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ABSTRACT

CHANGES IN FMRI RESTING STATE NETWORKS
DUE TO AUDIOVISUAL ASSOCIATION INDUCED
EFFECTS ON VISUAL MOTION PERCEPTION

Fazilet Zeynep Yildirim
M.S. in Neuroscience
Advisor: Hac1 Hulusi Kafaligoniil
July 2016

Associative learning, the process by which an association between two stimuli or
a behavior and a stimulus is learned, is one of today’s exciting and important
topics of neuroscience. The influence of multisensory associations on perceptual
experience has revealed unexpected levels of sensory plasticity in the adult brain.
By using an audiovisual association paradigm, we designed experiments to assess
motion perception and BOLD activity under various associative learning con-
ditions. Eleven subjects (3 males) participated in the audiovisual association
training followed by resting state fMRI scans. Before and after the association
training, random-dot motion with varying coherence values and static tones of
distinct frequencies were presented. Subjects were required to indicate the direc-
tion of random-dot motion. During the association phase, random-dots moving
up or down with 100% coherence was paired with either high or low frequency
static tone. The behavioral data showed that the perception of random-dot mo-
tion with low coherence was significantly changed in favor of exposed audiovisual
association. The analyses on resting state functional data indicated that identi-
fied canonical networks (i.e., visual, auditory, sensory, motor, executive, memory,
and default mode) did not differ significantly between pre- and post- associa-
tion training, and inter-hemispheric coherence values between early stage visual
motion areas were not increased. On the other hand, the connectivity strength
between auditory and visual networks increased significantly after the acquired
audiovisual association. Accordingly, these findings suggest that even brief as-
sociation training can lead to changes in connectivity between low-level sensory

areas.

Keywords: Multisensory association, resting state, functional connectivity, mo-

tion discrimination, sensory plasticity.
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OZET

COKLU-DUYUMLU QAGRISIMSAL OGRENMENIN
HAREKET ALGISINT ETKILEMESTYLE ISLEVSEL
AGLARDA OLUSAN DEGISIMLER

Fazilet Zeynep Yildirim
Norobilim Lisansiistii Programi, Yiiksek Lisans
Tez Danmigmani: Hac1 Hulusi Kafaligoniil
Temmuz 2016

(Cagrisim yoluyla 6grenme, yani iki uyaran veya bir uyaran ile bir davranigin bir-
birini ¢agrigtirmasi, bugiin sinirbilimin ¢okca arastirilan konularindan birisidir.
Aragtirmalar ¢oklu-duyumlu ¢agrigimlarin, algiya etki ederek yetigkin beyninde
onemli miktarda algisal plastiklige yol actigini gostermektedir. Bu calismada
gorsel-igitsel cagrisimsal ogrenme paradigmasi kullanarak hareket algisimi ve
hemodinamik aktivasyon degigimlerini 6l¢tiik. On bir katihmer (3 erkek) gorsel-
igitsel gagrigimsal 6grenme (davramigsal) ve dinlenim iglevsel MR goriintiileme
deneylerine katildi. Cagrigimsal ogrenme fazindan 6nce ve sonra katilimcilara
rastgele-nokta hareketleri ve statik sesler sunulmustur. Katilimcilar rastgele-
nokta hareketlerinin yoniinii (agag1 veya yukar1) klavye tuglarima basarak be-
lirtmiglerdir. Cagrigimsal 6grenme fazinda 100% uyumlulukla yukar1 veya asagi
hareket eden noktalar yiiksek veya alcak frekansh statik seslerle eglestirilmistir.
Davranigsal veri analizleri diigiik uyumlulukla hareket eden noktalarin hangi yone
gittigi algisinin gorsel-igitsel cagrisimsal ogrenme fazindan onemli Olgiide etk-
ilendigini gostermistir. Dinlenim iMRG veri analizleri ¢agrigimsal 6grenmenin,
hareket algisimi igleyen erken gorsel alanlarda yarikiireler arasi bir uyumluluk
artigina veya kabul gormiig iglevsel aglarda (gorsel, isitsel, algi-motor, yiiriitme,
bellek, ve temel mod) herhangi bir aktivasyon farkina yol agmadigini gostermistir.
Ancak isitsel ve gorsel islevsel aglar arasindaki baglanti giiciiniin kaydadeger
bir sekilde arttigi gozlemlenmistir. Bu bulgular, kisa cagrigimsal ogrenme
periyotlarinin dahi erken alg1 alanlar1 arasindaki baglantiya etki edebilecegini
onermektedir.

Anahtar sozcikler: Coklu-duyumlu cagrigim, dinlenim iMRG, islevsel

baglantisallik, hareket algisi, algisal plastiklik.
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Chapter 1

Introduction

7 A science of the mind must reduce ... complexities (of behavior) to their ele-
ments. A science of the brain must point out the functions of its elements. A
science of the relations of mind and brain must show how the elementary ingre-

dients of the former correspond to the elementary functions of the latter.”

William James [10]

1.1 Associative Learning

Associative learning is a type of conditioning which states that two stimuli, or a
stimulus and a behavior, or two experiences reinforce each other in the process
of learning, and are grouped together into one associative memory. The most
prominently known forms of conditioning are classical (Pavlovian) and operant
conditioning, which is distinguished from Pavlovian conditioning by its use of
reinforcement or punishment to change an action-outcome association [11]. The
benefits of associative learning are exploited in a wide range of fields. In daily
life, we associate an eyebrow with the rest of the face, thus it becomes harder to
recall what an eyebrow looks like if everything except that eyebrow is obscured. In

education, associative learning can be a powerful teaching tool that helps students
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to learn information with more accuracy. Learning by association is important for
many processes, including motor actions, physiological body responses, emotional

reactions, reasoning, and many other psychological concepts [1].

Another important function of associative learning is inducing sensory plastic-
ity within adult’s brain. Hubel and Wiesel [12] conducted first studies on sensory
plasticity and found that there is a critical period for organization of the visual
system. Originated from the first sensory plasticity studies [12], researchers de-
bate that sensory plasticity in post-ontogenetic adult’s brain is limited compared
to post-natal development stages [13]. However, contemporary work suggests that
cortical regions are distinctive in ways of learning they represent, not in their ca-
pacity to undergo learning-dependent change [14], consistent with Thorndike’s
theory of associative learning [15]. In connection with this, one study demon-
strated that after a training period, in which monkeys learned to associate two
visual stimuli, inferotemporal (IT) cortex neurons, which were not responsive
before the learning, become selectively activated in the presence of associated
stimulus [16] as cited in [17]. Another study reached similar results: McIntosh et
al. |[18] showed that following an association training between a particular sound
and visual stimulus, auditory stimulus in isolation induced neural activity in left
dorsal occipital cortex. These studies are important for elucidating how nervous

system functions as a cohesive network in learning process.

The history of associative learning traces back to the very first articles about
vision in attempt to explain perception [19]. Thorndike [15] proposed a theory for
associative learning opposing the classical idea, which claimed learning one dis-
cipline would improve one’s ability to learn any other discipline. He stated that
learning transfer between disciplines was only possible to the degree to which
they shared common properties. Despite of its deep rooted history, associative
learning did not attract the attention it deserved when the behaviorism became
widespread during 1950s because early classical conditioning studies were focused
on the improvements in discrimination ability rather than the associations [20]. In
these earliest experiments, associative learning was not considered a form of per-
ceptual learning. Gibson and his colleagues attributed such learning to perceptual

system’s high level of sophistication: perception was not influenced by classical
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conditioning because perception cannot be oversimplified to simple stimulus-to-
response mappings [1]. In his paper, Rescorla [21] defied this argument suggesting
that associative learning played an important role in changes at the neuronal level.
Recent studies supported this suggestion. By using a cue recruitment method,
Haijiang and his colleagues [1] provided the information that associative learning
was in fact a form of perceptual learning. They found that an arbitrary signal
can be engaged by the visual system as a cue for biasing visual appearance of an

object (for more information see jsection 1.2)). Hence, associations can be more

useful than it was previously thought in constructing perception.

After establishing the perceptual ground for associative learning, the question
of how associative learning is accomplished in the brain remains to be elucidated.
A neural basis for associative learning was suggested by William James during
nineteenth century |10]. In the Jamesian hypothesis, it is suggested that there are
parallel visual information processing channels for different stimuli, and the flow
of information through these channels are mostly feedforward. Moreover, theory
suggests that there are also lateral connections between these different channels
that are engaged in the crosstalk. Normally, for a stimulus A there is a selective
channel A, and for a stimulus B there is a selective channel B in the visual system.
Then, through training (or any learning paradigm) a person learns to associate
(crosstalk) stimulus A with stimulus B. Thus, as A and B become associated,
neurons initially responding selectively to one of these stimuli will be activated
as well by the associated stimulus through strengthening of connections between
channels. The neural mechanisms for associative learning is explored more in

later sections.

1.2 The Effects of Associations on Visual Per-

ception

The influence of associative learning on perceptual experience has been recently

highlighted in the modern literature [22]. A recently conducted study examined



the role of cue recruitment, a form of associative learning, on visual perception [1].
Observers were presented movies of a rotating wire-frame (Necker) cube, which
was perceptually bistable. A training phase had depth cues (stereo and occlusion),
which forced a particular perceived direction of rotation. In addition, a new signal
was presented (4" or ”-” values), which gave no perceptual information about
the rotation direction, but that was always paired with motion perceived in a
consistent direction. At the test phase, only the new signal was presented
1.1)). During the post-training test phase, which did not feature the depth cues,
they found that the new signal was able to bias the perceived rotation direction
of the cube. Their findings support the view that a new, previously irrelevant
cue can be recruited by the visual system and visual appearance can be modified

by formed associations.

Before Training Training After Training
+ new signal (+) + new signal (+) + new signal (=) + new signal (+)

h0 s o7

Figure 1.1: Experiment design for the cue recruitment paradigm [1]. Before
training the new signal, (+) or (-), had no influence on the perceived rotation
direction. After training the new signal that was paired with two directions of
rotation biased the perception of rotation.

Single-cell recording studies also explained the effects of associations on sub-
sequent perceptual experience and corresponding sensory plasticity in the cortex.
Schlack and Albright [2] revealed that motion sensitive neurons of rhesus mon-
keys exhibited unprecedented selectivity for shapes after a period of association
training. They trained rhesus monkeys to associate specific directions of moving
dot patterns with specific directions of a static arrow shape . After



the training, they recorded responses of the neuron which were initially unre-
sponsive to the static stimuli. Results showed these neurons became activated by
the static arrows associated with the preferred directions of motion. In another
study, Fitzgerald et al. [23] trained monkeys to associate pairs of arbitrarily se-
lected static shapes. They found that the selectivity of the recorded LIP (lateral
intraparietal cortex) neurons were altered by these learned associations. These
studies indicate that there is plenty of room for sensory plasticity induced by

associative learning.
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Figure 1.2: Visual stimuli and experimental paradigm for association learning [2]
(A) Monkeys learned to associate up and down motions with up and down direc-
tion arrows. (B) Behavioral task that was used for forming paired associations
between motion types and arrows.



1.3 Multisensory Associations and Visual Mo-

tion Perception

There is an anecdote by Treichler [24] on the benefits of multisensory training:
"People generally remember 10% of what they read, 20% of what they hear, 30%
of what they see, and 50% of what they see and hear.” In light of this argument,
multisensory training has been appreciated and exploited in the fields of education
and clinical practice, however, solid scientific evidence to support this view has

been very limited to date.

Shams and Seitz [25] noted that sensory specific (unisensory) stimulation
paradigms have been the focus of perceptual learning studies. However, sensory
information in isolation is rarely encountered in natural settings. Therefore, single
sensory modality settings fell short of explaining perceptual learning and related
mechanisms [5, 25, [26]. Being routinely exposed to multisensory stimulation, the
human brain has evolved to operate and learn in contexts which contain different
sensory information simultaneously. In that respect, multisensory illusions includ-
ing spatial ventriloquism [27], temporal ventriloquism [28| 29], and the McGurk
Effect [30], are widely used to study the mechanisms underlying subsequent per-
ception tasks. Many studies investigated how multimodal integration functions
on subsequent unimodal processing and enhances/biases perception and/or task
performance |13, 31-33]. For instance, researchers compared the effects of two
training conditions (i.e., congruent audiovisual training vs. visual-only training)
on a motion detection and discrimination task [13]. They reported that the group
trained with audiovisual configuration performed significantly better in the mo-
tion task compared to the other group. Critically, learning performance between
two training groups was compared only on trials without the auditory stimulus.
In a follow-up study, they measured whether the observers would produce similar
performance when the audiovisual stimuli were not congruent (i.e., sound moving
the opposite direction to the visual stimuli) |[31]. They found that the improve-
ment in learning disappeared, which suggests that learning was not caused by the

alerting effect of the sound but by the congruent effect of the auditory stimulus.



A study by Teramoto and his colleagues [3] was conducted to observe the
effects of adaptation to audiovisual stimuli on illusory motion perception. The
observers were exposed to visual apparent motion (i.e., two white circles placed
side by side) paired with tone bursts for three minutes in the exposure phase (Fig,|
. In the test phase the white circle was displayed twice. The first circle was
synchronized to a tone A and, the second circle was synchronized to a tone B so
that the static circle would be perceived as moving laterally in the same direction
as the apparent motion from exposure phase. Their hypothesis was validated.
They reported that after the exposure the tones were able to drive visual motion
perception for a static visual object; the circle from the test phase was perceived

as moving in accordance with its exposure condition.

Adaptation &q
‘fwn;ﬁl

400 ms

’@ tone A 100 ms
.

.
time @ tone B 100 ms
L]

400 ms

1100 ms

tone B 1100 ms

100 ms

Perceived motion
Figure 1.3: Experimental design for the study of Teramoto et al. [3].

However, the above-mentioned study has an ambiguity, which is whether the
tone bursts were associated with visual apparent motion or the positional infor-
mation of the visual stimuli. To address this issue, Hidaka et al. [4] conducted
another experiment. They used randomly moving dot patterns in which the po-
sitional information of each dot was irrelevant for the purposes of the study. In
their study, they also used three sessions: test before exposure, exposure, and
test after exposure sessions. In the test sessions, participants judged the direc-

tion of the randomly moving dots with different coherence levels accompanied by
the tone bursts of low or high frequencies (Fig. [1.4/A]). Dots were either moving
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right or left, and each trial was matched with a specific tone frequency. In the
exposure session, dots were moving 100% in coherence, and each motion direc-
tion was matched with a specific tone frequency. They compared the results of
before and after exposure test sessions. Their hypothesis was that they would
observe a systematic change in perception of motion direction after the exposure
session, which is what they concluded as a result of their findings .
This study confirmed that new neural representations can be built even in adults’
brains with brief multisensory associative learning [4]. Convergent evidence indi-
cates that multisensory stimulation enhances unisensory motion perception and

learning.
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Figure 1.4: Sound-contingent visual motion aftereffects: experimental design and
behavioral results from the study of Hidaka et al. [4].



