength and showed significant probability value.

Intrinsic connections
P(l connection | > (0.00)
Connection strength

(1.0O) (1.00)

Figure 8.3: The intrinsic connections strengths between ipsilateral dorsal premo-
tor and ipsilateral anterior cerebellum.
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Figure 84: The modulatory connections for (a) Early and (b) Consolidation
stages related to the 4x6 task. This graphs shows in the early stage the connec-
tions between right dorsal premotor and right anterior cerebellum are strong in
the early stage but became weegk by the consolidation stage.

823 Testing the model of caudate, dorsal premotor cor-
tex

We tested another model consisting of contralateral caudate and ipsilateral (right)
dorsal premotor cortex on one representative subject. We performed DCM anal-
yss separately for the early and the consolidation stages on those areas which
got activated in the 4x6>2x6 contrasts. In the absence of modulatory inputs the
intrinsic connection showed significant connection strength from Ieft caudate to
the right dorsal premotor (Figure 8.5). Figure 86 shows the modulatory cffects of
the early and the consolidation conditions on the reciprocal connections between
the these two areas. This demonstrates that in the consolidation stage of 4x6 the
connection between left caudate and right dorsal premotor is significant jn the
strength and displayed more confidence vaue (greater than 92% as evidenced by
the posterior probability value).
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Figure 8.5: The intrinsic connections strengths between left caudate and right
dorsal premotor cortex.

824 Testing the moddl of dorsolateral prefrorital cortex,
caudate

We tested another model consisting of contralateral (left) dorsolateral prefroutal
cortex (DLPFC) and contralateral caudate on one representative subject. We
performed DCM analysis separately for the early and the consolidation stages on
those areas which got activated in the consolidation 4xG>2x6 contrast. In the
absence of modulatory inputs the intrinsic connection showed sgnificant connec-
tion strength from left dorsolateral prefrontal cortex to the left caudate (Figure
8.7). Figure 88 shows the modulatory effects of the early and the consolida
tion conditions on the reciproca connections between the these two areas. This
demonstrates that in the consolidation stage of 4x6 the connection between left
DLPFC and left caudate is significant in the strength and displayed more than
confidence value (greater than 95% as evidenced by the posterior probability
value).

825 Testing the model of posterior cerebellum, superior
parietal cortex

We tested another model consisting of ipsilateral (right) posterior cerebellum
and ipsilateral (right) superior parietal cortex on one representative subject. We
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Figure 8.6: The modulatory connections for (&) Early and (b) Consolidation
stages related to the 4x6 task. This graphs shows in the consolidation stage the
connections between left caudate and right dorsal premotor is strong but found
to be non-significant in the early stage.

performed DCM analysis separately for the early and the consolidation stages
on those areas which got activated in the consolidation 2x12>2x6 contrast. In
the absence of modulatory inputs the intrinsic connection showed significant con-
nection but negative valued strength from right posterior cerebelum to right
superior parietal cortex (Figure 8.9). Figure 8.10 shows the modulatory effects
of the early and the consolidation conditions on the reciprocal connections be-
tween the these two areas. This demonstrates that in the consolidation stage of
2x12 the connection between posterior cerebellum and posterior superior parietal
cortex is significant in the strength and displayed more probability vaue.

The modulatory connections (matrix B and their corresponding probability
values) for 2x6 task on al the five models did not yidd any sgnificant connec-
tions either in the early or the consolidation stages. This further validates the
complexity related effects (i.e., areas of activation in the complex tasks and their
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Intrinsic connections
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Connection strength
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Figure 8.7: The intrinsic connections strengths between eft dorsolateral pro-
frontal cortex and left caudate.

context sensitive connectivity) and significant connections for <Ix) task or 2x12
task.

83 Summary and Conclusons

In this chapter we presented results from DCM analysis to demonstrate the effect
of learning on some connections. The results suggest that in the 4x0 task the
modulatory connections from right dorsal premotor to right primary motor and
from the right dorsal premotor to the right anterior cerebellum are sgnificantly
high as compared to their connections in the consolidation stage. The modula-
tory connections from left caudate to right dorsal premotor and left dorsolateral
prefrontal cortex and left caudate displayed significant connections in the con-
solidation stage of the 4x6 task. In the 2x12 task we probed in the modulatory
connection between right posterior cerebellum and right superior parietal cortex.
The DCM analysis yielded their connectivity was strong in the consolidation
stage. The results aso point out the importance of DCM analysis to probe into
the effective connectivity as effected by the experimental/modulatory inputs.
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Figure 8.8: The modulatory connections for (&) Early and (b) Consolidation
stages related to the 4x6 task. This graphs shows in the consolidation stage the
connections between left dorsolateral prefrontal cortex and left eaudate is strong
but found to be non-significant in the early stage.

Intrinsic connections
P(l connection | > 0.00)
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Figure 8.9: The intrinsic connections strengths between right posterior cerebellum
and right superior parietal cortex.
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Figure 8.10: The modulatory connections for (a) Early and (b) Consolidation
stages related to the 2x12 task. This graphs shows in the consolidation stage the
connections between right posterior cerebellum and right superior parietal cortex
is strong but found to be week in the early stage.



Chapter 9

Discussion of Results and Conclusions

This chapter describes the overall discussion of results obtained from the be-
havioural, neuroimaging data and modelling efforts. This chapter will dso point
out possible interpretation of our results and major conclusons of this thess.

We process sequences of stimuli or engage in sequences of actions in a variety
of everyday tasks. from sequencing sounds in speech, to sequencing movements
in typing or playing instruments, to sequencing actions in driving an automobile
(Clegg et al., 1998). Thus sequencing is an essential aspect of animal and human
behaviour. The ease with which movements are combined into skilled actions
depends on many factors, including the factor of how complex the movement
sequences are (Harrington et al., 2000). Most of the higher-order and intelligent
cognitive behaviours such as reasoning, problem solving, and language involve
acquiring and performing complex sequences of activities. Thus investigating the
aspects of sequencing is important to not only understand human behaviour but
aso in designing intelligent systems (Sun, 2000). In the current work we examined
one aspect of sequence processing i.e.,, sequence complexity, which encompasses
organization of sequences.

In this thesis we investigated the effects of change in complexity while hu-
man subjects acquired and performed the sequential skill. We used 7x7 Visuo-
motor sequence learning paradigm where subjects learned a complete sequence
of mxn key-presses Dy successively acquiring sub-goals (caled, sets). The se-
quence learned in our paradigm is composed of n sets of m key-presses in each
set. The correct order of pressing », keys (cdled aset) is learned by a trial-arid-
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error process by actively exploring visual cues and evaluating motor responses
based on visual feedback i.e., flash when subjects pressed the wrong key. On
successful completion of a set, subjects are adlowed to proceed to the next set
and so on. Subjects learn to complete n such sets (cdled a hvperset). Eigh
teen human subjects participated in the current study and they performed the
three sequence learning tasks (2x6, 2x12 and 4x6) while supine in the 15 Tesla
fMRI scanner. Each experimental task consisted of four sessons and a sesson
comprised 13 epochs of alternating control (seven) and test (9x) conditions. In
control condition, subjects followed randomly generated visua targets and thus
no learning was involved. In the test condition they learned a sequence.

In the current study, subjects performed three sequence tasks namely, 2x(i,
2x12 and 4x6 where the number of finger movements varied from 12 (in the 2x6
task) to 24 (in the 4x6 and 2x12 tasks). We thus manipulated the sequence
complexity along two dimensions — m (2 to 4 i.e., by holding the number of sets
to be learned the same, the number of elements in each set is doubled) and . (6 to
12 i.e., by keeping the amount of information per unit time the same, the number
of sets is doubled). m and n reflect the amount of information to be processed
in the short-range and long-ranges, respectively. In addition to investigating
the general effects of complexity, we also probed into the behavioura and brain
activation patterns related to the learning stages. Our am weas to investigate the
differences among the sequence conditions in various learning stages. The current
investigation is the first of its kind in demonstrating the effects of increasing
complexity in two dimensions in the mxn visuo-motor sequence learning paradigm
that uses trial-and-error learning process.

Earlier imaging studies of sequence complexity manipulated sequence length
(Sadato et al., 1996; Catalan et al., 1998, 1999; Boccker et al., 1998, 2002) or type
of sequence i.e. contrast between repeated and heterogeneous scquence of finger
movements [for example, (Harrington et al., 2000; Humme et al., 2003; Haaland
et al., 2004)]. Our study methodologically differs from the earlier investigations
of sequence complexity. Most of the previous studies used wel learned sequences.
But, our tasks involved progressively learning the visuo-motor sequence by trial-
and-error process. It was aso possible to probe in our experimental design learn-
ing a new sequence (early stage) and mastering that sequence (consolidation for
the efficient retrieval of the sequence). Our task aso dlowed us to probe the
progression of learning hierarchical sequences, i.e. acquisition of chunks. We hy-
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pothesized that in the complex condition corresponding to increased set-length
(i.e., in the 4x6 task), the optimization process may be limited to the items i 1,i,
the set and may not span across sets. In contrast, we expect that in the complex
condition corresponding to increased hyperset-length (i.e., in the 2x12 task), s=
guence information may possibly be organized in a hierarchical fashion. Further,
these differential effects may have implications in the behaviourd |arameters
(such as success rate and response time) and in the brain activity pattern.

While subjects performed the sequence learning tasks indde the scanner,
our experimental software recorded behaviour related variables (as indicated in
Appendix B). The result file is post-processed, wherein we computed two |)e-
havioural parameters namely, the success rate and the average key-press response
time to characterize the performance improvements of the subjects for each ex-
perimental task. In addition, we aso computed the total number of finger move-
ments. These parameters are carefully designed to tease out behaviour related
changes in the sequence tasks and also dlowed us to compare the sequence tasks.
Based on these behavioural measures we demarcated the learning episodes mainly
into the early and consolidation stages.

In the imaging analysis, we designed a performance related parameter that
uses response time as the regressor to model the complexity related learning
effects in the imaging data. These regressor vaues take approximately twice the
value in the complex sequence tasks (2x12 or 4x6) as compared to the vaues
obtained for the 2x6 task. As the main am of this thesis is to investigate the
neural correlates of the effects of complexity (4x6 versus 2x6 & 2x12 versus 2x6)
during learning (Early) and performance (Consolidation) stages, we constructed
two separate design matrices for every subject corresponding to 2x6-4x6 and
2x6-2x12. We used appropriate regressor values i.e, set completion time to
model set increase and hyperset completion time for hyperset increase; in order
to model the effects of sequence complexity. The behavioural parameters would
correspond 10 the psychophysical behaviour of the subjects as learning progressed
In sequence tasks.

The behavioural results demonstrate that the success rate and the average
key-press response times (RT) revealed learning related improvements in dl the
sequence learning tasks (2x6, 2x12 and 4x6). The complexity related effects (i.e.
the effect of increasing from 12 movements in 2x6 task to 24 movements %12
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and 4x6 tasks) are observed to be significant. The results f, the success rate
analysis revealed that the subjects attained similar levels of accuracy in both the
complex tasks. Thus the success rate as a behavioural measure is meaningful
and it could quantify the similarity of difficulty levels across conplex sequétwoe
learning conditions.

Interestingly, results from the average key-press RT analysis reveded ,, diffe-
ential behaviour across complex sequence conditions (2x12 and 1x( tasks) from
early to consolidation stage. In the early stage the key-press RT was observed
to be similar across 2x12 and 4x6 tasks. Whereas in the consolidation stage
key-press RT became dissimilar. In addition, the consolidation staee RT vaue
of 2x12 task was observed to be significantly lesser as compared to the consoli-
dation stage RT value of 4x6. So when 24 movements are arranged as 2x12, the
key-press RTs were shorter compared to when they are arranged as 4x(i. These
results may have potential implication in organizational differences across 2x12
and 4x6 tasks. Thus the key-press RT as a behavioural mcasure isjudtified and it.
mainly demonstrated (quantified) the organizational differences across complex
sequence learning conditions. The results from the number of movements anal-
ysis revealed that the total number of movements remained balanced across the
complex sequence learning tasks. The behavioural parameters separately com-
puted for the control/follow task reveded a steady state performance across dl
the sequence tasks, thus justifying the nature of the task design.

The results from the chunking analysis, suggested that when the set-size was
kept smaller but the number of sets to be processed was increased (as in the 2x12
task), we observed notable reorganization across sets. As the number of sets to
be internalized (12) is larger than the short-term memory capacity, it appears
that subjects compressed the information into a number of chunks. On the other
hand, when the set-size was larger (asin the 4x6 task), there is less reorganization
across sets. Subjects have to process more amount of information in each set and
because of the increased short-term cognitive load, it appears that performance
optimization may possibly have been more within the sets and less across the sets.
These results have consequence for the cognitive modd of hierarchica sequence
learning. A model that learns sequences using a limited capacity working memory
(WM) would need to optimize in two different ways depending on the amount
of information to be processed at any instance of time. If the amount stretches
beyond the limit of WM then optimization process needs to operate within the



m———— _ 130

logical unit (set). !f the amount is well within the WM capacity, optimization
across the logical units (sets) would facilitate efficient performance.

