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Chapter 1

General Introduction
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1.1 early theories 3

Vision is one of the most important senses in humans. We use it
every day, not only to navigate our environment but also as a ve-
hicle for more complex cognitions: Many things we do on a daily
basis – reading, writing, experiencing a piece of art, or interpret-
ing the emotion of another individual – rely on input perceived
with our eyes and on mental models of objects that we saw and
remember. Vision holds crucial information that we make use of
everyday, whether consciously or unconsciously.

1.1 early theories

Due to the obvious importance of vision for humans, an early in-
terest in how we perceive the world with our eyes (A. M. Smith,
2014) arose. Plato tried to explain the phenomenon of visual per-
ception around 360 BC in his dialogue Timaeus postulating that the
eyes emitted light rays that enabled humans to see (emission the-
ory). Other theories – as championed by Epicurus around 300 BC
– opposed this view in that they saw the eyes as a detector for
particles that are reflected from the objects that we perceive (intro-
mission theory). The latter perspective comes closer to our mod-
ern understanding and was further supported by more modern
philosophers and scientists like Isaac Newton and John Locke in
the 18

th century. It is worth mentioning, however, that recent stud-
ies found about 50 % of adults to still (today) carry beliefs close
to emission theory (Gregg, Winer, Cottrell, Hedman, & Fournier,
2001; Winer, Cottrell, Gregg, Fournier, & Bica, 2002).

Modern research on human vision was pioneered by scientists
such as Thomas Young (1773–1829) and Hermann von Helmholtz
(1821–1894) who hypothesised about the different types of pho-
toreceptors in the human eye that allow us to perceive colours
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4 general introduction

(Young, 1802). Early theories on human vision focussed on the
eye, as it is the most obvious location in which to search for the
implementation of human vision. However, these early attempts
could neither locate nor explain the computational operations that
are necessary to segment an image into objects and, in the end,
synthesise our final visual percept. Human visual perception re-
mained elusive and a real understanding only set in with modern
neuroscience.

1.2 neuroscience of vision

Today, the visual system is one of the best-studied parts of human
neocortex. Alongside the huge interest for how human visual per-
ception is implemented in the brain, there are several reasons why
modern neuroscience has invested so much energy investigating
the visual system. First, the possibility of an easy external visual
stimulation by means of, for instance, a computer monitor allows
well-controlled experiments that can be carried out over extensive
periods of time. This is important for the successful application of
typical neuroimaging methods like electroencephalography (EEG)
or functional magnetic resonance imaging (fMRI) as their signal-
to-noise ratio (SNR) is low and, hence, experimental designs rely
mostly on the averaging of data. An averaging approach calls
for well-controlled experimental conditions including many data
points. Second, the cortical surface area covered by the visual sys-
tem, is large (55 % of the macaque neocortex’ surface; Felleman
and Van Essen, 1991) in comparison to other primary sensory
areas like somatosensory (11 %) or auditory cortex (3 %). This al-
lows investigations using neuroimaging techniques that are of sub-
optimal spatial resolution, like EEG or standard-resolution fMRI.
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1.3 coarse organisation of the visual system 5

Third, the functional organisational principles of the visual sys-
tem can be studied in other species, often leading to subsequent
findings in homologue areas of human cortex (e. g. Albright, 1984;
Zimmermann et al., 2011). This is particularly important as animal
studies allow more invasive neuroimaging techniques than stud-
ies in humans. Through comparison between the organisational
principles of the visual system in different species, computational
hierarchies can be understood on a more generalised level. Finally,
lesions to cortical areas encompassing the visual system lead to
very specific behavioural deficits, like hemianopsia (the loss of
sight in one half of the visual field), achromatopsia (a deficit in
colour perception), akinetopsia (motion blindness), or prosopag-
nosia (impaired ability to recognise faces). Due to the cortical size
of the visual system and specifically testable visual deficits, lesion
studies led to early important insights into human vision. In fact,
lesion studies are the historical beginning of modern neuroscience
(Rorden & Karnath, 2004).

1.3 coarse organisation of the visual system

The visual system is mainly located in the occipital lobe extend-
ing into the parietal and temporal lobes of the human brain (see
also Figure 1.1). When light rays are reflected from an object in
front of us and enter our eyes, they hit receptors on the retina
that detect the incoming photons and produce an action potential.
The photoreceptors on the retina are connected through the opti-
cal nerve to the lateral geniculate nucleus (LGN) of the thalamus,
which in turn projects to primary visual area V1 located around the
calcarine sulcus in the left and right hemisphere, also called striate
cortex. From V1, connections project to extrastriate areas such as
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6 general introduction

second visual area V2 and third visual area V3 (both located around
V1) and then further on to areas V4 and V5 (the latter also called me-
dial temporal area or MT). In total, the visual system encompasses
more than 30 distinct areas (Van Essen, Anderson, & Felleman,
1992). Although many of these areas are organised in a hierarchy,
with information flowing from lower (e. g. V2) to higher (e. g. V4)
areas, additional feedback loops and interconnections culminate in
more than 300 pathways connecting visual areas (Van Essen et al.,
1992). This renders the visual cortex a complicated structure but
also provides the basis for its remarkable abilities and dynamics.

The definition of subareas within the visual system is still an
ongoing process, especially with respect to higher level areas, and
historically relies on the usage of several neuroscientific methods.
Cytoarchitectonic differences allow one to distinguish Brodmann
areas (BAs) (Zilles & Amunts, 2010) that form the microanatomi-
cal definition of the functional areas V1 (BA17), V2 (BA18), and V3

(BA19). In other areas of the visual system, anatomical variations
correspond to and, thus, enable the identification of underlying
functional units (Weiner & Zilles, 2015).

Results from functional neuroimaging methods are crucial for
visual neuroscience. Starting from electrophysiological studies in
the cat and monkey cortex, neuroscientists began to understand
the functional architecture of visual cortex on a finer level. When
in 1959 Hubel and Wiesel discovered small-scale functional tun-
ings for spatial orientation in the cat’s cortex (Hubel & Wiesel,
1959, 1962), they introduced the concept of systematic cortical or-
ganisation with neurons grouped into (hyper-)columns (Hubel &
Wiesel, 1968; Mountcastle, 1997, 1957). This seminal discovery was
one of the first steps towards a deeper understanding of not only
organisational principles of visual cortex, but also computational
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1.3 coarse organisation of the visual system 7

Figure 1.1 Prominent cortical areas in the human visual system. Connections
(both feedforward and feedback) exist between many of these areas. Main
dorsal and ventral pathways are shown (solid lines) inlcuding assumed path-
way extensions into prefrontal cortex (dashed lines). MT: middle temporal
area; MST: medial superior-temporal areas; LOC: lateral occipital cortex; FFA:
fusiform face area; PPA: parahippocampal place area; IPS: intraparietal sulcus;
SPL: superior parietal lobule; DLPFC: dorso-lateral prefrontal cortex; VLPFC:
ventro-lateral prefrontal cortex. (based on Goebel, Muckli, and Kim, 2011)
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8 general introduction

steps undertaken by the brain to process incoming information
from the retina.

Ever since, visual neuroscience set out to map the functional
properties of cortical areas in the visual system and discovered spe-
cialisations for, e. g., motion (Tootell et al., 1995), colour (McKeefry
& Zeki, 1997), orientation (Tootell et al., 1998), or binocular dis-
parity (Backus, Fleet, Parker, & Heeger, 2001). More complex fea-
tures like a preference for faces (Kanwisher, McDermott, & Chun,
1997), places (Epstein & Kanwisher, 1998), or objects (Kourtzi &
Kanwisher, 2001) could be associated to hierarchically higher cor-
tical areas in the visual system. Often, these specialisations were
first found in animal models and later replicated in homologue
areas of human cortex using non-invasive methods. A very promi-
nent example is retinotopy, a technique pioneered by Sereno et al.
(1995), that allows mapping the early visual areas of human cortex
using fMRI and a finely tuned visual stimulation. Given the level
of detail for results from animal studies, human neuroscience of-
ten lagged behind in mapping specialisations for visual features
at equal accuracy and spatial resolution.

Over the last decades, neuroscience has revealed numerous de-
tails about the functional architecture of and the computations tak-
ing place along the hierarchically organised processing streams
within the human visual system. Still, the fine-grained organisa-
tion of functional areas remained elusive. This deficit is related to
the hitherto existing limitations regarding the spatial resolution of
non-invasive neuroimaging techniques. In the next sections, the
recent developments in fMRI methodology that can help to over-
come this limitation will be discussed. Furthermore, animal mod-
els are useful for understanding relatively simple forms of visual
cognition. When it comes to complex tasks in which humans out-
perform animals or even tasks that only our species can perform,
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1.4 advances in fmri 9

we have to investigate the visual cortex of humans in order to un-
derstand the computations underlying these abilities. Oftentimes,
such tasks involve our implicit or explicit knowledge about the
world which influences our visual system to accomplish the tasks.
This calls for investigations of top-down influences in the visual
system during which activity in higher order brain areas in tem-
poral, parietal, and frontal cortex change the neural activation pat-
terns in cortical areas along the visual hierarchy. One specific form
of top-down influence is visual mental imagery and will be dis-
cussed in the following sections.

1.4 advances in fmri

Shortly after its inception in 1990 (Kwong et al., 1992; Ogawa &
Lee, 1990) fMRI became the workhorse of cognitive neuroscience in
general and human visual neuroscience in particular (Bandettini,
2012). It provided an unprecedented level of spatial resolution
and depth of imaging while being non-invasive (compared to
other imaging techniques like positron emission tomography).
While MRI made it possible to image different tissue types within
the brain in vivo, by measuring their respective influence on the re-
laxation of proton spins, it was the discovery of the blood-oxygen
level dependent (BOLD) response that made the brain’s functional
processes visible. Here, the magnetic susceptibility differences
between oxygenated and deoxygenated blood that influence the
MRI signal are employed to estimate the local influx of oxygen-
rich blood in each voxel (three-dimensional pixel) for multiple
time points. This oxygen level is coupled to neuronal activity
and, thus, reflects functional activation of the brain, although the
precise mechanisms of this neurovascular coupling are still un-



i
i

“Dissertation_TCE” — 2016/6/15 — 17:36 — page 10 — #16 i
i

i
i

i
i
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der debate (Hirsch, Reichold, Schneider, Székely, & Weber, 2012;
Uludağ, Müller-Bierl, & Uğurbil, 2009).

In recent years, methodological advancements in the field of
fMRI have enabled us to reveal the functional organisations of
cortical areas at a finer level. Going to magnetic field strengths
of 7 Tesla (T) and beyond (Harel, 2012; Uğurbil et al., 2003; Ya-
coub et al., 2001) allows imaging at functional resolutions of 1 mm
isotropic voxel sizes and below. At this mesoscopic resolution,
it becomes feasible to unravel columnar structures in cortical ar-
eas (Cheng, Waggoner, & Tanaka, 2001; Goncalves et al., 2015;
Yacoub, Harel, & Uğurbil, 2008; Yacoub, Shmuel, Logothetis, &
Uğurbil, 2007; Zimmermann et al., 2011). Moreover, higher mag-
netic field strengths yield increased SNRs (Vaughan et al., 2001)
and contrast-to-noise ratios (CNRs) over conventional 3 T fMRI, es-
pecially when combined with advanced fMRI sequences (Feinberg,
Harel, Ramanna, Uğurbil, & Yacoub, 2008; Feinberg & Yacoub,
2012; Shmuel, Yacoub, Chaimow, Logothetis, & Uğurbil, 2007).
Modern spin-echo sequences seem to increase sensitivity to BOLD
responses originating in local microvasculature even further (De
Martino et al., 2013; Uğurbil et al., 2003; Uludağ et al., 2009; Ya-
coub et al., 2007), while the influence of large draining veins on
the BOLD response is diminished. Together, these developments
pushed the limits of non-invasive neuroimaging techniques that
can be employed to analyse and understand the functional organ-
isation in the human (visual) cortex.
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1.5 top-down influences and imagery in the visual

system

Most previous studies on the visual system have focussed on per-
ception and have not explicitly investigated other types of activa-
tions and normal-day usage of visual cortex. Beyond mere bottom-
up perception, top-down influences, accounting for a large part of
how we perceive the world, are often underestimated (Gilbert &
Sigman, 2007). Recent studies found brain activity in early visual
areas in the absence of actual visual stimulation, due to contextual
feedback on a stimulus from higher visual areas (Muckli et al.,
2015; F. W. Smith & Muckli, 2010) or even auditory areas (Vetter,
Smith, & Muckli, 2014). This sheds light on the importance of top-
down influences occurring even at the lowest levels of the visual
hierarchy.

A special case of top-down influences on the visual system is
imagery. Visual mental imagery contributes to human creativity
and is essential for our ability to solve problems (Ferguson, 1977;
Kozhevnikov, Kozhevnikov, Yu, & Blazhenkova, 2013). Imagina-
tion is at the core of many processes in the human mind (Miller,
1996). Unravelling the coding of mental imagery within the brain
is, thus, of utmost importance for the advance of cognitive neu-
roscience. There is a long-standing debate about the neurocogni-
tive implementation of mental imagery (Kosslyn, Thompson, &
Ganis, 2006; Tye, 2000): It is debated, whether there is an internal
picture that is generated and can be “seen with the mind’s eye”
(e. g. Kosslyn, 1980) or whether such images would be epiphenom-
enal and people would mainly rely on a mere description and
tacit knowledge of an imagined stimulus when solving imagery
tasks (e. g. Pylyshyn, 1973). Answering this question has proven
to be difficult because of the inherently private nature of and
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12 general introduction

inter-individual differences in imagery (Kozhevnikov, Hegarty, &
Mayer, 2002; Kozhevnikov, Kosslyn, & Shephard, 2005; Poltrock
& Brown, 1984) and the variability of brain areas that individu-
als employ during imagery (Kosslyn, Ganis, & Thompson, 2001;
Motes, Malach, & Kozhevnikov, 2008; Wraga, Thompson, Alpert,
& Kosslyn, 2003). This led to a comparative lack of research on
mental imagery relative to related topics (Pearson, 2014). Never-
theless, numerous findings support the notion of shared neural
circuits between perception and imagery (for reviews see Kosslyn
et al., 2006; Pearson, Naselaris, Holmes, and Kosslyn, 2015), ac-
companying the findings about top-down influences mentioned
above.

1.6 outline of this thesis

This thesis sets out to investigate the functional architecture of
several cortical areas in the human visual system during visual
perception as well as imagery. It makes use of ultra-high field fMRI
that allows us to map and decode brain activation at an unprece-
dented spatial resolution. Top-down influences on the visual sys-
tem that are employed during mental visual imagery are investi-
gated.

Chapter 2 (“Overlapping feature representations in human vi-
sual cortex: Binocular disparity and axis-of-motion tuning mapped
in human area MT using ultra-high field fMRI”) is focused on depth
perception and understanding the functional architecture of a
higher-level visual area (human area MT or hMT) with respect to
the computational properties and encoding of features. A regular,
mesoscopic preference organisation for binocular disparity (visual
depth) is shown. Moreover, this depth tuning is accompanied by
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an additional tuning for direction-of-motion. This dual tuning is
expected from animal models but shown for the first time in hu-
man area MT demonstrating a fine-grained organisation of cortical
areas that code for multiple visual features simultaneously.

In Chapter 3 (“Decoding the direction of imagined visual mo-
tion using 7 T ultra-high field fMRI”) a functional organisation sim-
ilar to the one revealed in Chapter 2 is observed, when subjects
not only perceive a visual stimulus, but strikingly when they only
imagine it. In this experiment, the direction of imagined visual mo-
tion can be decoded even from primary visual areas with remark-
able decoding accuracies in single subjects. Top-down influences
during imagery activate the early visual areas in a remarkably sim-
ilar way to activations during perception.

Finally, in Chapter 4 (“Reconstructing and decoding imagined
letters from the visual system using ultra-high field fMRI”), a fur-
ther and more precise form of visual imagery is decoded from
areas across the visual system. Subjects imagine one of four letters
and data recorded from early visual areas is used to reconstruct
the imagined letter in an image-like form.