1.4 Neural Substrates within the context of Vi-

sual Motion Hierarchy

In the early literature, associative learning-related plasticity was considered a
unique feature of the inferior temporal (IT) cortex neurons [22]. It was even
referred as ”association cortex” over the years [22]. Early neuropsychological
studies supported this view. Sakai and Miyashita [34] indicated that the IT
region of monkeys which were trained to associate two visual stimuli showed
responses of similar magnitude to the unimodal paired stimuli, whereas they
revealed responses of different magnitude to unpaired stimuli. A similar study
which explored the patterns of stimulus selectivity of I'T neurons showed that
paired (associative) learning paradigm induced similar response patterns for the
paired stimuli [35]. Another research group investigated whether the visual-visual
association activity of IT neurons can be observed in crossmodal associations,
expanding the modality specific view of sensory processing regions [17]. They
found that with an audiovisual stimuli delayed match-to-sample task non-visual

stimuli can induce learning-related activation in IT cortex.

More recent studies investigated whether the associative neuronal plasticity
is the common property of all sensory cortices, including low-level visual areas
[2, 36]. Schlack and Albright [2] discovered that neurons in a low-level visual
area, middle temporal (hMT+), showed unprecedented selectivity to the static
visual objects after the visual objects were associated with specific directions of
moving dot patterns . Since hMT+ is considered as an early cortical
area in the visual hierarchy, it becomes clear that associative neuronal plasticity

is not restricted to the IT cortex neurons.

Experiments investigating the early sensory processing showed neuronal plas-
ticity in a modality specific manner, particularly in the visual modality. How-
ever, considering the natural environment in which the human sensory system
evolved, unisensory association studies have their limits in explaining sensory
plasticity in natural settings [25]. Therefore, studies investigating crossmodal

induced plasticity are of great importance. Having said that, a study exploring
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Figure 1.5: Selectivity of an hMT+ neuron following association task [2]. The
Preferred motion direction of the neuron was 216° and monkey learned to as-
sociate downward motion with a down arrow, and upward motion with an up
arrow. (A) The up arrow elicited low rates of spike that were the same as the
upward motion, while the down arrow elicited high rates of spike that were the
same as the downward motion. (B) The blue curve represents mean responses to
the arrow directions, while the red curve represents its mean responses to various
motion directions in A.

human event-related brain potentials (ERPs) during an audiovisual interaction
paradigm showed early audiovisual interactions over right parieto-occipital chan-
nels [37]. In a simple stimulus detection reaction time task (RT), the ERPs in
condition in which visual and auditory stimuli were presented alone (i.e., sum of
two ERPs) was compared with the ERPs in a condition in which visual and au-
ditory stimuli were presented simultaneously. An indicator for the early sensory
interaction of the simultaneously presented bimodal stimuli was identified when
significant differences were detected at the onset of the C1 component, which
is defined as the earliest visual evoked potential. Also, neuronal data showed
correspondence with the behavioral data reflecting shorter RT's for the detection
of simultaneous audiovisual stimuli; cumulative probability analysis of the RTs

ensured that shorter RTs were the result of audiovisual interaction (for detailed

analysis see [37]).

In addition to multisensory integration, multisensory association paradigms are
widely exploited in the quest to observe more prolonged/robust learning-related

activity patterns in early sensory plasticity. Tanabe et al. investigated the
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role of multisensory association in sensory plasticity over early stage cortical areas
with a simple delayed match-to-sample task. They found that observers who
learned to associate auditory and visual stimuli with a trial-and-error method,
displayed an activation increase in the visual cortex in response to the associated
auditory stimulus, and an activation increase in the auditory cortex in response

to the associated visual stimulus as the learning improved.

Of more direct relevance to the current study, recently Kafaligéniil and Oluk [5]
designed an experiment that questioned the the effects of prolonged exposure to
audiovisual stimulation on subsequent unisensory motion perception. Specifi-
cally, by associating phi motion with sound, they aimed to bias the subsequently
perceived visual motion direction. Their findings suggest that formed audiovi-
sual associations affected the visual motion perception without the involvement
of higher-level attention mechanisms. To ensure the isolation of the low-level pre-
attentive visual motion processing, first, they optimized the dot size and intensity
in the display (so that observers could not track the individual dots) and, second,
they introduced a reverse-phi random dot motion-sound association paradigm for
the exposure phase in a separate adaptation experiment . The reverse-
phi motion induced the perception of the motion direction opposite to the physical
displacement, imposing the segregation of pre-attentive motion processing mech-
anisms from attentive motion processing mechanisms [39]. They concluded that
visual stimuli paired with static sounds had divergent effects on the subsequent
reverse-phi and regular-phi motion percepts, depending on the motion adaptation
type in the exposure phase (further explanations are provided in the discussion).
This study is important because it suggests a role for audiovisual associations in
early motion processing contrary to conventional view, which claims that lower-
order visual motion areas are unimodally selective. Taken together, multisensory
research has expanded the view of associative learning-related plasticity, suggest-
ing that plasticity is a shared characteristic of early sensory regions that were

previously considered modality specific [40].
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Figure 1.6: Experimental design and association paradigm [5].

1.5 Learning Dependent Resting State Func-
tional Activity

Brain regions are assumed to be activated only when a form of stimulation is
induced [41]. This assumption has been proven wrong with the improvements
in neuroimaging techniques; even at rest multiple neural circuits are coactivated.
These coactivated neural network patterns occur as spontaneous low frequency
fluctuations in the BOLD signal, and are important for modelling human neu-
ral functional architecture [42]. Different methods have distinctive approaches
in examining resting brain activity, for instance, a study comparing differences
in pattern activity between functional no-task scans and behavioral-task scans
found that resting state networks are consistently decreasing their activity dur-
ing behavioral scans [43]. The positron emission tomography (PET) technique
has been used to determine the physiological baseline for neural activity and to
identify a resting state network [44], and the electroencephalography method was
used to demonstrate neural signals that correspond to haemodynamic brain re-
sponses [45]. A functional MR imaging study showed that there are resting-state

networks (RSN) that are consistently present across participants and sessions [7].

12



Methods investigating this default state neural connectivity generally clustered
around seed-based correlation (SCA) (model-driven) and independent component
(ICA) (data-driven) analyses. Model driven seed-based voxel correlation analy-
sis correlate a seed voxels (or ROISs) timeseries with other voxels timeseries and
detect the functionally connected regions. On the other hand, data-driven inde-
pendent component analysis does not require a specified seed region. Hence, it is
advantageous when the region serving as the connectivity hub of the resting state
network of interest is not known. By using the voxel-based correlations method,
Fox et al. [46] identified two widely distributed networks which either increase or
decrease the activation in a task-related manner. Similarly, with the seed-based
correlations method, Greicius and his colleagues [47] investigated how posterior
cingulate cortex (PCC) and ventral anterior cingulate cortex (vACC) were acti-
vated in the presence of cognitively demanding tasks, passive sensory stimulation
and eyes-closed resting conditions. They elucidated how these regions showed
inverse correlations with other regions that increased activity during a cogni-
tive task. They also found that a default mode network encapsulating PCC and
vACC were deactivated during cognitive tasks, and activated during rest and
passive sensory processing. The seed-based correlation method is advantageous
regarding its straightforwardness; regions that have correlated temporal fluctua-
tions with a chosen seed region are identified as a functionally connected network.
However, there is a shortcoming of this technique, which is non-neuronal fluctu-
ations in the seed region, such as those caused by respiration, could give rise to
unwarranted correlations and connectivity mappings that reflect similar physi-
ological noise rather than correlated neuronal fluctuations [4§]. ICA could be
more a more favorable method in this case [48], [49]. As a data driven approach,
ICA operates without a priori hypothesis or a seed region. It extracts a set
of spatial maps and their associated time series from the data, which together
manifest a functional component. To date, ICA has been exploited to indicate
consistent resting state networks and changes in functional connectivity induced
by learning or aging within identified networks [6, |7, 50, 51]. Here, we adopted an
ICA approach to investigate learning-dependent alterations in intrinsic functional

connectivity as it was implicated by previous studies.
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Recently, the baseline condition (resting-state) of the brain has received at-
tention since understanding resting state functional activity also enhances our
interpretation of task-dependent functional brain imaging studies |44} [52]. There
are multiple theories on the origin and the functions of resting state activation.
One approach is that circuits are constantly processing internal and external
stimuli, and the brain temporarily engages systems to perform overt behaviors
before turning back to its default mode [53]. Another theory states that in-
trinsic resting state activity plays a role in offline processing and consolidation
of memory [41]. Researchers investigated the functional link between resting
state activity and memory consolidation (or reprocessing) with motor learning
tasks [54, 55]. They found modulations within fronto-parietal [55] and primary
motor cortex [54] regions/networks following motor learning procedures. Addi-
tionally, studies explored how the inter-hemispheric functional connectivity was
altered by the motor learning [56]. Sun et al. [56] found that coupling of left and
right primary sensorimotor regions was increased during the learning of a novel
motor sequence. In another study, researchers found modulations in functional
connectivity of the visual cortex and fronto-parietal regions, regions that were
involved in processing visual spatial attention, depending on a visual perceptual
learning task [57]. Using an audiovisual simultaneity judgement training, Powers
et al. [58] showed that functional connectivity between association cortex and
auditory cortex was modulated. They determined a seed region, posterior supe-
rior temporal sulcus (pSTS), and assessed how the coupling of pSTS with other
networks was altered after perceptual training. They focused on a single region’s
connections with other regions. However, current study explores within between,
and inter-regional network connectivity changes induced by sound-motion asso-
ciation training. We evaluated all canonical networks rather than focusing on a

single region.
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1.6 Current Study and Specific Aims

Low-level visual areas were traditionally considered to be sensory-specific and
crossmodal associations were considered to be limited to high-level sensory pro-
cessing [25, 36]. However, there has been growing interest in the processing
level(s) of the crossmodal interactions in motion perception. Previous studies
focused on the distinction between two hypotheses: the former is that cross-
modal interactions emerge in sync with the perception of stimuli, implying there
is no need for high cognitive processing, thus low-level sensory cortices can be
engaged in multisensory associations; the latter is that there are other cogni-
tive processes, which are not exclusive to motion perception, involved in the
decision process of the motion task (post-perceptual factors) [59]. Designing an
experimental paradigm in a laboratory settings that makes a clear distinction
between these two models is challenging. Meyer and Wuerger [60] tried to ad-
dress this dichotomy in their study. They presented random-dot kinematograms
with an irrelevant sound source to measure participants’ discrimination perfor-
mance in a visual motion direction task. They found that post-perceptual factors
were involved in decision making about the motion direction task. Their results
are important for indicating the higher-level mechanisms involved in multimodal
motion processing, however, how sensory-specific processes are involved in cross-
modal interactions remains unexplained. To address this issue, studies utilizing
adaptation aftereffects paradigms offer significant explanations. In one study,
researchers investigated how the perception of motion in depth was affected by
crossmodal after-effects [61]. In the study, observers were adapted to either a
looming or receding square in adaptation sessions. They tested whether a sound
that is fixed in intensity could be perceived as if it was decreasing or increas-
ing in intensity after adaptation to looming or receding squares, respectively.
They found that even though the physical intensity of the auditory stimulus was
the same in every condition, observers perceived them differently because of the
adaptation to visual motion in depth. Their results support the view that mul-
tisensory associations can exist at early stages of motion perception. Another
research group found a supporting result in favor of this view [62]. They com-

pared two conditions: a rightward or leftward auditory stimulus was paired with
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a visual motion in one condition and a stationary sound accompanied the vi-
sual motion in the other condition. They showed that motion perception of a
stationary sound was not captured by the visual motion, in contrast to motion
perception of a moving sound. These results are important for implying a direct
perceptual link between auditory and visual motion processing; the motion after-
effect occurred only when both auditory and visual stimuli moved. As mentioned
above, multisensory interactions in the field of motion perception are widespread.

However, the underlying neural mechanisms are still subject to debate.

The current study investigates the neural correlates of audiovisual induced
changes in visual motion processing. The audiovisual adaptation paradigm of Hi-
daka et al. [4] was employed to observe possible alterations in the perception of vi-
sual motion. Before and after adaptation sessions, functional imaging and behav-
ioral data were collected for comparison. Behavioral part consisted of a pre-test,
in which a visual motion stimuli with the pseudorandomized sound attendance
(i.e., high frequency, low frequency, and only visual) were presented; two-four days
of an association phase, in which high- or low-sound frequencies accompanied the
non-ambiguous (100% coherently moving) visual motion stimuli; and a post-test,
which was basically the same as the pre-test. In the adaptation sessions par-
ticipants learned to associate a high-frequency tone with downward moving dot
patterns and low-frequency tone with upward moving dot patterns, or vice versa.
Before and after association sessions, participants attended fMRI sessions to ex-
amine any activity difference within distinct cortices due to associative training.
MR protocol, in which BOLD response were collected, consisted of resting-state
functional imaging, and passive stimulation (pre- and post-association) functional
imaging sessions. To define functional regions-of-interest (ROIs) participants at-
tended three more imaging sessions with respective stimulation type: hMT+,
medial superior temporal (MST), and auditory cortex were localized during pre-
association MR protocol. Results suggested that there was an upward trend,
though non-significant, in post-association BOLD response of early visual areas
(i.e., V1 to V3) and hMT+ in blocks presenting audiovisual or visual-only mo-
tion, when compared with pre-association BOLD responses . Also,

16



haemodynamic activity in passive stimulation sessions was in agreement with be-

havioral performance in a direction discrimination task (Fig. [1.8/A BJ). Activity

of right visual cortex in visual and audiovisual stimulation trials (Fig. |1.8D,F])
and activity of multisensory association regions in audiovisual stimulation trials

(Fig. |1.8F]) were increased after the association phase.
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Figure 1.7: Parameter estimates from ROI analyses. Blue bars represent pre-
association while red bars represent post-association BOLD response during a
passive stimulation MRI protocol.