The findings from the fMRI analysis comparing the complex Sequence condi-
tions with the simple sequence condition (2x6 task) in both tlc Jearnine Stages
suggest that the motor areas (dorsal premotor and primary motor) arc ;¢ SPe-
afic to the 4x6 task and the hippocampus is more specific to the early stage of
2x12 task. Further, the activity in the right dorsal premotor (Brodimann aea 6)
is very interesting in 4x6 task, because its activity is seen strongly in the Early
4x6>Control regressor contrast and it even survived the correction for multiple
comparisons (p < 0.05). We aso observed differentid role for cerebellar activa
tions i.e, the ipsilateral anterior cerebellar lobule in the early stage of "1x6 and
ipsilateral posterior cerebellar lobule in the consolidation stage of 2x12 task. I
the comparisons with the 2x6, the parietal areas are observed to be more Specific
to the 2x12 tasks i.e., left inferior parietal lobule in carly 2x12>2x(i and right,
superior parietal cortex in the consolidation 2x12>2x6 contrasts. Another inter-
esting observation is the activation of media posterior cingulate cortex specific
to the early 2x12 task. In addition, the direct comparisons between complex se-
guence conditions revealed the involvement of the media parietal areas, occipita
areas, lateral frontal areas and areas of striatum specific to the early stage pro-
cessing in the 4x6 task. The activations in hippocampus, tempora areas, latera
parietal areas and posterior cingulate cortex reveded their specific involvement
in the early stage of 2x12 task. These results dso suggest specializations within
the parietal areas i.e., media parietal areas for 4x6 and lateral parietal areas lor
the 2x12 task.

The 4x6 task can be termed an on-line processing task as the information
to be processed at a time within a set is quite large. 2x12 task can be viewed
as an off-line task where the information to be processed is available over time
across the sets. From the neuroimaging findings, we can say that the cortico-
cortical areas may have a role in the 4x6 like tasks and sub-cortical area near
the hippocampus may have a role in the acquisition stage of 2x12 like tasks.
The posterior lobule of cerebellum, superior parietal lobule and Inferior frontal
gyrus may have a specific role in the chaining across the sets and the dorsolateral
prefrontal cortex and caudate nucleus loop may have a spedfic. role in within-set
optimization and linking across sets.
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The effective connectivity Dynamic causa modeling (DCM) analysis sug-

gested the following findings. In the 4x6 task the modulatory connections from
right dorsal premotor to right primary motor and from the rig})¢ dorsal premotor
to the right anterior cerebellum are significantly high as compared to their con-
nections in the consolidation stage as wel as when compared to both the stages

of 2x6 task. The modulatory effects from left caudate to right dorsal |)cyy0-
tor and left dorsolateral prefrontal cortex and left caudate displayed sgnificant
strength in the consolidation stage of the 4x6 task. In the 2x12 task the modu-
latory connection between right posterior cerebellum and right superior parietal
cortex yielded strong connectivity in the consolidation stage. Interestingly, these
modulatory connections tested above did not depict any significant strength in
both the stages of 2x6 task. This will enable us to say that these arc:as and their
connections are more relevant to the complex tasks compared to the simple task.

9.1 Interpretation of the fMRI Results

In the following sub-sections some of the important results will be discussed area
wise with respect to their involvement in effects of complexity in the early and
the consolidation stages. As discussed earlier, 4x6 task can be viewed as an on-
line task where the sequence optimization works within the set and hence the
acquisition and performance depend on short-range window spanning the length
of the set i.e., 4 items. On the other hand, the 2x12 task has been termed off-
line as the set gze is smaler (2 items) but the number of sets to be learned is
larger (12 sets). Hence in the 2x12 task, the sequence acquisition, performance
and optimization process need to operate across sets, i.e, they need to span a
long-range sequence horizon.

9.1.1 Neura systems underlying the acquisition of long-
range sequence

Increasing the number of sets from 6 to 12 by keeping the amount of information
Per unit time the same as in the 2x12 task, we observed some distinct set of brain
areas in the early and consolidation stages. The areas activated in the early stage
of the 2x12 task would participate in the acquisition of long SequenNces.
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The left hippocampus activation seems to be interesting and that, may be in-
volved in the learning of long-range sequences where the amount of information
in local load is minimum. This activation is consistent, with the yecept studies of
animals indicating arole for the hippocampus in sequence learning (Agster et al.,
2002; Fortin gt al ., 2002). Schendan ¢, al. (2003) demonstrated that the learning-
related activity in the medial temporal lobe (near hippocampus) is related to the
acquisition of the higher-order associations in both explicit and implicit sequence
learning tasks. In arecent study Fletcher et al. (2005) showed learning related de-
crease in the left hippocampus. Sequence learning, of a probabilistic sort,, usualy
engages the hippocampus (Strange et al., 2005). In our study the activation of
hippocampus in the early stage is in line with the above mentioned studies. Thus,
the hippocampus may be necessary for learning long-range sequences, especialy
those that go beyond the capacity of working memory capacity.

The inferior parietal cortex is said to be involved in the building (encoding)
of an abstract representation of complex sequences (Harrington et al., 2000). In
our task, the inferior parietal cortex may have a similar function in the abstract
representation of 2x12 like tasks. This may be related to the process of learning
to group consecutive sets in order to efficiently learn the long-range sequences.

The activation in the medial posterior cingulatc cortex may be related to
the attentional cognitive processes (Barbas, 2000). Recently Tracy et al. (2003)
suggested that the posterior medial regions of cingulate gyrus may have a role
in long-term storage for a newly learned motor skill. Thus the activation of this
areg, in the early stage may reflect its role in acquisition processes of long-range
seguences.

The activation in the right supramarginal gyrus (SMG) is said to be involved
in the spatial encoding processes (Smith et al., 1996). The activation of this
area in our study may relate to the encoding processes that are involved 1 the
chunking across sets. This area together with the inferior parietal cortex may be
involved in building abstract representations needed for the long-range sequences.

The activation in the left orbitofrontal cortex and left insula found to be
common in the early stages of 2x12>2x6 and 4x6>2x6 comparisons may fleet Un
common cognitive processes such as the extra, trial-and-error processes operaﬂng
in complex tasks. The interpretation of orbitofrontal cortex involved in the rjg|-
and-error learning is in line with our earlier study Pammi et al. (2003a) and also
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in accordance with its role in the punishment based learning (Doherty et al.,
2001).

9.1.2 Neural systems underlying the long-range optimiza-
tion process

Areas found to be active in the consolidation stage of the 2x12 task might be par-
ticipating in the optimization processes operating in this stage to consolidate and
internalize the sequence. Three important areas were observed to be activated
in the consolidation stage of 2xI2>2x6 stage. They are ipslateral (right) pos-
terior cerebellum (near Uvula), ipsilateral (right.) superior parietal cortex (more

towards dorsal at z=61) and ipsilateral inferior frontal cortex (brodmann area
45/47).
Superior parietal cortex is known to translate aplan into an action/goa (Har-

rington et al., 2000). In line with this result the observed activation in our study
during the consolidation stage could be related to the retrieval process of long-
range plan/predictions. For example, if a mobile number 9440746882 is being
processed by a subject into three chunks, say, 94407, 463 & 82. The superior
parietal cortex would be involved in predicting what comes next after 94407 and
so on. Whereas the inferior parietal cortex may create an abstract representation
of the sequence by partitioning into three chunks. As mentioned aready, Har-
rington et al. (2000) postulated that the inferior parietal cortex helps building
abstract representation of complex sequences. Thus it appears that while infe-
rior parietal cortex builds representations, the superior parietal cortex helps in
retrieving them.

It is known that posterior cerebellum is involved in the timing adjustment i.e.,
the difference between predicted timing and actua timing (Seka et al., 2000).
The posterior cerebellum also attributed arole in supporting abstract representa-
tion of sequences in the early stage (Nakahara et al., 2001) and has contribution
in the error-based learning of sequence of visuo-spatial cues (Doya, 2000). From
these earlier findings, we can speculate that the posterior cerebellum together
with the superior parietal cortex participate in long-range prediction processes.

The prefrontal cortex is the only area that can simultaneoudly represent cues,
responses and outcomes (Passingham et al., 2000). The right inferior frontal
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cortex is known for its role in executive functions and damage to (i, area crucidly
dfects performance in paradigms like task-set switching and responge inhibition,
apparently by disrupting the inhibition process (Aron et a., 2(4) Thus the
activation obtained in the consolidation stage of 2x12>2x(i .y indicate its role
in enabling smooth transition from one chunk to another chunk by inhibiting
irrelevant chunks.

9.1.3 Neura systems underlying the short-range predic-
tion process

Increasing the number of elements in each set from 2 to 4 by holding (1, humber
of sets to be learned the same as in the 4x6 task, we observed some distinct, &, of
brain areas in the early and consolidation stages. Brain activations observed in
the early stage of the 4x6 task could be attributed to the short-range prediction
processes operating when sequences are learned.

The dorsal premotor cortex is activated very sgnificantly in the early stage of
4x6 and may have arole in the learning of short-range predictions. The term pre-
motor cortex originally used to label the lateral portion of frontal angular cortex
rostral to the primary motor cortex, was consdered to be the center of com-
plex skilled movements (Dum and Strick, 1991). Sadato et a. (1996) suggested
that the right dorsal premotor could be part of mechanisms for storing motor
sequences in a working memory buffer and Harrington &, a. (2000) suggested a,
role for it in the retrieval or preparation of abstract action plans. The ipsilateral
activation we found in this area may possibly indicate its role as buffer for storing
short-range sequence predictions that help in the acquisition of individual setsin
the 4x6 task.

The ipsilateral primary motor activation in our study was specificaly observed
when the set-size was increased as in the 4x6 task. Activation of ipsilateral
primary motor (MI) during complex sequential tasks is supported by earlier
studies (Boecker et al., 1998; Hummel et a., 2003).

The anterior cerebellum activation is said to be related to the execution of
motor tasks driven by external stimuli or internal cues i.e., spatial Working mem-
ory (Sadato et al., 1996) and various processes related to motor and non-motor
Processes (Boecker et al., 2002). The result in our study could be attributed to
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the non-motor spatial working memory for the sets.

9.1.4 Neura systems underlying the short-range optimiza-
tion process

In the consolidation stage of 4x6 task, we envisage optimization Processes to
be working to internalize short-range sequences. Three important areas Were
observed to be activated in the consolidation stage of 4x6>2x6 stage. They are
contralateral (left) striatum (caudate body), left dorsolateral prefrontal cortex
(Brodmann area 9/46) and contralateral primary motor area (Brodmann area
4).

Hikosaka et al. (1996, 2000) investigated learning of visuomotor sequences by
trial and error and suggested functional differences between anterior and posterior
striatum in that the former is associated with new learning and the latter with
retrieval of learned sequences. Boecker et a. (1998, 2002) suggested basa ganglia
involvement in the process of facilitation and optimization of performance of
sequential movements. In line with this result, the activation we found in the
striatum in the consolidation stage of 4x6>2x6 could be related to the facilitation
process of set-level optimization.

The dorsolateral prefrontal cortex (DLPFC) iswdl known for its role in exec-
utive and working memory functions (Jenkins et al., 1994; Jueptner et a., 1997b;
Sakal et al., 1998). Together with the striatum, DLPFC may be participating in
the retrieval process in the consolidation stage.

In arecent investigation, Pasupathy and Miller (2005) demonstrated that the
learning related activity in dorsolateral prefrontal cortex and the striatum showed
different time courses during associative learning. Their results on monkeys sug-
gested that the striatum generates quick predictions about the behavioura choice
and the prefrontal cortex reveas the dower accumulation of the correct answer.
Thus in our study the role of striatum may be involved in the generation of quick
predictions within a set and dorsolateral prefrontal cortex may accumulate these
predictions to reach the goa of completing the hyperset.

The primary motor cortex is known for participating in execution of individual
finger movements during sequence performance and direct production of move-
ments (Boecker et a., 1998). In an fMRI study, Khushu et al. (2001) suggested
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an increase in primary motor cortex BOLD signa in response to the incresse in

functional demands. In line with these results, we suggest that the jrinary 1o
tor area might be involved in the production of movements while the functiona
demands are more i.e.,, the amount of information a a given time is ;¢ 8 in
the 4x6 task.

The €ffective connectivity analysis using dynamic causa modelling on a repre-
sentative subject demonstrated the relevance of the neuronal circuits such as dor-
sal premotor (PMd)-primary motor (M), PMd—anterior cerebellum, caudate—PMd.
dorsolateral prefrontal cortex (DLPFC)-caudate and posterior cerchellum—superior
parietal cortex during the complex sequence conditions. Thus the rclevance of
certain neuronal circuits of interest can be veified usng this recent, fMRI 1110
elling exercise.

9.2 Conclusions

In this thesis we set out to investigate sequence complexity in three ways i.e,

through behavioural analysis, imaging anaysis and modeclling the fMRI data
to probe effective connectivity. The behavioural analysis on performance mea
sures not only demonstrated the effects of two dimensions of complexity but aso
demonstrated differences in temporal reorganization. These rcorganizational dif-

ferences are quantified by using statistical analysis and clustering analysis. The
neuroimaging analysis brought out the brain responses correlated with the be-
haviour. As the main aim of this thesis is to investigate' the neura correlates
of the effects of complexity (4x6 versus 2x6 k 2x12 versus 2x6) during learning
(the early) and performance (the consolidation) stages, we moddled these effects
of complexity suitably. The imaging results point out distinct set of brain areas
responsible for each stage and for different complexity effects The neuroimag-
ing findings suggest that the eortico-cortical areas may have a role ' the 4x6
like tasks and the sub-cortical area near the hippocampus may have a role m
the acquisition stage of 2x12 like tasks. The posterior lobule of cerebellum, the
superior parietal lobule and the inferior frontal gyrus may have a spedific role '™
the chaining across the sets and ¢he dorsolateral prefrontal cortex and caudate
nucleus loop may have a specific role in the within-set optimization and linking
across sets. We demonstrated few simple models of effective connectivity among
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selected brain areas and their importance in the specific stage and task. The
effects of complexity are shown for five models on a sngle representative subject.
Thus the results support our hypothesis that in the complex sequence learning
condition corresponding to increased set-length, the optimization process may he
limited to the items within the set. In contrast, in the complex sequence learning
condition corresponding to increased hyperset-length, sequence information may
possibly be organized in a hierarchical fashion.