A discussion of these findings is presented in Chapter 5. In sum-
mary, this thesis provides new evidence on the fine-grained organ-
isation of visual areas in the human brain during perception and
during imagery while employing state-of-the-art ultra-high resolu-
tion functional imaging techniques.
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Chapter 2

Overlapping feature
representations in human

visual cortex:
Binocular disparity and

axis-of-motion tuning mapped
in human area MT

based on: Emmerling, T. C., Valente, G., Zimmermann, J., Kemper, V. G.,
Frost, M., & Goebel, R. (submitted). Overlapping feature representations in hu-
man visual cortex: Binocular disparity and axis-of-motion tuning mapped in
human area MT using ultra-high field fMRI.
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abstract

The ability to vividly perceive depth is strongly dependent on
binocular disparity. While DeAngelis and Newsome (1999) demon-
strated the importance of middle temporal area (MT) for stereo-
scopic depth perception in the macaque, corresponding findings
for homologue human middle temporal area (hMT) have not been
reported yet, mainly due to limits in spatial resolution of current
neuroimaging techniques. We studied disparity tuning in hMT us-
ing submillimetre functional resolution ultra-high field (7 Tesla)
functional magnetic resonance imaging (fMRI) and found a system-
atic fine-grained tuning organisation. At the same time, we could
replicate axis-of-motion tunings in hMT as reported in Zimmer-
mann et al. (2011). We, thus, show for the first time overlapping
tuning maps for two distinct visual features, i. e. binocular dispar-
ity and direction-of-motion, in an extrastriate area of human visual
cortex using a fully crossed experimental design to shed light on
how the brain maps multiple basic visual features in the same cor-
tical area.
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2.1 introduction

In recent years, it has become feasible to map the organisation
within cortical areas of the human brain in vivo at a mesoscopic
level using ultra-high field (UHF) fMRI (Cheng, Waggoner, &
Tanaka, 2001; Goncalves et al., 2015; Yacoub, Harel, & Uğurbil,
2008; Yacoub, Shmuel, Logothetis, & Uğurbil, 2007; Zimmermann
et al., 2011). A characterisation of the functional organisation
of local neural circuits in the mammal cortex was already pos-
sible in animal models and led to the influential concept of a
(hyper-)columnar organisation in the cortex (Hubel & Wiesel,
1974). The advent of submillimetre resolution UHF fMRI allows the
replication and validation of the findings from cat and macaque
cortex in the human. In this study we focus on the prominent
mid-level area of human visual cortex – human middle temporal
area (hMT) – and demonstrate two orthogonal but overlapping
systematic mesoscopic organisations for the representations of
binocular disparity and axis-of-motion.

Binocular disparity is an important cue in human vision en-
abling the vivid perception of depth in everyday life (Qian, 1997).
Through a small relative shift between the projections of one point
in visual space onto the retinas of the two eyes, humans, as well
as many other binocular species such as monkeys, can infer the
relative distance of objects. The computations that are necessary
to fuse the images from the two retinas and extract the binocular
disparity take place in areas along the visual hierarchy (Gonza-
lez & Perez, 1998). Optical imaging and electrophysiology stud-
ies in cat and macaque cortex showed groups of neurons that
are selective for binocular disparity in V1 (Grunewald & Skoum-
bourdis, 2004), V2 (Chen, Lu, & Roe, 2008; Hubel & Livingstone,
1987; Kara & Boyd, 2009; Roe, 1995; Ts’O, Roe, & Gilbert, 2001),
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V3/V3A (Adams & Zeki, 2001; Anzai, Chowdhury, & DeAngelis,
2011; Hubel, Wiesel, Yeagle, Lafer-Sousa, & Conway, 2015), V4 (Tan-
abe, Doi, Umeda, & Fujita, 2005), and MT/V5 (DeAngelis, Cum-
ming, & Newsome, 1998; DeAngelis & Newsome, 1999). Recently,
studies using fMRI also demonstrated selectivity for disparity in
the human in areas V2, V3, V3A (Backus, Fleet, Parker, & Heeger,
2001; Nasr, Polimeni, & Tootell, 2016; Tsao et al., 2003), as well
as V3B/KO, V7, and hMT+/V5 (Preston, Li, Kourtzi, & Welchman,
2008). Goncalves et al., 2015 showed systematic disparity tuning
maps in human V3A using UHF fMRI. This is especially remark-
able as it closely resembles the findings from macaque research
(Adams & Zeki, 2001; Anzai et al., 2011; Hubel et al., 2015) and
demonstrates a systematically organised mesoscopic representa-
tion of binocular disparity tuning in the human cortex.

A similar correspondence between macaque and human visual
cortex should also exist in human area MT. In correspondence with
findings from homologue macaque MT (Albright, 1984; Britten,
Newsome, Shadlen, Movshon, & Celebrini, 1996; Diogo, Soares,
Koulakov, Albright, & Gattass, 2003; Dubner & Zeki, 1971; Salz-
man, Murasugi, Britten, & Newsome, 1992), an axis-of-motion
selective columnar organisation in hMT was shown by Zimmer-
mann et al., 2011. As not only axis-of-motion tuning but also
disparity tuning was repeatedly found in macaque MT/medial
superior-temporal area (MST) (DeAngelis et al., 1998; DeAngelis &
Newsome, 1999; DeAngelis & Uka, 2003; Roy, Komatsu, & Wurtz,
1992) an overlapping mesoscopic selectivity for these two features
should also exist in hMT as proposed by DeAngelis and Newsome
(1999, see also Figure 2.2a). However, a systematic disparity tuning
in this area has not yet been shown.

In this study we reveal a systematic organisation of mesoscopic
patches in hMT according to their tuning for different levels of
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binocular disparity. We show, for the first time in humans, a dis-
parity tuning in hMT that closely matches findings from macaque
cortex (DeAngelis & Newsome, 1999). We also replicate earlier
findings about an axis-of-motion tuning in hMT (Zimmermann et
al., 2011), however we extend these findings and map both, dis-
parity tuning and axis-of-motion tuning, in hMT at the same time
with data from the same experiment. Finally, we compare axis-of-
motion tunings across different levels of disparity and find differ-
ential effects for vertical and horizontal axes-of-motion, that might
be related to findings from macaque cortex on a joint encoding
of direction-of-motion and disparity (Smolyanskaya, Ruff, & Born,
2013).

2.2 methods

subjects Ten healthy fMRI-experienced subjects (three females;
age: 26.6 ± 3.3 years) with normal or corrected-to-normal vision
volunteered for this study. Out of these subjects, seven subjects
(two females; age: 26 ± 2.9 years) were selected to participate in an
fMRI session based on their screening test scores (see below). They
gave written informed consent and were paid for their participa-
tion. All procedures were conducted with approval from the local
Ethical Committee of the Faculty of Psychology and Neuroscience
at Maastricht University. All subjects were students or employees
at Maastricht University.

screening session All subjects attended a screening session
to test their individual sensitivity for depth perception based on
binocular disparity cues presented with anaglyph red-cyan glasses
(026HT bright red and 116HT medium blue-g; LEE Filters, An-
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dover, Hampshire, UK). The screening experiment was similar to
the screening used by Georgieva, Peeters, Kolster, Todd, and Or-
ban (2009). In each trial the subject was instructed to match a set of
five visual analogue scales (VASs) to the perceived depth profile of
a moving dots pattern at five sampling locations (marked by static
dots in the moving dots pattern) using the computer mouse (see
Figure 2.1a). The dot pattern was presented in a central square sur-
rounded by flickering zero-disparity dots. The VAS were initially
centred at the anchor ‘0’ (disparity) and could be moved toward
the anchors ‘behind’ (positive disparity) or ‘in front’ (negative
disparity). The subject was instructed to fixate during the short
500 ms presentation of the dot pattern to prevent possible compen-
satory ocular vergence. Following a 1 s delay, the subject had the
opportunity to display the stimulus again by pressing a button.
The subject could trigger this repeated display for an unlimited
number of times. When the subject finished the setting of all VAS
the trial was completed with the press of another button. During
the screening experiment dots moved along 12 depth patterns (see
Figure 2.1b) that were presented at three different disparity ampli-
tude ranges resulting in 36 different trials. The screening session
began with a training phase in which the dot patterns were pre-
sented for an unlimited amount of time and performance scores
were shown after each trial (correlation between VAS values and
real depth profile converted to 0–100 %). After the training phase
subjects completed two sets of randomly presented trials (72 trials
in total). A screening session lasted between 30 and 45 minutes.

experimental task During the experiment subjects watched
a pattern of moving and flickering dots through a pair of anaglyph
red-cyan glasses similar to the stimulation in Goncalves et al.
(2015). The screen was filled with flickering white dots (20 Hz)
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(a) Screening task

(b) Screening task depth patterns

Figure 2.1 Screening task. (a) A screening trial during the 500 ms presentation
phase (left). The visual analogue scales (VASs) are in their original positions.
The goal for the subject is to move the VAS sliders so that they reflect the
perceived depth pattern of the square of dots on the screen that is presented
with varying disparity. An exemplary setting of the VAS sliders is shown on
the right (yielding a score of 99.7 % correlation) together with the real depth
profile of the shown pattern. (b) All depth patterns that were shown in the
screening task at their maximal disparity range (0–0.5° visual degrees). Each
pattern was shown three times with different disparity ranges.
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providing a visual background at zero disparity. In four wedges
around the fixation cross, dots were coherently moving in one of
four directions (right, left, up, or down; speed of 8°/sec and were
presented at one of four disparities (visual angle of +.15°, +.05°,
-.05°, -.15°; far to near from observer; see Figure 2.2b). That is,
each dot was presented as a pair of horizontally shifted red and
cyan coloured dots. The red and cyan colours were calibrated to
match the colour and luminance of the white (i. e. zero-disparity)
dots when viewed through the filters. Therefore, the disparity
dots appear to be placed at different levels of depth distance from
the background of flickering white dots (and the viewer). The
quadratic field of flickering white dots occupied a visual angle
of 10° while the circle of wedges was shown at an eccentricity of
0.6°–3.6° in radial direction. Wedges spanned 70° in polar angle
and were spaced equally around fixation with gaps of 20° in polar
angle between them. The visual stimulus was shown for 1000 ms
followed by fixation cross for 500 ms. Eight repetitions of this stim-
ulation formed one experimental block (12 s) during which the
direction of motion and the disparity were kept constant. As in
Goncalves et al. (2015) the polar angle at which the wedges were
positioned was changed for each 1000 ms display interval to stim-
ulate the entire 360° of polar angle. In each experimental run, 12

blocks for each disparity and direction-of-motion were presented
in a fully crossed, pseudo-random order design resulting in 48

blocks per run.
The fixation cross consisted of a white dot surrounded by a

white square (1° × 1°) and white nonius lines on the square. The
subjects were instructed to maintain fixation during the entire ex-
periment. In each 12 s block the horizontal or vertical nonius lines
changed their relative position once to which the subjects were in-
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structed to react by the press of a button. This task was included
to ensure continuous fixation and attention.

stimuli Visual stimulation was created using PsychoPy (ver-
sion 1.83.01; Peirce, 2007) and, in the scanning session, projected
onto a frosted screen at the head end of the scanner bed using
an LCD projector (Panasonic, No PT-EZ57OEL; Newark, NJ, USA).
Behavioural responses to the attention task were collected through
an MR compatible button box (Current Designs, 8-button response
device, HHSC-2x4-C; Philadelphia, USA). Subjects wore an MR
compatible eye frame equipped with colour filters for the right
(026HT bright red; LEE Filters, Andover, Hampshire, UK) and
left (116HT medium blue-green; LEE Filters, Andover, Hampshire,
UK) eye. Colours of the visual stimulation were calibrated inside
the scanner before the experiment so that there was no remaining
cross-talk.

scanning session At the beginning of the scanning ses-
sion, we recorded an hMT+ localizer scan as in Emmerling, Zim-
mermann, Sorger, Frost, and Goebel (2016). Similar to Huk,
Dougherty, and Heeger (2002), the stimulation included a field
of dots moving in radial directions alternating with static dot
fields. Dot fields were presented centrally and peripherally (±10°
of visual angle). After the localizer, four experimental runs were
recorded.

mri acquisition Images were acquired with a Siemens Mag-
netom 7 T scanner (Siemens; Erlangen, Germany) and a 32-channel
head-coil (Nova Medical Inc.; Wilmington, MA, USA). A T1-
weighted magnetisation prepared rapid acquisition gradient echo
(3D-MP2RAGE; Marques et al., 2010) sequence (240 sagittal slices,
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(a) Hypothesised idealised model of human area MT

(b) Experimental stimulation conditions

Figure 2.2 Hypothesised idealised model of human area MT and experimen-
tal stimulation conditions. (a) Similar to the model proposed by DeAngelis
and Newsome (1999), this abstract organisation of human area MT shows
mappings for direction tuning as well as for disparity tuning. (b) The eight
experimental stimulation conditions are visualised. While the background
field of white flickering dots was the same in every condition, an array of
four polar wedges around the fixation cross was shown at four different dis-
parities (upper row; visual angle of +.15°: very far from observer, +.05°: far
from observer, -.05°: near to observer, -.15°: very near to observer; presented
using anaglyph colours) and with dots moving in one of four directions
(lower row; right, left, up, down).
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matrix = 320 × 320, voxel size = 0.7 × 0.7 × 0.7 mm3, first inver-
sion time TI1 = 900 ms, second inversion time TI2 = 2750 ms, echo
time (TE) = 2.46 ms, repetition time (TR) = 5000 ms, first nominal
flip angle = 5°, second nominal flip angle = 3°) was used to acquire
an anatomical dataset. Very high-resolution functional images
were recorded using gradient echo (T2* weighted) echo-planar
imaging (EPI; Moeller et al., 2010) with the following parameters:
TE = 26 ms, TR = 3000 ms, generalised auto-calibrating partially
parallel acquisitions (GRAPPA) factor = 3, multi-band factor = 2,
nominal flip angle = 55°, number of slices = 82, matrix = 186 ×
186, voxel size = 0.8 × 0.8 × 0.8 mm3. The field-of-view included
occipital, temporal, and parietal areas but did not cover large
parts of frontal cortex (see Figure 2.3a). Right after the anatomical
data we acquired additional functional volumes (five volumes in
the phase encoding direction of the experimental runs and five
volumes with a reversed phase encoding direction) to correct for
EPI distortions.

imaging data preprocessing Functional and anatomical
images were analysed using BrainVoyager QX (version 2.8; Brain
Innovation; Maastricht, The Netherlands), custom code in MAT-
LAB (version 2013a; The Mathworks Inc.; Natick, MA, USA), and
PyMVPA (version 2.3; Hanke et al., 2009). Anatomical images were
interpolated to a nominal voxel size of 0.8mm isotropic to match
the resolution of the functional data. Similar to Emmerling et al.
(2016), the white/grey matter boundary was detected with the
largely automatic segmentation tools of BrainVoyager QX. These
tools employ an adaptive region-growing method that analyses
intensity histograms and corrects topological errors in the de-
tected borders before reconstructing the cortical surfaces (Goebel,
Esposito, & Formisano, 2006; Kriegeskorte & Goebel, 2001).
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(a) Exemplary functional FOV

(b) ROI definition

Figure 2.3 Exemplary functional FOV and region-of-interest (ROI) definition for
subject 2. (a) The functional scans covered large parts of the visual cortex
(red; shown on reconstructed cortical surface from left and from top) but
excluded frontal and parietal areas. (b) Using data from an hMT+ localizer,
human area MT (shown in red for left and right hemisphere) was defined on
an inflated cortical surface by contrasting against MST. MT: middle temporal
area; MST: middle superior temporal area.
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In order to correct for distortions in the echo-planar imagings
due to long echo-planar imaging (EPI) readout trains we recorded
five functional volumes of normal and reversed phase encoding.
These pairs of images are distorted in opposite directions and
we used them to estimate the susceptibility-induced off-resonance
field employing a method similar to that described in Andersson,
Skare, and Ashburner (2003) as implemented in FSL (Smith et al.,
2004). After performing 3D rigid body motion correction of the re-
maining functional runs (aligning all subsequent runs to the first
functional run), the estimated off-resonance field was used to cor-
rect for EPI distortions. Furthermore, functional data were high-
pass filtered using a general linear model (GLM) Fourier basis set of
seven cycles sine/cosine per run (including linear trend removal).
Functional runs were co-registered to the individual anatomical
scan with an affine (9 parameter) transformation.

region-of-interest definition A human area MT region-
of-interest (ROI) was defined using data from the hMT+ localizer
scan projected onto an inflated surface reconstruction. In each
hemisphere, area MT was distinguished from MST in the hMT+ com-
plex (Emmerling et al., 2016; Huk et al., 2002) by thresholding the
respective contrast at q(FDR) < .001 and restricting the resulting ac-
tivation patch to 150 vertices (see Figure 2.3b). The surface patches
were transformed back into volume space (from -1 mm to +3 mm
from the grey/white matter segmentation boundary) to create the
final volume ROIs.

searchlight analysis In each subject we mapped areas that
allowed decoding the presented disparity or direction-of-motion
by means of a searchlight analysis (Kriegeskorte, Goebel, & Ban-
dettini, 2006). Similar to a previous study (Emmerling et al., 2016),
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a sphere with a radius of four voxels was moved through the cor-
tical ribbon (so that the spheres central voxel always lay within
-1 mm to +3 mm from the grey/white matter segmentation border)
and defined a feature set of 257 voxels. After z-scoring each run,
the data were split into training and testing datasets in a leave-
one-run-out cross-validation procedure. We extracted the average
of 12 s (4 TRs), starting 6 s (2 TRs) after trial onset for each voxel
and each trial of the spheres. These features were then used for
a one-versus-one 4-class classification (predicted classes were cho-
sen based on the maximum number of votes in all binary classifi-
cations) using a linear support vector machine (SVM; LIBSVM im-
plementation in PyMVPA; Chang and Lin, 2011). Finally, we tested
the resulting classification accuracies for significance by means of
FDR-corrected Chi-square tests of the confusion matrix and pro-
jected the obtained thresholded p-value maps onto the inflated
surface reconstruction.