This thesis is specifically focused on parallels between functional resting state
activities and perceptual changes induced by association training. There were
three specific objective of the study: 1) To understand how audiovisual adap-
tations induce sensory plasticity in resting state networks, 2) To underline the
possible functional connectivity changes caused by associative learning, and 3)
Assessing the inter-hemispheric interactions/coherence during rest within the vi-
sual motion areas. The chapters are organized as follows: 1) Introduction, 2)
Behavioral methods and results, 3) Functional imaging methods and results, 4)

General discussion and future directions.
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Figure 1.8: Behavioral and functional data results (n=11). Motion direction
discrimination performance in pre-association (A), and post-association sessions
(B). BOLD activation corresponding to visual only (C, D) and audiovisual (E,
F) test trials.
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Chapter 2

Behavioral Training and

Perceptual Changes

Overview

Random dot motion paradigms are frequently used in studies investigating low-
level motion perception. Thus, in the current study observers were trained and
assessed in a random-dot direction discrimination two alternative forced-choice
(2AFC) task. Experimental procedures lasted around 7-10 days. Participants
first attended to a baseline behavioral task, followed by an MRI scan to ensure
the participant was actively engaged in the experiment. Next, a pre-association
test phase took place, followed by a resting state functional MRI. Then, a retino-
topic mapping functional MRI followed. One day later, a behavioral task-based
functional MRI (i.e., localization of ROIs and passive stimulation) was performed.
After a pre-association test phase, association training was initiated. For two-
four days, immediately after training, participants’ performances were assessed
in post-tests. At the last day of training, the post-association functional MRI
data, which included passive stimulation and resting sessions, was acquired. The

details of these procedures (i.e., behavioral training and resting fMRI protocol)
are explained in following sections (Fig. IFig. [3.1)).
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Figure 2.1: Experiment outline. The experiment was comprised of pre-test, pre-
test functional MRI, association, post-test, and post-test functional MRI stages,
and was conducted in the respective order. Details of functional imaging are
described in the next chapter.

2.1 Method

2.1.1 Participants

Eleven adults volunteers (three males, eight females, age range: 21-27 years) par-
ticipated in the study, all of whom were naive to the purpose of the experiment.
All observers reported normal hearing, and normal or corrected to normal vision.
None had any history of neurological disorder, and all signed an informed con-
sent form prior to participation (details of consent form could be found in the
Appendix B). Participants were paid to participate in the experiment. The pro-
cedures in the experiment were conducted according to international standards
(Declaration of Helsinki) and were approved by the ethics committee of Ankara

University, Faculty of Medicine.

2.1.2 Apparatus and Stimuli

Participants sat in a dark and sound-attenuated room, 57 ¢m from a 217 LCD
monitor (NEC MultiSync 2190UXp, 1600 x 1200 pixel resolution and 60 Hz re-
fresh rate). The temporal precision of visual and auditory stimuli was provided
by high performance video (NVIDIA GeForce Graphics) and sound (Asus Xonar
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ASIO Compatible) cards. Matlab version 7.12 (MathWorks) equipped with Psy-
chToolbox 3.0 [63, [64] was used for stimulus generation and acquisition of behav-
ioral data. A SpectroCAL photometer was used for luminance calibration and
gamma, correction of the display. Sounds were emitted to both ears by circumau-
ral headphones (Sennheiser HD 518) without interaural time- or level-differences.

Tone amplitudes were calibrated using a sound-level meter (SL-4010 Lutron).

A small red circle (12 arcmin diameter) at the center of the display appeared
as a fixation target on a black background (0.27 cd/m? background luminance)
during each trial. Visual motion stimuli appeared following the onset of the
fixation circle. Motion stimuli were dots (3.5 dots per deg?, gray, luminance:
65.62 cd/m?) with random up and down movements, and were presented at the
left side of the fixation circle in each trial. Motion stimuli consisted of 60 random-
dot frames (i.e., 1 s in the training and test phases) and were presented within
a uniform circular aperture (radius: 2.5°). The dot density of each random-
dot frame was 14 dots/deg and each dot had a 12 arcmin diameter. The dots’
coherence was manipulated: 5%, 15%, 30%, 45%, 60%, and 90% of dots moved
either up or down as the target direction, while remaining dots moved randomly
except for the target motion direction. A white noise motion algorithm [65] was
utilized to manage the strength of the motion signal and determine the position
of every dot in each random-dot frame. The motion signal was generated by
the coherent dots that were moving up or down in coherence whilst noise dots
moved in random directions with alternating speeds. The white noise motion
algorithm predicts the lifetime of coherent motion dots, which is the probabilistic
outcome of motion coherence [66, 67]. As the ratio of coherent dots decreases
the direction discrimination becomes harder due to their short lifetimes. In the
same way, as the percentage of coherent dots increases dots’ lifetime also increases.
Thus, discrimination of motion direction becomes easier. In the association phase,
however, all dots moved in 100% coherence in one direction and they stayed on the
screen for the entire motion display. An illustration of the random-dot motion
stimulus for test and association phases was provided in [Fig. 2.2l Finally, an
auditory stimulus (83 dB SPL) that was either a high (2000 Hz) or low (500 Hz)

frequency static tone was paired with the motion stimulus. The duration of the

21


http://www.mathworks.com

auditory stimulus was 1 s. There was a 10 ms rise and decay time for each tone

burst and they each were sampled at 44.1 kHz.s

0% Motion Coherence 30% Motion Coherence 100% Motion Coherence

Figure 2.2: Random-dot stimulus diagram for three levels of coherence. At 100%
coherence, dots move in a fully coherent fashion in one direction (up or down). For
other levels of coherence (5, 15, 30, 45, 60, 90%), the dots either move coherently
(filled symbols) or randomly (empty symbols) in successive frames.

2.1.3 Procedure

The experiment consisted of three different sessions: pre-association, association,
and post-association phases. In the association phase two different pairing were
formed: a 100% coherent up motion display was synchronized to a low-frequency
(500 Hz) tone burst (upward-sound condition), and a 100% coherent down motion
display was synchronized to a high-frequency (2000 Hz) tone burst (downward-
sound condition); the second pairing was just the opposite of the first one (Fig.|
. Seven of the participants were exposed to first pairing in the association
phase, the remaining participants were exposed the second pairing. There were
200 presentations, 100 for each pair, and the duration of the each audiovisual
motion display was 1 s. The order of the presentations was pseudorandomized.
Including the duration of stimulus presentation and the interval between each
stimulus presentation, the association phase lasted about 8 minutes. Participants
were expected to attend to both visual motion and static sound stimuli while they
were fixating on the red circle at the center of the screen. A chin-rest was used to

stabilize participants’ head and they used a keyboard to indicate their responses.
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A fixation (900 -1000 ms)

no-sound (1000 ms)
response (up or down)

dots with sound (1000 ms) ;

response (up or down)

fixation (900 -1000 ms)

dots with sound (2000 Hz)

dots with sound (500 Hz)

Figure 2.3: Representative trial sequence for test and association phase. (A) Test
phase. (B) Association phase.
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In the pre- and post-association test sessions, the presentation of the random-
dot motion with the static tones were exactly the same . In each trial
of the two test sessions, the coherence of visual motion stimuli was pseudoran-
domly assigned from the six values that were mentioned above: 5, 15, 30, 45, 60,
and 90%. Both test sessions have upward (tone paired with up direction during
the association phase), downward (tone paired with down direction during the
association phase) and no sound (visual-only) trials. Each sound condition was
presented six times per session. Each pre- and post-association test session con-
sisted of 216 trials (3 audiovisual conditions x 6 motion coherence levels x 2 motion
directions x 6 trials per stimulus). Observers completed a two-alternative forced
choice task, in which they judged the direction of motion on the screen whilst
fixating on the red circle at the center of the display. They were instructed not to
attend individual or groups of dots, but attend the global motion. They were also
required to attend the visual motion stimuli and static tones together when they
were simultaneously presented. To prevent tracking of dot patterns from previous
trials, the random dot patterns were changed in each trial. Participants indicated
their response by pressing the 8 (for up) and 2 (for down) keys at the end of the
each trial. After the pre-association test phase (2 blocks x 216 trials) participants
completed association and post-association test phases for two-four consecutive
days. Immediately after the 8 minute association session, two post-test sessions
followed for two-four consecutive training days. Participants were encouraged to
take breaks between blocks to maintain a high concentration level and prevent
fatigue. Before behavioral data collection participants were acquainted with the

random-dot motion paradigm.

2.1.4 Behavioral Data Analysis

Behavioral data analysis was performed with Matlab version 7.12 (Mathworks).
Psychometric curves were produced using functions from the psignifit toolbox
(version 2.5.6.) implemented in Psychtoolbox 3.0 [63] [64]; the single and group
averaged data from audiovisual and visual-only conditions were fit with a cu-

mulative Gaussian function. The 50% point of subjective equality (PSE) was
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estimated by fitting cumulative Gaussian (normal distribution) function to each
individual’s data utilizing a maximum likelihood curve fitting technique [68) |69].
PSE is the motion coherence level for which upward and downward motion di-
rections are equally probable. PSE shifts between the no sound (visual-only)
and downward /upward sound conditions were calculated to better demonstrate
the comparative effects of auditory tones on visual motion perception (i.e., the
influence of each auditory tone on PSE values). To visualize PSE shifts, each
subjects’” PSE for the visual-only condition was subtracted from the PSE for
the downward- and upward-sound conditions. We applied a two-way repeated
measures ANOVA (2 sound conditions x 2 test phases) on the PSE shifts, and
conducted post-hoc tests for the simple main effects. In a complementary analysis
we analyzed how the responses for the most ambiguous dot motion (i.e., coher-
ence 5%) changed between pre- and post-association conditions by conducting a

paired-samples t-test.

2.2 Results

Changes in behavioral data were in the expected direction. In the pre-association
and post-association test sessions, as the motion coherence level decreased ob-
servers’ discrimination ability for motion direction also diminished. In the same
fashion, as the proportion of coherently moving dots increased, direction judge-
ment of the observers was also improved . The results were plotted
as psychometric functions for pre-association and post-association test sessions.
Percentage of upward motion perception against the proportion of motion coher-
ence for pre- and post-association test sessions was indicated in Fig. and B,

respectively.

As indicated in tone bursts of high- and low-frequencies did not
affect the perception of motion direction in the pre-association test phase. Three
psychometric function curves (upward sound, downward sound, and no sound
conditions) are in alignment with each other (no-sound condition
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was not shown to avoid confusion). In the post-association test phase, the psy-
chometric function for the upward sound condition was shifted to left, and the
psychometric function for the downward sound condition was shifted to right, as
expected . Thus, the association phase influenced how participants
perceived the motion direction: the tone that was paired with upward motion
(upward sound condition) caused an increase in reports of upward motion and
the tone that was paired with downward motion (downward sound condition)
caused a decrease in reports of upward motion when the coherence level of the
random-dot motion was low (Fig. [2.4B]). The PSE values were affected accord-
ingly: the PSE value in the downward sound condition became greater whilst

PSE value in the upward sound condition became smaller following the exposure

phase.
A B
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Figure 2.4: Results of behavioral experiments. Group averaged data (n = 11) for
different experimental conditions. (A) Psychometric functions for pre-association
data. (B) Psychometric functions for post-association data. Plots were designed
to indicate the proportion of upward motion responses in all trials. On the hori-
zontal axis, negative values correspond to downward motion, and positive values
correspond to upward motion. The filled blue circles represent the downward
sound condition, whilst the filled red circles represent the upward sound condi-
tion. The 50% response point was estimated as the point of subjective equality
(PSE) for each condition. Error bars denote the & SEM (standard error of mean).

A statistical analysis that investigates the shifts in PSE values was conducted
[two-way repeated measures analysis of variances (ANOVA), with test phase and
sound condition as factors, . The main effect of test phase was not
significant [F' (1,10) = 0.290, p = 0.602], but the main effect of sound condition
was significant [F' (1,10) = 14.881, p = 0.003]. The interaction between these two
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factors was significant [F' (1,10) = 10.540, p = 0.009]. To determine exact quality
of the two-way interaction we ran follow-up tests. Pairwise comparisons revealed
a significant effect of sound condition on PSE shifts in the post-association test
[F (1,10) = 6.421, p = 0.03] but not a significant effect in the pre-association test
phase [F' (1,10) = 2.630, p = 0.136].

Another statistical analysis was performed in order to show the response
change between two test phases for coherence level of 0.05 (this coherence level
was used in the presentation of random-dot motion stimuli in functional imaging
protocol). The paired-samples t-test analysis revealed that there was significant
change in responses between pre- and post-association conditions; the difference
between downward and upward sound conditions at a coherence level of 5% was
significantly greater in the post-association compared to the pre-association con-
dition [Fig. [2.6] ¢ (10) = 3.3688, p = 0.0071]. These results demonstrate a robust
sound effect on visual motion; after a prolonged exposure phase to static tone
bursts the ambiguous visual motion become biased towards the exposed audiovi-

sual adaptation.
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Figure 2.5: The averaged PSE shifts (in units of motion coherence level) across all
observers as a function of test phase. The blue bars in both test phases correspond
to the downward sound condition, whilst the red bars correspond to the upward
sound condition. Error bars denote the + SEM.
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Figure 2.6: The averaged response change (n =11) for the 0.05 coherence level as
a function of test phase. Error bars denote the + SEM.
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Chapter 3

Functional Imaging Protocol and
Results

Overview

The scanning protocol consisted of anatomical scans followed by a block-design
multisensory stimulation protocol that featured the audiovisual random-dot dis-
play from the behavioral training, three functional region-of-interest (ROI) scans,
and a resting state functional connectivity scan. Functional ROIs were acquired
during the pre-association MR imaging. This section includes only resting-state

functional protocol.

Pre-Association Pre-Association Post-Association Post-Association

Test Phase Functional MRI

I 12 Coherence Le} I 5% Coherent D> 100% Coherent Dats 12 Coherence Levels 5% Coherent Dots

Figure 3.1: Experiment outline. Details of functional imaging sessions are ex-
plained below.

Association Training | ¢ 3

Test Phase Functional MRI
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3.1 Methods

3.1.1 Participants

Eleven adult volunteers participated in the study (three males, age range: 21-
27 years) with all being naive to the purpose of the experiment. All observers
reported normal hearing, normal or corrected to normal vision and gave written
informed consent prior to participation. Participants were paid to participate in
the experiment. The procedures in the experiment were conducted according to
international standards (Declaration of Helsinki) and were approved by the ethics

committee of Ankara University, Faculty of Medicine.