Chapter 10

Future Work

In this chapter we point out the future directions in this research. The future
research also contains hypothesis for a possible computational framework.

10.1 Future Directions

10.1.1 Experimental Desgn

The strength of the current investigation lies in demonstrating the sequence coni:

plexity effects across learning stages in a single experimental design. This research
work can be extended further by refining the experimental design to address more
focussed questions such as chunking. One of the limitations of the current study
isthat there are only a few points sampling the complexity space. One possibility
is to design tasks such as 2x6, 3x6, 4x6, 5x6 for studying the sat increase efect
and 2x6, 2x9, 2x12 and 2x15 tasks for studying the effet of hyperset increase.
In this case though the dimensions of increase in both the cases are not similarly
varying but the finger movements across corresponding tasks, for example, 5x6
and 2x15 have 30 equal finger movements. This kind of study will be a large
study with 7 experimental tasks to be performed by each subject.

The current investigation indirectly examined the chunking process and pro-
vided empirical evidence from the behavioura analysis. More focussed expei-
ments can be designed in future to address this phenomenon. The current study
has only resolution up to the set level response times. By recording the single
key-press level response times along with the demarcation of the choice 21d the
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movement times, one can address and explain more precisely t}e nature of chunk
evolution and performance optimization processes. Another possibility could be
to design an event-related experiment. If the repetition time (TR) of the scanner
is comparable to the chunking process times, this kind of experimental design
may be useful in revealing these fast varying events. By modelling each scan as
an event and marking the specific events related to the chunking process, one
may address the issues related to chunking. No such study has been Joy e so far.

In the current research we presented different hypesets for every subject. The
main idea behind designing this kind of procedure is to probe into the genera
effects related to the learning or complexity. In future, one can use the same
hypersets (for the 2x6, 2x12 and 4xG tasks) for al the subjects. This kind of
design may reveal the common/different strategies employed by subjects during
learning/complexity. Measuring choice and movement times in this kind of design
may bring out more microscopic details of learning related behaviour.

Most of the earlier studies on complexity utilized well-learned sequences. Hut
no study was performed on well-learned rnxn sequences. This kind of design will
alow to investigate the effects of complexity in the automatic stage of sequential
skill performance. The elimination of visual stimuli during the performance of
well-learned sequences in the scanner will enable probing specifically the motor
related brain activations. Using well-learned sequences, it is easier to manipulate
many points in the complexity space.

10.1.2 Theoretical Framework

In this section we suggest a possible theoretical framework. 11 the literature, sev-
eral researchers described computational models for seriad learning. These mod-
els can be broadly classified into three categories — biologicaly inspired models,
Connectionist models, and hybrid models. 11 biologically inspired computational
models some aspects of anatomical organization and function arc¢ mimicked [for
example, Dominey et a. (1995); Berns and Sejnowski (1998)]. I Connectionist
models, the aim is to mimic the overal behaviour of the biological system rather
than replicating the internal organizational details [for example, Servan-Schreiber
et al. (1994)]. In hybrid models, engineering principles enable the construction of'
models that illuminate biological function. These models usualy do not attempt
an explicit replication of anatomical organization [for example, Suri and Schultz
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(1998); Bapi and Doya (2001)].

We present here a theoretical framework for modelling sequence processing fo-
cusing on the organisational aspects especially based on our results on chunking
(described in chapter 6). The framework we propose comes under 1, third cate-
gory i.e. hybrid computational model. If we interpret our imaging results broadly,
we can summarize that while for learning short-range information cortico-cortical
connections may be sufficient, for learning predictions across sets, i.e. for learning
long-range associations, cortico-subcortical connections may be necessary. This
suggests a two-level model wherein at one level smple associations are acquired
and at the other level higher-order associations are formed. Based on this we pro-
pose a two-level model where Markov models and reinforcement learning (RL) are
combined to specificaly address how biologica systems learn to organize sequen-
tial information in a hierarchical fashion. In this framework of two-leved modd
where at the lower leve, first order sequentiad dependencies are extracted and
at the higher level, hierarchical structure corresponding to the entire sequence is
captured using reinforcement learning as shown in the Figure 10.1.

First-order Markov Model: Markov mode is a well-formulated mathemati-
cd framework for capturing first and higher order sequential dependencies among
random variables describing the behaviour of a system [for review Rabiner (1989)].
The main assumption (also called Markov-Assumption) is that prediction of the
next state depends only on a portion of the previous history of state transitions.
In the case of first-order Markov models, the probability that, g, (state at time /)
is equal to i is completely predictable by knowing ¢, 1 and ignoring the rest of
the previous state history (a second-order Markov model would require ¢: -, and
¢ 1o predict q). A formal definition of the first-order Markov modd is given

bel ow.
(10.1)

Pt =i| g1 = a2 =ko) =Pl = 1] fei=))
Reinforcement Learning (RL): Reinforcement learning has been proposed
as a bhiologically realistic framework for learning sequential decisons in animals
and humans (Sutton and Barto, 1998). In this paradigm, the sequentia deci-
sion problem involves assuming a policy (a mapping from the states to possble
actions) and learning a value function over the state space so that the S¢dUHC
of actions maximizes the expected future reward. The most popular method for
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learning the value function is the method of temporal difference (77)) A formé
definition is given below.

Vt)=Ert+1)+r(t+2)+-.] (10.2)
o) =r(t)+ V() - V(t-1) (10.3)

Where, V(t)represents the value of astate, r(t) is the reward and §(¢) isthe (e,
poral difference signal dl at time t. E\] represents the expectation or averaging
operator. Value of a state, V/(1),is set to be the average future reward (hat is
likely to be obtained in the current state. Tempora difference signal, 4(¢), tracks
the difference between the expected reward and actual reward and serves as the
reinforcement learning (internal feedback) signal.

The first-order Markov models aone would capture a flat organization of
the sequence and do not incorporate learning. Although RL models incorporate
learning, the policies that are learned would till have a fla, organization. We
propose that by combining these two models and utilizing the TD error signd,
hierarchical policies could be learned. Computer modeling (smulation) of the
two-level architecture (see Figure 10.1) combining Markov models and reinforce-
ment learning is expected to revea whether models based on this framework
can redlly solve the hierarchical sequence decison problems. Such models would
mimic the hierarchical nature of organization of sequences as observed in biolog-
ical systems. The simulation and verification of this theoretical modd is left for
future investigation.
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Figure 10.1: Block Diagram of the Proposed Hybrid Modd. Actor-critic based
model incorporating Markov model and hierarchical policy as sub-modules in the
actor module. The two-levels in the actor module, namdly, the Markov mode

and the hierarchical policy module would enable learning hierarchical sequence
decison problems.
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Appendix A

I nstructions for the Complexity
Experiments

The following list of instructions was given to subjects before the experiment.
After ensuring that subjects understood these instructions, a. brief practice session
(on atest sequence) outside the scanner was given before proceeding to the ;¢tual
experiment in the scanner.

1. In this experiment, you will see a small "stimulus window" which displays
a grid of 3x3 squares.

2. You have to perform two types of blocks in this experiment: FOLLOW
RANDOM and LEARN SEQUENCE.

3. Duringthe"FOLLOW RANDOM" blocks, one squareisilluminated. Please
press as fast as possible the corresponding key on the keypad. The sequence
of lights is randomly generated and so do not try to memorize them.

4. During the "LEARN SEQUENCE" blocks, some of the squares in the 3x3

grid are illuminated. Please clear each target by pressing the corresponding
keys on the keypad. You have to figure out the correct order of key presses
in each set by trial and error.
If you make a mistake in key presses, the program will start, you over
from the beginning of the entire sequence. The sequence remails ynal-
tered throughout the experiment. As you practice, please try to memorize
the sequence.
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5. Before you start a new block you will be shown instructions on the e,
such as "FOLLOW RANDOM" and "LEARN SEQUENCE". pPlease pay
attention to these instructions so as to perform the appropriate actions.

FOLLOW RANDOM: Clear the targets by pressng the corresponding keys

on the keypad. The sequence of lights is randomly generated and so do not try
to memorize them.

LEARN SEQUENCE: You have to figure out the correct order of key-presses
in each set by trial and error. The sequence remains unaltered throughout the
experiment. As you practice, please try to memorize the sequence!!

Do not forget to press the keys as fag as you can throughout the
experiment!



Appendix B

Details of Experimental Procedure and
File Formats

This appendix lists the procedure for conducting empirical experimentation and
recording the resulting beliavioaral parameters from experiments. Sample files
and their formats are described here.

B.1 Procedure for conducting the experiment

Parameters used in an experiment are stored in subject files (*.sub) and the
results of an experiment are stored in result files (*.res). Subject files need to be
created for practice and main sessons.

B.l.I Creation of parameter files

Create subject files in the same directory as the executable file Exp. Enter the
following Subject information:

Subject data — first name
last name
Results file——file nane O.res)

The following notations are used in the Subject file

» "Block" indicates the Block number. Each experiment congsts of 52 blocks
arranged in four sessions. Each sesson contains /.7 aternating control and
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test condition blocks. Every block begins with an instruction screen | .
for 6 seconds.

“Label” jndicates the type of block — “TrainN" (230 or 2x12 or ;,; test
or segquence learning conditions) or “FolloN™ (Control or 13,5¢]iy, Condi-
tion, where subjects pressed one key a a time by following randomly
generated visua targets, 1x12 random sequence). Each sequence learning
condition will have different .restiles and they arc identified by },, subject's
short name aong with the sequence condition (for exanple, \\'\'BX(i.l:vs or
WY 2x12.res or WY 4x6.res).

“Hset#” is a number identifying the hyperset used in the block (21 for

Sequence learning conditions and 20 to 1 for Follow or Control conditions)
by the program.

“setL,” denotes the length of each set in the hypersct - 2 for 2x0 and 4 for
4x6. "HsetL" denotes the length of the hyperset (sequence) - 12 for 2x12
and 6 for 2x6.

"HsetT" indicates the liyperset Type. For the Folow blocks it will be
RAN (a random sequence) and Fix (a fixed ssouence?) for test, or sequence
learning blocks.

"Hand" indicates the type of hand subject used. The entry R denote right,
hand. However, all the subjects in our experiments are right, handed.

"Key" & “Hset” (Hyperset) The Codes are 2 & 0 for dl in this complexity
experiments - No rotations or any other transformations are used.

All the blocks arein "Mode" 1 (Fight the Sequence and Trial-and-Error key-
press). Mode 2 and 3 are not supported in this complexity experiments.
This mode 1 also used to reset the liyperset during the trial-and-error pro-
Cess.

Block duration length (BDL) is either 18 seconds (Follow or Control blocks)
or 36 seconds (Test or Sequence blocks).

Set duration is 16 sec for 2x6 or 2x12 Sequence Learning blocks ' 01"
plexity experiments. For 4x6 it, will be 3.2 seconds. On an average, we fixed
maximum of ().8 seconds for each key-press.
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o “Trials” indicates the number of trials performed during the block.

o “Block-T” denotes the total time taken for perfect. trials (where the subject
completed the hyperset successfully). This vaue does not include the time
taken for incomplete trials (where subject, has committed an error).

* “Err” indicates the number of incomplete trials.
* “Corr” indicates the number of complete trials.

o “Date_&_Time” records the date and startine time of the block.

B.1.2 Running the Program

We used a modified verson of Bapi et a. (2000) experimental program written

in C using Metro works Code warrior compiler for Macintosh Computer (release
1.0).

B.1.3 Practice Session

In each study, the Main session in the scanner is preceded by a practice sesson of
approximately 1 hr for the complexity experiment to ensure proper understanding
of block instructions and various conditions used in the experimental sesson.
More practice may be given, if required. The vaue of “Corr™ can be checked by

opening the corresponding practice file (and compare with corresponding total
Trials).

B.2 Subject file

B.2.1 Subject file before the experiment
An example, subject file for 2x6 experiment, is given below:

Subject_data

First_name: Pammi
Last_name: Chandrasekhar

Reset_mode: 1 (Hyper-set)
With_text: @ (No)
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Hyper-sets; O

Labal

Results_file: PC2x6. res

setl

haetl

Number_of _blocks: 52
Current_block_nusber:

Block

LR N R S

11
12
13
14
156
16
17
18
18
20
21

40
41
42
43
44
45
46
aT
48
49
50
51
62

Label

FolloN
TrainN
FolloN
TrainM
FolloN
Trainh
FolloN
TrainN
Follol
TrainN
Follol
TrainN
FolloN
FolloN
TrainN
FolloN
TrainN
FolloN
Trainh
FolloN
TrainN

FolloN
TrainN
FolloN
TrainN
FolloN
Traink
FalloN
Traink
FolloN
TrainN
FolloN
TrainN
FelloN

Haatit
20
21
18
21
18
21
17
|
16
21
15
21
14
13
21
12
21
11
21
10
21

20
21
19
21
18
21
17
21
16
21
16
21
14

Huet_Datn

e B e e B

Hsatl

12
6
12
6
12
6
12
6
12
]
12
6
12
12
6
12
6
12
6
12
6

12

12

12

12

12

12

12

HaetT

Ran
Fix
Ran
Fix
Ran
Fix
Ran
Fix
Ran
Fix
Ran
Fix
Ran
Ran
Fix
Ran
Fix
Ran
Fix
Ran
Fix

Rian
Fix
Han
Fix
Fix
Fix
Ran
Fix

Fix
Ran

REpmEETIRETERDE

ﬁwr,z:mmm:‘:awnz:mrzw:g

Key

B3 RF N R NIRD R AT RS RD KD A3 R ADUAS R B3 M3 A A 8O

A3 ORI ORI AR KR ORI ORI ORI MM WA

R R R-E RN R R ]

oo

- - - )

oo

4]

Hode

P e e

L]

36

1]
36
18
a6
18
a6
18
a6
18
36
18
a6
14

fier_Dur
0.
1.