disparity tuning curves For each subject we assessed pos-
sible disparity tunings in area MT in a leave-one-run-out cross-
validation procedure (see Figure 2.4). A GLM with predictors for
all four disparity conditions was fit to data from three of the four
runs (training data). After removing the mean t-value across vox-
els for each contrast (corresponding to one of the four disparities),
these t-values were compared in each voxel. The mean removal
was performed to eliminate signal biases towards near disparities
as observed and corrected for in other studies (Adams & Zeki,
2001; DeAngelis & Uka, 2003; Tanabe et al., 2005). Each voxel was
then labelled as preferring one of the four disparities based on the
contrast with the highest t-value (see Figure 2.4, step 1). Subse-
quently, we fitted a GLM (same parameters as above) to the left-out
run (testing data) and after mean removal (see above) the average
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t-value was computed over all the voxels belonging to one class.
This was done for all four groups of voxels labelled as preferring
one of the four disparities (see Figure 2.4, step 2) and repeated
for four leave-one-run-out cross-validations (see Figure 2.4, step3).
Finally, we computed a confusion matrix (CM) such that for each
group of voxels the disparity condition with the maximum aver-
age t-value was counted over all cross-validations. If there was
a perfect consistency of preferences between training and testing
data this would lead to an identity matrix with ‘4’s on the diago-
nal of the CM. That is: Voxels, that have the highest t-value for, e. g.,
disparity condition ‘-2’ in the training data, also have the highest
t-value for disparity condition ‘-2’ in the testing data (and so forth
for all classes and all cross-validation steps). We computed two
accuracies for each CM (see Figure 2.4, step 4):

1. Two-class accuracy: sum of the values in the first and the
fourth quadrant divided by sum of all values in the CM

2. Four-class accuracy: sum of the values on the main diagonal
divided by sum of all values in the CM

permutation testing In order to test the computed accura-
cies (2-class and 4-class) for significance we performed 1000 per-
mutations by scrambling the labels across conditions within each
run, followed by the analysis pipeline described above. This gave
us a distribution of accuracies under the null hypothesis to test
the probability of the empirical accuracies in single subjects (see
Figure 2.4, step 5). Furthermore, we tested group-level significance
by means of Wilcoxon Signed-Rank tests.
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Figure 2.4 Analysis pipeline to compute tuning curves for disparity in five
steps (page 37). Please note that the analysis for direction tuning curves is
equivalent to this pipeline. ACC: accuracy; TP: true positive; TN: true negative;
P: all positive; N: all negative.

tuning maps To visualise the organisation of disparity tun-
ings we produced winner maps for the ROI assigning a colour
to each voxel according to the most often occurring label over
all four cross-validations. We then thresholded this map to only
show voxels with a label that occurred in at least half of the cross-
validations.

direction-of-motion tuning curves and tuning maps

We performed the same analysis pipeline as outlined above (see
also Figure 2.4) separately for the direction-of-motion conditions.
This was possible because of the fully crossed design of the exper-
iment. In the case of the direction-of-motion tuning curves the 2-
class accuracy was computed for horizontal (left and right) versus
vertical (up and down) directions-of-motion, i. e., axes-of-motion.
We also produced tuning maps for the direction-of-motion tuning
in the same way as for the disparity tuning.

direction-of-motion tuning maps at different dispar-
ities We checked for possible differences between the direction-
of-motion tuning in positive (i. e. far from the observer) versus
negative (i. e. near to the observer) disparities. This was done sepa-
rately for the horizontal and vertical axis-of-motion. We computed
GLMs with predictors for all 16 conditions (4 disparities × 4 di-
rections) and calculated a preferred direction for every voxel in
the MT ROI as outlined before (see Figure 2.4, step 1) for trials
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with positive and negative disparities, thus, obtaining two differ-
ent winner maps. Then, we applied a threshold to these winner
maps so that only voxels with a label that occurred in at least half
of the cross-validations were kept. Finally, we counted the number
of voxels that had the same direction preference in both winner
maps. We did that separately for horizontal and vertical direction
preferences and standardised this number by the number of voxels
with this direction preference in both maps (irrespectively of simi-
larity between maps). This way we obtained a consistency measure
for horizontal and vertical direction preferences between positive
and negative disparities.

To test the statistical significance of these consistencies we per-
formed 10,000 permutation tests to obtain consistencies under
the null hypothesis (there is no consistency between the two
maps). Here, we scrambled the voxel labels in one of the two
already thresholded maps and calculated the consistency as out-
lined above. A permutation test revealed significances for single
subjects while we tested group-level significance by means of a
Wilcoxon Signed-Ranks test of the found consistencies in each
subject against the respective mean of permutations.

2.3 results

screening data The average correlation indices between the
depth profiles of the dot pattern and the setting of the visual ana-
logue scales for 10 subjects are shown in Figure 2.5. Subjects with
an average correlation higher than r = .75 (S01—S07) were selected
to participate in the scanning session.
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Figure 2.5 Behavioural results from screening session for 10 subjects. The
screening score as an average correlation [%] between the setting of the vi-
sual analogue scales (VASs) and the actual depth pattern of the shown dot
field across trials is shown for all subjects (S1 through S10). Subjects with an
average correlation above 75 % were selected to participate in the scanning
session (dark grey bars; subjects S1 through S7). The average correlation
across all subjects is shown on the right (Avg). The error bar indicates one
standard deviation.

disparity tuning Disparity tuning curves for all subjects are
shown in Figure 2.6a. For the 2-class hypothesis, i. e. a tuning for
positive (far) versus negative (near) disparities, we found signifi-
cant tunings (as assessed by the accuracy of the confusion matrix)
in all seven subjects that participated in the scanning session (p <
.05; see Figure 2.7a). Group level statistics also showed a signifi-
cant tuning (W = 28; p = .016). For the 4-class hypothesis, i. e. a
tuning for all four levels of disparity, we found significant tunings
in subjects S01 and S02 (p < .05). A group level statistical test also
showed a significant tuning (W = 26; p = .047). Disparity tuning
maps for subjects S01 and S03 are shown in Figure 2.10.
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direction-of-motion tuning Direction-of-motion tuning
curves for all subjects are shown in Figure 2.6b. For the 2-class
hypothesis, i. e. a tuning for horizontal (left and right) versus ver-
tical (up and down) axes-of-motion, we found significant tunings
(as assessed by the accuracy of the confusion matrix) in subjects
S01, S03, and S06 (p < .05; see Figure 2.7b). Group level statistics
showed a significant tuning as well (W = 28; p = .016). For the
4-class hypothesis, i. e. a tuning for all four directions-of-motion,
we found significant tunings in subjects S01 and S03 (p < .05).
Furthermore, group level statistics showed a significant tuning
(W = 26; p = .047). Direction-of-motion tuning maps for subjects
S01 and S03 are shown in Figure 2.10.

Figure 2.6 Tuning curves for disparity and direction-of-motion for subject S01

through S07 (page 42 and page 43). (a) Disparity tuning curves for all four
groups of voxels preferring a single disparity in the training data (subplots
from left to right) are shown for all disparities in the test data (data points
in each subplot; y-axis shows different disparities). (b) Direction-of-motion
tuning curves for all four groups of voxels preferring a single direction-of-
motion in the training data (subplots from left to right) are shown for all
directions-of-motion in the test data (data points in each subplot; arrows
indicate the direction-of-motion). (a & b) All t-values have their respective
mean removed to eliminate large biases over classes. Dot markers in the
line plots indicate the maximum in each tuning curve; green dots indicate
maxima that match the preference in the training data, red dots indicate all
other maxima.
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(a) Disparity tuning curves
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(b) Direction-of-motion tuning curves
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searchlight results The decoding of the presented dispar-
ities and directions-of-motion by means of multi-voxel pattern
analysis using a searchlight approach revealed significant cortical
patches throughout the visual system in subjects S01, S02, S04, S06,
and S07 for the disparity conditions (S04 and S06 show significant
cortical patches in hMT) and no subject for the directions-of-motion
conditions (see Figure 2.8).

Figure 2.7 Confusion matrix accuracies for disparity and direction-of-motion
tunings for subject S01 through S07 (page 45). (a) Accuracies for a 2-class dis-
parity tuning (left; positive versus negative disparity) and a 4-class disparity
tuning (right; all four levels of disparity) in human area MT are shown. (b) Ac-
curacies for a 2-class axes-of-motion tuning (left; horizontal versus vertical)
and a 4-class direction-of-motion tuning (right; all four cardinal directions of
motion) in human area MT are shown. (a & b) Dark red lines mark the single-
subject mean of 1000 permutations; bright red bars mark the single-subject
95

th percentile of 1000 permutations. Light grey bars labelled ‘Group’ show
the respective average accuracy across all subjects. P-values are shown above
the bars for each subject (assessed by testing against 1000 permutation) and
for the group (assessed by Wilcoxon Signed-Rank tests against average per-
mutation accuracies). Asterisks in indicate significant accuracies (p < .05).
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(a) Confusion matrix accuracies for disparity tunings

(b) Confusion matrix accuracies for direction-of-motion tunings
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consistency of direction-of-motion tuning maps at

different disparities Results from the consistency analysis
are shown in Figure 2.9. On group level, the consistency values
between the tuning maps at positive versus negative disparities re-
vealed significant similarity for the vertical (p = .031; W = 27) but
not for the horizontal axis-of-motion (p = .156; W = 23). For the
horizontal axis-of-motion three subjects showed significant consis-
tency while for the vertical axis-of-motion six subjects showed sig-
nificant consistencies.
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Figure 2.8 Searchlight maps for disparity decoding for five subjects. High-
lighted patches in the left and right inflated hemispheres of subjects S01,
S02, S04, S06, and S07 show significant decoding accuracies (p < .05 FDR cor-
rected; 50 mm2 cluster-threshold) for multi-voxel pattern analyses that run
in spheres of voxels throughout the cortical ribbon of each subject. Warmer
colours (orange > yellow) indicate lower p-value. In subjects S03 and S05

no significant patches were found that survived the cluster-thresholding. LH:
left hemisphere; RH: right hemisphere; lat.: lateral view; med.: medial view.
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Figure 2.9 Consistencies between direction-of-motion tuning maps at different
disparities. For subjects S01 through S07, consistencies are shown between
horizontal (right and left) axis-of-motion tuning maps at positive (+.15; +.05)
versus negative (-.05; -.15) disparities (left-hand side) and between vertical
(up and down) axis-of-motion tuning maps at positive versus negative dis-
parities (right-hand side). A high consistency indicates a similar tuning map
in both groups of disparity conditions. That is, irrespectively of the dispar-
ity at which a moving dot pattern is presented the tuning map stays the
same. Consistencies are standardised by the amount of voxels per class in
each tuning map. Dark red lines mark the single-subject mean of 10,000 per-
mutations; bright red bars mark the single-subject 95

th percentile of 10,000

permutations. Light grey bars entitled ‘Group’ show the respective average
consistency over all subjects. P-values are shown above the bars for each
subject (assessed by testing against 10,000 permutations) and for the group
(assessed by Wilcoxon Signed-Rank tests against average permutation accu-
racies). Asterisks in indicate significant accuracies (p < .05).
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(a) Tuning maps in hMT of subject S01

(b) Tuning maps in hMT of subject S03

Figure 2.10 Disparity tuning and direction-of-motion tuning maps in hMT.
Winner maps for disparity tuning (left) and direction-of-motion tuning
(right) are shown for subjects (a) S01 and (b) S03 in selected transversal slices
in left-hemispheric hMT. Winner maps visualise the most often occurring la-
bel (‘-.15’, ‘-.05’, ‘+.05’, or ‘+.15’ for disparity; ‘down’, ‘up’, ‘left’, or ‘right’
for direction-of-motion) per voxel. Colours are chosen to facilitate visual (2-
class) pooling (i. e., ‘near’ versus ‘far’ for disparity; ‘horizontal’ versus ‘verti-
cal’ for direction-of-motion). Maps are thresholded to only show voxels with
a preference that was found in at least half of the cross-validations.
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2.4 discussion

Discovering a tuning to more than one visual feature at the same
time is of particular importance as it unravels the seemingly com-
plicated multi-purpose architecture of visual areas. A decoding of
visual features that are processed at various levels throughout the
visual system allows for a better understanding of the whole com-
putational pipeline of visual perception in the human brain.

This study set out to reveal mesoscopic dual feature represen-
tations of both binocular disparity and axis-of-motion tuning in
hMT. Our results are the first to demonstrate hMT disparity tun-
ing. Furthermore, we are able to replicate earlier findings (Zim-
mermann et al., 2011) of axis-of-motion tuning while unravelling
the organisational structure of such a dual feature code. The over-
lap of systematic tunings for different visual features within one
area was expected based on findings in homologue macaque area
MT (DeAngelis & Newsome, 1999) and the tuning to both, binoc-
ular disparity and axis-of-motion, matches the macaque area MT
model by DeAngelis and Newsome (1999, see also Figure 2.2a)
closely.

We show significant disparity tunings (‘near’ versus ‘far’) in ev-
ery single subjects as well as on a group level. We can even show
significant 4-class disparity tunings in some subjects revealing a
more fine-grained functional organisation of hMT that is also sig-
nificant on a group level.

Beyond a significant tuning, however, we find a regular organ-
isation observable for both, binocular disparity tuning as well as
direction-of-motion tuning in single subjects (see Figure 2.10). A
regular tuning map such as this is expected in light of similar re-
sults in macaque cortex (DeAngelis & Newsome, 1999).
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Although this study was not primarily designed to examine Joint
encodinga possible joint encoding of binocular disparity and direction-of-

motion (Smolyanskaya et al., 2013) it provides first evidence that
hMT represents both features in a largely separable manner. With
our fully crossed experimental design it was possible to find con-
sistent tunings for one feature (e. g. binocular disparity) despite
the other feature changing (e. g. different directions-of-motion) by
averaging across the irrelevant feature dimension Grunewald and
Skoumbourdis, 2004; Qian and Andersen, 1997. If there was an
interdependence in representations of disparity and direction-of-
motion, i. e. a joint encoding, the proportion of neurons in hMT
with such properties was so small that it did not change tuning
accuracies for either separate feature domain significantly. This
matches findings in macaque MT (Smolyanskaya et al., 2013) and
suggests a multiplicative model of feature encoding in human area
MT. Furthermore, it also provides evidence that our localisation of
hMT in contrast to (human) MST was successful as a joint encoding
for disparity and direction-of-motion has been repeatedly shown
in macaque MST (Roy et al., 1992; Roy & Wurtz, 1990). If our hMT
ROI definition had included MST it would have rendered cortical
representations of the two features inseparable, assuming that this
joint encoding is present in the human MST.

When we checked for differences between the direction-of-
motion tuning maps at positive (‘far’) versus negative (‘near’)
disparities we found an interaction with the axis-of-motion: For
the vertical axis-of-motion (up and down) there was a significant
consistency between the tuning maps at positive and negative
disparities (as validated with permutation tests). However, for
the horizontal axis-of-motion (right and left) this consistency was
not significant. These systematic changes of direction-of-motion
tunings across different levels of disparity could be explained by
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possible joint encoding characteristics of subdivisions in hMT. Re-
cently, Nadler et al. (2013) showed that in macaque MT 44 % of
the neurons are “opposite” cells preferring opposite depth-signs
from motion parallax and binocular disparity (i. e. an “opposite”
MT neuron would signal a near depth sign from motion parallax
but a far depth sign from binocular disparity). While the exact
functional role of opposite cells remains elusive, Nadler et al.
(2013) hypothesise that these cells enable the detection of local
mismatches between disparity and image motion and thereby al-
low the detection of moving objects in depth while the observer is
in motion himself. As the computation of motion parallax informa-
tion involves the integration of (extra-retinal cues and) horizontal
axis-of-motion information (Nadler, Angelaki, & DeAngelis, 2008;
Nadler, Nawrot, Angelaki, & DeAngelis, 2009) our results on
direction-of-motion tuning consistency might directly relate to
these opposite cells. We speculate that the hMT patches tuned for
horizontal directions-of-motion might contain more opposite cells
than the patches tuned for vertical directions-of-motion. Oppo-
site cells could lead to a change in direction-of-motion preference
across different levels of binocular disparity based on their oppo-
site tuning for motion parallax on different disparity levels. This
could explain the differential consistency effects we found in our
data. An alternative explanation, however, would be that in some
subjects the definition of the hMT ROI partially included MST and
therefore included effects from a possible joint encoding present
in MST (Roy et al., 1992; Roy & Wurtz, 1990). Follow-up experi-
ments are needed to clarify the interaction of binocular disparity
and direction-of-motion.

We found better searchlight accuracies for decoding binocularComparison
of tunings disparity than direction-of-motion. This might be a result from a

‘near-bias’ in visual areas that was very prominent in our data
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and was shown in other studies (Adams & Zeki, 2001; DeAngelis
& Uka, 2003; Tanabe et al., 2005). This near-bias might have led
to enhanced performance of the searchlight analysis classifying
between positive and negative disparities. Such a bias was prob-
ably not present for the different directions-of-motion. In combi-
nation with the limited volume of each searchlight sphere and
the functional resolution we recorded at, this might explain the
comparably worse performance of the searchlight decoding for
directions-of-motion. For the searchlight decoding we did not test
a pooled hypothesis of axes-of-motion, which might have led to
better results. Especially the weak searchlight decoding results in
hMT compare well to previous studies on direction-of-motion de-
coding (Kamitani & Tong, 2005).