3.1.2 Apparatus

A 3-Tesla fMRI scanner (Siemens Intera Achieva 3T) was used to generate
high resolution anatomical images and to measure blood-oxygen-level-dependent
(BOLD) signals. Full-brain coverage was achieved using a 12 channel full-volume
(birdcage) radiofrequency (RF) head coil. To minimize the head movements, a
vacuum cushion and cushioned head stabilisers that reached the cheeks from the
sides of the head coil, were used. MR compatible headphones were utilised to
eliminate possible sound artifacts that resulted from the MRI machine throughout

the data acquisition.

3.1.3 Structural MR Imaging

At the beginning of the structural imaging sessions 10 seconds long localizer
scan with three orthogonal slices was acquired from all participants. Then, the
high resolution anatomical scans that lasted 4 min 36 s produced coarse 3D T'1-
weighted images [176 slices, TR = 7.982 ms, TE = 3.68 ms, thickness = 1 mm,
field of view (FOV) = 256 x 256 mm, matrix size = 256 x 256 x 176, voxel size
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=1x1x1mm].

3.1.4 Functional MR Imaging

Prior to pre-association and at the end of the post-association test sessions 12 min-
utes (time-points x time resolution) of resting-state functional connectivity data
was acquired, during which observers were instructed to do nothing, close their
eyes, and relax. The haemodynamic responses were acquired with a T2*weighted
standard EPI sequence (28 slices acquired in a ascending interleaved pattern, TR
= 2000 ms, TE = 35 ms, slice thickness = 3 mm, FOV = 240 x 131.5 mm, matrix
size = 80 x 78 x 28, voxel size = 3 x 3 x 3 mm). 360 time-points were obtained

per functional run.

3.2 Imaging Data Analyses

3.2.1 Image pre-processing

All imaging data were stored as DICOM (.ima) files, which were later converted
to NIFTI (.nii) files for use in analyses with FSL. A software program called
dem2nii (MRIcron) was used to convert imaging data. For the whole imaging
data pre-processing and statistical analysis, we used tools from the FMRIB Soft-
ware Library (FSL) [70-72]. Functional data was pre-processed using the FEAT
tool prior to statistical analyses [70]. Pre-processing consisted following steps:
brain extraction using BET [73] [74]; motion correction using MCFLIRT [75];
spatial smoothing with a Gaussian kernel of 6 mm; slice timing correction with
interleaved option; and high-pass temporal filtering at 100 s. Then, a registration
step was performed: low-resolution functional images were warped to subjects
high resolution T1-weighted structural images and then these high resolution im-
ages were warped to the standard Montreal Neurological Institute (MNI) space

with 2 mm isometric voxels via linear and nonlinear registration using FLIRT

31


http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSLNets

(FMRIB Linear Image Registration Tool) and FNIRT (FMRIB Nonlinear Image
Registration Tool) within FSL [76]. Due to excessive head movements of one
participant detected with the MCFLIRT motion correction tool we have deleted
(with MRIcron) the last 100 time-points from each observers data, thus analyses

were performed in the first 260 time-points of each individual’s data.

3.2.2 Independent component analysis

Functional resting state data that were pre-processed was readied for statisti-
cal analysis. An independent component analysis (ICA) approach implemented
in Multivariate Exploratory Linear Optimized Decomposition into Independent
Components (MELODIC) was used for analyzing pre-processed resting state
data [77]. MELODIC can operate without any explicit timeseries model being

specified, which is convenient for functional resting state data analysis.

Briefly, individual 4D data sets were decomposed into different spatial inde-
pendent maps and sets of associated temporal components. Since each observer
had different timeseries a multi-session/multi-subject, temporal concatenation
method was applied for analyzing combined data from all scans of all sessions
. Group-averaged ICA components detected with a temporal concate-
nation method can be decomposed into subject-specific versions of spatial maps
and associated time series in follow-up analyses. We have run 3 different ICA
manipulating the component number (i.e., dimensionality). 4D fMRI resting data
sets were decomposed into 15, 20, and 25 (i.e., ICA-15¢c, ICA-20c, and ICA-25c¢)
output components, to avoid overfitting or underfitting 77, [78]. Resting-state
networks of interest were identified using an automated approach which calcu-
lates the spatial correlation between each component and the standard masks of
the canonical networks, as determined previously by Beckmann et al. [6]
. The component that has the highest anatomical similarity to the each net-
work, found by [7], was chosen for the following group-difference analysis
3.4). To investigate similarities in three different ICA outputs, we spatially cor-

related all identified components from three ICA using fslcc. The components
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that had the highest correlations were identified as canonical networks defined
in previous studies [6 [7](Table [3.1). The threshold level for the active voxels
was chosen as 0.5 [77]. The chosen threshold level reports that the probability
of the belonging to the non-background mixture outgrows the probability of the

belonging to the background noise for a voxel, meaning that the voxel survives.

voxels #components voxels

° &

o § o

7 : E
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| O 2 v
|| 4 2
3 "1l 2 5
FMRI data 2 o

Figure 3.2: Diagram for temporal concatenation group-ICA

The appropriate generalized linear model (GLM) for single-group paired dif-
ference, which assesses whether the average difference of first (pre-association
resting-state session) and second (post-association resting-state session) run is
different from zero, was employed and was also used in permutation analysis in
later stages [6]. For the group differences within each network, a dual-regression
approach was then taken [8, |79]. This regression technique allows voxel-wise
comparisons of resting state networks. There are two different stages to the dual-
regression approach: in the first stage, group-averaged resting-state networks
(RSNs) were used as regressors in a GLM analysis to extract a timeseries of the
BOLD signal from the EPI data from each participant and each session indepen-
dently, in the second stage, the timeseries that were extracted in the first stage
were used in a second GLM analysis to obtain the subject-specific set of spa-

tial maps that corresponded to each resting-state network time course for each

participant and session separately (Fig. [3.5)).

After the dual-regression analysis, a non-parametric permutation-based statis-
tic that uses a standard GLM design setup was performed to produce between-
condition activation maps for the networks we were interested in. Randomise

as implemented within FSL was used for this analysis [80, [81]. Two contrasts
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Figure 3.3: PICA-estimated resting state patterns from [6]. (a) Medial visual
cortical areas, (b) lateral visual cortical areas, (c) auditory system, (d) sensory-
motor system, (e) visuo-spatial system, (f) executive control, (g,h) dorsal visual
system.

were run to measure changes in any direction . We generated 5000
permutations of the data for testing against the null distribution. To find signifi-
cant clusters (p <0.05) threshold-free cluster enhancement (TFCE) images were
created. This method is useful since it finds the clusters in our data without
having to define them in a binary way [82]. Whether any image survived the
thresholding or not was checked by a further analysis for ICA-15¢, ICA-20c, and
ICA-25¢ separately. We decided to ignore 5 of the ICA-15¢ components, 10 of
the ICA-20c components, and 15 of the ICA-25¢ components as being artefac-
tual, and since we have run two contrasts for both direction (i.e., pre >post, and
post >pre) we needed to apply a Bonferroni correction and our significance value
for corrected images needed to be <0.005 (0.05/5%2), <0.0025 (0.05/10*2), and
<0.0017 (0.05/15*2), respectively.
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Figure 3.4: Mean tensor-PICA estimated resting state patterns from [7]. Com-
bined results of two different analyses revealed 10 coherent resting fluctuations.
(A) Lateral visual, (B) default mode network, (C, D) memory, (E) medial visual,
(F) sensorimotor, (G) ventral stream, (H) dorsal stream, (I) auditory cortex, (J)
executive control.
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Figure 3.5: Dual-regression analysis representation [§].
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Figure 3.6: Non-parametric permutation based analysis representation [8].

In addition to independent component analysis, we extracted the mean resting
state BOLD signal from each of the binarized MELODIC-defined resting state
networks to determine their overall strength: firstly, the components were di-
vided into sub-elements to obtain every observers’ pre- and post-test mean value
(strength of network) for that component, then using 'fslutils’ as implemented in
FSL we output the average timeseries for each of these voxels (Fslutils). In the
final step, we compared the averaged networks for pre- and post-test performance

using paired-samples t-tests (Fig. [3.10)).

In an exploratory analysis, we extracted time courses from individual subjects
resting state data for eight identified networks to better visualize the change in the
BOLD signal . The timeseries outputs in stage 1 of dual regression (i.e.,
one text file per subject, each containing columns of timeseries - one timeseries
per group-ICA component) were fed into a network matrix estimation analysis to
normalize the signal intensity by removing bad components. Each separate time

series of each subject was normalised to have a standard deviation of 1.

3.2.3 ROI-based analysis

We obtained anatomical ROIs for middle temporal (hMT+) from the Jiilich his-
tological (cyto and myeloarchitectonic) atlas [83) |84] implemented in FSL. Two
masks were created from the atlas; right and left visual cortex V5 (hMT+).
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Masks were binarized at the threshold level of 10 (i.e., voxels that have inten-
sity higher than 10 passed as active) . MNI152 coordinates of these
ROIs were obtained to be utilized in drawing ROIs for each individuals pre-
and post-resting EPI images and in extracting averaged timeseries. FLIRT was
used to warp pre- and post-resting EPI images into the same space as MNI152
with 2 mm isometric voxels. The reference regions for the left and right hMT+
were bmm spheres that were centered around MNI coordinates (-42 -74 4) and
(50 -66 6), respectively. The time-course of the resting-state BOLD signal was
extracted from each subject’s images (i.e., left and right hMT+) for each test
phase (i.e., pre- and post-association resting). We, then, correlated the resultant
time-courses between hemispheres (i.e., right hMT+ with left hMT+) to quantify
inter-hemispheric functional connectivity in pre- and post-association resting us-
ing correlation analysis. The resultant Pearson’s r values for each subject’s inter-
hemispheric correlation were converted into z-scores using Fisher’s r-to-z trans-
formation since Pearson’s r is not normally distributed. Finally, paired-samples
t-tests were conducted on the resulting z-scores to observe changes between the

pre- and post-association test conditions.

Figure 3.7: Right (A) and left (B) hMT+ masks.

3.2.4 Network Modelling

A network modelling approach was adopted to assess connectivity between iden-
tified networks. Subjects’ timeseries for all networks from stage 1 of dual regres-
sion and spatial maps from ICA (i.e., group-ICA 4D NIFTI file) were fed into

FSLNets network modelling. The normalized timeseries for each network (node)
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were averaged across subjects and their spectrum was plotted (Mathworks). For
further cleanup bad nodes (i.e., nodes that are not identified as canonical or part
of a canonical network in ICA and fslcc) were removed and only the nodes of
interest remained. Deleting bad nodes aggressively is recommended when doing
partial correlation . We ran full correlation and regularized partial correla-
tion to compare different properties. After deleting bad nodes, network matrices
for each good node (i.e., nodes of interest) were computed. Resulting r-values
were transformed into z-values using Fisher’s r-to-z transform. To observe the
consistency of network matrices across subjects and runs, we estimated the group
mean. Then, a hierarchical clustering of networks was applied. The hierarchy was
formed from networks that were highly correlated to networks that were poorly
correlated. Finally, we ran paired-samples t-tests to assess how the networks’
correlations varied across pre- and post-tests using the design matrix and con-

trasts obtained with GLM (i.e., univariate cross-subject analysis). The steps in
network modelling are illustrated in [Fig. (3.8
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# Define network nodes (spatial coordinates or regions of interest)
|dentify a timeseries associated with each node
® Estimate the edge strengths, or connections between the nodes
# For example, correlate each timeseries with every other timeseries
# If the data (and method for estimating edges) permits the estimation of causality,
the edges may be uni-directional, resulting in an asymmetric network matrix
TRENDS in Cognitive Sciences

Figure 3.8: Steps in resting state network modelling ﬂgﬂ
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3.3 Results

3.3.1 Network strength changes

Three different ICAs coherently identified eight resting state networks that corre-
sponded to medial visual, lateral visual, sensory-motor, default mode, executive,
left dorsal visual stream, right dorsal visual stream, and auditory networks as
previously estimated [6], |7]. shows the components identified in 25
components ICA. The medial visual network was identified as the spatial map
including striate and parastriate areas [7]; lateral visual network was identified
as the spatial map consisting peristriate area, and lateral and superior occipital
gyrus [7]; sensory-motor network included regions pre and post-central gyri [6];
the default mode network consisted of prefrontal, anterior and posterior cingu-
late, inferior temporal gyrus and the superior parietal area [7]; executive function
was defined as the map comprising prefrontal cortex, dorsal anterior cingulate,
and superior parietal cortex [7]; left and right dorsal visual stream was encom-
passing the middle frontal and orbital, superior parietal, middle temporal gyrus,
and the posterior cingulate of left and right hemispheres, respectively [6]; and the
auditory network showed a cluster containing the superior temporal and insular

and postcentral cortex [7].

Permutation analyses preceded by regression analyses for three ICAs revealed
no significant results for any of the canonical networks. Canonical networks (i.e.,
medial and lateral visual, auditory, DMN, executive, sensory-motor, right and
left visual dorsal) showed no significant group differences between pre- and post-

audiovisual association conditions.

Extracted mean resting state BOLD signals from each of the binarized
MELODIC-defined resting state networks were compared between pre- and post-
association conditions . The results of this exploratory analysis re-
vealed that even though there was a trend showing an increase in post-association
BOLD response in most of the networks, statistical testing determined that this

trend was non-significant [medial visual: ¢ (10) = 1.0010, p = 0.3404, lateral
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Figure 3.9: Estimated resting state networks with multi-session temporal con-
catenation method from group averaged data (for 25 components ICA): sagittal,
coronal, and axial view of spatial map for each component. Networks are repre-
sented as (A) medial visual, (B) lateral visual, (C) default mode, (D) auditory,
(E) sensory-motor, (F) executive, (G) left dorsal visual stream, and (H) right
dorsal visual stream. Thresholded z-statistic images are overlaid on standard
(MNI152) space. The red to yellow bar represents z-values, ranging from 3.0 to
6.0. The left hemisphere of the brain corresponds to the right side of the image.
(A: anterior, P: posterior, S: superior, I: inferior, L: left, and R: right).

visual: ¢ (10) = 1.2812, p = 0.2290, DMN: ¢ (10) = 1.7446, p = 0.1117,
auditory: ¢ (10) = 1.5447, p = 0.1535, sensory-motor: ¢ (10) = 1.5853, p =
0.1440, executive: ¢ (10) = 0.7977, p = 0.4436, LDVS: ¢ (10) = 1.5312, p =
0.1567, RDVS: ¢ (10) = 0.8641, p = 0.4078|. Paired-samples t tests for averaged
timeseries of identified networks showed no significant difference between pre- and

post-association conditions.

displays the BOLD signal intensity timecourses for eight networks
from one representative subject. Each separate time series of each subject was

normalised to have a standard deviation of 1.