-

B.2.2 Subject file after the experiment

- e O

- e o

S-S =mO0—o=0~0—0o
= o

6

[

-

-3

=

Trialn

Block T

Ery

Coary

Sample file that is saved after a 2x6 sequence learning task 15 shown below:

Subject_data

First_name: Pammi
Last_name: Chandrasskhar
flesnt_mode: 1 (Hyper-set)
With_text: 0 (No)
Hyper-setn: 21 Labsl sotl

1 1 12

2 1 12

3 1 12

4 1 12

5 1 12

] 1 12

7 1 12

1} 1 12

9 1 12

10 1 12

1n 1 12

12 1 12

13 1 12

14 1 12

16 1 12

16 3 12

haetl

DO EM A as =N D - e

O WRWOD WL NEED-ASs

R R R I A . e .

Hset_Data
5 2 1 6 8
5 1 8 3 2
4 9 6 2 5
2 4 9 7 86
4 3 9 8 2
9 8 7 6 1
7T 4 8 56 6
4 5 9 3 6
7 6 8 2 9
2 6 785 3
T 6 4 2 3
g 1 8 6 4
2 7 4 3 6
6 2 7 4 5
4 98 2 36
B 6 4 T 3

= e 0 D DU e AL e AW AW

e WWODOMED a0 & sD

W e =~ = = A OT OV R e AT

By s D D B R O B R th R~

Date b Time
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17 1 12 9 8 4 2B 6 3 17 4
18 1 12 2 8.4 7 366 9 1 1
19 1 12 T56 26 4 81359 8
20 1 12 3 4 667 1 2891
21 2 -] B5 97 76 14 91 a8
Results_file: WY2x6.res
Number_of _blocks: 52
Current_block_number: 53
Block Label  Heet#  setl Hsetl.  HeetT  Hand Koy
1 FolloN 17 1 12 Ran R 2
2 Train¥ 21 2 6 Fix R 2
3 FolloN 8 1 12 HRan R 2
4 TrainN 21 2 6 Fix R o
B FolloN 13 1 12 Ran K S
B TrainN 21 2 6 Fix 3 2
T FolleN 18 1 12 Ran R 2
B TrainN 21 2 G Fix R 2
<] FolleN & 1 12 Tan R 2
10 TrainN 21 2 L} Fix R 2
11 FolloN & 1 12 Ran R 2
12 Trainh 21 2 6 Fax R 2
13 FolloN 14 1 12 Ran R 2
14 FolloN 14 1 12 Ran R 2
15 Trainh 21 2 6 Fix R 2
40 Folloh & 1 12 Ran [} 2
41 TrainN 21 2 fi Fix 3 2
42 FolloN 16 1 12 Han i 2
43 TrainN 21 2 [ Fix R 2
44 FolloN 16 1 12 Han R 2
a5 TrainN 21 2 [} Fix it @
a6 FolleN 2 1 12 Ran R 2
a7 TrainN 21 2 6 Fix i 2
4R FolleN & 1 12 Ran 1} 2
48 TrainN 21 2 6 Fix i 2
O FolleN 13 1 12 Ran R 2
61 TraioN 21 2 6 Fix R 2
82 FolloN 8 1 12 Fan 8 2

w

- s
@ &K T

=
]
a
-1

cocoooococOoO0O0OoQoOO

SooooocooO0DOO0

Mode BOL
18
a6
18
36
18
a6
18
a6
18
a6
18
a6
18
18
36

18
a6
18
36
18
26
18
a6
18
a6
8
a6
18

Sot_Dur
800
i)

GO0 -0-0=0

Bon
GO0
DO
GO0
HO4
600
800
60D
800
GO0
BO0

N

BO0

BOO
Lt
BOD
GO0
BOO
600
BOO
600
BOO
600
BO0
BOO

LBOO

B

- wm e

WEs A ke LY LD RS DA
o o

o ow

bh.568
13.084
b.oar 1
10.70T &
(SR J
17.390 2
4.838 1
944 ¢
0. 000 2
16,183 2
4904 1
14.996 2
4. 788 1
G.ORY 1

4

10, o7

B2
12,269 3
'l.?.‘ld 3
4600 2
6170 2
13,433 2
4.871 1
13.200 2
4,800 1
11,322 3
4871 1

B.3 Result file after the experiment

Trialn  Block T Err Corr

Date
Juoy
2040
2
HH
]
2000
2001
201
2001
2001
0
2001
2004
2001
2001

2
2001
2001
2001
2001
2001

2001,

20018
0
2001
201
2001
2001

0t 2
ar
a6
o7
0T

The Result ] Will contain details of dl the trails performed in every block. A
sample file (truncated) for 2x6 task is shown below:

Results_data

First_name: Pammi
Lost_name: Chandrasekhar

Reset_mode: 1 (Hyper-set)
With_text: 0 (No)

Block: 1
Date_k_Time: 2001.07,25 11:19:11
Hand: R

Hyparset_Type: Ran

Exp_mode: 1 (Trial_&_Error)

Hyparset_Label: FolleN

Key-Trans: Transh

Heet-Trans: Normal

Block_Duration: 18

Set_Duration; 0.800

Number_of Trials: 2

Hyper-net(1 x 12): 9 8 4 2 6 6 8 1 7 4 3 6

Cempleted
Trial HsetN Sets  ltams Trial Time
1 - 12 ) 5.660 0.549 0,489

2 17 5 0 2,146 0,362 0.449

0.482
0.449

0,459
0.448

0. 448
0,416

0.466
0,388

0.416 0.482

0,382

0. 449

0,432

0. 466
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Block: 2
Date_&_Time: 2001.07.26 11:19:29
Hand: R
Hyperset _Type: Fix
Exp mode: 1 (Trial k Frror)
Hypersot_Label: TrainN
Hey=Trans: TransA
Heet-Trang: Neormal
Block_Duration; 36
Set_[uration: 1.600
Number_of Triamls: 8
Hyper-set(2 x 6): 86 97 76 14 91 a8
Complated
Trial HeetN Sets ITtems  Trial Time
1 21 o 1] 0,000 0.788
2 21 2 a 1.463 0.582  0.881 0 816
3 21 [ 1] 4.706 0.798 0.582 0.549 0.898 0. BG6 1.014
4 21 6 a 4,606 1.014 D632 0.58B  0.732 0.914  0.016
5 2 /] 0 0,000 0.548
6 21 6 0 3.874 0,732  0.689 0,632 0.748 0.562 0.682
T 2 2 o 1.081 0.682 0.485 0.B37
a 21 1] a 0. 000 0.382
9 21 1] 0 0,000 0.548
Block: 3
Date & _Time; 2001.07.26 11:20:06
Hand: R
Hyperset_Type: Ran
Exp_mode: 1 (Trial_k_Error)
Hyperset_Label: FolloN
Koy-Trans: Transh
Heset-Trann: Normal
Block_Duration: 18
Set_Duration: 0., 800
Humber_of _Trials: 2
Hyper-set(i x 12); 7 2 8 4 6 9 3 6 1 2 & 7
Completed
Trial HsetN Sets Items  Trial Time
| 1B 12 0 5.037 0.532 0,349 0,382 D.359  0.44B 0316 0416 D46 DAY D466 D.4L6
2 8 & 0 1.928 0.366 0,432 0,366 0,382 0.3B2 0,382
Block: 4
Dave_k_Time: 2001.07.25 11:20:22
Hand : 1]
Hyperset _Type: Fix
Exp_mode: 1 (Trial & Error)
Hyperset_Label: TrainN
Koy-Trans: Transi
Heet-Trans: Normal
Block_Duration: 36
Bet_Duration: 1.600
Number_of Trials: a
Hyper-met(2 x 8): B 6 87 76 14 91 38
Complatad
Trial HsetN Sets Items  Trial Time
1 2 6 4] 3,378 0,632 0.B615 0.682 0,616 0.532 D.498
2 21 2 0 1. 064 0.632 0.432 0,283
3 2 6 4] 3,874 0,666 0.499 0.548 0, 682 1,014 0, 466
4 21 & 4] 3.458 0.616 0.482 0.589 0.682 0.732 0,449
B 21 2 0 1,087 0,669 0.489 0,366
6 21 L1 0 1.629 0.565 0.409 0.5BS 0,732
7 21 2 4] 1,147 0,532 0,666 0.482
8 21 2 0 1.047 0,482 0.6565 ©O.648
Block: &
Date_k_Time: 2001.07.25 11:20:59
Hand: R
Hyperset_Type: Ran
Exp_mode: 1 (Trial & Errer}
Hyperset_Label: FolloN
Key-Trans: TransA
Heet-Trans: Normal
Block_Duration: 18
Set_Duration: 0.800
Number_of Trials: 3
Hyper-set(1 x 12): 5 8 1 2 7 4 3 6 9 3 1 9
Completad
Trial HsetN Sets Ttems Trial Time o i
& " - 0. 466
; :0 ?o g 2j§§2 ::3: 0.482 O.482 0,516 0.516 0.432 0432 0.432 0.398

3 13 2 0 0.865 0.349 0.615  0.B65

0 4n6



B.3. Result file after the experiment

Block: 12
Date_k_Time: 2001,07.26 11:23:58
Hand: R

Hyperset_Type: Fix

Exp.mode: 1 (Trial k_Error)

Hyperset_Label: TrainN

Key-Trane: TransA

Heet-Trans: Normal

Block _Duration: 36

Set _Duration: 1,600

Number_of_Trials: 8

Hyper-set(2 x 6): BE6 87 76 14 81 a8

Completed
Trial HsetN  Sets Items Trial _Time
1 21 & 0 2.427 D615 o.282  o.30p
2 21 B o 2461 0,648  0.382 0,382
3 21 3 o 1.347 0.666 0.349 0.432
4 21 6 0 2,684 0,549  0.416 0,333
5 21 ] ] 2,560 D.698  0.366 0.540
6 21 [ 0 2,610 0,748 0,366 0.432
T 21 6 0 2. 444 0.648 0.333 0,466
8 2 L ] 0.682 0,682 0.366
Block: 13
Date_k_Time: 2001,07.25 11:24;33
Hand: R
Hyperset_Type: Ran
Exp.mode; 1 (Trial_ & Error)
Hyperset_Label: FolloN
Key-Trans: Transh
Hsot-Trans: Normal
Block _Duration: 18
Set_Duration: 0.BOO
Number_of _Trials: 2
Hyper-set(i x 12): 8 3 8 6 2 7 4 6 1 3 4 |

Completed
Trial Hsetl  Sats Ttems Trial_Time
1 11 12 o 4.788 0.482  0.388  0.399
2 14 [ 0 2,477 0.366 0.382 0.349
Block: 14
Date_&_Time: 2001.07.26 11:26:34
Hand: R
Hyperset_Type: Ran
Exp_mode ! 1 (Trial_k_Error)
Hyperset_Labal: FolleN
Key-Trans: TransA
Hset-Trans: Normal
Block_Duration: 18
Set_Duratien: 0.BOD
Number_of Trials: 2
Hypor-set{l x 12): 8 3 9 6 2 7 4 6 1 3 4 1

Completed
Trial HsetN Sots Items  Trial_ Time
1 13 12 ] 6.087 0.432 0.382 0,466
2 14 6 0 2.610 0.462 0.416 0418
Block: 48
Date_k_Time: 2001.07.26 11:42:16
Hand ; i}
Hyperset_Type: Fix
Exp_mode; 1 (Trial_&_Error)
Hyperset_Label: Traind
Key-Trans; Tranah
Heet-Trans: Normal
Block_Duration; 36
Set_Duration: 1. 600
Wumber_of _Trials: 10
Hyper-get(2 x 6): 86 97 76 14 1 3B

Completed
Trial  HgetN Sata Items  Trial Time
1 21 6 0 1.712 0.499 0,283 0,266
2 21 6 0 1.696 p.466 0,216 0.249
3 21 6 0 2.028 0.466 D216 0.266
4 21 & 0 1.712 0,466 0.200 0.299
& 21 6 0 1,613 0.449 0,183  0.249
6 21 6 o 1.613 0.466 0.200 0.233
7 2 & 0 1.548 0.616 0.183 0.216
8 21 6 0 1.678 0.532  0.160 0.266
b 21 3 1 0.898 0.449 0,166 0.283
10 21 ] 0 0.000 0.432

Block: s0

o,
.

0,
0.