Another factor that could have influenced the results on direction-
of-motion decoding was the design of the visual stimulation. In
this study we primarily wanted to map a disparity tuning in
hMT and optimised our visual stimulation to enhance the subjec-
tive percept of visual depth. Therefore, we included a flickering
dots background, a gapped stimulation pattern (blank periods
of 500 ms), and manipulated binocular disparity and direction-of-
motion only in four wedges around fixation to allow for a better
perceptual contrast. In an experiment that primarily aimed for the
mapping of direction-of-motion tuning, other experimental de-
signs would have led to more pronounced results (Zimmermann
et al., 2011).

We found disparity tunings in hMT using gradient echo fMRI Conclusion
sequences. While our sequence allowed for a field-of-view that
included hMT as well as earlier visual areas we did not systemati-
cally check for disparity tunings in areas other than hMT. This was
due to time constraints in the scanning session that prohibited the
recording of a retinotopy to delineate these areas. It would be inter-
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esting to record retinotopies in a follow-up experiment to compare
our findings with results from Goncalves et al. (2015) and Nasr et
al. (2016).

While our imaging resolution was sufficient to map two features
at a mesoscopic scale in the same brain area using a gradient echo
sequence, one could, in the future, also aim to map disparity and
motion direction tunings at an even finer scale and with higher ac-
curacies using spin-echo based fMRI sequences such as 3D GRASE
(Feinberg, Harel, Ramanna, Uğurbil, & Yacoub, 2008) that have a
higher specificity for local microvasculature compared to gradient
echo sequences (De Martino et al., 2013; Uğurbil et al., 2003; Ulu-
dağ, Müller-Bierl, & Uğurbil, 2009; Yacoub et al., 2007). This would
not only shed light on the fine-grained and possibly columnar ar-
chitecture of hMT but could also address joint encoding proper-
ties of subpopulations within hMT. Furthermore, it will be interest-
ing to apply the mapping approach we employed in this study to
more complex visual paradigms in order to map and understand
the functional architecture of human visual cognition beyond rela-
tively simple features.
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Chapter 3

Decoding the direction of
imagined visual motion using

7T ultra-high field fMRI

based on: Emmerling, T. C., Zimmermann, J., Sorger, B., Frost, M. A., & Goebel,
R. (2016). Decoding the direction of imagined visual motion using 7T ultra-high
field fMRI. NeuroImage, 125, 61—73.

and

Emmerling, T. C., Zimmermann, J., Sorger, B., Frost, M. A., & Goebel, R. (2016).
Time-resolved searchlight analysis of imagined visual motion using 7T ultra-
high field fMRI: Data on interindividual differences. Data in Brief, 7, 468–471.
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abstract

There is a long-standing debate about the neurocognitive imple-
mentation of mental imagery. One form of mental imagery is the
imagery of visual motion, which is of interest due to its naturalistic
and dynamic character. However, so far only the mere occurrence
rather than the specific content of motion imagery was shown to
be detectable. In the current study, the application of multi-voxel
pattern analysis to high-resolution functional data of 12 subjects
acquired with ultra-high field 7 Tesla functional Magnetic Reso-
nance Imaging allowed us to show that imagery of visual motion
can indeed activate the earliest levels of the visual hierarchy, but
the extent thereof varies highly between subjects. Our approach
enabled classification not only of complex imagery, but also of its
actual contents, in that the direction of imagined motion out of
four options was successfully identified in two thirds of the sub-
jects and with accuracies of up to 91.3 % in individual subjects.
A searchlight analysis confirmed the local origin of decodable in-
formation in striate and extra-striate cortex. These high-accuracy
findings not only shed new light on a central question in vision
science on the constituents of mental imagery, but also show for
the first time that the specific sub-categorical content of visual mo-
tion imagery is reliably decodable from brain imaging data on a
single-subject level.
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3.1 introduction

The nature and exact representation of complex mental imagery
in the human brain is recognised as one of the keys to under-
standing creativity and intelligence (Ferguson, 1977; Kozhevnikov,
Kozhevnikov, Yu, & Blazhenkova, 2013). If neuroimaging studies
were able to reveal the neural correlates of mental imagery with a
similar degree of accuracy as for perception, this may potentially
allow for a better understanding of human creativity and intelli-
gence since mental imagery seems to be a prerequisite for both
(Miller, 1996).

One particularly naturalistic form of imagery is the imagination
of visual motion. Visual motion is a crucial domain in daily life;
the processing of visual motion is not only necessary to maintain
a coherent percept of one’s surrounding but also enables us to
separate objects from each other and perceive depth. So far, re-
search in cognitive neuroscience has mostly focused on static men-
tal images such as orientations (Albers, Kok, Toni, Dijkerman, &
de Lange, 2013; Harrison & Tong, 2009), shapes (Stokes, Saraiva,
Rohenkohl, & Nobre, 2011; Stokes, Thompson, Cusack, & Dun-
can, 2009), objects (Cichy, Heinzle, & Haynes, 2012; Lee, Kravitz,
& Baker, 2012; Reddy, Tsuchiya, & Serre, 2010), and scenes (M. R.
Johnson & Johnson, 2014). Investigating motion imagery on the
other hand goes beyond static and towards dynamic imagery pro-
cesses and could, thus, enable a better understanding of sustained
forms of imagery. Due to its naturalistic character, motion imagery
is close to and directly translatable to actual action implementa-
tion, for instance in human machine interfacing. While neural acti-
vation patterns during visual short-term memory of perceived vi-
sual motion have been shown recently (Emrich, Riggall, LaRocque,
& Postle, 2013), scientific knowledge about neural correlates of
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motion imagery is still limited. This is due to the inherently pri-
vate nature of imagery and inter-individual differences in personal
strategies (Kozhevnikov, Hegarty, and Mayer, 2002; Kozhevnikov,
Kosslyn, and Shephard, 2005; Poltrock and Brown, 1984; also note
the recently described condition of congenital aphantasia: Zeman,
Dewar, and Della Sala, 2015) and brain areas (Kosslyn, Ganis, &
Thompson, 2001; Motes, Malach, & Kozhevnikov, 2008; Wraga,
Thompson, Alpert, & Kosslyn, 2003) recruited during imagery. In
addition, so far only the occurrence (categorical decoding), but not
the specific content (sub-categorical decoding) of motion imagery
has been decodable (Goebel, Khorram-Sefat, Muckli, Hacker, &
Singer, 1998) and the question of whether the actual specific con-
tent of imagined motion is decodable, is still to be answered.

When it comes to the neural correlates of imagery, numerous
findings show that perception and imagery share neural circuits
(for a review see Kosslyn, Thompson, and Ganis, 2006). This sug-
gests that also brain regions involved in visual motion imagery
overlap with those involved in visual motion perception. The
most important motion-responsive brain areas include direction-
selective cells in V1 (Hubel & Wiesel, 1968; McLean & Palmer,
1989; Movshon, Thompson, & Tolhurst, 1978), human area V3A
(Tootell et al., 1997; Van Oostende, Sunaert, Van Hecke, Marchal,
& Orban, 1997), and the human motion complex (hMT+, Cheng,
Fujita, Kanno, Miura, and Tanaka, 1995; Dupont, Orban, De Bruyn,
Verbruggen, and Mortelmans, 1994; Tootell et al., 1995). Different
directions of perceived visual motion can be decoded from sev-
eral of these areas in the visual cortex (Kamitani & Tong, 2005).
More recently, the axis-of-motion selective columnar structure in
the middle temporal area (MT) that is known from animal studies
(Albright, Desimone, & Gross, 1984; Albright, 1984; Diogo, Soares,
Koulakov, Albright, & Gattass, 2003; Dubner & Zeki, 1971) was
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shown in humans using 7 Tesla (T) ultra-high field functional mag-
netic resonance imaging (fMRI; Zimmermann et al., 2011). In light
of these previous studies, V1, V3A, and hMT+ are the most likely
candidates for the decoding of visual motion imagery.

In order to optimally decode information regarding imagery
within these regions, high-field imaging and multivariate analy-
ses seem promising. The recent developments of 7 T ultra-high
field fMRI for humans has brought improvements in spatial speci-
ficity (Uğurbil et al., 2003; Uludağ, Müller-Bierl, & Uğurbil, 2009)
and increases in signal-to-noise ratio (SNR; Vaughan et al., 2001)
over conventional 3 T fMRI. Additionally, with higher magnetic
field strengths the influence of large draining veins on the blood-
oxygen level dependent (BOLD) signal becomes smaller, while the
signals from small vessels and capillaries become better detectable
(Shmuel, Yacoub, Chaimow, Logothetis, & Uğurbil, 2007). This
further enhances the functional specificity. Seminal studies have
leveraged these benefits to explore the functional organisation of
the visual system at the level of cortical columns (Cheng, Wag-
goner, & Tanaka, 2001; Goodyear & Menon, 2001; Menon, Ogawa,
Strupp, & Uğurbil, 1997; Yacoub, Harel, & Uğurbil, 2008; Yacoub,
Shmuel, Logothetis, & Uğurbil, 2007). These structures are well
known from animal studies (Bonhoeffer & Grinvald, 1991; Hubel
& Wiesel, 1968; Mountcastle, 1957; Tanaka, 1996) and seem to be
a crucial functional unit providing a key to understand compu-
tational mechanisms in early sensory areas and beyond. In addi-
tion to hardware advancements, new data analysis techniques like
multi-voxel pattern analysis (MVPA; for an introduction see Pereira,
Mitchell, and Botvinick, 2009) and information-based functional
brain mapping (Kriegeskorte, Goebel, & Bandettini, 2006) enable
the extraction of more spatially distributed information from fMRI
data. However, there is an ongoing debate on the spatial scale of
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the signals that MVPA picks up. There are controversial findings on
whether large-scale biases can explain decoding performances of
MVPA decoding studies (Op de Beeck, 2010a) rather than signals
from a fine-grained columnar organisation of cortex (Swisher et
al., 2010).

Together, ultra-high field fMRI and new analysis algorithms al-
low one to overcome the resolution boundaries given by conven-
tional neuroimaging methods. Here we apply these methodologi-
cal advances to the study of visual motion imagery.

The current study aims to decode the specific content of vi-
sual motion imagery, accounting for inter-individual differences
in imaging strategies and neural activation patterns. In this way,
we combine the described advantages of high-field brain imag-
ing and multivariate analyses to decode not simply the occurrence
(categorical decoding), but the specific content (sub-categorical de-
coding) of self-generated motion imagery. Mental imagery dur-
ing the experiment was well controlled (participants were trained
over multiple sessions with the imagery task) and as neutral as
possible (the type of visual imagery was chosen to be abstract
enough to not interfere with personal memories etc.), while still
being completely self-generated (i. e., the experimental paradigm
did not include any visual stimulation that could elicit bottom-up
activations of the visual system or reactivation following, e. g., a
motion stimulus of a previous trial). Therewith we aimed to trig-
ger low-level neural correlates of motion imagery and, thus, ex-
pected decodable information on the imagined motion direction
in early visual areas (Kamitani & Tong, 2006) and MT (Goebel et
al., 1998). Furthermore, in an exploratory way we attempted to
link inter-individual differences in the brain activation patterns re-
cruited during motion imagery to individual cognitive imagery
styles assessed with self-report questionnaires.
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3.2 methods

subjects 15 healthy fMRI-experienced subjects (six females;
age: 27.4 ± 6.3 years) with normal or corrected-to-normal vision
volunteered in this study. They gave written informed consent and
were paid for their participation. All procedures were conducted
with approval from the local Ethical Committee of the Faculty of
Psychology and Neuroscience at Maastricht University. Two sub-
jects had to be excluded from the analyses because no significant
activations could be detected based on a localizer scan (see below).
One subject was excluded due to discomfort during the scanning
resulting in problems to follow the experimental instructions. All
subjects were students or employees at Maastricht University.

procedure In the experiment, subjects had to imagine dots
that moved in one of four directions. Subjects were pseudo-
randomly assigned to one of two groups. The first group imag-
ined motion directions left, right, up, and down whereas the
second group imagined the four diagonal motion directions. Sub-
jects heard a cue on which specific motion direction they should
imagine during the upcoming trial. These cues were auditorily
presented numbers (1–4) and were associated to the four motion
directions in a counterclockwise (subjects 1–9) or clockwise order
(subjects 10–15). The orientation of this number-motion direction
association (e. g., “1” = right versus “1” = up) was systematically
varied across subjects.

training sessions All subjects attended three training ses-
sions during the week before the scanning session. In each training
session subjects followed an adaptive visual imagery training (one
run in the first session, two runs in the remaining sessions; see
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below) and completed two runs of the experimental task (see be-
low) with shortened resting periods. Each training session lasted
between 30 and 45 minutes.

adaptive visual imagery training Coherently moving
white dots were presented on the screen together with an audi-
tory cue and faded out after 4000 ms leaving only a white fixation
dot. When indicated by a change of fixation colour, subjects were
instructed to imagine the faded stimulus as vividly as possible.
They were asked to press a button as soon as they had a clear
picture or ‘movie’ of the stimulus in their mind and to hold the
button down for as long as they ‘saw’ this imagined stimulus. If
subjects released the button before 8000 ms had passed the stimu-
lus faded in again and they could try again by pressing the button,
which faded the stimulus out. After successfully imagining the
stimulus for more than 8000 ms the trial ended and was followed
by a 5-point Likert scale (1: “No image at all, you only ‘know’ that
you are thinking of the object” to 5: “Perfectly clear and vivid as
normal vision”) to indicate the clearness of the imagery in the
preceding trial. After the adaptive visual imagery training the
subjects reported the used imagery strategies to the experimenter.

experimental task In the beginning and in the middle of
each run, moving dots were presented as in the training task to-
gether with a white fixation dot. This was done in order to facil-
itate the subjects’ recall of the precise stimulus configuration and
the number-motion direction association. The four motion direc-
tions that had to be imagined by each group were presented for
4000 ms each together with the associated auditory cue (read-out
number; from “1” to “4”). After this reference phase and a resting
period of 12 s the first block of four trials started (see Figure 3.1).
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Figure 3.1 Experimental task. Visual stimulation is shown exemplarily for one
block of four trials (red fixation dots) with preceding and succeeding rest-
ing blocks (white fixation dots). Durations are shown below each screenshot
(possible jittered duration are given in brackets). In the table at the top the
motion directions with their corresponding audio cues (that were played to
the subject at the start of a trial) are shown (number-motion direction asso-
ciation varied between subjects). At the top right one frame of the reference
stimulus is shown representing the reference phase.
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We chose to present trials in blocks to maximise the number of
trials while allowing subjects to recover from the cognitively de-
manding task of motion imagery during resting periods. When the
fixation dot turned red and the first auditory cue was presented
the subjects had to start to imagine the associated motion direction
as vividly as possible. The following trials were indicated by the
presentation of auditory cues and the subjects had to start to imag-
ine the associated motion direction immediately. Trials lasted for
six or eight seconds. The end of the last trial in a block (and thus
the cue to stop all imagery) was indicated by the fixation dot turn-
ing white again. After a resting period of eight seconds, a 5-point
Likert scale was presented. Subjects indicated the clearness of the
imagery in the preceding trial block by moving an arrow via but-
ton press. After another resting period with a jittered duration of
eight, ten, or twelve seconds the next block started. Subjects were
instructed to fixate the fixation dot throughout the whole experi-
ment. Each run consisted of ten blocks and the subjects completed
four runs in the scanner (total duration of experimental runs ap-
proximately 40 minutes; 40 trials per condition).

stimuli Visual stimulation was created with PsychoPy (version
1.78.01; Peirce, 2007) and, in the scanning session, projected on a
frosted screen at the top end of the scanner bed using an LCD pro-
jector (Panasonic, No PT-EZ57OEL; Newark, NJ, USA). Responses
were collected through an MR compatible button box (Current De-
signs, 8-button response device, HHSC-2x4-C; Philadelphia, USA).

vividness of visual imagery questionnaire After re-
cruitment (before the training sessions) subjects filled in the Vivid-
ness of Vividness of Visual Imagery Questionnaire (VVIQ; Marks,
1973). This self-report questionnaire measures subjective clearness
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and vividness of imagined objects and scenes with 16 items. The
vividness ratings for each imagined item are given on a scale from
1 (“No image at all, you only ‘know’ that you are thinking of the
object”) to 5 (“Perfectly clear and vivid as normal vision”). After
scanning subjects filled in the VVIQ for a second time.

object-spatial imagery and verbal questionnaire

After the scanning session, subjects were contacted to fill out
the Object-Spatial Imagery and Verbal Questionnaire (OSIVQ;
Blazhenkova and Kozhevnikov, 2009). The OSIVQ is a self-report
questionnaire consisting of three scales for “object”, “spatial”, and
“verbal” cognitive styles during mental imagery measured by 15

items each. In each item a statement is rated on a scale from 1

(“totally disagree”) to 5 (“totally agree”). We calculated the score
on each scale for every subject as described in the original paper
(Blazhenkova & Kozhevnikov, 2009).