40



Network Strength

Medial Visual Lateral Visual DMN

W Pre-test
M Post-test

Auditory Sensory-Motor Executive LDVS RDVS

Figure 3.10: Changes in network strength between pre- and post-association ses-

sions (ICA-25¢). Error bars indicate + SEM.
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Figure 3.11: BOLD signal intensity time-courses for eight networks of observer
S6. Timeseries are represented as (a) medial visual, (b) lateral visual, (¢) DMN,
(d) auditory, (e) sensory-motor, (f) executive, (g) LDSV, (h) RDSV. Blue curves
indicate the pre-association, and red curves indicate post-association resting sig-
nal. Each separate timeseries of each subject was normalised to have a standard
deviation of 1.
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Table 3.1: Cross-correlation of timeseries in ICA-15¢, ICA-20c, and ICA-25c.
Components that showed the highest correlation were marked as bold.

Network ICA-15c | ICA-20¢ r Network ICA-15¢  ICA-25¢ r Network ICA-20c | ICA-25c r
Medial Visual 1 1 0.803 J Medial Visual 1 1 0.806 [ Medial Visual 1 1 0.819
1 7 0.543 1 9 0.262 [ Lateral Visual 2 2 0.769
Lateral Visual 2 2 0.804 [ Lateral Visual 2 2 0.688 DMN 3 5 0.779
2 7 0.229 2 9 0.323 3 7 0.227
2 9 0.267 2 11 0.264 4 4 0.819
2 18 0.399 [ Sensory-Motor 3 6 0.694 5 3 0.756
Sensory-Motor 3 6 0.837 3 13 0.26 | Sensory-Motor 6 6 0.84
3 12 0.205 DMN 4 5 0.762 6 13 0.231
3 15 0.248 4 6 0.206 7 9 0.522
3 20 0.357 5 4 0.755 8 3 0.225
DMN 4 3 0.942 5 24 0.323 Executive 8 7 0.785
5 4 0.915 6 3 0.737 9 20 0.501
5 9 0.36 6 13 0.277 LDVS 10 8 0.696
6 5 0.948 7 3 0.212 11 10 0.672
6 19 0.258 Executive 7 7 0.8 12 3 0.228
Executive 7 8 0.985 8 6 0.21 RDVS 12 12 0.512
RDVS 8 12 0.922 RDVS 8 12 0.541 12 16 0.571
8 16 0.244 8 16 0476 13 14 0.79
9 13 0.936 9 14 0.757 14 19 0.392
10 11 0.873 10 10 0.561 15 7 0.256
11 15 0.74 10 11 0.259 16 12 0.548
11 16 0.702 11 12 0.576 17 15 0.643
LDVS 12 10 0.874 LDVS 12 8 0.578 18 9 0.285
12 15 0.35 12 17 0.341 19 12 0.228
13 14 0.867 13 17 0.323 Auditory 19 13 0.7
Auditory 14 19 0.748 Auditory 14 13 0.51 19 18 0.283
15 9 0.597 14 15 0.397 20 17 0.558
15 15 0.393 20 25 0.205 |

3.3.2 Inter-hemispheric Functional Coherence Analysis

Behavioral data analysis showed that visual motion perception was altered by

the exposed audiovisual association condition. In inter-hemispheric connectivity

analysis, we investigated whether audiovisual associative learning altered corre-

lations in the timeseries of right and left hMT+. Analysis revealed that inter-

hemispheric connectivity in hMT+ was not significantly changed between pre-
and post-associative learning conditions . Paired-samples t test for
resulting z-scores also revealed no significant difference between pre- and post-
association conditions [¢(10) = 0.2546, p = 0.8042].
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Figure 3.12: Inter-hemispheric coherence within the middle temporal region. Fr-
ror bars denote the & SEM.

3.3.3 Correlation Analysis Between Networks

Correlated network matrices are shown in The hierarchical clustering
detected three larger-scale networks (shown in blue, red and green). The order of
networks (i.e., the order which ICA identified) were rearranged in a hierarchical
manner (i.e., highly correlated networks were clustered together). Regularized
partial correlation results were displayed above the diagonal, full correlation re-
sults were presented below the diagonal. Based on the network modelling, it was
observed that first (blue) larger-scale network was comprised of visual nodes, sec-
ond (red) included auditory and sensory-motor, and third (green) encapsulated
DMN, executive, and dorsal visual stream. Whereas full correlation shows all
the direct and indirect connections, partial correlation indicates only the direct

correlations between networks by disregarding any potential indirect connection.

Each contrast (i.e., pre >post, and post >pre) was performed using the ran-
domise function with 5000 permutations called in Matlab. Connectivity of two
nodes (i.e., edges) was found to differ significantly between pre- and post-test ses-

sions. Edges that had the significant 1 — p values were detected in a regularized
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Figure 3.13: The heat map (correlation coefficients) between the time series of
all independent component analyses. Below the diagonal are illustrated Fisher’s
r for the full correlations, and above the diagonal are Fisher’s r for the partial
correlations. The color bar shows the correlation coefficient.
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partial correlation analysis for contrast post >pre (Fig. [3.14). A full correlation
did not find any significant differences. Previous analyses (i.e., ICA and fslcc)
identified node 13 as part of the auditory network, while node 9 was classified as

part of the visual network.

Pre > Post Post > Pre

Figure 3.14: Univariate two samples t-test. The color bar shows the 1p values.
Below the diagonal are the 1p values, and above the diagonal are the significant
t-tests, at corrected p <0.05.

The pair of nodes that showed significant a change between pre- and post-
training is indicated in |Fig. |3.15Al A box-plot shows how this connection changed
between pre- and post-training (Fig. [3.15B]). Before the association these nodes

(on average) indicated zero or very little connection, however, after association

their connection became positive (near to 1).
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Figure 3.15: Between network connectivity analysis. A) Nodes that showed sig-
nificant differences in edge strength between pre- and post-training. Red colored
bar joining the pair of nodes means that the group-average connection strength
was positive. 1-p values more than 0.95 (i.e., p <0.05) indicate significance cor-
rected for multiple comparisons. B) Box-plot for connection strength in pre-test
(1) and post-test (2) for the node pair in A.
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Chapter 4

General Discussion

4.1 Summary of Results

4.1.1 Discussion: Behavioral Results

Multisensory associations are a prominent part of disambiguating ongoing mo-
tion percepts [22]. Studies consistently indicated that motion perception was
affected by both immediate patterns of stimulation and prior experience acquired
through associations [22]. Some studies dwelt upon the interplay of synchronized
sensory modalities |86} [87], while some underlined the prolonged exposure effects
of multisensory stimulation on unisensory perception [3-5], 88, 89]. Our study
falls into the second category. Specifically, we hypothesized that learned audio-
visual associations can also induce plasticity in low-level visual motion regions
such as middle temporal and medial superior temporal cortex, which were ini-
tially considered to be unimodal. Our behavioral results are in agreement with
previous studies. Resultant psychometric curves showed that multisensory as-
sociative learning significantly changed the subsequent visual motion perception.
Compared to the pre-association curves, the post-association psychometric curves
for upward and downward sound conditions were shifted . A repeated
measures ANOVA approach confirmed that the shifts observed in the PSEs were
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significant across conditions.

In our study we used a random-dot motion paradigm to ensure the minimiza-
tion of higher-level motion mechanisms. Numerous studies addressed the topic
of different motion energy systems [90, 91]. Cortical undersetting for two dif-
ferent motion processing mechanisms (i.e., higher-order and lower-order motion
processing) was provided by prior studies [92 |93]. Claeys’ and his colleagues [93]
indicated higher-level motion processing areas do not engage in any explicit at-
tentive tracking, thus lower-visual areas take over this task. By manipulating
the size and density of randomdot kinematogram, Ho et al. [92] found that as
the stimuli got smaller in size and crowded in density the activation in the early
occipital regions was increased. Based on these studies we aimed to emphasize
the involvement of lower-order motion processing regions by adopting a similar
random-dot motion paradigm: small and crowded dot displays prohibited the

tracking of individual dots.

We ran a complementary analysis on performance fluctuation of the lowest mo-
tion coherence level (5% motion coherence), as it was presented in the functional
MRI blocks. Responses in the 5% coherent visual dot motion condition were
significantly altered between pre- and post-association test conditions (Fig. [2.6]).
Behavioral results were expected to be in agreement with the BOLD activation
changes within the early level visual and/or hMT+ cortices and ROI analyses
for the hMT+ region. Functional MRI data analysis revealed that following the
association learning BOLD activity in the high association regions was signifi-
cantly increased. ROI analyses on hMT+ and early visual areas showed that
there was a trend showing the activation increase in hMT+ and early visual ar-
eas, however, this increase was not significant across test conditions (see
1.7). The non-significant results might be caused by the experimental design
(i.e., GLM based block-design) or the stimulus properties. The type and dura-
tion of the stimulation was found to be a determinative factor for the quality of
BOLD responses in blocked-design fMRI studies [94]. For example, a research
group used an auditory stimulus of short duration (150 ms) and mapped the
tonotopic organization [95], while another research group who utilized the same

experimental design with different duration of tones (900 ms) could not map the
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tonotopic organization [94]. Another study revealed that connectivity properties
between auditory, visual and association regions (i.e., posterior superior tempo-
ral sulcus, pSTS) were altered following an audiovisual training protocol using a
mixed blocked and event-related fMRI design [58]. First, they localized the re-
gions that showed signal change due to a multisensory learning paradigm. Then,
they examined how these regions were connected with each other during pre- and
post-training MRI scans using dynamic causal model (DCM). They found that
while there were predominantly feedforward connections from auditory and visual
cortex to pSTS in pre-training, training session induced more distributed network
connections which were feedback and feedforward. Moreover, they also concluded
that the intrinsic connectivity between auditory and visual cortices were positive
in post-training whilst it was negative or non-significant in pre-training. Mixed
MRI protocol coupled with DCM analysis might be a powerful tool for assessing

signals induced by multisensory interactions.

To sum up, inference from the combination of our behavioral and functional
imaging results is that not only higher order attentive mechanisms and multisen-
sory association regions are involved in the modulation of low-level visual motion
by audiovisual associations but also the early visual motion regions (e.g., V1 and

hMT+) may contribute this interplay between auditory and visual stimulation.

4.1.2 Discussion: Functional Connectivity Results

Resting state functional connectivity has recently become a hot topic in neu-
roimaging studies. Suggestions such as ”intrinsic brain activity has no utility” [96]
have been refuted with enhanced neuroimaging techniques, and insightful ap-
proaches [44]. By adopting an ICA approach, we investigated the changes in
spontaneous low-frequency BOLD responses evoked by a sound-motion direction
association task. A convergent body of evidence indicates the mutual interaction
between learning effects and resting functional connectivity. Some studies found
that memory consolidation was achieved after an awake resting period [41], and

some indicated connectivity within or between networks were modified (increased
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or decreased) by a learning procedure [57,97] or disease [51]. Here we addressed
an insufficiency in the functional connectivity literature: How does audiovisual
associative learning modify the task-related networks (visual and auditory) and
networks that were found to be modulated by learning (DMN, left and right

dorsal visual networks)?

The initial ICA results agreed with previous studies exploring the consistent
patterns of neural networks across a group of subjects [7]. We have identified
the well-known functionally connected resting state components, which were ac-
knowledged as coactivating task-negative (DMN) and task-positive (e.g., visual,
auditory, and memory networks) functional systems in a wide range of studies
(for review see [42]). Identified resting state networks (i.e., medial visual, lateral
visual, auditory, default mode, sensory-motor, executive control, left and right
dorsal visual streams) were then assessed in a further analysis, using a regression
technique. Regressed subjects’ specific time courses and spatial maps for pre-
and post-association resting data were then compared in a permutation analysis
for statistical significance. Learning dependent significant modulations observed
in previous research were not observed in our results. There might be several
factors influencing this conclusion. It has been reported that factors such as the
surrounding context of the resting-state scan and intrinsic properties of the neural
processes being engaged by the experiment paradigm have impact on the func-
tional connectivity patterns [42]. Our multisensory learning paradigm that were
expected to induce plasticity within low-order visual motion processing areas in
passive stimulation fMRI sessions might not be optimal (or ideal) for showing
learning-dependent effects on resting state networks recruited by the mentioned
task (dorsal visual attention, default, visual, and auditory). Studies investigating
learning-dependent changes in intrinsic functional connectivity obtained resting
state data after an fMRI session collecting behavioral data [55, |57]. Hence, the
parallels between behavioral data results and BOLD responses were directly in-
dicated. Also, modifications in the analysis steps of resting state data such as
changing the model order dimensionality estimation (manipulation of the number

of components) in ICA can lead to different results in analyses of the same data.
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Therefore, present (or absent) differences between pre- and post-association rest-
ing state networks could be the result of a wrong dimensionality selection (i.e.,

the number of independent components).

Another consideration for the current results might be applied high pass filter
that removes frequencies lower than 0.01 Hz (100 s). Many papers characterized
the spontaneous BOLD response of functional resting connectivity at the low fre-
quencies (0.01-0.08 Hz) [42} 98, 99]. However, a study indicated that the power
spectrum of the low-frequency resting state BOLD signal was flattened from 0.01
Hz to 0.15 Hz by filtering [42]. Thus, underlying neuronal patterns of RSN signal
could be more broadband than it has been suggested. Another related prob-
lem is the high TR values having slow sampling rates in fMRI data collection.
Due to temporal limitations of the conventional MRI technique, high frequency
physiological signals (>0.1 Hz) are aliased into the low frequency band making
it difficult to study the individual effects of non-neural signals (i.e., physiologi-
cal low-frequency oscillations, respiratory, and cardiac pulsation). These highly
possible noise effects might have contaminated our data causing non-significant
results in the analyses. Even though ICA is an effective method for distinguish-
ing physiological fluctuations from neural signals, it has been proposed that more
objective and precise methods are needed |48]. Critically, techniques allowing the
investigation of physiological noise effects on BOLD signals could provide more re-
liable and accurate modelling of the BOLD response, which are mentioned below
(in Future Directions). To find more robust results some studies [100] suggested
comparing a per-experimental condition or group of subjects separately (e.g.,
pre-association group ICA vs post-association group-ICA), however, this method
has been shown to introduce false-positive results in group differences, imposing

overfitting (8, |42].