0.

cOoDOoO

== - W T -]

ERR]
416
083
218
299
283

-dag

389
B6h

466
432

223
233
632

248
233

0,399
0,289

0 602
0,333
D246
0,316

0,348
0.449

0,398
0.432

0.216
216
249
200
200
200
.183
183

N -N-E-F - -E-

0.299
0333

0,299
0.316
0,333
0.333

0.416
1. 366

0,445
0.432

0.216
0,216
0. 200
0.248
0.200
0.216
0,200
0.216

0,432
.30

0449
0.399

0. 466

(. B85

.40

0.416

164
0,333 0.3
0.432  0.382
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B.4. post processing of Behavioural Results

Date_&_Time: 2001.07.26 11:42:82

Hand: R

Hyperset _Type: Ran

Exp_moda 1 (Trial & _Error)

Hyperset_Label: FollaN

Key-Trans: Transh

Hset-Trans: Normal

Block_Duration: 18

Seot_Duration: 0.BOO

Number _of _Trials: 2

Hyper-set(1 x 12): 6 8 1 2 7 4 3 6 90 3 1 @
Completed

Trial Haath Sets Ttems Trial_Time
1 20 12 ] 4.838 0.44% 0.418
2 13 -} 0 2,062 0.466 0.366
Block: 51
Date_k_Time: 2001.07.25 11:43:10
Hand : R

Hypersot _Typa: Fix
Exp_mode: 1 (Trial_&_Error)
Hyperset _Label: TrainN
Hey-Trans: Transh
Hset=-Trans: Normal
Block_Duration: 36

Set_Duration: 1.600

Number_of _Trials: g

Hyper-set(2 x 6): B5 87 76 14 91 a8

Completed

Trial HsetN  Sets Irems  Trial_Time
1 21 G 1] 1.679 0,466 0.2889
% 21 6 ] 1,613 0.432 0,200
3 21 6 o 1,512 0.482 0.200
4 21 4 o 1.081 0,482 0,183
B 21 ] 0 1.675% 0.499 0,200
6 21 6 0 3.058% 0,699 0,200
7 21 4 1 0. 848 0.448 0,183
8 21 6 1] 1,879 0,482 0.288
8 21 4 ] 1.347 0.582  0.216

Block: 62

Date_k_Time! 2001.07.26 11:43:45

Hand ; R

Hyparset_Type: Ran

Exp_mode: 1 (Trial_k_Error}

Hyperset_Label: FolloN

Key-Trans: Trans

Hset-Trane: Normal

Block_Duration: 18

Set_Durationt 0. 800

Number_of Trials: 2

Hypar-set(t x 12): 7 2 B 4 & § 3 & 1 2 8 7

Completed

Trial Haath Sets Ttems  Trial _Time
1 13 12 0 4.871 0.466  0.386
2 B & 0 2,361 0,449 0.416

0.382
416

0.298
0,233
0,233
0.216
0.316
0,362
0.216
0. 349
0.209

0. 366
0.333

0.382
0,449

0,249
0. 216
0,200
0,200
0.266
0.266
0. 2ak
0. 260
0.24%

0.388
{1, 366

0,482 0.416
0 366 0.418

0,200 0.216
0.216 0. 216
0,183 B.26
0.160

0.183 b. 16
1.397 0,216

0.200 0 248
0, 200

0.382 0.399
0.389 0.399

0,416

0,388

0, a9

0. 299

345

0,447

0. 418

0,432

0.0

B.4 Post processing of Behavioural Results
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0. 582

0. a3

We developed a C program (usng Turbo C Veadon 30) which automatically
computed parameters of interest given a .res file or group of .7es files. We genar-
ated two kinds of files gy and g0, The .aw: file is computed for each experiment
and it contains parameters such as total trial time, number of sets completed,

non-zero trials, average key-press time, trials, success rate, successul hypersets
and the number of movements, that are computed block-wise. The -5u file is g
compressed form of result file, which we used for chunking andysis, the results
of which are reported in the Chapter 6. Some of the parameters of -0V file were

used in the behavioural analysis reported in the Chapter 5.

0. 340

0 fag



Appendix C

Hypersets used in the Current Study

In this appendix we list the hypersets gencrated by our experimental program
for al the 17 subjects for each of the experimental task.

Hypersets generated for all the subjects in this study in the 2x6' ex-
periments

FB 2x6 : 19 94 59 29 14 52
HU 2x6 : 75 48 43 12 68 17
KU2x6 : 39 64 65 19 657 53
ST 2x6 : 365 73 62 41 29 76
TF 2x6 : 73 78 58 76 23 14
TG 2x6 : 96 45 37 23 18 89
WY 2x6 : 85 97 76 14 91 38
AS 2x6 : 32 25 31 82 93 89
BN 2x6 : 38 19 46 61 62 45
CH2x6 : 56 51 64 93 47 73
EC2x6 : 28 62 41 46 15 89
JC2x6 : 96 76 13 53 64 85
NS 2x6 : 47 89 72 14 93 71
PV 2x6 : 38 72 91 73 56 18
RC2x6 : 57 13 76 51 38 138
WP2x6 : 23 53 78 13 75 83
YU2x6 : 32 38 74 18 95 65



Hypersets generated for all the subjects in this study in the 2x12 ex-
periments

FB 2x12 :
HU 2x12 :
KU 2x12 :
ST 2x12 :
TF 2x12 :
TG 2x12 :
WY 2x12 :
AS 2x12
BN 2x12 :
CH 2x12 :
EC 2x12 :
JC 2x12 :
NS 2x12 :
PV 2x12 :
RC 2x12 :
WP 2x12 :
YU 2x12 :
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Hypersets generated for all the subjects in this study in the 4x6 e
periments o

FB 4x6 :
HU 4x6 :
KU 4x6 :
ST 4x6 :
TF 4x6 :
TG 4x6 :
WY 4x6 :
AS 4x6 :
BN 4x6 :
CH 4x6 :
EC 4x6 :
JC 4x6 :
NS 4x6 :
PV 4x6 :
RC 4x6 :
WP 4x6 :
YU 4x6 :
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Appendix D

Data Analysis Procedure usng SPM99

In this appendix, a step-by-step procedure is given for performing vR1 dats
analysis using the SPM package. A public domain software package, cdled SPM is
extensively used to analyse functiona neuroimaging data, SPM 1}, an extensve
website at:  http://www.fil ion. ucl. ac. uk/spm.

Statistical Parametric Mapping (SPM) refers to the construction and assess
ment of spatially extended statistical process used to test hypotheses about (neu-
roimaging data from SPECT, PET & fMRI). Also, SPM is a foom of data reduc-
tion, condensing information (in a statistically meaningful way) from a2 number
of individual scans into a single image volume that can be more esdly vieved
and interpreted.

In the following, sequence of analysis steps to be falowed for image andysisis
given. This description aso includes a complete listing of menu options in SPM99
along with appropriate values used for our experimental analysis. We adopt # di-
rect instructional guidance approach to present various steps here. Some oi the in-
structions are taken verbatim from the SPM99 manual, Raima Christofl’s onling
documentation (available at: /[,H.]).‘//’ll)’{l}’l!)—])H:I/(.‘/I.Hl‘,(l,'lf‘/‘()’l‘(l.(‘(/'(/‘/" kalina/SPM99/)
and from various weh resources (references listed at the end of this Appendix).
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Figure D.1: SPM GUI

SPM99 requires core MATLAB (version 52 or higher, Maths Works, Inc.) to
run. The image format used is the simple header and image file forma, of ANA-
LYZE 7.5 (Biomedical Imaging Resource, Mayo Foundation). The graphical user
interface (GUI) of SPM99 is shown in the Figure: D.1. SPM99 separately exam-
ines every voxel (3-dimensional pixel) location across al images, and computes a
parametric map containing a parameterized value at each voxd. Data, analysis as
implemented in SPM is parametric. Statistics with a known null distribution are
used, such that under the null hypothesis, the probability of obtaining a statistic:
greater than, or equal to, that observed can be computed. The statistical model
used is a special case of the general linear model (Strange. 2000). Several prepro-
cessing steps are required before statistical analysis. The am of preprocessing '
to reduce artifacts and noise and to perform spatial transformations.

D.1 Preprocessing

Spatial transformations are important in many aspects of functiona imago anal-
ysis. The first several steps put each image volume into a standardized spatial
reference frame. The finad preprocessing step applies a Gaussian spati'al filter.
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D.l.I Setting the origin and reorientation of images

The goa of setting the origin is to set the origin of functiona images to the line
joining anterior commissure to the posterior commissure (AC-PC line) as shown
in the Figure: D.2. The purpose of this is that during the Normdization phase
performed in a later stage, the images from each subject will he warped into o
standardized brain space that has the origin s&t for the AC. If the origin for a
subject's image is not close to the AC, then the normalization process may be
impeded.

Saggital

Coronal

Axial

Figure D.2: pp1 Template Image and Locating the Origin
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Image before Reorientation Image after Reorientation

Figure D.3: Images before and after Reorientation

Select "Display” option in the SPM and then select an image to display it. In
the upper part of the screen, there should be 3 boxes showing the'Aorthogonal
views (coronal, axial and sagittal) of the image:

* The upper left box should look like a coronal view

« The lower left box should look like a axial (horizontal) view, with the front

of the brain in the top of the box

« The top right box should display a sagittal view of the brain, with the front

of the brain on the left side of the box.

Now, adjust the rotations by

« Changing the yaw, if the head is rotated in th¢ axial plane

e Changing the pitch to set the x axis run through the AC-PC line n the

sagittal plane.
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» Changing the rall if the head is rotated in the corona plane.

* Now adjust the right(x), Forward(y), and Up(z) vauesto s ),. origin

For this purpose, we can use the spm99/templates/epi.img . a reference.
Once, everything looks okay, then dick on "reorient images' at 1y hotton Of the
display box and sdect al the functiona images to he reoriented. The results of
reorientation arc shown in the Figure: D.3.

D.1.2 Realignment

The next step is to redlign the functiona images. Although the subjects are
asked to keep their heads till, movement does occur. This step will dign al
the functional images to a single functional image to remove any trandations or
rotations within the data set. This is the process usad for motion correction.
Select REALIGN
Number of subjects: Enter the appropriate number. Mog typicaly, you woud
enter 1 here.
Number of sessions for subject 1: Enter the number of sessons for the entire
experiment.
Scans for subject 1, sessl: sdect *_1.img - DONE
Scans for subject 1, sess2: sdect * 2.img - DONE

. until al sessions (and subjects) are done.
Which option? Select coregister only.
Selecting coregister only will cause al files to be realigned by creating *.mat
files that will contain realignment transformations that need to be gpplied to the
corresponding image files. No new images will he produced (i e, the image fil*
will not be resliced).

Selecting elice ONY will Cause new r*.img files to be produced. The "%
imported will be transformed according to their corresponding fmat files (given
that they exist) and the resulting images will be written out as rtimg files No
* mat files will be created.

Selecting . gistdk reslice Will both realign the sclected files and- iy P
duce new files.

each

Realignment works in two stages. First, the firgt files (*001118) from
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session are realigned to the first file of the first session. Second. within each
session, the second, third, etc. (2, » - -, n) images are realigned to {},c first imave.
As a consequence, after realignment, al files are realigned to {}e first file Irb‘n,
the first session.

—__Iﬁai;slgticm__[ Rotation ‘

Blue | X | pitch |
Green | Y roll '
(Red |z yaw ‘

Realignment produces text files with estimated motion parameters far caclh
session. These are realignment_params_*.txt. They contain (i columns and each
row corresponds to a *.img file The columns are the estimated translations in
mm (right, forward, up) and the estimated rotations in radians (pitch, roll, yaw)
that are needed to shift each image file In sonic' experiments, the redignment
parameters are used as regressors in the statistical analysis. Redignment param:
eters computed for a single subject are shown in the Figure: D.4. Translation
and rotation parameters upto the voxd dimenson (in our experiments voxd di-
mension is 3mm) is considered safe for the purpose of statistical anadysis.
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Image realignment

fhome/ruthB/pammi/ST4x6/ST4xE, 16_7_01 14

fhome/ruthB/pammi/ST4x6/STdxE, 16.7 01 ‘Ihg gggi :mg
/home/ruthB/pammi/ST4x6/ST4ax6 16 7 01_1.tid_0005.1mg
fhome/ruth8/pammi/ST4x6/ST4x6,16_7 01 1.fid_0006.img
fhome/ruth8/pammi/ST4x6/ST4x6.16_7 01 1 fig_0007,img
'home/ruthB/pammi/ST4x6/STax6 16 7 _01_1.fid_0008.img
Thome/ruth8/pammi/ST4x6/ST4ax6. 16_7_01_1.fid_0009.img
home/ruth8/pammi/ST4x6/ST4x6.16_7 01 1.5id_0010.1mg
fhome/ruthB/pammi/ST4x6/ST4x6.16 7 01 1.0d_0011.img
10 /home/ruth8/pammi/ST4x6/ST4x6 16 7 01 _1.fid _0012.img
11 /home/ruthB/pammi/STax6/ST4x6 16_7_01_1.fid_0013.img
12 fhuma#ruthar‘pammn‘ST4x6*ST4x6 16.7_01 1.4id 0014.img
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Figure D.4: Redigninent Parameters

D. 1.3 Coregistr ation

For studies of a single subject, the sites of activation can be accurately
by superimposing them on a high-resolution anatomical structural |mage o
subject. This requires the registration of the functional images wif

ical image.
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The god of eoregistration is to enable the functional images to he overlad
onto the anatomical (or structural) image of the subject, This step finds the
transformation that maps the anatomical image into t], space of the functiona
images. A further use of this registration is that amore precise spatial normaliza-
tion can be achieved by computing it with a more detailed anatomical (g ¢4
image. A new ".mat’file is created for the anatomical image.

Sdect COREGISTER

Number of subjects: 1

Which option? coregister only.

Modality of first target image? Select EPL.

The target image is the one to which we coregister. EP1 is the generic option for
functional MR1 images.

Modality of first object image? Select T1 MRL

The object image is the one which is being coregistered. Sdect TI MM if the
structural image looks dark where gray matter should be and bright where white
matter should be. If the structural images has the opposite contrast (bright where
gray matter should be and dark where white matter should be, it, is probably T2
MRI, so select appropriately).