eye-tracking To check for eye-movements related to the dif-
ferent directions of imagined motion we recorded eye movements
during the scanning session for four subjects (9–12) using an
MR-compatible eye-tracker (Real Eye Nano; Avotec, Inc.; Stuart,
FL, USA). Eye-tracking data were analysed using custom code in
MATLAB (version 2013a; The Mathworks Inc., Natick, MA, USA),
code from the “EYE-EEG extension” toolbox (Dimigen, Sommer,
Hohlfeld, Jacobs, and Kliegl, 2011; http://www2.hu-berlin.de/
eyetracking-eeg) to detect saccades based on the algorithm by
Engbert and Mergenthaler (2006), and code from the CircStat tool-
box (Berens, 2009). To assess the statistical similarity of saccade
directions across trials with different imagined directions we used
a non-parametric multi-sample test for equal median directions
as implemented in the CircStat toolbox under the null hypothesis

http://www2.hu-berlin.de/eyetracking-eeg
http://www2.hu-berlin.de/eyetracking-eeg
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that saccade directions did not differ between different directions
of imagined motion. We also computed the circular-circular corre-
lation between the direction of imagined motion and the saccade
direction and tested it for significance. Furthermore, we analysed
the raw eye gaze position data during trials. After discarding
data points during eye blinks (pupil aspect ratio lies outside a
confidence interval of ±2 SD around the average pupil aspect ra-
tio in each trial) we fitted a Minimum Volume Enclosing Ellipse
(Moshtagh, 2005) to the XY data of each trial. Then we statistically
tested the similarity of the ellipse rotations across trials and the
circular-circular correlation with the different imagined directions
employing the same methods we used for the saccade data (see
above).

scanning session First, each subject completed a short 4-
block practice version of the experimental task outside the scan-
ner. At the beginning of the scanning session, we recorded an
hMT+ localizer scan as in Zimmermann et al. (2011) followed by
a population receptive field (pRF) retinotopy mapping scan (Du-
moulin & Wandell, 2008).

mri acquisition Images were acquired with a Siemens Mag-
netom 7 T scanner (Siemens; Erlangen, Germany) and a 32-channel
head-coil (Nova Medical Inc.; Wilmington, MA, USA). An anatom-
ical dataset was acquired with a T1-weighted magnetisation pre-
pared rapid acquisition gradient echo (3D-MPRAGE) sequence (256

sagittal slices, matrix = 384 × 384, voxel size = 0.6 × 0.6 ×
0.6 mm3). To correct for intensity inhomogeneities an additional
gradient echo proton-density (GE-PD) dataset (same parameters as
3D-MPRAGE) was acquired subsequently.
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(a) Functional field of view (FOV)

(b) region-of-interest (ROI) definitions on cortical surfaces

Figure 3.2 Functional field of view (FOV) and region-of-interest (ROI) defini-
tions on cortical surfaces. (a) The FOV is shown exemplarily in subject 2 for
the functional images (red) from two perspectives (left: top view; right: left-
hemispheric view). (b) The MT ROI and the visual motion-responsive areas ROI

are exemplarily shown in the normal (left) and dilated (right) versions in
subject 2.
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High-resolution functional images were obtained using gradi-
ent echo (T2* weighted) echo-planar imaging (EPI) with the fol-
lowing parameters: echo time (TE) = 23 ms, repetition time (TR) =
2000 ms, generalised auto-calibrating partially parallel acquisitions
(GRAPPA) factor = 2, multi-band factor = 2, nominal flip angle =
70°, number of slices = 54, matrix = 130 × 130, voxel size = 1.1 ×
1.1 × 1.1 mm3. The field-of-view included occipital, temporal, and
parietal areas but did not cover large parts of frontal cortex (see
Figure 3.2a). To correct for EPI distortions additional functional
volumes (five volumes in the encoding direction and five volumes
with a reversed encoding direction) were acquired right after the
GE-PD dataset.

imaging data preprocessing Functional and anatomical
images were analysed using BrainVoyager QX (version 2.8; Brain
Innovation; Maastricht, The Netherlands), custom code in MAT-
LAB (version 2013a; The Mathworks Inc.; Natick, MA, USA),
and PyMVPA (version 2.3; Hanke et al., 2009). Anatomical im-
ages were corrected for bias field inhomogeneities by dividing
the 3D-MPRAGE images by the GE-PD images and interpolated to
a nominal voxel size of 0.55 mm isotropic to match a multiple
of 2 of the resolution of the functional data. The detection of the
white/grey matter boundary was conducted with the largely auto-
matic segmentation tools of BrainVoyager QX. These tools perform
a region-growing method that analyses intensity histograms and
subsequently correct topological errors in the detected borders
to finally reconstruct the cortical surfaces (Goebel, Esposito, &
Formisano, 2006; Kriegeskorte & Goebel, 2001).

In order to correct for distortions in the echo-planar images we
recorded five functional volumes of normal and reversed phase
encoding. In these pairs of images distortions go in opposite direc-
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tions and we used them to estimate the susceptibility-induced off-
resonance field using a method similar to that described in Ander-
sson, Skare, and Ashburner (2003) as implemented in FSL (Smith
et al., 2004). After performing 3D rigid body motion correction of
the remaining functional runs (aligning all subsequent runs to the
first functional run) the estimated off-resonance field was used to
correct for EPI distortions. Furthermore, functional data were high-
pass filtered using a general linear model (GLM) Fourier basis set
of two cycles sine/cosine per run (including linear trend removal).
Functional runs were co-registered to the individual anatomical
scan with an affine (9 parameter) transformation.

region-of-interest definition Regions of interest (ROIs)
were then defined using data from the hMT+ localizer scan and
the pRF retinotopy projected onto an inflated surface reconstruc-
tion. Area MT was distinguished from medial superior-temporal
area (MST) in the hMT+ complex (Huk, Dougherty, & Heeger, 2002;
Zimmermann et al., 2011) by thresholding the respective contrast
at p < .001 and restricting the resulting activation patch to 150

vertices per hemisphere (for creating the MT ROI). A second ROI
was created by applying the same contrasts but thresholding at
p < .05 and including all active patches in visual cortices (for creat-
ing the “visual motion-responsive areas” ROI) in each hemisphere.
For extended versions of these ROIss the patches were dilated by a
static factor (adding neighbour vertices at the patches’ boundaries;
20-fold dilation for the MT ROI, 10-fold dilation for visual motion-
responsive areas ROI) to include possibly contributing neighbouring
regions (see Figure 3.2b and Table 3.2). Areas V1 through visual
area 4 (V4) were delineated in the polar angle map of the surface-
based pRF analysis in both hemispheres. All surface patches were
transformed back into volume space (from -1 mm till +3 mm from
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the grey/white matter segmentation boundary) to create the final
volume ROIs.

multi voxel pattern analyses Each experimental run was
z-scored to eliminate signal offsets and variance differences be-
tween runs. After masking the experimental data with the indi-
vidually defined ROIs the data were split into training and testing
datasets. We employed a leave-one-run-out splitting procedure to
be able to cross-validate the classification performance. For each
split the 1000 voxels (within the respective ROI) with the highest
F-values in the respective training data were selected as features.
The F-values were computed as the standard fraction of between
and within class variances (omnibus test). This was done to re-
duce the high number of voxels within ROIs in 7 T fMRI scans and
in order to keep the number of features constant between subjects
and ROIs. For each voxel and each trial, we extracted the average
of six seconds (3 TRs) as features. Averages were computed in a
time window from four to ten seconds after trial onset. The ex-
tracted features were then used for a one-vs-one 4-class classifica-
tion (predicted classes were chosen based on the maximum num-
ber of votes in all binary classifications) using a linear support vec-
tor machine (SVM; LIBSVM implementation in PyMVPA; Chang
and Lin, 2011). We repeated the whole analysis 1000 times with
scrambled labels to obtain a distribution under the null hypoth-
esis and tested the probability of the real classification accuracies
against this distribution. To assess a group level statistic, we tested
the real classification performances of each subject against the in-
dividual average permutation classification accuracy by means of
a Wilcoxon Signed-Ranks test. We chose a non-parametric test as
a normal distribution of the decoding accuracies cannot be as-
sumed. Furthermore, we computed Spearman rank-order correla-



i
i

“Dissertation_TCE” — 2016/6/15 — 17:36 — page 80 — #86 i
i

i
i

i
i

80 decoding the direction of imagined motion

tions between mean classification accuracies (across all ROIs) and
the OSIVQ scores (object, spatial, and verbal scales). We tested these
correlations for significance after an FDR-correction for multiple
comparisons to reveal possible influences of cognitive imagery
styles on the classification performance. To assess any differences
between the group of subjects imagining horizontal/vertical direc-
tions and the group of subjects imagining diagonal directions we
tested mean classification accuracies (across all ROIs) by means of
a Mann-Whitney U test across the two groups.

searchlight analysis To assess the spatial distribution of
brain areas involved in the mental imagery task without restriction
to defined ROIs we performed a searchlight analysis (Kriegeskorte
et al., 2006). A sphere with a radius of four voxels was moved
through the cortical ribbon (so that the spheres central voxel al-
ways lay within -1 mm to +3 mm from the grey/white matter seg-
mentation border) and defined a feature set of 257 voxels (four
voxel radius). For each voxel within each sphere and each trial we
extracted the average of 6 s (3 TRs) as features. Averages were com-
puted in six different but overlapping time windows starting at -2,
0, 2, 4, 6, and 8 s (i. e., -1, 0, 1, 2, 3, and 4 TRs) with respect to the
trial onset. These features that was in turn analysed with the MVPA
pipeline outlined above (without voxel pre-selection and permuta-
tion testing). The resulting classification accuracies were tested for
significance by means of FDR-corrected Chi-square tests of the con-
fusion matrix and projected onto the inflated surface reconstruc-
tion. In the results section, searchlight results are shown for the
time window (four until ten seconds after trials onset). Volumet-
ric significance maps for all time windows were MNI space trans-
formed (see below) and uploaded to the NeuroVault.org reposi-
tory.

http://neurovault.org
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Furthermore, we mapped the direction selectivity of these brain
areas. A preference map was computed by comparing the four t-
value maps of single-direction contrasts and subsequently masked
by the significant (p < .05) areas in the Chi-square searchlight map.

mni space transformation In order to make individual
searchlight accuracy maps available for inspection, individual
anatomies were transformed to MNI-ICBM 152 space (Mazziotta,
Toga, Evans, Fox, Lancaster, Zilles, Woods, Paus, Simpson, Pike,
Holmes, Collins, Thompson, MacDonald, Iacoboni, Schormann,
Amunts, Palomero-Gallagher, Geyer, Parsons, Narr, Kabani, Le
Goualher, et al., 2001) using BrainVoyager 20.0 and the ICBM 452

template (Mazziotta, Toga, Evans, Fox, Lancaster, Zilles, Woods,
Paus, Simpson, Pike, Holmes, Collins, Thompson, MacDonald, Ia-
coboni, Schormann, Amunts, Palomero-Gallagher, Geyer, Parsons,
Narr, Kabani, Goualher, et al., 2001). The individual significance
maps for the six different time windows were resampled to a
resolution of 1 × 1 × 1 mm3 voxel size and transformed into
MNI space using the individual transformation matrices obtained
in the previous step. The resulting maps were named accord-
ing to the subject (“S01” through “S12”) and the time window
(“_shift_-1” through “shift_4”) and uploaded to NeuroVault.org
(http://neurovault.org/collections/961/).

univariate analysis We performed a GLM analysis for two
single subjects that showed very high MVPA decoding accuracies
as significant univariate results are expected in such cases. Further-
more, significant univariate results and corresponding maps pro-
vide evidence that the MVPA classifier did not pick up on some ar-
tifactual or confounding signal rather than brain activity related to
the motion imagery task. We used linear predictors for each exper-

http://neurovault.org
http://neurovault.org/collections/961/
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imental condition convolved with a standard two-gamma hemo-
dynamic response function. We then computed contrasts for each
of the directions of imagined motion against all other directions.
We plotted four corresponding t-maps that were thresholded at
q < .05 (FDR corrected) on the inflated cortical surfaces.

3.3 results

behavioural data VVIQ scores for all subjects are shown in
Figure 3.3. Scores did not change significantly between before the
training and after the scanning session (paired t-test; t(11) = 0.12;
p = .903). OSIVQ scores on the three scales for all subjects are
shown in Figure 3.4. The strategies initially reported by subjects
are shown in Table 3.1. In the third training session most subjects
reported to not use particular strategies anymore but visualise the
reference stimulus directly.

The training sessions improved the subjective ratings for the
vividness of the imagery in most subjects (see Figure 3.5). On
group level, a paired t-test between behavioural data from the first
and the last training session revealed a significant improvement
for the ratings in the adaptive visual imagery training (t(11) = -3.64;
p = .004) and the experimental task (t(11) = -3.45; p = .005). Data
from the ratings given during the scanning sessions were unfortu-
nately lost due to a software malfunction and, hence, could not be
used for data analysis.

multi voxel pattern analyses Volumes of all defined ROIs
are shown in Table 3.2. Group-level statistics revealed significant
classification accuracies for all defined ROIs (MT (W = 9; p = .019),
dilated MT (W = 0; p = .002), visual motion-responsive areas (W = 0;
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Figure 3.3 Vividness of Visual Imagery Questionnaire (VVIQ) scores. VVIQ

scores from before the training (pre) and after the scanning session (post)
are shown for all subjects (S1 through S12). The last column shows the group
averages (Avg); error bars indicate one standard deviation.

Figure 3.4 Object-Spatial Imagery and Verbal Questionnaire (OSIVQ) scores.
OSIVQ scores for the three different scales “object”, “spatial”, and “verbal”
are shown for all subjects (S1 through S12). The last column shows the group
averages (Avg); error bars indicate one standard deviation.
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subject strategy

1 upwards: bubbles rising in a glass; downwards: snow
falling (blizzard); other two directions: city lights viewed
from an airplane

2 downwards: rain; no other specific strategy

3 up/down: tetris game; left/right: tennis match

4 rain/bubbles while visualizing the aperture to have a guid-
ance for the imagery

5 swimming tadpoles

6 no particular strategy

7 no particular strategy

8 focus on the dot pattern; no other particular strategy

9 upwards: bubbles rising in a glass; downwards: snow
falling; left/right: buffalo herd running

10 try to keep the almost faded out dots in mind

11 try to keep the almost faded out dots in mind

12 upwards: water hose; downward: rain

Table 3.1 Strategies used by subjects as reported during the first training ses-
sion.
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Figure 3.5 Mean vividness ratings for adaptive visual imagery and experimen-
tal task in training sessions. Mean ratings for the vividness of imagery (1:
“No image at all, you only ‘know’ that you are thinking of the object” to 5:
“Perfectly clear and vivid as normal vision”) are shown for all subjects (S1

through S8) for the first and the last training session in the adaptive visual
imagery training (left) and the experimental task (right). The last columns
show the group averages (Avg); error bars indicate one standard deviation.
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p = .002), dilated visual motion-responsive areas (W = 0; p = .002), V1

(W = 12; p = .034), secondary visual area (V2) (W = 5; p = .008),
tertiary visual area (V3) (W = 6; p = .01), and V4 (W = 3; p = .005)
ROIs. The single-subject level MVPAs revealed significant classifica-
tion accuracies for two subjects in the MT ROI, for two subjects
in the dilated MT ROI, for five subjects in the V1, V2, V3, and V4

ROIs, for six subjects in the dilated visual motion-responsive areas,
and for eight subjects in the visual motion-responsive areas ROIs, re-
spectively (see Figure 3.6). In subject 7 classification accuracies of
up to 91.25 % (V3 ROI; chance level at 25 %) were observed. Mean
classification accuracies (across all ROIs) did not differ significantly
between the group of subjects imagining horizontal/vertical mo-
tion directions and the group of subjects imagining diagonal mo-
tion directions (U = 10; p = .128).

behavioural correlations No correlation between OSIVQ
scores and classification accuracies was significant (rObject = .365

(p = .243); rSpatial = -.304 (p = .337); rVerbal = -.185 (p = .564); see
Figure 3.7).

searchlight analysis Maps showing cortical areas with sig-
nificant searchlight accuracies showed inter-individual differences
(see Figure 3.8). In subject 7 large parts of the early visual system
showed significant decoding accuracies (see Figure 3.9a). In sub-
ject 5 mainly V2, V3, and V4 areas going into the foveal confluence
showed significant decoding accuracies (see Figure 3.9b). In sub-
ject 6 areas V2L, V3L, and V4L (and beyond) showed significant de-
coding accuracies in the left hemisphere. In the right hemisphere
area V4L showed significant decoding accuracies (see Figure 3.9c).
In subject 8 a superior parietal region showed significant decoding
accuracies.
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subject mt mt d ma ma d v1 v2 v3 v4

1 1026

(1.366)
8496

(11.308)
20958

(27.895)
40373

(53.736)
3343

(4.45)
4087

(5.44)
3173

(4.223)
2900

(3.86)

2 914

(1.217)
7497

(9.979)
32198

(42.856)
53566

(71.296)
4489

(5.975)
4541

(6.044)
4216

(5.611)
3621

(4.82)