Finally, the 'true’ nature of the relationships between networks has been sug-
gested as a potential factor affecting within network activations [42]. To illus-
trate, a network that was previously referred as task-negative (e.g., DMN) could
suppress the activity of another network that was defined as task-positive (e.g.,

dorsal visual streams) at rest, and the inverse interaction could occur during task
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performance. Further investigations are required to reveal the nature of between-

network interactions as there is not much consensus on the subject yet.

A network modelling analysis revealed that connectivity between auditory
and a part of the visual network was improved in the post-association resting
state compared to pre-association. This functional coupling is prominent since it
demonstrates a long-range connectivity. Although hierarchical clustering analysis
clustered these two networks into different network groups, the strength of their
connectivity was significantly increased. It can be concluded that audiovisual
associative learning caused changes in functional connectivity between sensory
networks. The correlations within and between networks showed a correspon-
dence with behavioral data in previous studies [101]. Studies found that their
relationship is bidirectional: not only learning changes within and between net-
work connectivity, but also inherent network connectivities affect the learning
performance of individuals [101-103]. Cole et al. [102] found that networks’ cou-
pling strength measured before perceptual training was predictive of performance
in a perceptual discrimination task. Relatedly, the reason we could not detect any
within-network difference might be caused by performance differences in the mo-
tion discrimination task. To better understand the two-way relationship between
motion discrimination performance and functional connectivity (i.e., whether the
functional connectivity is predictive of behavioral performance as much as the
learning is predictive the changes in functional connectivities), resting-state MRI

data could be acquired before any exposure phase.

4.1.3 Multisensory Associative Learning and Its Rele-

vance to Functional Connectivity Research

Multisensory associative learning studies account for a great deal of the learning-
related plasticity literature [40]. However, studies investigating neural mecha-
nisms underlying its effects primarily were focused on task-performance BOLD

responses. This statement is surprising, because even though understanding the
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baseline condition (or default mode) of the brain has been referred to as manda-
tory to fully unveil the functional systems [53] there are not enough bodies of
evidence questioning their relationship. Here, we attempted to elucidate such
interactions. As mentioned above (and in previous chapters), associative learn-
ing with multisensory components has been utilized in a wide range of studies.
However, an early sensory-level inspection of the multisensory stimulation effects
and its related neural correlations (both during tasks and at rest) have not yet

been discovered.

Adopting an audiovisual association paradigm, we have investigated the sub-
sequent neural plasticity within low-level motion processing regions by inspect-
ing the rate of correlational changes between right and left low-level motion-
processing regions during pre- and post-association conditions. The inter-
hemispheric functional coherence analysis revealed no significant differences be-
tween conditions. The aforementioned confounding factors could lead to similar
non-significant values in the interregional coherence analysis. However, in the
light of the current results the critical question remains to be answered: Living
in a multisensory environment how does the default mode brain process or inter-
act with the ongoing multisensory stimulation? Further studies are needed for

satisfactory explanations.

4.2 Future Directions

Future research is needed for elucidating multisensory low-level motion pro-
cessing, multisensory learning induced connectivity changes, and their dynamic
(multi-dimensional) relationship. Relevantly, manipulation of the behavioral and
imaging protocols might enhance our understanding of their relations. The gen-
eral problem with the two-alternative forced choice tasks, which we employed, is
introducing a decisional bias. Though it is useful in decision-making research,
it might be confounding in studies assessing perceptual performance. Partici-
pants’ judgments in regard to perceptually ambiguous trials might be affected by

their probabilistic thinking or guessing (e.g., presentation frequency of a stimulus)
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rather than their pre-attentive motion perception mechanisms mentioned in [5].
Different solutions have been proposed for isolating the attention-lacking motion
perception systems. Soto-Faraco and his colleagues [104] addressed this concern
by collecting confidence ratings data, which surveyed participants’ confidence rate
in their responses for each trial. If the high-confidence trials illustrate a discrep-
ancy (or significant differentiation) with the previous undivided data analysis,
then we can mention higher cognitive mechanisms’ involvement in discrimination
judgments (e.g., guessing). Thus, we can eliminate the involvement of poten-
tial decisional biases or other cognitive factors, and conclude that discrimination
was done on the perceptual level. In the study, they assessed the congruency
effect (i.e. two distinct stimuli are presented in directional congruence) on multi-
sensory integration perception (mechanisms) by adding asynchronous trials (i.e.,
trials in which the two distinct directionally congruent or incongruent motion
stimuli presented with different temporal onsets) condition. They concluded that
the congruency of two motion stimuli had significant influences only on the trials,
in which two cross-sensory bits of information occurred in synchrony, indicating a
perceptual level of processing. Similarly, Kafaligoniil and Oluk [5] accounted for
the involvement of high-level cognitive factors (i.e., decisional bias) by adding a
reverse-phi motion condition (i.e., perceived direction of motion conflicts with the
physical motion) to compare with regular-phi motion performance. They found
that when reverse-phi motion was used for the association phase it only induced
changes in subsequent reverse-phi motion perception, contrary to regular-phi as-
sociation, which induced effects on both motion types. They concluded that if
there was any decisional bias, the subsequent motion perception would be affected
in both association type conditions. In conclusion, future research would benefit
from ensuring the isolation of low-level motion energy systems in multisensory as-
sociation studies, using confidence ratings, SOA manipulation (i.e., stimulus onset

asynchrony), and using different motion paradigms in the association phase.

Another point to address in future research could be the method of functional
imaging data collection. Recent studies benefitted from the advanced imaging

techniques such as multiband EPI sequences in functional resting data collection

95



and presented promising results [105]. The multiband echo planar imaging tech-
nique allows full brain coverage in very fast TR values (<400 ms), distinguishing
physiological artifacts within MR signals. The combined results of ICA and spec-
tral analysis proved that each physiological components has a differential impact
domain in biasing neural BOLD signals (e.g., cardiac pulses; the base of the brain,
respiration; PFC and occipital lobe, low-frequency physiological oscillations; ven-
tricles and WM), and each should be distinguished from true neural components
for more accurate modelling of resting networks. Of critical importance, they re-
vealed that low-frequency physiological oscillations distort many prominent ICA
components, which might have confounded our data and led to insignificant re-
sults (i.e., causing some of the true components to be disregarded, and prohibit-
ing detection of multisensory-learning related changes in them). Some studies
recorded evoked potentials and BOLD signal simultaneously for further artifact
reduction and more reliable neural activation. Simultaneous EEG /fMRI data col-
lection allows correlating electrical brain signals with changes in BOLD signals
by combining fMRI’s spatial localization power with EEG’s temporally accurate
neural signals. In one study, researchers found that during eyes-closed resting
electrophysiological signals (i.e., alpha rhythm) there were positive correlations
with the decreased MRI signals in some regions (i.e., occipital, superior temporal,
inferior frontal, and cingulate cortex) and increased MRI signal in others (i.e.,
thalamus and insula) [106]. Using this method, we can further estimate the exact
nature of connectivity patterns between networks. For example, we can identify
two specific regions (or networks) that showed decreased activity during a resting
preliminary EEG/MRI expedition. Then, we can measure if the quality of the re-
lationship between neural signals and BOLD response in specified regions change
depending on a multisensory learning paradigm. For example, alpha oscillations
normally exist in eyes-closed conditions, where no sensory or cognitive processing
is done [107], however, factors such as fatigue [108], individual differences |109],
or biofeedback [110-112] might influence the occurrence and amplitude of alpha
rhythm. With a mixed EEG/MRI design we can underlie the differences between
of alpha waves of two groups’ and their dynamic relationship with networks of

interest.
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In addition to modification of experimental design, the analyses of the acquired
data could be improved. For example, software packages such as ICASSO [113]
were found to produce more reliable ICA estimates, obtaining mean decomposi-

tions from multiple ICA repeats (i.e., bootstrapping).

4.3 Conclusions

Functional resting state MRI can reveal the functional architecture in the brain
without the constraints of a priori hypotheses, a challenge that task-based MRI
encountered frequently [114]. Therefore, it is the principal means of understand-

ing cognitive processes.

Our results are prominent in terms of being the first research attempting to elu-
cidate the influences of audiovisual learning on inter-hemispheric coherence within
area hMT+ (i.e., a region initially considered to be unimodal) and resting-state
functional connectivity. We have not found significant multisensory association
induced changes within the hypothesized networks, however, our results showed
correspondence with several studies investigating distinct aspects of perceptual
learning. On the other hand, the connectivity strength between auditory and
visual networks increased significantly after the audiovisual association. In re-
gard to these results, developments in neuroimaging techniques and exploratory
analyses addressing limitations of the current methods are promising for further
understanding multisensory association’s effects on neural networks. Instinctively
we acknowledge that two is bigger than one; so two input are more useful than one
input while processing ambiguous stimuli. However, the general binding problem
in neural system, i.e. how/when/where these stimuli are integrated, is still open

to debate in neuroscience.

o7



Bibliography

[1]

Q. Haijiang, J. A. Saunders, R. W. Stone, and B. T. Backus, “Demonstra-
tion of cue recruitment: Change in visual appearance by means of pavlo-
vian conditioning,” Proceedings of the National Academy of Sciences of the
United States of America, vol. 103, no. 2, pp. 483-488, 2006.

A. Schlack and T. D. Albright, “Remembering visual motion: neural corre-
lates of associative plasticity and motion recall in cortical area mt,” Neuron,
vol. 53, no. 6, pp. 881-890, 2007.

W. Teramoto, S. Hidaka, and Y. Sugita, “Sounds move a static visual
object,” PLoS One, vol. 5, no. 8, p. e12255, 2010.

S. Hidaka, W. Teramoto, M. Kobayashi, and Y. Sugita, “Sound-contingent

visual motion aftereffect,” BMC neuroscience, vol. 12, no. 1, p. 1, 2011.

H. Kafaligonul and C. Oluk, “Audiovisual associations alter the perception
of low-level visual motion,” Frontiers in integrative neuroscience, vol. 9,
p. 26, 2015.

C. F. Beckmann, M. DeLuca, J. T. Devlin, and S. M. Smith, “Investi-
gations into resting-state connectivity using independent component analy-

sis,” Philosophical Transactions of the Royal Society of London B: Biological
Sciences, vol. 360, no. 1457, pp. 1001-1013, 2005.

J. Damoiseaux, S. Rombouts, F. Barkhof, P. Scheltens, C. Stam, S. M.

Smith, and C. Beckmann, “Consistent resting-state networks across healthy

o8



subjects,” Proceedings of the national academy of sciences, vol. 103, no. 37,
pp. 13848-13853, 2006.

C. F. Beckmann, C. E. Mackay, N. Filippini, and S. M. Smith, “Group
comparison of resting-state fmri data using multi-subject ica and dual re-

gression,” Neuroimage, vol. 47, no. Suppl 1, p. S148, 2009.

S. M. Smith, D. Vidaurre, C. F. Beckmann, M. F. Glasser, M. Jenkinson,
K. L. Miller, T. E. Nichols, E. C. Robinson, G. Salimi-Khorshidi, M. W.
Woolrich, et al., “Functional connectomics from resting-state fmri,” Trends

in cognitive sciences, vol. 17, no. 12, pp. 666—682, 2013.
W. James, The principles of psychology. Read Books Ltd, 2013.

R. A. Rescorla, Pavlovian Second-Order Conditioning (Psychology Re-
vivals): Studies in Associative Learning. Psychology Press, 2014.

D. H. Hubel and T. N. Wiesel, “The period of susceptibility to the physio-
logical effects of unilateral eye closure in kittens,” The Journal of physiology,
vol. 206, no. 2, p. 419, 1970.

A. R. Seitz and H. R. Dinse, “A common framework for perceptual learn-

ing,” Current opinion in neurobiology, vol. 17, no. 2, pp. 148-153, 2007.

C. D. Gilbert, M. Sigman, and R. E. Crist, “The neural basis of perceptual
learning,” Neuron, vol. 31, no. 5, pp. 681-697, 2001.

E. L. Thorndike, “Animal intelligence: an experimental study of the asso-
ciative processes in animals.,” The Psychological Review: Monograph Sup-

plements, vol. 2, no. 4, p. i, 1898.

Y. Miyashita, “Neuronal correlate of visual associative long-term memory

in the primate temporal cortex.,” Nature, 1988.

J. R. Gibson and J. H. Maunsell, “Sensory modality specificity of neural
activity related to memory in visual cortex,” Journal of Neurophysiology,
vol. 78, no. 3, pp. 1263-1275, 1997.

29



[18]

[19]

[20]

[21]

[23]

A. MclIntosh, R. Cabeza, and N. Lobaugh, “Analysis of neural interactions
explains the activation of occipital cortex by an auditory stimulus,” Journal
of Neurophysiology, vol. 80, no. 5, pp. 2790-2796, 1998.

G. Berkeley, An Essay Towards a New Theory of Vision. By George Berke-
ley. 1709.

J. J. Gibson and E. J. Gibson, “Perceptual learning: Differentiation or

enrichment?,” Psychological review, vol. 62, no. 1, p. 32, 1955.

R. A. Rescorla, “Pavlovian conditioning: It’s not what you think it is.,”
American Psychologist, vol. 43, no. 3, p. 151, 1988.

T. D. Albright, “On the perception of probable things: neural substrates
of associative memory, imagery, and perception,” Neuron, vol. 74, no. 2,
pp. 227-245, 2012.

J. K. Fitzgerald, D. J. Freedman, and J. A. Assad, “Generalized associa-
tive representations in parietal cortex,” Nature neuroscience, vol. 14, no. 8,
pp. 1075-1079, 2011.

D. Treichler, “Are you missing the boat in training aids,” Film and audio-

visual communication, vol. 1, pp. 14-16, 1967.

7

L. Shams and A. R. Seitz, “Benefits of multisensory learning,” Trends in

cognitive sciences, vol. 12, no. 11, pp. 411-417, 2008.

A. A. Ghazanfar and C. E. Schroeder, “Is neocortex essentially multisen-

sory?,” Trends in cognitive sciences, vol. 10, no. 6, pp. 278-285, 2006.

D. Alais and D. Burr, “The ventriloquist effect results from near-optimal
bimodal integration,” Current biology, vol. 14, no. 3, pp. 257-262, 2004.

S. Morein-Zamir, S. Soto-Faraco, and A. Kingstone, “Auditory capture

2

of vision: examining temporal ventriloquism,
vol. 17, no. 1, pp. 154-163, 2003.