Select target image for subject 1. Sdect the firgt functional (EPJ) image -
DONE

Select object image for subject 1: Sdect the inplane anatomica 31D image :
-DONE

Select other images for subject 1. - DONE (do not sdect any images)

If any images are selected as "other”, the transformation parameters: estimated
to coregister ¢}, object to the target image will dso be gpplied to the “other”
images.

This step will find the transformation that maps the in plane anatomical
3D image into the space of the functionad images (as defined by the firg. EPL
image). A new mat file will be created for the anatomical 3D image. Results of
eoregistration arc shown in Figure: D.5.

To check the coregistration between the functional image and the anatomical
image: Select CHECK REG gy the main menu and select the yyo 1NALCS.



D.1. Preprocessing

Coregistration
X1 = 0.333"X +0.003"Y -0.010°Z -2.176

Y1 =-0.004*X +0.333"Y -0.018"Z -7.341
Z1 =0.010"X +0.018"Y +0.333"'Z -27.446

..h8/pammi/WY4x6/3D.img

.6 7 01_1.fid_0003.img

SPMBD (prasadmi); 14:36:27 « FN07E00

’ ; . o owith anatomical image
= Voopsmri S ' tional image with and
Figure D.5: Coregistration of functiol
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D.1.4 Normalization

Sometimes, it is desirable to warp images from 4 pumber Of individuas into
roughly the same standard space to dlow sgna averaging across subjects. A
further advantage of using spatially normalized images is t},,,( activation sites
can be reported according to their coordinates within a standard ). The
most commonly adopted coordinate system is the one described by 1. lairach
and Tournoux (1988).

The normalization process is used to convert the subject's brain into ;, ¢,
mon three-dimensional brain space (talairach). Normaization facilitates hetween
subject analysis to be performed, and dlows overlays to be usad for examining
data across subjects.

In this process, SPM creates a 2x2x2 voxd Sze images by default, Also, the
output images will be interpreted as "left is left" and " right «s ri.ghl™ convention,
as popularly used by neurologists. We need to spedify if the images nesd to be
flipped using the "defaults-edit" option and specifying the convention of input
images (i.e. whether Radiological or Neurological).

Select NORMALIZE

Which Option?...: Determine Parameters Only

Number of subjects : 1

Image to determine parameters from : sdect anatomical 3D.img, DONE
Template to normalize to: Sdect the T1 image from spm99/templates as the
template image. This is the brain image that is in the standardized space.

The calculated parameters will be stored in the *_sn3d.mat for the anatomical
image.

Now, if the parameters seem correct, normalize dl the functiond images usng
this *_sn3d.mat in the fallowing way.

Select NORMALIZE

Which Option?.... Write Normalized Only

Number of subjects: 1

Normalization parameter set : Sdect the *sn3d.mat, DONE
Images to write normalized : sdect dl functiona images, DONE
Interpolation pethod : Sinc Interpolation(9z9z9)

This step i creste images with a prefix of V for dl functiond images
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Results of normalization are shown in the Figure: ) .

Spatial Normalisation

Image :r‘tmp_mm!homaa‘rulh&#pammi!FBzxZKSD.img
Parameters : HImp_mnt.fhcme.*ruthBx’pammi:‘FB:?xE:‘SD_ snad

Linear {atfine) component - image flipped
X1 = =1.001% +0.007"Y +0.029°2 -0.641
Y1« 0.000°X +0.991°Y -0.042*7 5613

Z1 = 0.034"X +0.066"Y +1.085'2 -0.100

12 nonlinear iterations

7 % 8% 7 basis functions

SPMED (prosadmb] |4.48 13 - 2000/2003

Figure D.6: Normalization

D.1.5 Smoothing

The jea O smoothing 1S 10 replace the intensity value within each ™ I with

W o eernel centered

A weighted M€ (8 determined by a gaussian kernel centerc OTD that pa- N
[ i neighboring  voxels.

ticular voxel) that - jcorporates the intensity vaues of the g

i ween.subiect variabiliability
Smoothing is performed to compensate for residual between subject
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after normalization.

The matching of the brains 1 the Normalization step is only |,l,je On a
coarse scale, since there is not necessarily a one-to-one mapping of the cortical
structures between different brains. Because of this. images are smoothed prior
to the statistical analysis in a multi-subject study, so that corresponding iy Of

activation from the different, brains can be superimposed.

Smoothing generally increases the signal relative to noise (SNRR). SINCe, |01,
dynamic responses are modelled to have a gaussian shape, we need , USe a ;5
sian kernel of size at least twice the voxd size (FWHM of ahout (i or S )
for smoothing the functional images. Smoothing also permits {},c application of
Gaussian random field theory at the statistical inference stage.

Select SMOOTH

Smoothing FWHM in mm : 6

Select images to work on : sdect dl normaized images i.e. n*.img., DONE
This step creates images with a prefix of ’s’ for the normalized functional images.
After preprocessing the images, the data are ready for statistical anadysis. This
involves two steps: Firstly, statistics indicating evidence against & null hypothesis
of no effect a each voxd are computed. This results in an "image™ of statistics.
Secondly, this statistic image must be assessed, rdiably locating voxds where
an effect is exhibited. The hypothesis is framed as a desgn matrix modd. The
design matrix is formed by designating a set of columns, which correspond to ex-
perimental conditions of interest (the hypothesis under test) and # s, ! columns
which model effects of no interest.

D.2 Statistical Anayss

Statistical analysis corresponds to the computation of statistical Parametric map-
ping using the General linear model (GLM) and theory of ganssan fidds. The
GLM is used 10 gcify the conditions in the fom of a design matrix. which

defines the experimental design and the nature of hypothesis testing to be imple-
mented. The design matrix has one row for each scan and one column for each
effect (condition) or explanatory variable (eg. regressor or stimulus function).

The General Linear model | an equation, which expresses the obsarved re-
sponse variable in terms of a linear combination of explanatory variable* plus a
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well-behaved error term. The general linear model is variously known as 'analysis
of covariance’ or 'multiple regression analysis' and subsumes simpler variants like
the t test for a difference in means. The matrix that contains the explanatory
variables (e.g. designed effects or confounds) is called the design matrix. Each

column in the design matrix corresponds to some effect one has built into the
experiment or that may confound the results.

D.2.1 fMRI model setup

fMRI model specification is done here:

Specify a model

Inter Scan Interval: 6 secs

Scans per session: 44 44 44 44

This specifies that there are four sessions each containing 44 scans, The actual
number of IMRI volumes (scans) collected were 57. Of these, the first scan of
every block was discarded as it corresponded to the instruction period.

Are sessions replicated? yes

Enter ‘yes’ if the sessions are exactly replicated, i.c., if there are the same con-
dition parameters in each session. Enter ‘o' if the above does not lmlt_l' ll"l i
specification of user defined regressors or parametric modulation, option No' is
be used. This enables specifying the experimental condition parameters sepa-
rately for each session .

Are Timing Parameters Same? Yes y -
If each experimental condition has the same onset times across different Sessions
then select the option "Yes'.

No. of Conditions? 2 (Follow and Sequence).

Name of Trial 1 : Follow

Name of Trial 2 : Sequence

Stochastic design? No

Stimulus onset Asynchroni (SOA) Fixed |

There is a fixed sequence of occurrence of our conditions.

SOA for Follow : 7

I
. ]f i
s . t ]
. X 3 3 i
T'he number of scans {rom the beginning of

h trial to the beginning of (n+1

trial
Time to first trial : 0
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The_ first Follow block occurs after 0 scans from the onset OF t}e beginning of a
session ”
SO A for Sequence : 7
Time to first trial : 2
Parametric modulation : none
Are these Trials : epochs
Events are for a shorter duration and do not, occur in game Sequence. Epochs
occur in same sequence and for some amount of time the subjects are doing the

same task, repestedly.

Type of response : Boxcar

Convolve with hrf? yes

MRI gives us the blood flow signal, but we are interested in the neura activity.
It is possible that the neural response is quicker and the changes in blood
take place alittle later. To account for these? and to find the neura activity from
the MRI signal, we use the hemodynamic response function (hrf)

Add temporal derivatives : No

Epoch length (scans) for Follow : 2

Epoch length (scans) for Sequence : 5

Interactions among trials : No

user specified regressors : none

This option is used to model specific effects of behaviour with the help of ciplana
tory variable obtained from the behavioural data. These explanatory variables
could be response time or accuracy or number of movements. In this complex-
ity experiment we used response times (set completion times in 2x(i-4x(i design

matrix and the hyperset completion times in 2x6-2x12 desgn matric) as 'usar-
specified regressors. The regressor values for each sesson and then subsequently

for al the images are to be spedified using this menu. The regressor vaues should
correspond to the number of scans in the design matrix. Also, before entering the
regressor values, the regressor values should be convolved (shifted with respect to
scanner repetition time, TR) with hemodynamic response function (hrf) as the
SPM will only do the implicit convolution to the conditions. 11 this complexity
experiment @ TR of the scanner is 0 seconds, we shifted the regressor values only

by one scan.
This step creates §p)_fMRIDesMtx.mat in the current working directory

SPM_fMRIDesMtx.mat - afile containing the design parameters (onsets, number
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of conditions, name of conditions, etc.). It can be used later on for e ey SUb-
jects which have the same design parameters, so that you (' have to specify
them again. To use the file, select {MRI MODELS, and then select .estimate

specified model'.

Estimate a Specified Model

Select the fMRI design matrix SPM_fMRIDesMtx. mat
Select scans for session 1 - sn_1*.img (44 scans)
Select scans for session 2 - sn_2*.img (44 scans)

Select scans for session 4  sn_4*.img (44 scans)

Remove global effects : None

If you select 'scale’ the value in each voxeds for a given su*-file will 1 divided
by the global brain mean value for this sn*-file. Global scaling can beneficia,
since it reduced intersubjcct variability and improves the sensitivity at. the group
level of analysis. However, it relies on the assumption that the global brain mean
does not correlate with the task. If this assumption is violated, applying global

scaling can cause large areas of the brain to appear as activated. Global scaling
should be applied only with extreme caution. In our experiments, applying the
Global scaling showed huge deactivations (i.e., activation in Control>Sequence

tasks). In order to avoid these spurious deactivations, we did 1ot perforimn Global
Scaling in our analysis.

Temporal auto correlation options:

High Pass Filter : spedfy

Select 'specify’ if you want to filter out the low-frequency components of the sig-
nal. High-pass filtering is usually beneficial, since the low-frequency components
in the )R] signal contain much more noise than the high-frequency components.
Session cut off period (secs) : 84

This value is computed as, 2 x period of most frequent epoch = 2 X 7scans x 6
seconds = 84 seconds)

L ow-pass filter? sdect 'hrf’.

If 'Gaussian' or 'hrf low-pass filter 15 selected, this will filter out the high-
frequency components in the signal by smoothing the time-series with either
Gaussian or hrf approximation. Low-pass filtering is aso known as temporal
smoothing. Theoretically, it is desirable, since the fMRI time-series is autocorre-
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lated, and performing temporal smoothing alows the andysis to take this into
account. However, in practice, temporal smoothing can make the statistical in

ference overly conservative, thus obscuring otherwise robust activations.

Model intrinsic correlations? none

AR(1) stands for firs-order auto-regresson modd. Moddling intrinsic correla
tions has the same theoretical goa as temporal smoothing - to take into account
the fact that the fMRI time-series is autocorrelated, which violates the assump

tion in regression analysis that the different observations arc independent. Unfor-
tunately, it also has the same practical consequence - it can make the inferences
overly conservative.

Setup trial specific F contrasts : No

If 'yes' is selected, spm will automatically create I'-contrasts for each condition
within each sesson.

Estimate ? Now

Design matrix is shown in Figure D.7. After estimation is done, the following
important files will be saved in the "analysis” directory (among others):

Y.mad - a file containing the raw data, directly entered from the sn*-files. It is
compressed, so it cannot be directly read. The Y.mad file will have the vaues
for only those voxds that survived the upper F threshold during the anaysis.
This threshold is specified through the fMRLUFp variable in the spm-defaults.m
files. If fMRI_UFp=1in defaults, dl voxds will be present in the Y.mad file. If
fMRLUFp=0, Y.mad file will not be written. We set IMRI_UFp=1in our exper-
imental analyses. We used in this file in the brain-behaviour correlation (BBC!)
analysis.

xCon.mat - file which contains the information about the contrasts, thejr Hames.
values, and so forth. If these parameters are the same for two subjects, the
xCon.mat file can be copied to the second subj'ect directory. so that the Param-
eters will only have to entered once.
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Figure D.7: Design Matrix

D.2.2 Contrasts and Agsessment of Results

The subtractive approach assumes (hat brain activity scales in a linear fashion.

Further, the statistical assumption in such

fixed effects models is that the test
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blocks are replicated and hence can be averaged and compared (, the control
blocks. Higher order effects can be specified by adding non-linear |, to the
GLM. However, this requires that the nature of hypothesized relationship be-
tween the brain activation and an experimenta variable is already known.

After the estimation is done, in order to see the results:

Sdect RESULTS

Select SPM.mat file: Select the SPM.mat file in the "results" directory - done.
SPM contrast manager:

Select contrasts ... T-CONTRASTS

The contrasts menu is depicted in Figure: D.8.