3 1161

(1.545)
8404

(11.186)
28763

(38.284)
58326

(77.632)
5014

(6.674)
4315

(5.743)
4388

(5.84)
3334

(4.438)

4 1290

(1.717)
9344

(12.437)
27410

(36.483)
53552

(71.278)
2807

(3.736)
3708

(4.935)
3370

(4.485)
3076

(4.094)

5 1023

(1.362)
7584

(10.094)
41955

(55.842)
71583

(95.277)
4547

(6.052)
5049

(6.72)
4278

(5.694)
3678

(4.895)

6 986

(1.312)
8105

(10.788)
35565

(47.337)
63736

(84.833)
3808

(5.068)
3746

(4.986)
4088

(5.441)
3713

(4.942)

7 998

(1.328)
8145

(10.841)
38272

(50.94)
72269

(96.19)
5210

(6.935)
6244

(8.311)
6497

(8.648)
4535

(6.036)

8 1160

(1.544)
8486

(11.295)
23668

(31.502)
53451

(71.143)
3936

(5.239)
5032

(6.698)
4220

(5.617)
2912

(3.876)

9 990

(1.318)
8473

(11.278)
43215

(57.519)
75581

(100.598)
3596

(4.786)
3135

(4.173)
3034

(4.038)
3478

(4.629)

10 1013

(1.348)
8458

(11.258)
20816

(27.706)
42934

(57.145)
3820

(5.084)
3492

(4.648)
3016

(4.014)
2567

(3.417)

11 1003

(1.335)
7670

(10.209)
22128

(29.452)
44265

(58.917)
4226

(5.625)
3910

(5.204)
3431

(4.567)
3417

(4.548)

12 1012

(1.347)
8367

(11.136)
21256

(28.292)
52395

(69.738)
4500

(5.99)
3364

(4.477)
3163

(4.21)
3347

(4.455)

Avg 1048.0
(1.395)

8252.417

(10.984)
29683.67

(39.509)
56835.92

(75.649)
4108.0
(5.468)

4218.583

(5.615)
3906.167

(5.199)
3381.5
(4.501)

Std 98.825

(0.132)
484.973

(0.645)
8028.314

(10.686)
11298.38

(15.038)
663.526

(0.883)
846.353

(1.126)
933.923

(1.243)
483.801

(0.644)

Table 3.2 Volumes of defined Regions of interest (ROIs). Numbers of voxels
(voxel size = 1.1 × 1.1 × 1.1 mm3) for all defined ROIs are shown for all
subjects. In parentheses volumes are shown converted to (rounded) cm3. MT

d: 20-fold dilated MT ROI; ma: visual motion-responsive areas ROI; ma d: 10-fold
dilated visual motion-responsive areas ROI. Avg: Average (across subjects); Std:
Standard deviation (across subjects).
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Preference maps revealed individually distinct patterns. In sub-
jects 5 and 7 a difference in preference from central to peripheral
parts of the visual field (following the eccentricity tuning) was ob-
served.

Volumetric maps showing p-values for FDR-corrected Chi-
square tests of the confusion matrices of each searchlight sphere
for all subjects and time windows were uploaded to NeuroVault.org
(http://neurovault.org/collections/961).

Figure 3.8 Searchlight maps for eight subjects (page 91). Significant areas in
the searchlight map (p < .05 FDR corrected; cluster-thresholded at 50 mm2)
in the two inflated hemispheres of subjects 1, 2, 5, 6, 7, 9, 10, and 12 (there
were no significant patches on the remaining subjects). Warmer colours (or-
ange > yellow) indicate lower p-value. On the right the motion directions
that had to be imagined are shown for each subject. LH: left hemisphere; RH:
right hemisphere; lat.: lateral view; med.: medial view.

http://neurovault.org
http://neurovault.org/collections/961
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(a) Searchlight-thresholded univariate preference maps for subject 7

(b) Searchlight-thresholded univariate preference maps for subject 5
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(c) Searchlight-thresholded univariate preference maps for subject 6

Figure 3.9 Searchlight-thresholded univariate preference maps for three sub-
jects (page 92 and page 93). Preference maps for (a) subject 7, (b) subject 5,
and (c) subject 6 calculated from univariate contrasts for each imagined mo-
tion direction are shown for those areas exhibiting significant effects in the
searchlight map (p < .05 FDR corrected). Colours indicate preferred imag-
ined motion directions and correspond to the direction wheel at the bottom
right. Areas V1 through V4 are delineated with white lines. The MT ROI is
delineated in white (white circular delineation only visible on the magnified
right hemispheres of subject 7 and 5).

univariate analysis For subject 5 and 7 single-subject GLM
analyses showed significant activations for the different directions
of imagined motion. Figure 3.10 shows corresponding t-maps
thresholded at q < .05 (FDR corrected) for the same areas on the
inflated cortex as in Figure 3.9a and Figure 3.9b.
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(a) Univariate single-direction contrast maps for subject 7 (both pages)
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(b) Univariate single-direction contrast maps for subject 5
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Figure 3.10 Univariate single-direction contrast maps for two subjects (pages
94–96). T-maps (one direction versus all other directions) for (a) subject 7

(pages 94–95) and (b) subject 5 (page 96) for each imagined motion direction
are shown (q < .05; FDR corrected). Colours correspond to the direction
wheel at the bottom right. Grey/white map colours correspond to negative
t-values. Areas V1 through V4 are delineated with white lines. The MT ROI is
delineated in white (white circular delineation only visible on the magnified
right hemispheres of subject 7 and 5).

eye-tracking data No systematic eye movements associated
to the different motion imagery directions were observed in sub-
ject 9 through 12 (see Figure 3.11). The test for equal median di-
rections was not significant for any subject (S9: P(3) = 1.159 p =
.763; S10: P(3) = 2.018 p = .569; S11: P(3) = 0.471 p = .925; S12:
P(3) = 0.352 p = .95), that is, the saccade directions did not differ
significantly between different imagined motion directions. The
correlation between the direction of imagined motion and the sac-
cade direction was also not significant for any subject (S9: r = -.124

p = .37; S10: r = .008 p = .878; S11: r = .049 p = .32; S12: r = -.02 p =
.666). Furthermore, the analyses of the raw eye gaze position did
neither return any significant result in the test for equal median
directions (S9: P(3) = 2.514 p = .473; S10: P(3) = 7.118 p = .068; S11:
P(3) = 4.48 p = .214; S12: P(3) = 4.571 p = .206) nor in the test for
circular-circular correlations (S9: r = .018 p = .83; S10: r = .047 p =
.56; S11: r = .04 p = .626; S12: r = .046 p = .543).
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3.4 discussion

Using high-resolution imaging at 7 T, we were able to successfully
decode directions of imagined visual motion in fMRI data recorded
from the visual system. Without any visual stimulation, subjects
were able to activate their visual system so specifically that neu-
roimaging data recorded from areas normally activated during vi-
sual perception could predict the imagined motion direction.

The decoding accuracies ranged from non-significant results in High sub-
categorical
decoding
accuracies

four subjects to accuracies of up to 91.25 % (4-class classification)
in a single subject – a level rarely reached even in studies decoding
perceived motion.

Apart from the more global visual motion-responsive areas and Localisation of
decodable
information

dilated visual motion-responsive areas ROIs, the best classification ac-
curacies were achieved in the V3 and V4 ROIs. These seem to be
predominant areas to decode direction of motion during imagery.
The results from the searchlight analysis complement these find-
ings. Decoding with significant accuracies was mainly possible in
the areas targeted by the ROI analyses and more pronounced in
areas V3 and V4. More than that, the results from the searchlight
analysis supported the local and potentially fine-grained origin
of information in our study. Relatively local brain activation pat-
terns – the searchlight sphere had a radius of 4.4 mm (four voxels)
– predicted the imagined motion direction with substantial accu-
racy (up to 83.75 % in subject 7). These high decoding accuracies
in single spheres might hint to a fine-grained columnar organisa-
tion of motion-selective cortical areas. Though there is an ongoing
debate on whether MVPA is able to pick up patterns of brain ac-
tivation at a spatial scale beyond the recorded spatial resolution
(Carlson, 2014; Op de Beeck, 2010b, 2010a) and direction prefer-
ences in early visual areas seemed to have a rather coarse pattern,
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the classifiers might have picked up on a more fine-grained organi-
sation of direction-selective columns because of a biased sampling
(Haynes & Rees, 2006).

Though the information encoded in localised MT voxels gaveDecoding in
hMT+ good classification accuracies in some subjects, optimal results

were only achieved when voxels from earlier visual areas were
included. This is in line with previous results revealing that the de-
coding of the direction of perceived visual motion achieves higher
accuracies when analyzing data from V1 through V4 than from
hMT+ (Kamitani & Tong, 2005). Moreover, recent work by Wang,
Merriam, Freeman, and Heeger (2014) showed that the decod-
ing of motion direction during perception is mainly driven by an
‘aperture-inward’ response bias producing good classification ac-
curacies in V1, V2, and V3, but not hMT+. Although we recorded
at a higher spatial resolution and decoded imagined visual motion
this bias might account for the high classification accuracies in
early visual areas and low classification accuracies in hMT+.

With a functional spatial resolution of 1.1 mm (iso-voxels) we
are close to the resolution needed to image columnar structures. In
hMT+ for instance, axis-of-motion columns are estimated to have a
width of 2–2.8 mm (Zimmermann et al., 2011). A columnar organ-
isation of hMT+, where neighboring columns prefer motion direc-
tions that are opposite (i. e., 180° difference) to form axis-of-motion
columns, was proposed before (e. g., Born and Bradley, 2005). Such
an organisation, however, might have actually impaired decoding
in hMT+ in our study as we recorded with a spatial resolution
that might just fall short of capturing single direction-of-motion
columns. In order to reveal the precise organisation of direction-
selective regions in early visual areas and hMT+, an even higher
spatial resolution has to be reached by employing, for example,
spin echo sequences that seem to be even more sensitive to local
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activations than gradient echo sequences (De Martino et al., 2013;
Uğurbil et al., 2003; Uludağ et al., 2009; Zimmermann et al., 2011).

When looking at the univariate statistical maps for subject 7 and Univariate
results5 we observed topographic effects in mainly early and mid-level

visual areas. The t-maps for each direction of imagined motion
(one-versus-all) show an alignment to borders between early vi-
sual areas and to different eccentricities (foveal versus peripheral).
While there is no clear organisation of this topography the signif-
icant patches overlap with the individual thresholded searchlight
accuracy maps. Individual topographies might be influenced by
the individual imagery style and strategy.

We found no significant correlations between decoding accura- Inter-
individual
differences

cies and any questionnaire scores. Though the subscales of the
OSIVQ showed differential correlations with decoding accuracies
none of these correlations became significant. It would be impor-
tant to explore such correlations in bigger sample sizes to get fur-
ther insight into the possible reasons for inter-individual differ-
ences during imagery decoding. This could potentially explain the
mixed results in other imagery decoding studies (Kaas, Weigelt,
Roebroeck, Kohler, & Muckli, 2010; Klein, Paradis, Poline, Kosslyn,
& Le Bihan, 2000; Knauff, Kassubek, Mulack, & Greenlee, 2000).
It has to be emphasised that the sample on which our results are
based is of limited size so that we cannot rule out small or medium
effects that would only be observable in bigger sample sizes.

Due to the inherently private nature of imagery, the internal Limitations
and outlook‘stimulation’ in this experiment was hard to control, potentially in-

ducing additional variability. However, we argue that our findings
are based on visual mental imagery.

Most importantly, we decoded the direction of motion in vi-
sual areas of the cortex, thereby ruling out many confounding
sources of decodable information. Furthermore, simple physiolog-
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ical changes like motion artifacts or changes in breathing are too
unspecific to produce the effects of the observed magnitude within
the complex 4-class-classification design. Cross-modal influences
on the visual system could, potentially, lead to decodable infor-
mation in early visual areas. Vetter, Smith, and Muckli (2014) give
an example for cross-model influences; they showed that the con-
tent of auditory stimulation can be decoded in early visual areas.
In line with this result, one could argue, that the classification re-
sults in our study are driven solely by the different auditory cues
preceding the imagery trials. However, the motion imagery in our
study presumably was a visuospatial imagery task with a high
cognitive load (subjects reported that it would need a high cog-
nitive engagement to maintain the continuous mental image of
moving dots). In the study by Vetter et al. (2014), the addition of
such a visuospatial imagery task to their original auditory stimula-
tion eliminated most of the cross-modal influences. Therefore, we
do not expect our results to be merely based on the auditory cue.
Moreover, the achieved classification accuracies in our study are
much higher than the classification accuracies reported in Vetter
et al. (2014) and, thus, likely not only an effect of the auditory cue.

It could also be argued that the decoding of motion imagery
might merely be an artifact of eye movements (see also Laeng and
Teodorescu, 2002). When we analysed eye-tracking data recorded
during the experiment in the fMRI scanner, there were no signifi-
cant associations between the imagined motion direction and the
direction of saccades. Furthermore, previous work show behav-
ioral effects of motion imagery that cannot be explained by eye
movements; Winawer, Huk, and Boroditsky (2010) had subjects
imagine inward and simultaneously outward moving gratings in-
ducing a motion aftereffect. In this experiment corresponding eye
movement accounting for the observed effects, would have been
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physiologically impossible. In a future study a comparison with a
closed-eyes condition would be interesting as other cognititve pro-
cesses might be involved when bottom-up visual input is missing
entirely.

Our results could be explained by a purely attention-based mod-
ulation of visual areas. Winawer et al. (2010) argue that top-down
attention modulation would only operate on feed-forward inputs
to the visual cortex. However, in their study they find equal be-
havioral effects of mental imagery in closed- and open-eyes con-
ditions, where in the closed-eyes condition feed-forward input is
clearly missing. Even top-down modulations would still be in line
with the hypothesis that imagery tasks use neural circuitry also
involved in perception tasks. Our results could be caused by an in-
ternally produced stimulus that activates early visual cortex, and
an attentional modulation based on the direction of imagined mo-
tion.

Finally, neural patterns underlying mental imagery have also
been shown in frontal brain regions (e. g., Ganis, Thompson, and
Kosslyn, 2004). Tailoring the fMRI sequence to optimally record
from visual areas with a high spatial resolution, however, we were
not able to record data from the frontal cortex.

Our results are of remarkable significance in single subjects Conclusions
and
implications

and show that it is possible to reliably decode the content of
complex visual imagery from neuroimaging data in single trials.
Sub-categorical decoding of visual mental imagery (not ‘if’ but
‘what’) is not only relevant to advance neuroscientific knowledge,
but would also enable advanced brain-computer interfaces (BCI;
for reviews see Birbaumer and Cohen, 2007; Goebel, Zilverstand,
and Sorger, 2010; Kübler and Neumann, 2005; Nicolas-Alonso
and Gomez-Gil, 2012). In a typical BCI setup (e. g., Sorger, Reithler,
Dahmen, and Goebel, 2012), the user is asked to perform a mental
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imagery tasks (e. g., imagine to move the hand versus imagine to
sing a song) that corresponds to different information entities that
the user wants to encode (e. g., to steer the cursor on the screen
to the left versus to the right). The BCI then classifies these dif-
ferent categories of mental imagery tasks based on the acquired
brain activation data and executes the associated intended actions
(e. g., steering the cursor to the right). However, the possibility
of sub-categorical decoding would allow expressing intentions in
a much more natural way; the imagery of rightward visual mo-
tion (instead of imagining singing a song) could make a cursor
on the screen go to the right. The recent trend towards explicit
models of representation (Naselaris & Kay, 2015) would add to a
closer connection between imagery content and intention. Though
the use of BCIs can be trained (Wolpaw, Birbaumer, McFarland,
Pfurtscheller, & Vaughan, 2002), especially novice users rely on
a close connection between imagery and translated action and
would most probably benefit from such an advanced setup. In
order to achieve high and stable single-trial classification accura-
cies that are necessary for BCIs, it will be interesting to employ
spin echo sequences with an even higher spatial resolution in the
future. On a sub-millimetre functional resolution columnar-level
spatial separation of direction-of-motion features might become
more explicitly exploitable.
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Reconstructing and decoding
imagined letters from the

visual system using ultra-high
field fMRI

based on: Emmerling, T. C., Senden, M., Frost, M. A., & Goebel, R. (in prepa-
ration). Reconstructing and decoding imagined letters from the visual system
using ultra-high field fMRI.
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abstract

Research employing high-resolution functional imaging data has
succeeded in reconstructing visual field images of perceived con-
tent from evoked activity in human visual cortex. A more challeng-
ing goal of cognitive neuroscience is to unravel not only the neu-
ral underpinnings of visual perception, but those of visual mental
imagery, a process which is considered one of the main sources of
human cognitive complexity. While recent work has demonstrated
functional retinotopic activation of early visual areas during vi-
sual mental imagery, it is not yet specified exactly how a mental
image of a stimulus is composed and how it compares to its per-
ceived counterpart or an actually presented stimulus. In the cur-
rent study, we demonstrate for the first time that it is possible to
reconstruct visual field images which carry recognisable content of
imagined letter shapes, even on a single trial level. Using submil-
limetre resolution functional magnetic resonance imaging (fMRI)
data of two subjects and individually computed population re-
ceptive field mappings, we reconstructed the visual field during
perception and imagery of four different letter shapes and found
a remarkable similarity to the presented letter shapes, especially
in the earliest visual areas. We demonstrate significant overlap be-
tween reconstructed visual field images of perception data, im-
agery data, and the actually presented stimuli. Furthermore, we
successfully classified between different letter features (edgy ver-
sus curvy) using multi-voxel pattern data from visual word form
area (VWFA). This proof of concept is the first step towards more
elaborate studies on visual field image reconstruction of imagined
everyday stimuli and towards the development of more natural
and directly content-based brain-computer-interfaces.
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4.1 introduction

Visual perception and visual mental imagery share neural cir-
cuitry in the human brain (Kosslyn & Thompson, 2003; Kosslyn,
Thompson, & Ganis, 2006; Pearson, Naselaris, Holmes, & Koss-
lyn, 2015). Over the last decades, several studies have shown that
visual mental imagery activates cortical networks that are also acti-
vated during corresponding perceptual tasks (Ganis, Thompson, &
Kosslyn, 2004; Goebel, Khorram-Sefat, Muckli, Hacker, & Singer,
1998; Ishai, Ungerleider, & Haxby, 2000; Kosslyn, Thompson, &
Alpert, 1997; Mechelli, Price, Friston, & Ishai, 2004; O’Craven &
Kanwisher, 2000). Applying different forms of machine learning
approaches to functional magnetic resonance imaging (fMRI) data
enabled the decoding of imagery content regarding visual men-
tal imagery of orientations (Albers, Kok, Toni, Dijkerman, & de
Lange, 2013; Harrison & Tong, 2009), motion (Emmerling, Zim-
mermann, Sorger, Frost, & Goebel, 2016), objects (Cichy, Heinzle,
& Haynes, 2012; Lee, Kravitz, & Baker, 2012; Reddy, Tsuchiya, &
Serre, 2010), shapes (Stokes, Saraiva, Rohenkohl, & Nobre, 2011;
Stokes, Thompson, Cusack, & Duncan, 2009), and scenes (M. R.
Johnson & Johnson, 2014; Naselaris, Olman, Stansbury, Uğurbil, &
Gallant, 2014).