Cognitive Brain Research,

60



[29]

[30]

[31]

[34]

[35]

[36]

[37]

[38]

C. Spence and S. Squire, “Multisensory integration: maintaining the per-
ception of synchrony,” Current Biology, vol. 13, no. 13, pp. R519-R521,
2003.

J. Ngiam, A. Khosla, M. Kim, J. Nam, H. Lee, and A. Y. Ng, “Multi-
modal deep learning,” in Proceedings of the 28th international conference
on machine learning (ICML-11), pp. 689-696, 2011.

R. S. Kim, A. R. Seitz, and L. Shams, “Benefits of stimulus congruency
for multisensory facilitation of visual learning,” PLoS One, vol. 3, no. 1,
p. 1532, 2008.

K. Von Kriegstein and A.-L. Giraud, “Implicit multisensory associations

influence voice recognition,” PLoS Biol, vol. 4, no. 10, p. €326, 2006.

L. Shams, Y. Kamitani, and S. Shimojo, “Illusions: What you see is what
you hear,” Nature, vol. 408, no. 6814, pp. 788-788, 2000.

K. Sakai and Y. Miyashita, “Neural organization for the long-term memory
of paired associates.,” Nature, vol. 354, no. 6349, pp. 152-155, 1991.

A. Messinger, L. R. Squire, S. M. Zola, and T. D. Albright, “Neuronal
representations of stimulus associations develop in the temporal lobe during

learning,” Proceedings of the National Academy of Sciences, vol. 98, no. 21,
pp. 12239-12244, 2001.

C. E. Schroeder and J. Foxe, “Multisensory contributions to low-
level,?unisensory?processing,” Current opinion in neurobiology, vol. 15,
no. 4, pp. 454-458, 2005.

S. Molholm, W. Ritter, M. M. Murray, D. C. Javitt, C. E. Schroeder, and
J. J. Foxe, “Multisensory auditory—visual interactions during early sensory
processing in humans: a high-density electrical mapping study,” Cognitive
brain research, vol. 14, no. 1, pp. 115128, 2002.

H. C. Tanabe, M. Honda, and N. Sadato, “Functionally segregated neu-
ral substrates for arbitrary audiovisual paired-association learning,” The
Journal of neuroscience, vol. 25, no. 27, pp. 6409-6418, 2005.

61



[39]

[43]

[44]

[46]

H. Kafaligonul and G. R. Stoner, “Static sound timing alters sensitivity to

low-level visual motion,” Journal of vision, vol. 12, no. 11, pp. 2-2, 2012.

J. Driver and T. Noesselt, “Multisensory interplay reveals crossmodal influ-
ences on sensory-specificbrain regions, neural responses, and judgments,”
Neuron, vol. 57, no. 1, pp. 11-23, 2008.

R. C. Miall and E. M. Robertson, “Functional imaging: is the resting brain
resting?,” Current Biology, vol. 16, no. 23, pp. R998-R 1000, 2006.

D. M. Cole, S. M. Smith, and C. F. Beckmann, “Advances and pitfalls
in the analysis and interpretation of resting-state fmri data,” Frontiers in

systems neuroscience, vol. 4, p. 8, 2010.

B. Mazoyer, L. Zago, E. Mellet, S. Bricogne, O. Etard, O. Houde, F. Criv-
ello, M. Joliot, L. Petit, and N. Tzourio-Mazoyer, “Cortical networks for
working memory and executive functions sustain the conscious resting state

in man,” Brain research bulletin, vol. 54, no. 3, pp. 287-298, 2001.

M. E. Raichle, A. M. MacLeod, A. Z. Snyder, W. J. Powers, D. A. Gusnard,
and G. L. Shulman, “A default mode of brain function,” Proceedings of the
National Academy of Sciences, vol. 98, no. 2, pp. 676-682, 2001.

H. Laufs, K. Krakow, P. Sterzer, E. Eger, A. Beyerle, A. Salek-Haddadi,
and A. Kleinschmidt, “Electroencephalographic signatures of attentional
and cognitive default modes in spontaneous brain activity fluctuations at

rest,” Proceedings of the national academy of sciences, vol. 100, no. 19,
pp. 11053-11058, 2003.

M. D. Fox, A. Z. Snyder, J. L. Vincent, M. Corbetta, D. C. Van Essen, and
M. E. Raichle, “The human brain is intrinsically organized into dynamic,
anticorrelated functional networks,” Proceedings of the National Academy
of Sciences of the United States of America, vol. 102, no. 27, pp. 96739678,
2005.

62



[47]

[48]

[51]

[52]

[53]

[54]

M. D. Greicius, B. Krasnow, A. L. Reiss, and V. Menon, “Functional con-
nectivity in the resting brain: a network analysis of the default mode hy-
pothesis,” Proceedings of the National Academy of Sciences, vol. 100, no. 1,
pp. 253-258, 2003.

R. M. Birn, K. Murphy, and P. A. Bandettini, “The effect of respiration
variations on independent component analysis results of resting state func-

tional connectivity,” Human brain mapping, vol. 29, no. 7, pp. 740-750,
2008.

X.-N. Zuo, C. Kelly, J. S. Adelstein, D. F. Klein, F. X. Castellanos, and
M. P. Milham, “Reliable intrinsic connectivity networks: test-retest evalu-
ation using ica and dual regression approach,” Neuroimage, vol. 49, no. 3,
pp. 2163-2177, 2010.

U. Amadi, A. Ilie, H. Johansen-Berg, and C. J. Stagg, “Polarity-specific
effects of motor transcranial direct current stimulation on fmri resting state

networks,” Neuroimage, vol. 88, pp. 155-161, 2014.

M. D. Greicius, G. Srivastava, A. L. Reiss, and V. Menon, “Default-mode
network activity distinguishes alzheimer’s disease from healthy aging: ev-
idence from functional mri,” Proceedings of the National Academy of Sci-
ences of the United States of America, vol. 101, no. 13, pp. 46374642,
2004.

M. De Luca, C. Beckmann, N. De Stefano, P. Matthews, and S. M. Smith,
“fmri resting state networks define distinct modes of long-distance inter-

actions in the human brain,” Neuroimage, vol. 29, no. 4, pp. 1359-1367,
2006.

D. A. Gusnard and M. E. Raichle, “Searching for a baseline: functional
imaging and the resting human brain,” Nature Reviews Neuroscience, vol. 2,
no. 10, pp. 685694, 2001.

P. Peigneux, P. Orban, E. Balteau, C. Degueldre, A. Luxen, S. Laureys, and
P. Maquet, “Offline persistence of memory-related cerebral activity during
active wakefulness,” PLoS Biol, vol. 4, no. 4, p. €100, 2006.

63



[55]

[59]

[60]

[61]

[62]

[63]

[64]

N. B. Albert, E. M. Robertson, and R. C. Miall, “The resting human brain
and motor learning,” Current Biology, vol. 19, no. 12, pp. 1023-1027, 2009.

F.T. Sun, L. M. Miller, A. A. Rao, and M. D’Esposito, “Functional connec-
tivity of cortical networks involved in bimanual motor sequence learning,”
Cerebral cortex, vol. 17, no. 5, pp. 1227-1234, 2007.

C. M. Lewis, A. Baldassarre, G. Committeri, G. L. Romani, and M. Cor-
betta, “Learning sculpts the spontaneous activity of the resting human
brain,” Proceedings of the National Academy of Sciences, vol. 106, no. 41,
pp. 17558-17563, 2009.

A. R. Powers, M. A. Hevey, and M. T. Wallace, “Neural correlates of multi-
sensory perceptual learning,” The Journal of Neuroscience, vol. 32, no. 18,
pp. 6263-6274, 2012.

S. Soto-Faraco, A. Kingstone, and C. Spence, “Multisensory contributions
to the perception of motion,” Neuropsychologia, vol. 41, no. 13, pp. 1847—
1862, 2003.

G. Meyer and S. Wuerger, “Cross-modal integration of auditory and visual

motion signals,” Neuroreport, vol. 12, no. 11, pp. 2557-2560, 2001.

N. Kitagawa and S. Ichihara, “Hearing visual motion in depth,” Nature,
vol. 416, no. 6877, pp. 172-174, 2002.

J. Vroomen and B. De Gelder, “Visual motion influences the contingent
auditory motion aftereffect,” Psychological Science, vol. 14, no. 4, pp. 357—
361, 2003.

2

D. H. Brainard, “The psychophysics toolbox,
pp. 433-436, 1997.

Spatial wvision, vol. 10,

D. G. Pelli, “The videotoolbox software for visual psychophysics: Trans-
forming numbers into movies,” Spatial vision, vol. 10, no. 4, pp. 437-442,
1997.

64



[65]

[67]

[68]

[69]

[70]

[71]

[72]

K. H. Britten, M. N. Shadlen, W. T. Newsome, and J. A. Movshon, “The
analysis of visual motion: a comparison of neuronal and psychophysical
performance,” The Journal of Neuroscience, vol. 12, no. 12, pp. 47454765,
1992.

P. K. Pilly and A. R. Seitz, “What a difference a parameter makes: A psy-
chophysical comparison of random dot motion algorithms,” Vision research,
vol. 49, no. 13, pp. 1599-1612, 2009.

A. C. Schiitz, D. I. Braun, J. A. Movshon, and K. R. Gegenfurtner, “Does
the noise matter? effects of different kinematogram types on smooth pursuit
eye movements and perception,” Journal of vision, vol. 10, no. 13, pp. 26—
26, 2010.

F. A. Wichmann and N. J. Hill, “The psychometric function: I. fitting,
sampling, and goodness of fit,” Perception € psychophysics, vol. 63, no. 8,
pp. 1293-1313, 2001.

F. A. Wichmann and N. J. Hill, “The psychometric function: Ii. bootstrap-
based confidence intervals and sampling,” Perception € psychophysics,
vol. 63, no. 8, pp. 1314-1329, 2001.

M. Jenkinson, C. F. Beckmann, T. E. Behrens, M. W. Woolrich, and S. M.
Smith, “Fsl,” Neuroimage, vol. 62, no. 2, pp. 782-790, 2012.

S. M. Smith, M. Jenkinson, M. W. Woolrich, C. F. Beckmann, T. E.
Behrens, H. Johansen-Berg, P. R. Bannister, M. De Luca, I. Drobnjak,
D. E. Flitney, et al., “Advances in functional and structural mr image anal-

ysis and implementation as fsl,” Neuroimage, vol. 23, pp. S208-5219, 2004.

M. W. Woolrich, S. Jbabdi, B. Patenaude, M. Chappell, S. Makni,
T. Behrens, C. Beckmann, M. Jenkinson, and S. M. Smith, “Bayesian anal-
ysis of neuroimaging data in fsl,” Neuroimage, vol. 45, no. 1, pp. S173-S186,
2009.

S. M. Smith, “Fast robust automated brain extraction,” Human brain map-
ping, vol. 17, no. 3, pp. 143—-155, 2002.

65



[74]

[76]

[30]

[81]

[82]

M. Jenkinson, M. Pechaud, and S. Smith, “Bet2: Mr-based estimation of
brain, skull and scalp surfaces,” in Eleventh annual meeting of the organi-

zation for human brain mapping, vol. 17, p. 167, Toronto, ON, 2005.

M. Jenkinson, P. Bannister, M. Brady, and S. Smith, “Improved optimiza-
tion for the robust and accurate linear registration and motion correction

of brain images,” Neuroimage, vol. 17, no. 2, pp. 825-841, 2002.

M. Jenkinson and S. Smith, “A global optimisation method for robust affine
registration of brain images,” Medical image analysis, vol. 5, no. 2, pp. 143—
156, 2001.

C. F. Beckmann and S. M. Smith, “Probabilistic independent component
analysis for functional magnetic resonance imaging,” IEFEFE transactions on

medical imaging, vol. 23, no. 2, pp. 137-152, 2004.

A. Abou-Elseoud, T. Starck, J. Remes, J. Nikkinen, O. Tervonen, and
V. Kiviniemi, “The effect of model order selection in group pica,” Human
brain mapping, vol. 31, no. 8, pp. 1207-1216, 2010.

N. Filippini, B. J. MacIntosh, M. G. Hough, G. M. Goodwin, G. B. Frisoni,
S. M. Smith, P. M. Matthews, C. F. Beckmann, and C. E. Mackay, “Distinct
patterns of brain activity in young carriers of the apoe-c4 allele,” Proceed-
ings of the National Academy of Sciences, vol. 106, no. 17, pp. 7209-7214,
2009.

T. E. Nichols and A. P. Holmes, “Nonparametric permutation tests for
functional neuroimaging: a primer with examples,” Human brain mapping,
vol. 15, no. 1, pp. 1-25, 2002.

A. M. Winkler, G. R. Ridgway, M. A. Webster, S. M. Smith, and T. E.
Nichols, “Permutation inference for the general linear model,” Neuroimage,
vol. 92, pp. 381-397, 2014.

S. M. Smith and T. E. Nichols, “Threshold-free cluster enhancement: ad-
dressing problems of smoothing, threshold dependence and localisation in

cluster inference,” Neuroimage, vol. 44, no. 1, pp. 83-98, 2009.

66



[33]

[85]

[36]

[87]

8]

[89]

A. Malikovic, K. Amunts, A. Schleicher, H. Mohlberg, S. B. Eickhoff,
M. Wilms, N. Palomero-Gallagher, E. Armstrong, and K. Zilles, “Cy-
toarchitectonic analysis of the human extrastriate cortex in the region of
vb/mt+: a probabilistic, stereotaxic map of area hocb,” Cerebral Cortex,
vol. 17, no. 3, pp. 562-574, 2007.

M. Wilms, S. B. Eickhoff, K. Specht, K. Amunts, N. J. Shah, A. Malikovic,
and G. R. Fink, “Human v5/mt+: comparison of functional and cytoar-

chitectonic data,” Anatomy and embryology, vol. 210, no. 5-6, pp. 485-495,
2005.

L. Griffanti, G. Salimi-Khorshidi, C. F. Beckmann, E. J. Auerbach,
G. Douaud, C. E. Sexton, E. Zsoldos, K. P. Ebmeier, N. Filippini, C. E.
Mackay, et al., “Ica-based artefact removal and accelerated fmri acquisition

for improved resting state network imaging,” Neuroimage, vol. 95, pp. 232—
247, 2014.

7. Shi, L. Chen, and H. J. Miiller, “Auditory temporal modulation of the
visual ternus effect: the influence of time interval,” Fxperimental Brain
Research, vol. 203, no. 4, pp. 723-735, 2010.