=1 5PM contrast manager

. tcontast | - recontsh | o |
LEL T ™

$002 (T Con_2v6-F i
03T Core_F-206 I
008 (T Cons_2x12-F |
V005 T) Com F-2412
006 (T Carmant 2-26
e m T b=l
R
Qs My
oo
T[T Cora2at2_ - fedgr
2T Corm2at 2=2ehRep
013 (M Commdsb-212AMp
14T} Earw2b-Fn
M5 T EsiyF=cekn
1016 [T} Earledn) 2=F
iNM7 T EwWF-2412 el ¥ A0S
LB [T Bl 3=248 Destgn matnx
Mam Eaklsb=2n12

I

Define new contrast. | St | _), parareter estimatlty

Figure D.8: Contrast Manager for selecting or creating contrasts

Define New Contrast type in name of contrast, then the contrast values. SUB-
MIT ¢,k the design matrix on the right, if the entered contrast vector is correct,
Select the contrast you want to display DONE. (if more than “"“ contrast
is selected, the conjunction between them will be computed and displayed)
Mask with other contrast(s)?no
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If Y8 s selected, user will be prompted to select another coyt s from ¢ he same
SPM.mat file. There are two types of masking: inclusive and exclusive. Lot's sy
user selected contrast A first, and thru chose to mask it. With a5t B- 1l

sve masking should display everything in contrast. A plus ], voxes activated by
contrast B and not activated by contrast A. Exdusive asking Will display (1,0
voxels activated by contrast A that are also activated by contragt, 13, More (.,

nicaly, exclusive masking is used to reect the voxes where the null hypothesis
(A-B) can be regjected.

Corrected height threshold? no

If 'yes' is selected, only voxds surviving the corrected threshold vaue will be
displayed.

The individual voxds in most neuroimaging modalities (PET, fMR1, EEC, MEG
etc.) are heavily correlated with neighboring voxds. This means ., correction
for multiple comparisons is needed. The traditional way of doing this is to use

some version of a Bonferroni correction. However, due to large number of voxds
involved, a straightforward implementation would severely reduce the estimated
number of degrees of freedom. The maor contribution of the SPM99 authors was
to figure out a statistically valid approach. To the extent that the image data,
approximate a Random Gaussian Field, the theories behind Random Gaussian
Fields can be used to yield vdid statistical comparisons of images. This assiump

tion is assured by applying a Gaussian smoothing filter to the image data in the
pre-processing stages.

Threshold p value Enter the uncorrected p vadue you would like to use as
threshold. Typically 0.001 for individua analysis.

Extent threshold voxels Enter the min number of voxds that « cluster should
have in order to be displayed. For the least conservative estimate, enter O.

Go through the above steps for each contrast. This will create con*.img files in
the analysis directory, which are needed for the group analysis levd.

Press Volume to show the summary of local maxima. The Figure: D.9 depicts
fMR] results along with the details of activated voxels. The brain activations in
three sections (sagittal, coronal and axial) will be obtained by pressing Overlays
menu item. This option requires to choose an ‘'image to be rendered on'. Figure:
D.10 is an example in which the brain acti'vity 15 overlaid on one of our subject's
normalized high resolution image.
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Figure D.10: Visualising activations overlaid on subject's high resolution 1144¢

D.3 Random Effects Analysis (RFX)

The purpose of the Random Effects analysis is to find the areas that are activated
in much the same way in all subjects, as opposed to the fixed effects modd which
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gives the areas that are activated “on the averapge” across the subjects. This
is redly a crucid difference since o fized cffects anaysis ay Yield i yificant”
results when one or a couple of subjects activate “a lot" even (},,0}, the other
subjects do not activate at al.

The Random, Effects analysis incorporates both within-subject vriance (de
rived from the first level analysis), as wel as between-subject /session differences
(derived from the second levd analysis) whose estimator is the (orrect mix of
within and between-subject error. This dlows generalization of the results to the
population from whicli the subjects were drawn.

The implementation of RFX in SPM package involves » two-levd anayss -
in the firgt leved a fixed effects analysis is done and then followed by a second
level analysis. The ideais to fead a series of contrast images (con*.img) resulting
from the first-level analysis of a number of individual subjects into a second levd
of analysis within SPM. For the second leve, the con*.img’s are treated exactly
as if they were origina image data, or possibly some sort of average image data
for a particular condition.

The contrast images represent spatialy distributed images of the weighted
sum of the parameter estimates for a particular contrast. One contrast image
for each patient and each control is required. Doing that will yied collgpsing
over intra-subject variability (to only one image per contrast per subject) and
the image-to-image resdua variability is now between subject, variance alone.
Create a new directory "group anayss'
change current working directory to this one
Create a new directory ”comparisonl” with the name as the contrast on which
would like to perform group analysis.

Find out which con_*.img file corresponds to this contrast, eg. con-0003.img
cd" comparison 1"

Start spm99

Select BASIC MODELS

Select design type... One sample t-test

GM scale: grand mean scaling no grand Mean scding

Explicitly mask images? no

Global calculation : omit
The Figures: 1y 11, 1) 19 depicts the design matrix for one sample T-test at the
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second level (RFX analysis) and fMRI results for an example case.
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Figure D.I1: Design Matrix in RFX for one Sample T-Test
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Figure D.12: Results from Random Effects (RFX) analysis for one Sample T-Test

D.4 Sources and Further Reading

The material in this appendix has been compiled from the following resources:

* gpMog: Protocols, Tools, and Documentation by Kalina Christoff, Depart-
ment of Psychology, Stanford Universty
http:// www-psych.stanford.edu /~ kalina/ SPM 99/
SPM99 Preprocessing Protocol
http://www-psych.stanford.edu/~kalina/
SPM99,/Protocols/spm99-prepros-prot-html
SPM99 Analysis Protocol
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http://www-psych.stanford.edu /™~ kalina/
SPMQQ/Pmt()(-.(,)ls/spn'lf)f)_m1;11)‘5'15,1)1‘()1 html

* SPM Resources by Terry Oakes, W.M. Kesk Laboratory for functional
Brain Imaging and Behaviour. University of Wisconsin, Madison
http://www.keck.wnimna‘n.wis(n(*(l11/'”<mkus/spm/spm resources. hitil
SPM99 Introduction
http://www.keck waisman.wisc.edu/~ oakes /spm /SPM99_Introduction.pdf
SPM How-tos
http://www.keck. waisman.wisc.edu/~ oakes /spm /spm_how_tos.htim]
Random Effects Anaysis

http://www keck.waisman.wisc.edu/~ oakes/spm /spm_random_cffects.htiml

* Preprocessing Steps for SPM99 by Todd Handy, Center for Cognitive Neu
roscience, Dartmouth College

http://www.dartmouth.cdu/~cogneuro/ppnotes.html

» SPM Statistics and other Tutorials by Matthew Brett, MRC Cognition and
Brain Sciences Unit, University of Cambridge.

http://www.mre-cbu.cam.ac.uk/Imaging /Common/tutorials.shtml

For Further Reading, the following annotated bibliography by the authors of SPM

can be consulted.
Statistical Parametric Mapping: An Annotated Bibliography

W.D. Penny, J. Ashburner, S. Kiebd, R. Henson, D.E. Glaser, C. Phillips and

Karl J. Priston.
Wellcome Department of Imaging Neuroscience, University College London.

http://www.fil.ion.ucl.ac.uk/spm/bib.htm



Appendix E

Imaging Results from Basic
Comparisons

This appendix presents the basic comparison results discussed in the Chapter 7,

Section 7.2.

Table E.1: Location of Stereotaxic Talairach coordinates of peak
activations in the Early 2x6:Control Regressor and the Early

Control>2x6 Regressor Contrasts.

Activation

Deaetivation

Superior Temporal gyrus

Brain Area R/L | BA Coordinates | T-Score || Coordinates [ T-Score
X1 Y7 X YT]Z
Cerebellum
Anterior Lobule
Culmen R 34 | -48 | -25 5.29
L -40 B8 | =27 737
Posterior Lobule
Cerebellar Tonsil R 14 | -H6 | -38 507
Uvula R 12 | -79 | -31 1.81
Declive R |22 |77 | -21 63K
Basal Ganglia
Caudate Head R 14 110 | 3 b2l L1
Hippocampus L 30 | =22 | -16 -'I_Fh,i
Amygdala R 30 | -3 ]-25] 5.
Occipital areas e
Middle Occipital gyrus | R 37 48 | -G8 | -5 5.27
L 19 46 | =79 | 17 4.75
L 37 -44 | -62 | -4 4.58
L 18 201 -93 1 6 T.32
Superior Occipital gyrus | R 19 34 | -74) 28 201 S
Temporal Lobe _ , ‘
Middle Temporal gyrus | L 1}9 -40 | -82 | 21 4.31 ell 5 - -
;_{J ;‘i} 57 h5 | 25 4.75
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Brain Area 4 7 T
E-/L E(f\ X 1Y Z | T Score r\ Y | Z | T Score )
7 oo : D3 | -55 | 25 .’1_'}2“
Superior parietal R 7 30 | -60 | 49 5.85
L 7 -26 | -62 | 44 4.39
Precuneus R 7 I8 | -68 | 44 7.84
L 7 -18 | -G8 | 38 507
Inferior parietal R 10 36| <16 | 13 (.61
L 40 -34 | -45 | 41 7.71
Motor areas - B
Primary Motor L 1 44 <15 | 49 553
F L A ok
Pre-SMA L 6 -2 | 18 | 53 1.8
Premotor (dorsal) R (i 30 | 18 | A3 1,85
Cingulate gyrus L 32 -4 119 | 40 6.07
Anterior Cingulate L 32 2 145 0 1,68
Frontal areas '
Inferior frontal L 9 441 9 | 25 .61
Orbitofrontal R 11 28 | 46 | -9 5.0
L A7 -d8 | 15 -G H17
R 47 hhH 33 4 (.30
L 11/47 -3 36 | <19 H.44
L 11 -2 A0 15 1.86G
Dorsolateral
prefrontal R 10/46 || 42 | 38 | 22 7.28
L 16 42132 | 19 (.1
Superior frontal R 9/10 8 | B8 | 27 G.AR
Medial frontal L 10 4| 63 | 10 | 746

Table E.2: Location of Stereotaxic Talairach coordinates of peak
activations in the Early 2x12>Control Regressor and the Early
Control>2x12 Regressor Contrasts,

Activation Denctivation ]
Brain Area R/L | BA Coordinates | T-Score _(21 rdinates | T-Score
X |Y 7 Y Z

Cerebellum
Posterior Lobule
Uvula R 30 | -BH | -206 4.60
Basal Ganglia
Ventral Striatum
Putamen R 16 | 11| -7 4.53

L 18 019 | -3 5

L 16 | 17 -8 1.62
Substantia Nigra R 8 —TM -11 .5.[}.8
ParaHippocampal gyrus | R 40 | -37 | -12 1.83 ‘ ‘ )
Amvgdala R 30 -3 -18 17
Occipital areas -
Middle Oceipital gyrus R 19/18 || 34 | -81 | 11 r)

L 19 38 | -87 | 14 5.29

|

Inferior Occipital gyrus | R 18 38 | -89 | -1 5.18
Temporal Lobule 61 |56 8 477
Middle Temporal gyrus | L 21
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Brain Area ; v T - ; : o ——
Superior Temporal gyrus ?{IL l;‘f s ! £ Loy X 1N ft L Bee
JIUE : 5001 <59 | 29 4.39

P s L 39 -0 -0l 27 .'Lll]__
Superior parietal R 7 28 | =50 | 45 4.7
Precuneus R 7 4 | -66 | 16 6.1

L 7 -18 | -64 | 38 .22
Inferior parietal R 10 34 | -40 | 48 G.07

L 40 -7 | 45 | 41 1.71

L 430 51 60 | BN G.16
Motor areas ;
Pre-SMA R |6 10 | 18 | 45 116
Premotor (dorsal) R G 14 | 10 | 53 613

L |6 28| 4 | 48 1.36
Cingulate gyrus R 32/24 | 6 8 | 42 1.87

L 31 G -5 ] 30 H.66
Anterior Cingulate L 29 621 | -3 5.2
Frontal areas T i
Inferior frontal R 9 59 7 | 25 1.9
Orbitofrontal L 11/47 36 | 82 | -17 4.84
Superior frontal R 10 20069 110 1.49

Is 1] 201 4 31 R
Medial frontal R 8 1 27 | 39 1.63

R 10 2 Y B | 4.24
Middle frontal R 9 4 13 | 29 5.84

L 8 -G8 | 22 | 45 0.7

Table E.3: Location of Stereotaxic Talairach coordinates of peak
activations in the Early 4x6>Control Regressor and the Early
Control>4x6 Regressor Contrasts. Bold faced T-score indicates
that the activation survived whole brain correction for multiple

comparisons at p < 0.05.