During many visual mental imagery tasks, a mental image sim-
ilar to its perceptual counterpart is formed (Kosslyn, Thompson,
Wraga, & Alpert, 2001). This mental image is of an inherently pri-
vate nature. Recent advancements in the reconstruction of perceived
visual stimuli from fMRI data (Miyawaki et al., 2008; Schoenmak-
ers, Barth, Heskes, & van Gerven, 2013; Thirion et al., 2006) – i. e.
a visualisation of what a subject saw based on their brain activa-
tions – pose the question of whether reconstruction rather than
mere decoding is also possible for a mental image. Studies that
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reconstruct visual perception based on neuroimaging data lever-
aged the retinotopic organisation of early visual areas (Sereno et
al., 1995) and fit sophisticated encoding models to the visual tun-
ing parameters of these areas. The method of population recep-
tive field (pRF) mapping Dumoulin and Wandell, 2008 enabled a
straightforward and fast estimation of such parameters for each
fMRI voxel recorded from the visual system. These methodological
advances, which enabled the reconstruction of perceived images
from fMRI data, have the potential to be taken one step further:
They can be applied to brain activation elicited by merely imag-
ined visual images. Previous studies (Klein et al., 2004; Slotnick,
Thompson, & Kosslyn, 2005) already demonstrated functionally
specific retinotopic activations during imagery. Beyond these re-
sults, a visual reconstruction of a complex mental image from neu-
roimaging data would be conclusive evidence that mental imagery
can activate visual cortex in an extensive and precise manner. A
mental image reconstruction could also demonstrate possible dis-
tortions in such an image that have been proposed before (Nase-
laris & Lynam, 2014). Finally, the comparison between cortical
representations of perception and imagery (Bartolomeo, 2002)can
be investigated conservatively on the level of reconstructed visual
fields from the two activated patterns.

Letter imagery lends itself well to a mental image reconstruc-
tion experiment, as proficient readers are very familiar with letter
shapes. It is easy for subjects to imagine the rather complex men-
tal visual image of a letter while this mental image is not yet too
fine-grained to be reconstructed given current neuroimaging and
retinotopical resolutions (Schoenmakers et al., 2013). In contrast
to an imagined artwork (Naselaris et al., 2014) or natural scenes
(M. R. Johnson & Johnson, 2014), letters are highly overlearned and
abstract stimuli with simple geometric properties enabling compa-
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rably well-controlled imagery conditions. Furthermore, brain ac-
tivity during letter imagery might also involve specialised areas
of the visual system that are activated during perception of letter
shapes including mid-level visual word form area (VWFA; McCan-
dliss, Cohen, and Dehaene, 2003). Brain activity patterns in these
visual areas might reflect subtle feature-level differences between
different imagined letter shapes and, thereby, improve decoding
results.

In this study we set out to reconstruct and decode imagined let-
ters from submillimetre resolution fMRI data recorded in human
visual cortex using individual pRF mappings. We investigated
whether visual field image (VFI) reconstructions of four letter
shapes (perceived and imagined) were possible and in how far
VFIs, elicited by perception versus imagery, overlapped with each
other and the actual presented stimulus. Furthermore, we tested
the success of VFI reconstructions in single imagery trials and
classified these reconstructions using perception generated VFIs
as well as the actual presented stimuli as reference. Finally, we
complete our proof of concept by examining the involvement of
higher visual areas and classifying between letters with a predom-
inantly ‘edgy’ or ‘curvy’ morphology using brain activity patterns
in VWFA.

4.2 methods

subjects Two subjects (one female) with normal vision took
part in this study. All subjects were experienced in participating
in high field fMRI experiments, gave written informed consent and
were paid for participation. All procedures were conducted with
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approval from the local Ethical Committee of the Faculty of Psy-
chology and Neuroscience at Maastricht University.

training session The subject completed three training ses-
sions prior to the actual experiments to practice the controlled im-
agery of visual letters. Each training session lasted ca. 45 minutes
and was scheduled in the week before the scanning session. Be-
fore the first training session, the subject filled in the Vividness of
Visual Imagery Questionnaire (VVIQ; Marks, 1973) and the Object-
Spatial Imagery and Verbal Questionnaire (OSIVQ; Blazhenkova
and Kozhevnikov, 2009). These questionnaires measure the sub-
jective clearness and vividness of imagined objects and cognitive
styles during mental imagery, respectively.

training task In each training trial, the subject saw one of
four white letters (‘H’, ‘T’, ‘S’, or ‘C’) in a square white guide box
(8° × 8° visual angle) on grey background and a red fixation dot in
the center of the screen (see Figure 4.1). With the onset of the visual
stimulation the subject heard a pattern of three low tones (note C5)
and one high tone (note G5) that lasted 1000 ms. This tone pattern
was associated with the visually presented letter. After 3000 ms the
letter started to fade out and was completely gone 5000 ms after
trial onset. The fixation dot then turned orange and the subject
was instructed to maintain a vivid image of the presented letter.
After an 18 s imagery period, the fixation dot turned white and
probing started. With an inter-probe-interval of 1500 ms (jittered
by ±200 ms) three white probe dots appeared within the guide box.
These dots were located within the letter shape or outside of the
letter shape (however, always within the guide box). The subject
was instructed to indicate by button press whether a probe was
located inside or outside the imagined letter shape. Depending on
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the response, the fixation dot turned red (incorrect) or green (cor-
rect) before turning white again as soon as the next probe was
shown. The positions of the probe dots were randomly chosen so
that they had a minimum distance of 0.16° and a maximum dis-
tance of 0.32° of visual angle form the edges of the letter (and
the guide box), both for inside and outside probes. This ensured
similar task difficulty across trials. A resting phase of 3000 ms or
6000 ms followed the three probes. At the beginning of a train-
ing run all four letters were presented for 3000 ms each, alongside
the associated tone pattern (reference phase). During one training
run, the subject completed 16 pseudo-randomly presented trials.
In each training session the subject completed two training runs
during which reference letters were presented in each trial (de-
scribed above) and two training runs without visual presentation
(so that the tone pattern was the only cue for a letter). The subject
was instructed to fixate the fixation dot during the whole run. Af-
ter the training session the subject verbally reported the imagery
strategies that they had used to the experimenter. The letter-tone
associations were randomly assigned for each subject.

experimental task The experimental task was similar to the
training task with changes to the probing phase and the timing
of the trial phase. After the reference phase in the beginning of
each run, there was no visual stimulation other than the fixation
dot and the guide box. Imagery phases started when the subject
heard the tone pattern and the fixation dot turned orange. Imagery
phases lasted 6 s. The subject was instructed to imagine the letter
associated to the tone pattern as vividly and accurately as possi-
ble. The guide box aided the participant by acting as a reference
for the physical dimensions of the letter. The resting phases that
followed each imagery phase lasted 9 s or 12 s. There was no prob-
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Figure 4.1 Training task. Visual and auditory stimulation are visualised
schematically for reference phase (top box) and trial phase (bottom box).
In the reference phase, the four letters ‘H’, ‘T’, ‘S’, and ‘C’ are presented to-
gether with their respectively associated tone pattern of high and low tones.
Here, this association is shown for subject S1. In the trial phase, the tone pat-
tern is played and the letter is shown for 5 s (fading out after 3 s) followed by
an imagery period of 18 s, a probing period of three times 1.5 s, and finally
a resting period of 3 s or 6 s. The fixation dot and the white guide box stay
on the screen for the whole run. Note: Probe dots are magnified for better
visualisation.
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ing phase in normal trials. In each experimental run there were 32

normal trials and two additional catch trials in which there was
a probing phase that had four probes each. There was no visual
feedback for the responses in the probing phase (the fixation dot
remained white). Data from the catch trials were not included into
the analysis.

perception runs To measure brain activation patterns in vi-
sual areas during the perception of the letters used in the imagery
runs we recorded one perception run during the scanning session.
The four letters were visually presented using the same trial tim-
ing parameters as in the experimental runs. There was no refer-
ence or probing phases. Letters were presented for the duration
of the imagery phase (6 s) and their shape was filled with a flick-
ering checkerboard pattern (10 Hz). No tone patterns were played
during the perception run.

stimulation equipment The visual and auditory stimula-
tion was controlled with PsychoPy (version 1.83.03; Peirce, 2007).
Visual stimuli were projected on a frosted screen at the top end of
the scanner table by means of an LCD projector (Panasonic, No PT-
EZ57OEL; Newark, NJ, USA). Auditory stimulation was presented
using MR-compatible insert earphones (Sensimetrics, Model S14;
Malden, MA, USA). Responses to the probes were recorded with
MR-compatible button boxes (Current Designs, 8-button response
device, HHSC-2x4-C; Philadelphia, USA).

scanning session At the beginning of the scanning ses-
sion we recorded a pRF retinotopy mapping (Dumoulin & Wan-
dell, 2008) with flickering checkerboard bars in twelve differ-
ent positions and eight different angles lasting in total about
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16 minutes. Subsequently, we recorded two experimental imagery
runs (each about 11 minutes) followed by one perception run
(about 9 minutes) and two additional experimental imagery runs.
In the end of the scanning session we recorded one run (subject
S2) or two runs (subject S1) of a VWFA localizer (Stigliani, Weiner,
& Grill-Spector, 2015).

mri acquisition We recorded anatomical and functional
images with a Siemens Magnetom 7 T scanner (Siemens; Erlan-
gen, Germany) and a 32-channel head-coil (Nova Medical Inc.;
Wilmington, MA, USA). Before the functional scans we used a
T1-weighted magnetisation prepared rapid acquisition gradient
echo (3D-MP2RAGE; Marques et al., 2010) sequence (240 sagittal
slices, matrix = 320 × 320, voxel size = 0.7 × 0.7 × 0.7 mm3, first
inversion time TI1 = 900 ms, second inversion time TI2 = 2750 ms,
echo time (TE) = 2.46 ms, repetition time (TR) = 5000 ms, first nom-
inal flip angle = 5°, second nominal flip angle = 3°) to acquired
an anatomical dataset. For all functional runs we acquired high-
resolution gradient echo (T2* weighted) echo-planar imaging (EPI;
Moeller et al., 2010) data (TE = 26 ms, TR = 3000 ms, generalised
auto-calibrating partially parallel acquisitions (GRAPPA) factor = 3,
multi-band factor = 2, nominal flip angle = 55°, number of
slices = 82, matrix = 186 × 186, voxel size = 0.8 × 0.8 × 0.8 mm 3).
The field-of-view covered occipital, parietal, and temporal areas,
including inferior posterior regions like VWFA. Additionally, before
the first functional scan we recorded five functional volumes with
opposed phase encoding directions to correct for EPI distortions
that occur at higher field strengths.

image data preprocessing We analysed anatomical and
functional images using BrainVoyager 20 (version 20.0; Brain In-
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novation; Maastricht, The Netherlands), PyMVPA (version 2.3;
Hanke et al., 2009), and custom code in MATLAB (version 2015a;
The Mathworks Inc.; Natick, MA, USA). We interpolated anatomi-
cal images to a nominal resolution of 0.8 mm isovoxel size match-
ing the functional images resolution. In the anatomical images,
the grey/white matter boundary was detected and segmented
using the advanced automatic segmentation tools of BrainVoyager
20 that are optimised for high-field MRI data. A region-growing
approach analysed local intensity histograms, corrected topologi-
cal errors of the segmented grey/white matter border and finally
reconstructed meshes of the cortical surfaces (Goebel, Esposito,
& Formisano, 2006; Kriegeskorte & Goebel, 2001). The functional
images were corrected for motion artefacts using the 3D rigid
body motion correction algorithm implemented in BrainVoyager
20 and all functional runs were aligned to the first volume of
the first functional run. We corrected the EPI distortions using a
method similar to that described in Andersson, Skare, and Ash-
burner (2003) and the ‘topup’ tool implemented in FSL (Smith et
al., 2004). The pairs of reversed phase encoding images recorded
in the beginning of the scanning session were used to estimate
the susceptibility-induced off-resonance field and, then, correct
the distortions in the remaining functional runs. After this correc-
tion, functional data were high-pass filtered using a general linear
model (GLM) Fourier basis set of three (all functional runs apart
the VWFA localizer) or four (VWFA localizer) cycles sine/cosine,
respectively. This filtering included a linear trend removal. Finally,
functional runs were co-registered and aligned to the anatomical
scan using an affine transformation (9 parameters) and z-scored
to eliminate signal offsets and inter-run variance.
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region-of-interest definition Different regions-of-interest
(ROIs) were defined in each subject. Using the eccentricity and
polar angle maps that resulted from the pRF fitting and were
projected onto the inflated surface reconstructions, we defined
region-of-interests (ROIs) for bilateral visual areas V1, V2, and V3.
The resulting surface patches from the left and right hemisphere
were projected back into volume space (from -1 mm to +3 mm
from the segmented grey/white matter boundary). Volume ROIs
were then defined for V1, V2, V3, and a combined ROI (V1V2V3).
With data from the VWFA localizer we defined a VWFA volume ROI
(q(FDR) < .05) in the left hemisphere of each subject contrasting
against neighbouring regions like fusiform face area (Stigliani,
Weiner, & Grill-Spector, 2015).

multi voxel pattern analysis We computed a multi-voxel
pattern analysis (MVPA) for each ROI. Similar to a previous study
(Emmerling et al., 2016), functional data from the experimental
imagery runs were split into training and testing datasets in a
leave-one-run-out procedure that allowed to cross-validate the per-
formance of the classifier. In each ROI and cross-validation, using
data from the training dataset, the 1000 voxels with the highest
F-values (omnibus test) were pre-selected as features to reduce the
high number of potential features (voxels) in each ROI that were
available due to the high spatial resolution. Using data from these
pre-selected voxels, we extracted an average of 6 seconds of data
(2 TRs; time window from 2 TRs until 4 TRs after trial onset) as fi-
nal features. In a one-versus-one 4-class classification (winner is
defined by the maximum number of votes in all binary classifica-
tions) employing a support vector machine (SVM; LIBSVM imple-
mentation in PyMVPA; Chang and Lin, 2011), the imagined letters
in each trial of the left-out test dataset were decoded. To test the
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probability of the classification accuracies we repeated the whole
analysis 1000 times with scrambled labels and obtained a distri-
bution of classification accuracies under the null hypothesis. Real
classification accuracies were tested against this null distribution
with an exact permutation test resulting in p-values for each sub-
ject and ROI.