K. Watanabe and S. Shimojo, “When sound affects vision: effects of audi-
tory grouping on visual motion perception,” Psychological Science, vol. 12,
no. 2, pp. 109-116, 2001.

L. Chen and X. Zhou, “Fast transfer of crossmodal time interval training,”
Ezxperimental brain research, vol. 232, no. 6, pp. 1855-1864, 2014.

H. Zhang, L. Chen, and X. Zhou, “Adaptation to visual or auditory time
intervals modulates the perception of visual apparent motion,” Frontiers in

integrative neuroscience, vol. 6, p. 100, 2012.

E. H. Adelson and J. R. Bergen, “Spatiotemporal energy models for the
perception of motion,” JOSA A, vol. 2, no. 2, pp. 284-299, 1985.

C. L. Baker and I. Mareschal, “Processing of second-order stimuli in the

visual cortex,” Progress in brain research, vol. 134, pp. 171-191, 2001.

67



[92]

[94]

[96]

[98]

[99]

[100]

C. S. Ho and D. E. Giaschi, “Low-and high-level first-order random-dot
kinematograms: Evidence from fmri,” Vision research, vol. 49, no. 14,
pp. 1814-1824, 2009.

K. G. Claeys, D. T. Lindsey, E. De Schutter, and G. A. Orban, “A higher
order motion region in human inferior parietal lobule: evidence from fmri,”

Neuron, vol. 40, no. 3, pp. 631-642, 2003.

T. H. Le, S. Patel, and T. P. Roberts, “Functional mri of human audi-
tory cortex using block and event-related designs,” Magnetic resonance in
medicine, vol. 45, no. 2, pp. 254-260, 2001.

C. M. Wessinger, M. H. Buonocore, C. L. Kussmaul, and G. R. Mangun,
“Tonotopy in human auditory cortex examined with functional magnetic

resonance imaging,” Human brain mapping, vol. 5, no. 1, pp. 18-25, 1997.

A. M. Morcom and P. C. Fletcher, “Does the brain have a baseline? why
we should be resisting a rest,” Neuroimage, vol. 37, no. 4, pp. 1073-1082,
2007.

M. Taubert, G. Lohmann, D. S. Margulies, A. Villringer, and P. Ragert,
“Long-term effects of motor training on resting-state networks and under-

lying brain structure,” Neuroimage, vol. 57, no. 4, pp. 1492-1498, 2011.

K. R. Van Dijk, T. Hedden, A. Venkataraman, K. C. Evans, S. W. Lazar,
and R. L. Buckner, “Intrinsic functional connectivity as a tool for human

connectomics: theory, properties, and optimization,” Journal of neurophys-
1ology, vol. 103, no. 1, pp. 297-321, 2010.

D. Cordes, V. M. Haughton, K. Arfanakis, J. D. Carew, P. A. Turski, C. H.
Moritz, M. A. Quigley, and M. E. Meyerand, “Frequencies contributing
to functional connectivity in the cerebral cortex in 7resting-state? data,”
American Journal of Neuroradiology, vol. 22, no. 7, pp. 13261333, 2001.

B. J. Harrison, J. Pujol, H. Ortiz, A. Fornito, C. Pantelis, and M. Yiicel,
“Modulation of brain resting-state networks by sad mood induction,” PLoS
One, vol. 3, no. 3, p. €1794, 2008.

68



[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

109]

B. Guerra-Carrillo, A. P. Mackey, and S. A. Bunge, “Resting-state fmri a
window into human brain plasticity,” The Neuroscientist, vol. 20, no. 5,
pp. 522-533, 2014.

M. W. Cole, T. Yarkoni, G. Repovs, A. Anticevic, and T. S. Braver, “Global
connectivity of prefrontal cortex predicts cognitive control and intelligence,”
The Journal of Neuroscience, vol. 32, no. 26, pp. 8988-8999, 2012.

A. Baldassarre, C. M. Lewis, G. Committeri, A. Z. Snyder, G. L. Romani,
and M. Corbetta, “Individual variability in functional connectivity predicts
performance of a perceptual task,” Proceedings of the National Academy of
Sciences, vol. 109, no. 9, pp. 3516-3521, 2012.

S. Soto-Faraco, C. Spence, and A. Kingstone, “Cross-modal dynamic cap-
ture: congruency effects in the perception of motion across sensory modal-
ities.,” Journal of Experimental Psychology: Human Perception and Per-
formance, vol. 30, no. 2, p. 330, 2004.

Y. Tong et al., “Studying the spatial distribution of physiological effects on
bold signals using ultrafast fmri,” Frontiers in human neuroscience, vol. 8,
2014.

R. I. Goldman, J. M. Stern, J. Engel Jr, and M. S. Cohen, “Simultaneous
eeg and fmri of the alpha rhythm,” Neuroreport, vol. 13, no. 18, p. 2487,
2002.

S. Williamson, L. Kaufman, Z.-L.. Lu, J.-Z. Wang, and D. Karron, “Study
of human occipital alpha rhythm: the alphon hypothesis and alpha suppres-

sion,” International journal of psychophysiology, vol. 26, no. 1, pp. 63-76,
1997.

S. C. Ng and P. Raveendran, “Eeg peak alpha frequency as an indicator
for physical fatigue,” in 11th Mediterranean Conference on Medical and

Biomedical Engineering and Computing 2007, pp. 517-520, Springer, 2007.

D. L. Robinson, “How brain arousal systems determine different temper-

7

ament types and the major dimensions of personality,” Personality and

Individual Differences, vol. 31, no. 8, pp. 1233-1259, 2001.

69



[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

18]

D. P. Nowlis and J. Kamiya, “The control of electroencephalographic alpha
rhythms through auditory feedback and the associated mental activity,”
Psychophysiology, vol. 6, no. 4, pp. 476-484, 1970.

J. Raymond, C. Varney, L. A. Parkinson, and J. H. Gruzelier, “The effects
of alpha/theta neurofeedback on personality and mood,” Cognitive brain
research, vol. 23, no. 2, pp. 287-292, 2005.

S. Ruiz, K. Buyukturkoglu, M. Rana, N. Birbaumer, and R. Sitaram, “Real-
time fmri brain computer interfaces: self-regulation of single brain regions

to networks,” Brological psychology, vol. 95, pp. 4-20, 2014.

J. Himberg and A. Hyvarinen, “Icasso: software for investigating the re-
liability of ica estimates by clustering and visualization,” in Neural Net-
works for Signal Processing, 2003. NNSP’03. 2003 IEEE 13th Workshop
on, pp. 259-268, IEEE, 2003.

B. B. Biswal, M. Mennes, X.-N. Zuo, S. Gohel, C. Kelly, S. M. Smith, C. F.
Beckmann, J. S. Adelstein, R. L. Buckner, S. Colcombe, et al., “Toward

2

discovery science of human brain function,” Proceedings of the National

Academy of Sciences, vol. 107, no. 10, pp. 4734-4739, 2010.

D. A. Cohen, A. Pascual-Leone, D. Z. Press, and E. M. Robertson, “Off-
line learning of motor skill memory: a double dissociation of goal and move-
ment,” Proceedings of the National Academy of Sciences of the United States
of America, vol. 102, no. 50, pp. 18237-18241, 2005.

J. Himberg, A. Hyvarinen, and F. Esposito, “Validating the independent
components of neuroimaging time series via clustering and visualization,”
Neuroimage, vol. 22, no. 3, pp. 1214-1222, 2004.

P. Sinha and T. Poggio, “Role of learning in three-dimensional form per-
ception,” Nature, vol. 384, no. 6608, pp. 460-463, 1996.

S. Soto-Faraco, J. Lyons, M. Gazzaniga, C. Spence, and A. Kingstone, “The
ventriloquist in motion: Illusory capture of dynamic information across
sensory modalities,” Cognitive brain research, vol. 14, no. 1, pp. 139-146,
2002.

70



[119]

[120]

T. Starck, J. Remes, J. Nikkinen, O. Tervonen, and V. Kiviniemi, “Cor-
rection of low-frequency physiological noise from the resting state bold
fmri?effect on ica default mode analysis at 1.5 t,” Journal of neuroscience
methods, vol. 186, no. 2, pp. 179-185, 2010.

S. M. Wuerger, F. Roehrbein, G. F. Meyer, M. Hofbauer, K. Schill, and
C. Zetzsche, “Auditory and visual motion signals have to be co-localized

to be effectively integrated,” Journal of Vision, vol. 3, no. 9, pp. 771-771,
2003.

71



Appendix A

Individual Psychometric Curves

72



(%)

an

Percentage of Up Responses (%)

age of U

b
o

2 2 2 2 O
- . -

=
W

1
-0.4 -02 1] 0.2
Motion Coherence (%)

0.4 0.6 0.8 1

Figure A.1: S1-Pre-test

-06 -04 -02 0 0.2

Mation Coherence (%)

0.4 0.6 0.8 1

Figure A.2: S1-Post-test after fourth training

73



Percentage of Up Responses ()

o
[

(%)

Percentage of Up Responses

o
i

& & & o B
B i @ N @

o
W

4
o

=]

=
o

e o0 o o o o O
[ 2 - o =2 =~ o

o
=

-

Motion Coherence (3%)

Figure A.3: S2-Pre-test

=

-1 08 06 -04 02 0 0.2 04 0.6 0.8 1
Motion Coherence (%)

Figure A.4: S2-Post-test after third training

74



e o o
N @ i =

2
)

Percentage of Up Responses (%)
e o o o o
= o W B W@

=

Motion Coherence (%)

Figure A.5: S3-Pre-test

e o o
N4 B i =

o
=]

Percentage of Up Responses (%)
e o o o o
= kN W B in

=]

-0.5 1] 05 1
Maotion Coherance (56)

Figure A.6: S3-Post-test after second training

75



= = =
S & b =
T T T T

=
=
T

Percentage of Up Responses (%)
=2 — T — T — T
= ] (%] e tn
T T T T T

o
0
1]

-0.5 1] 0.5 1
Motion Coherence (5)

Figure A.7: S4-Pre-test

-

=]
-]

(=
=

=]
~

0.6

Percentage of Up Responses (%)
e 2 2 2 o
= N W = @

=]

-1 -0.5 0 0.5 1 1.5
Motion Coherance (%)

Figure A.8: S4-Post-test after third training

76



Percentage of Up Responses (%)

Percentage of Up Responses (%)

o
[

-

bl
i

=
=

e
~

ol
o

b
in

=
=

=
e

o
o

=

o
@

e
~

g
o

=
tn

2
=

2
&

et
(&)

e
o

=]

1 1 1
-1 -0.8 0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Maotion Coherence (%)

Figure A.9: S5-Pre-test

-1 -0.8 0.6 0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Motion Coherence {3%5)

Figure A.10: S5-Post-test after third training

77




i = o I o o
B ih BB N B B -
T

o
i

Percentage of Up Responses (%)

o
5

o
=

=

1 1 1 1
-0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Motion Coherence (%)

Figure A.11: S6-Pre-test

(%)
s 2 9 o o o
B 0 ®» N b @ =

o
i

Percentage of Up Responses
e o
=k

=

1
-0.2 0 0.2
Maotion Coherence (%)

1 1
0.6 -0.4 0.4 0.6 0.8 1

Figure A.12: S6-Post-test after second training

78



<o o
o o ==
T T T

<
B
T

Percentage of Up Responses (%)
c o o o o o
- P =1 ' o o
T T T T T T

=)
I

1 |
0.8 0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Motion Coherence (%)

Figure A.13: S7-Pre-test

o o o
N @ o =

e
2]

Percentage of Up Responses (%)
¢ & © o o
= N W B in

o

1 1
-0.8 0.6 ~0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Motion Coherence (%)

Figure A.14: ST7-Post-test after third training

79



Percentage of Up Responses (3)

Percentage of Up Responses (%)

-

o
w

o
-]

o
3

o
o

o
o

=]
-

=)
[~}

1)
]

=)
L

=

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1
Motion Coherence (%)

Figure A.15: S8-Pre-test

0.9

08

0.7

05

041

03

01

-1 -0.5 0 0.5 1
Motion Coherence (3%)

Figure A.16: S8-Post-test after third training

80



o
o

o e © o
= I -

S
t.a

Percentage of Up Responses (%)
o
in

e o
= B

=

-1 -0.5 0 0.5 1
Motion Coherence (3%)

Figure A.17: S9-Pre-test

Percentage of Up Responses (%)

1
0 0.5 1
Motion Coherence (3&)

1.5

Figure A.18: S9-Post-test after second training

81



o o ol
N B o =
T T T T

4
o
T

Percentage of Up Responses (%)
e e S ©
MW B i
T T T T

e
o
T

=
L
1]

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

Motion Coherence (%)

Figure A.19: S10-Pre-test

o =
@ o -

o
o

Percentage of Up Responses (%)
s o s = o ol
- ] (=] L o o

o

0.8 0.6 -0.4 0.2 1] 0.2 0.4 0.6 0.8 1
Motion Coherence (%)

Figure A.20: S10-Post-test after second training

82



e o e e o o
B @ o N @ i =

ol
w

Percentage of Up Responses (%)
e =
= &)

=]

o o o o o o
= in o = » o =

o
t

Percentage of Up Responses (3)
o I
= ha

o

0.5
Motion Coherence (3%)

Figure A.21: S11-Pre-test

-0.2 0 0.2
Motion Coherence (%)

0.4 0.6 0.8

Figure A.22: S11-Post-test after third training

83



	Introduction
	Associative Learning
	The Effects of Associations on Visual Perception
	Multisensory Associations and Visual Motion Perception
	Neural Substrates within the context of Visual Motion Hierarchy
	Learning Dependent Resting State Functional Activity
	Current Study and Specific Aims

	Behavioral Training and Perceptual Changes
	Method
	Participants
	Apparatus and Stimuli
	Procedure
	Behavioral Data Analysis

	Results

	Functional Imaging Protocol and Results
	Methods
	Participants
	Apparatus
	Structural MR Imaging
	Functional MR Imaging

	Imaging Data Analyses
	Image pre-processing
	Independent component analysis
	ROI-based analysis
	Network Modelling

	Results
	Network strength changes
	Inter-hemispheric Functional Coherence Analysis
	Correlation Analysis Between Networks


	General Discussion
	Summary of Results
	Discussion: Behavioral Results
	Discussion: Functional Connectivity Results
	Multisensory Associative Learning and Its Relevance to Functional Connectivity Research

	Future Directions 
	Conclusions

	Bibliography
	Individual Psychometric Curves