Activation

Deactivation

Brain Area R/L | BA Coordinates T-Score Cloordinates T-Score |
XY [ 2 X Y Z

Cerebellum
Anterior Lobule »
Culmen R 26 | -H8 | -24 .63
Posterior Lobule N -
Pyramis of Vermis R 1 —7.} =27 5.5

L 6| -83 | -23 5.18
Declive R 24 | -65 | -11 4.27
Cerebellar Tonsil R 30 | -43 | -40 PI-J“

1 220 | 41 | -38 H.41
il;lé«::lr]leor semi-lunar . O [ ”
Basal Ganglia
Ventral Striatum . .
Putamen R 18] 9 -6 ;:

L 218 | 11 | -11 8.5

= 5.23

Caudate Head R 8 |17 1 i}
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Brain Area 3 z TG ; T T
STy e E/ L | BA ‘}; ; Z | hu(,-r:. X A Z | T Score |
Caudate Body R " )
Caudate Tail L = ,i ‘:“’ 0.47
Anterior Putamen L a2 9 7 (18 16| =28 | 32 8.18
Posterior Putamen R 2| .21 0 &).ll
i R 20 | -1 | 11 1.28
Hippocampus L 38 |16 | <11 B
. R 2020|1248
Amygdala L os | 7 | .16 580
Occipital areas - e
Middle Occipital gyrus R 19 36 | -85 | 15 T.87
L | 18/19 | -28 | -03 | 12 G.79
Superior Occipital gyrus | R 19 38 | -T4 | 26 7.66
L 19 300 -84 | 23 G.01
Inferior Occipital gyrus | L 18 “AG | =76 | -1 5.48
Temporal Lobule o e
Middle Temporal gyrus | R | 39 16 | -65 | 22 5.45
R 21 65 | -43 | -1 h4d
L 21 T A28 ] H.RH
Superior Temporal gyrus | R 39 51 | -67 | 27 .23
L 34 -H7 1 -hh | 29 (.33
R 22 6h | -4 14 1.6
L 22 A0 | =56 11 H.609
Parietal areas
Superior parietal R 7 32 | -b5 | 56 G.57
L T 18 | =61 | 53 7.07
Precuneus R T 14 | -66 | 49 9.G8
L 7 -8 | <66 | 16 9.24
Inferior parietal R 40 34 | 48 | 54 5.7
R 40 7% oK% | A0 DT
L 40 34 44 | 48 6,06
L 40) O7 | -51 | 48 .:".I_
Motor areas
Pre-SMA R G G 16 | 47 5.3
Premotor (dorsal) It G 26 | 6 | 5l 0.68
L (i =30 4 16 4.99
Cingulate gyrus L 31 8 [ -49 | 28 6.74
Anterior Cingulate R 24/32 || 10 | 23 | 25 1.9 il
Frontal areas
Inferior frontal L 45 36124 | 6 4.42 _
L 45/44 -h3 |16 5 5.82
Orbitofrontal R 47 34 | 25 | -6 G.28 .
A8 | 26 | -13 (.14
§ o s t 37 22 46 | 36 6.0
Superior frontal = 3 20 | 37 | 48 4.38
I i 4.
Medial frontal E‘ iﬂ lg 23 1(}; r;,t.i;.lj
Middle frontal L 8 Lk 3
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Table E.4: Location of Stereotaxic Talairach coordinates of peak

activations in the Consolidation 2x(i>Control Regressor and the
Consolidation Control>2x6 Regressor Contrasts.

Activation

Deactivation

Brain Area R/L | BA || Coordinates [ T-Score || Coordinates | T-Score
X[YT2Z XTYTZ2 1 ‘
Cerebellum
Anterior Lobule
Culmen R 26 | -42 | -23 1.66
L 34 | -h2 | -2 5.7TH
Posterior Lobule
Uvula R I8 | -79 | -23 5.07
Tuber L 28T | <40 117
Basal Ganglia 1T 0
Anterior Putamen L 200 6 ] (.2
Posterior Putamen R 22 | -2 ] 517
Lateral Globus Pallidus | R 20 | -6 | -3 N1
Hippocampus L 32 | I8 | 18 5.5
2 yesald - 221 9 |-18] 481
Thalamus
Pulvinar R 20 | <28 ) 16 1.13
L -12 | -14 1 -7,
Occipital areas
Middle Occipital gyrus L 19 || -32|-85| &8 1,25
Temporal Lobule
Middle Temporal gyrus | R 37 16 |62 | 5 .17
R 21 0 1 30 1.3
L 21 63| -25 | 4 h.78
Superior Temporal gyrus | L 39 -42 | -bh | 27 002
L 22 E =T I _l_._-r{T_
Parietal areas o
Superior parietal R 7 32 | -62 ] 44 H.61
1) 7 212 | 69 | 53 1.35
Precuneus R 7 10 | -62 | 49 7.84
L |7 ||-16]|-76| 44 1.6
67 r RI1 4.7
Inferior parietal R 10 o | =0 ";’ "'I' ':
L (1“ .F,I --”‘\ "I‘J I.‘l»l
L% -5 32 hl
Supramarginal gyrus R 10 :.i- ..;’ ‘i 11_1
L 10 65 | -49 | 30 4.7
Sensory if] 3 -30 | -23 | 49 | (.25 Joo
Mf]t.Ol‘ areas . 1 53 7 45 4.67
Primary Motor L j : e
SMA L |6 | -4]|-3|48 7.02
Pre-SMA R |8 || 5|y 8¢
R 6 8 3 51 487
: 104 2 91
Premotor (dorsal) R b 26 | 8 ‘1? Z 8
L ﬁ .48 -8 J-z "'l
. 9 2 32 7.18
Cingulate gyrus R J? 12 | 23 I 2 147 | 0 5.64
Anterior Cingulate L 32 M e L L
Frontal areas g
. 14 4.42
Inferior frontal R "1‘3 61 | 8 3| 25 | -8 51
Orbitofrontal L a7
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Brain Area 7 = ; - =
Superior frontal R ?A L L degre 1 X 3 4] XSems
Ul - L9 a8 30 [ 3 5.20
R 4 12 | ‘M4 RE 4.1
Ta]‘ﬂe h:}.ﬁ‘. .Ltlt'.ﬂ.t'.iml of Stereotaxic Talairach coordinates of peak
activations in the Consolidation 2x12=Control Regressor and the
Consolidation Control>2x12 Regressor Contrasts,
‘ Activation Deactivation
Brain Area R/L | BA Coordinates | T-Score || Coordinates | T-Score |
X Y Z X Y Z
Cerebellum
Anterior Lobule
Culmen R 32 | -56 | -22 1.21
L -30 | -42 | -26 b
Posterior Lobule
Declive | 17 30 | 71| <18 1.6
Cerebellar Tonsil R 14 | -53 | -41 4.88
Tuber R 40 | -73 | -28 1.34
Inferior Semi-Lunar
Lobule R 16 | =74 | -35 (.35
Basal Ganglia o
Ventral Striatum
Putamen R 22 | 11 |~-11 5.04
L -18 | 13 -9 547
Caudate Head R G | 19 | -1 5.3
L -4 15 -2 5.91
Caudate Body R 12 |-111[ 21 4.93
R 10 1 17 H.a0
L 16 | -10 | 24 4.57
Anterior Putamen R 241 6 7 Hd
Lateral Globus Pallidus | R 22 1 -8 0O 5.58 . -
Hippocampus L 224 | -11 | -20 5. 79
Thalamus . .
Pulvinar R 20 | -24 | 16 492 1 1
Occipital areas ) ‘ .
Middle Oceipital gyrus | R 19 36 | -83 | 13 54
L |19 36 | -85 | 8 5.54
Superior Occipital gyrus | L 19 -3(f -78 2(? “:H
Inferior Occipital gyrus | L 18 -36 | -88 | -G 4.9
L |19 42| -1a| -5 4.19 - o
Temporal Lobule Nl £ G
Superior Temporal gyrus | R 22 48 | 27| 4 ). ea | el 42 £
R |39 CIB R T
Parietal areas o g
e R |7 39 | -p2 | 52 6.43
Superior parietal A . 18| 60| 53 = 01
66 | AT .19
i E |7 14 | -66 | 47 7
Precuneus L - 8| -66 | 46 6.09
9 | _ 5.24
Inferior parietal R 40 42, 81 ‘.12 S 1
1 40 236 | -41 | 39 5.6 " . ({0
S50 | <66 |
Angular gyrus L 39
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Brain Area. R/L | BA X Y Z | T Score || X Y Z | T Score |
Supramarginal gyrus L 10 5153 T o8 .
Motor areas 9] -od |2 1.51
SMA L/R | 6 0| -5 a8 129
Pre-SMA R |6 2 | 4 |50 1.29
Premotor (dorsal) R G 381 2 | 50 4.76
L G 2111 60 4.22
I‘('.JMA R G/32 1 27 1 30 4.59
Cingulate gyrus R 31 16 | -55 | 27 1.91
L 32 -2 | 25 | 37 H.0
Frontal areas 7 ==
Inferior frontal R 15/9 B9 | 15 | 20 1.92
o L 9 A4 7 29 4.74
Orbitofrontal R 1147 38 1 34 | -15 4.57
L 47 =30 | 23 | -3 1.91
Middle frontal R S 20 12 | 41 502
R 10 36 | 40 | IR 1.11
Table E.6: Location of Stereotaxic Talairach coordinates of peak
activations in the Consolidation 4x6>Control Regressor and the
Consolidation Control>4x6 Regressor Contrasts.  Bold faced T
score indicates that the activation survived whole hrain correction
for multiple comparisons at p < (.05,
Activation Deactivation |
Brain Area R/L | BA Coordinates | T-Seore Coordinates T-Seore
X1Y Z X Y Z
Cerebellum
Anterior Lobule
Culmen R 34 | =40 | -30 1.41
L -14 | -61 | -10 1.66
Pyramis R 2 |-65|-25 1.6
Posterior Lobule
Declive R 22 | 71| -13 7.4
Tuber R 40 | -59 | -24 8.01
L 36 | -63 | -24 5.94 |
Basal Ganglia
Ventral Striatum . -
Putamen L 22 | 15 | -2 "'“’%
Caudate Head R 1019 | -1 .59
L a2 21| -6 5.29
ate Hes R 10 6 | 2 4.6
th.ud'lt(, Head 55230 [ 12 50
Hippocampus L . ; G
241 -9 | -16 6.64
Amygdala L
Thalamus
o 3.6
Pulvinar R 22 | -24 | 18 L
Occipital areas :
3 ‘ -86 4 6G.15
iddle Occipital gyrus | R 19/18 || 30 | -86 | I
SRS L |89 -30]-93| 12| 9.09
. 51
ri cipi rus | R 19 36 | -80 | 28 5
Superior Oceipital gyrt L 19 40 | 82| 24 4.05
Temporal Lobule
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Brain Area R/L ; 7 e . R —
Middle Temporal gyrus L/ ]i;ﬁ ALY 5 1T B “;‘ __._:‘“ -ﬁ; I 5‘;"[1‘“%_1
19 2 16
Iﬁ j;’ 57 | -46 | 4 5.32
Superior Temporal gyrus | R 39 (":; ";;‘i '-'\I’ ::1:
Parietal areas - 2/% 5 7 | 18 8]
Superior parietal R 7 12 | -61 | 55 6.37
L 7 -26 | =54 | 43 519
Precuneus R 7 12 | -68 | 46 801
L 7 -26 | -68 | 38 9.11
Inferior parietal R 40 44 1 -31 | 46 5.97
L 40 -44 | -31 | 40 5.25
Angular gyrus R 39 Hd | -61 | 33 65.37
SMupimnargilml oyTs R 40 60 | -3 | 36 631
otor areas N
Primary Motor L 4 551 <7 | 45 5.61
Pre-SMA L i -1 1 Hi 4.00
Premotor (dorsal) R 6 20 1 10 | 49 9.11
L 0 -30 G 49 H.36
RCMA R 32 G | 6 | 46 6.24
L 32 -6 | 15 | 42 T
Cingulate gyrus R 32 6 | 19 | 32 5.12
L 32 -6 | 16 | 42 7.50
Frontal areas i
Inferior frontal R 44/45 || 59 | 5 | 20 1.93
L 44/45 o0 16 | R h.141
Orbitofrontal L 11/47 -4 | 46 | -11 .07
L A7 -50 | 23 -3 1.27
Dorsal prefrontal R 16 46 | 30 | 21 4.77
Superior frontal R 9 14 [ 58 | 28 141
L g 16 | 37 | 48 6.24
Medial frontal R |10 G | 61114 6.23
| Middle frontal R |8 38 (81 )41 | 488




Appendix F

Imaging Results from Comparison of
2x6 with the Complex Sequence Tasks

This appendix presents the results from comparisons of 2x6 task with the com

plex sequence learning tasks (deactivations due to mplexity ) as indicated in the

Chapter 7, Section 7.3.

Table F.1:  Location of Stercotaxic Talairach coordinates of
peak activations in the Early 2x6>4x6 Regressor and the Early

2x6>2x12 Regressor Contrasts,

[ [ Early 2x6-4x6 R || Barly 2x6-2x12 R

Brain Area R/l A (Ii}lll'li-illjf.l'.‘i_. T-Score || ('[mrlf-itml.q " T -Seore
MX YT Z | I X ¥ 7

Cerebellum
Anterior lobule (Culmen) R || 36 [-48 |23 | 4 |
Parietal areas | |
Precuneus R 7 (A 16 | -60 | AT 1.0
Sensory and
Motor areas
Premotor (ventral) L 6 -34 1 | 2K 1.47
Cingulate gyrus (posterior) | L 29 A I 2 2 I E A A5
Frontal areas
Orbitofrontal cortex R 11 BEAEINR 1.07
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Table F.2: Location of Stereotaxic Talairach coordinates of peak
activations in the Consolidation 2x6>4x6 Regressor and the Con-
solidation 2x6>2x12 Regressor Contrasts,

Consolidation

2x6>4x6 R

Consolidation 2x6>2x12 R

Brain Area R/L | BA Coordinates T-Score || Coordinates T-Score
XY | Z XY | Z

Basal ganglia

Putamen (anterior) L 200 6 109 1.39

Hippocampus L =22 | -12 | -8 3.8

Opercular Rolandic | R 46 | -3 [ 15 106 | 46 | -3 | 16 1.81

Occipital areas '

Middle occipital gyrus | L 18 =20 | -85 | 10 3.98

Sensory and

Motor areas

Premotor (ventral) L 6 -48 | -8 | 32 4.08

Frontal areas

Anterior Cingulate R 32 12 | 23 | 32 4.92

Insula L 45/47 28 | 28 ]tl 1.22
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