visual reconstruction of imagined and perceived let-
ters For each subject, we reconstructed the visual field for each
TR during the perception runs and during the experimental im-
agery runs into an estimated image of the visual field (VFI). Taking
into account the activation in all voxels within one ROI that had an
R value above the 99

th percentile we used the x, y, and sigma pa-
rameters that were fitted to each voxel during the pRF mapping to
project their activation to a 150 × 150 pixel image using a Gaus-
sian kernel. To account for overrepresentations of certain areas in
the visual field we divided the resulting activations by the number
of voxels that influenced a pixel. To obtain an image with a higher
signal-to-noise ratio we averaged the VFI for every letter using data
of two TRs starting at one, two, or three TRs after trial onset (three
shifts). This time-window analysis was performed to investigate
the temporal characteristics of the visual activations during im-
agery and perception. For the Imagery VFI we averaged data from
all 32 imagery trials per letter (four runs), for the Perception VFI we
averaged data from all eight perception trials per letter (one run).
Additionally, we assembled an Idealised dataset (‘Ide’) by import-
ing screenshots of the presented letters cropped and transformed
to the dimensions of the 150 × 150 pixel image.

correlation of average visual field images For every
subject, ROI, and shift we computed a dissimilarity matrix of the
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vectorised VFIs for every letter. Dissimilarity matrices were also
computed between the average images of the Perception and Im-
agery (‘Per vs. Ima’), Imagery and Idealised (‘Ima vs. Ide’), and Ide-
alised and Perception (‘Per vs. Ide’) datasets.

decoding of single imagery trials By comparing the
VFIs of single trials during the experimental imagery runs with
the average VFIs of the Idealised, Perception, and Imagery dataset we
decoded the imagined letter for each trial. The vectorised VFI of
the single trial (average of two TRs, see above) was correlated with
all four average letter VFIs of the respective dataset. Subsequently,
the obtained correlation vector was compared to the dissimilarity
matrix vector (row) obtained in the previous steps by means of
a second-level correlation to account for inherent similarities be-
tween the letter representations. The highest second-level correla-
tion was chosen as the classified letter. For the Imagery dataset we
employed a leave-one-run-out cross-validation procedure to gen-
erate template average VFIs from three of the four imagery runs
and compare them to the single-trial VFIs from the left-out run.
Results for the Imagery dataset show the averages of these cross-
validations.

decoding from visual word form area We analysed z-
scored raw voxel data from the defined VWFA ROI to decode single
imagery trials in a similar procedure as for the VFIs. The multi-
voxel patterns within the ROI were averaged and formed Perception
and Imagery dataset templates. After computing dissimilarity ma-
trices for both datasets (see above) they were used to decode the
multi-voxel pattern in single letter imagery trials. For the Imagery
dataset, a cross-validation procedure was performed as outlined
before. In addition to a classification with all four letters (4-class)
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we computed a pooled decoding analysis (2-class) for the letters
‘H’ and ‘T’ versus ‘S’ and ‘C’. When combining letters with simi-
lar features (edges versus curves), feature-selective activations in
VWFA could enhance the performance of this analysis.

permutation testing We tested the results from the pipeline
for VFIs and the VWFA voxel data (outlined above) for significance
by means of permutation testing. The whole procedure was re-
peated 1000 times with randomly scrambled labels (between trials;
within runs). The obtained distribution of results for each analysis
was compared to the empirical results using an exact permuta-
tion test yielding p-values for each subject, ROI, shift, dataset, and
analysis, respectively.

4.3 results

behavioural data VVIQ scores and OSIVQ scores (all three
scales) are shown in Figure 4.2 for all subjects. Subjects reported
that they tried to maintain the afterimage of the fading out stim-
ulus as a strategy to enforce vivid and accurate letter imagery.
Average accuracies of the responses recorded during the probing
phases improved over the three training sessions for both, train-
ing runs with the visible (but fading out) letters as well as for the
training runs without visible letters (see Figure 4.3).

multi voxel pattern analyses Results from the MVPAs are
shown in Figure 4.4. Classification accuracies in both subjects and
ROIs did not reach significance as assessed by exact permutation
tests.



i
i

“Dissertation_TCE” — 2016/6/15 — 17:36 — page 131 — #137 i
i

i
i

i
i

4.3 results 131

Figure 4.2 Vividness of Visual Imagery Questionnaire (VVIQ) and Object-
Spatial Imagery and Verbal Questionnaire (OSIVQ) scores. VVIQ scores and
OSIVQ scores (with the subscales for “object”, “spatial”, and “verbal” imagery
styles) are shown for both subjects (S1, S2).

visual reconstruction of imagined and perceived

letters Reconstructed VFIs for each subject, ROI, and letter
are shown for imagery and perception in Figure 4.5 (shift +2 is
visualised; for other shifts, see supplementary material). In both
subjects, perception VFIs bear strong resemblance with the actual
presented letter shape (see bottom row of Figure 4.5; Idealised
dataset). Especially, in the ROIs ‘V1’ and ‘V1V2V3’ there are strong
similarities between the VFIs for imagery and perception. While
not as clear as the perceived reconstructed VFIs, reconstructed
imagines letter shapes differ clearly from each other.

letter visual field image dissimilarity matrices The
correlations between all letters for the three datasets Imagery, Per-
ception, and Idealised, and combinations thereof, are shown for
‘shift +2’ in Figure 4.6 (subject S1) and Figure 4.7 (subject S2). In
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Figure 4.3 Average accuracies for the probing phases during training. Aver-
aged accuracies for the probing phases in the training task are shown for
both subjects (S1, S2) over the three training sessions. Data from the two
runs of training with visible (but fading out) letters (left) and data from the
two runs of training without visible letters are shown, respectively. Note:
subject S2 did not perform the training with invisible letters in the first train-
ing session.
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Figure 4.4 Multi-voxel pattern analysis classification accuracies for five
regions-of-interest. Classification accuracies of subjects S1 and S2 are re-
ported for the ROIs V1, V2, V3, V1V2V3, and VWFA in time window shifts ‘+2’.
Black horizontal lines indicate the mean classification accuracies across all
1000 permutations; grey horizontal lines demarcate the 95

th percentile of per-
mutation classification accuracies. Note: Colours are consistent across Fig-
ures.

all dissimilarity matrices of the dataset Imagery (‘Ima vs. Ima’)
eight correlations were significant. For the dataset Perception (‘Per
vs. Per’) two correlations were significant. When comparing the
average letter VFIs of Perception and Imagery (‘Per vs. Ima’) 31

correlations became significant, in the comparison of Imagery and
Idealised (‘Ima vs. Ide’) 34 correlations became significant, and in
the comparison of Perception and Idealised (‘Per vs. Ide’) 51 cor-
relations became significant (all p < .05; as tested against 1000

permutations).
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Figure 4.5 Reconstructed averaged visual field images (VFIs). Reconstructed
VFIs are visualised for subjects S1 (left) and S2 (right) using data from time
window ‘shift +2’ (from +2 TRs until +4 TRs after trial onset). VFIs for every
letter (H, T, S, and C) are constructed for each ROI (V1, V2, V3, and V1V2V3;
colours are consistent across Figures) and for both, imagery (top rows) and
perception (bottom rows). In the bottom row the presented letter shapes are
shown for comparison (‘idealised’ dataset). Note: Averages for imagery VFIs

involved data of 32 trials per letter, averages for perception VFIs involved
data of 8 trials per letter. Colours in each plot are scaled to the respective
range of values to allow for better visual inspection.
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decoding of single imagery trials Decoding accuracies
for all ROIs, shifts, and template datasets (Idealised, Perception, and
Imagery) are shown in Figure 4.8 (subject S1) and Figure 4.9 (sub-
ject S2). When using the Idealised average letter VFIs and their re-
spective self-correlation vectors as a template, 22 decoding accu-
racies were significant. Twenty-three decoding accuracies for the
Perception templates and no decoding accuracy for the Imagery tem-
plate were significant (all p < .05; as tested against 1000 permuta-
tions).

decoding of single imagery trials in vwfa When us-
ing raw (z-scored voxel) data from the VWFA ROI to decode single
imagery trials, two decoding accuracies were significant for the
Perception dataset (shift ‘+2’ for subjects S01 and S02) when pool-
ing similar letters (‘H’ and ‘T’ versus ‘S’ and ‘C’). No classification
accuracies were significant for the Imagery dataset (all p < .05; as
tested against 1000 permutations). Results for the single-trial de-
coding in VWFA are shown in Figure 4.10.
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Figure 4.8 Single-trial letter visual field image (VFI) decoding results for sub-
ject S1. Classification accuracies are reported for the ROIs V1, V2, V3, and
V1V2V3 and the three time window shifts (‘+1’, ‘+2’, ‘+3’) when using the av-
erage letter VFIs of the Idealised (first column), Perception (second column), or
Imagery (third column) dataset as templates (taking into account their respec-
tive self-correlation). Classification accuracies are reported at the bottom of
each bar and asterisks indicate significant classification accuracies (p < .05)
as assessed by testing against 1000 permutations. Dark red horizontal lines
indicate the mean classification accuracies across all permutations; bright red
horizontal lines demarcate the 95

th percentile of permutation classification
accuracies. Note: Colours are consistent across Figures.
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Figure 4.9 Single-trial letter visual field image (VFI) decoding results for sub-
ject S2. For a detailed description, please see caption of Figure 4.8.
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(a) Single-trial letter decoding in VWFA for subject S1

(b) Single-trial letter decoding in VWFA for subject S2
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Figure 4.10 Results from single-trial letter decoding in visual word form area
(page 140). Classification accuracies are reported for (a) subject S1 and (b)
subject S2 regarding the three time window shifts (‘+1’, ‘+2’, ‘+3’) when
using the z-scored voxel data from the visual word form area (VWFA) region-
of-interest (ROI). Classifications are performed for 4-class (first rows in (a) &
(b); all letters) and 2-class (second rows in (a) & (b); ‘H’ and ‘T’ versus ‘S’
and ‘C’) decoding. Average multi-voxel patterns for each letter of the Percep-
tion (first column), or Imagery (second column) dataset are used as templates
(taking into account their respective self-correlation). Classification accura-
cies are reported at the bottom of each bar and asterisks indicate significant
classification accuracies (p < .05) as assessed by testing against 1000 permu-
tations. Dark red horizontal lines indicate the mean classification accuracies
across all permutations; bright red horizontal lines demarcate the 95

th per-
centile of permutation classification accuracies. Note: Colour are consistent
across Figures.
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4.4 discussion

In this study, we reconstructed and decoded imagined letter
shapes from submillimetre resolution fMRI data. Using a com-
puted pRF mapping for individual subjects, we reconstructed the
visual field during perception and imagery of four different letter
shapes and found a remarkable similarity to the presented letter
shapes, especially in the earliest visual areas. We were able to
significantly decode reconstructed visual field images (VFIs) based
on single imagery trials using perception VFIs or even ideal letter
shapes (presented stimuli) as reference. Furthermore, we found
significant overlap between reconstructed VFIs of perception data,
imagery data, and the actually presented stimuli. Finally, we suc-
cessfully classified between morphologically edgy (‘H’ and ‘T’)
and morphologically curvy (‘S’ and ‘C’) letters using multi-voxel
pattern data from VWFA.

We show, for the first time, reconstructed VFIs that carry recog-
nisable content of a complex mental image, even on a single trial.
Previous research has demonstrated functional retinotopic activa-
tion of early visual areas during visual mental imagery (Albers
et al., 2013; Klein et al., 2004; Naselaris et al., 2014; Slotnick et al.,
2005). Stokes et al. (2009) were able to decode whether subjects
imagined the letter ‘X’ or the letter ‘O’ from fMRI data of visual
cortex using MVPA. Their results demonstrated that it is possible
to decode mental imagery of letters, while leaving unclear exactly
what a mental image of an imagined letter would look like. By de-
coding the reconstructed VFIs from single imagery trials we put a
hard test to the hypothesis that visual mental imagery and percep-
tion share the same neural correlates: We computed pRF mappings
of visual stimuli and reconstructed imagined stimuli using these
(perception-based) parameters. In addition, we classified single tri-
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als using reference images from the Perception dataset or even the
Idealised dataset. It has to be stressed that classifying reconstructed
VFIs by using correlations is a much more conservative test than
the usage of MVPA on fMRI data directly. Interestingly, that single-
trial decoding was not successful when we used averaged imagery
VFIs as reference images. This was probably due to high inter-trial
fluctuations of imagery performance that led to a comparably low
signal-to-noise ratio of the Imagery reference dataset.

The reconstruction and decoding of visual mental imagery not Brain-
computer
interfaces

only sheds light on the neural correlates of mental imagery and
the interaction with perceptual processes, but is also of interest for
the development of brain-computer interfaces (BCIs). In a BCI, the
decoded type or content of the imagery is used as an input for a
computer program to express the BCI user’s intent (Birbaumer &
Cohen, 2007). When other means of interaction or communication
with the environment have become impossible due to certain dis-
eases like amyotrophic lateral sclerosis (ALS), BCI systems can offer
great help to patients. BCI communication systems have mostly
focussed on creating some kind of alphabetical speller that allows
for writing words and sentences using mental imagery (Birbaumer
et al., 1999; Sorger, Reithler, Dahmen, & Goebel, 2012). Current BCI
speller systems based on internal cognitive processes, however, do
not offer a close connection between imagery content and intended
letter in that users of these systems have to perform arbitrary men-
tal imagery tasks (e. g., mental spatial navigation or inner speech)
that allow for good classification accuracies. Although our results
only include data from two healthy subjects, this study provides
first evidence that a more natural and content-based BCI speller
system is feasible, decoding imagined letters from visual cortex
rather than having the BCI user encode the intended letter with
arbitrary imagery tasks. A more direct relationship between im-
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agery content and spelled letter would be desirable, especially for
novice BCI speller users. Moreover, our successful single-trial im-
agery decoding using screenshots of the presented letter shapes
(Idealised dataset) shows, that it would be possible to decode imag-
ined content in a new subject with only recording a standard pRF
mapping. This would eliminate the need for prior training periods
necessary for most BCI systems (Wolpaw, Birbaumer, McFarland,
Pfurtscheller, & Vaughan, 2002).

This study is a proof of concept, demonstrating the feasibility ofOutlook
reconstructing imagined letters from high-resolution neuroimag-
ing data of the visual cortex. In the future, reconstruction and
single-trial decoding could be improved by using more sophisti-
cated reconstruction methods (Yargholi & Hossein-Zadeh, 2016)
or image recognition algorithms (Hinton, Osindero, & Teh, 2006)
to classify the VFIs. This would potentially increase single-trial de-
coding accuracies as well as the number of letters that can be dis-
tinguished.
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This thesis investigated the functional architecture of different
cortical areas in the human visual system in detail using ultra-high
resolution functional magnetic resonance imaging (fMRI). For per-
ception and imagery, specific fine-grained functional organisations
within different visual areas were revealed. Chapter 2 focussed on
human middle temporal area (hMT). For the first time, a dual tun-
ing – for binocular disparity and for direction-of-motion – could
be mapped in an extrastriate area. These results were not only the
first to show tuning for binocular disparity in hMT, but more im-
portantly, demonstrated how cortical areas in the human visual
system are simultaneously tuned for several features. Chapter 3,
equally investigating the functional architecture of hMT, took the
preceding results one step further in focusing not only on visual
perception, but also imagery. The results regarding the successful
classification of different imagined directions-of-motion revealed
that sub-categorical decoding of complex mental imagery is possi-
ble even in single trials. These results not merely answer the ques-
tion of whether imagery effects can be shown in early visual cortex
but answer the question of what was imagined. The levels of ac-
curacy we achieved and the extent of brain activations in single
subjects we demonstrated can become the building blocks for fu-
ture brain-computer interface (BCI) that decode the intent of the
BCI user much more directly. Finally, in Chapter 4 the retinotopic
organisation of visual areas was leveraged when imagined letter
shapes were reconstructed from fMRI data of early visual areas
and, thereafter, successfully classified. The results in Chapter 4 are
the first to show a clear reconstruction of a complex mental im-
age. We observed strong similarities between brain activations in
visual cortex when subjects perceived a letter shape versus when
they imagined it. These similarities allowed the rather conserva-
tive test of classifying the reconstructed visual field images during
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imagery using data from perception runs. The findings presented
in this thesis add to three major fields of visual neuroscience as
discussed in the next paragraphs.

All studies presented in this thesis reveal feature representa-Feature-level
functional

organisation
of the visual

system

tions within visual areas. Investigating the feature-level functional
organisation of the human brain is relatively novel to cognitive
neuroscience as neuroimaging methods did not provide sufficient
spatial resolution to probe these representations until recently. By
using ultra-high field fMRI, yielding submillimetre resolution func-
tional data, we could ‘zoom’ into the fine-grained functional or-
ganisation of visual areas. We were able to go beyond a mere lo-
calisation of functional brain areas towards mapping their inter-
nal functional architecture. With the demonstration of two distinct
feature tunings in hMT (Chapter 2) we replicated findings from
macaque cortex (DeAngelis & Newsome, 1999) and found for the
first time a dual feature tuning in an extrastriate area of human
visual cortex. This second finding in particular surpasses previous
studies that mapped tunings to one visual feature (Goncalves et al.,
2015; Yacoub, Harel, & Uğurbil, 2008; Zimmermann et al., 2011) or
report sensitivity to multiple feature dimensions (Nasr, Polimeni,
& Tootell, 2016) without mapping the precise feature organisation.
Our results are especially important, as they will help to finally
unravel the complex multi-purpose computational pipeline of the
visual system that is needed to accomplish the tasks the visual
system is confronted with on a daily basis.

As it becomes feasible to conduct neuroimaging experimentsDecoding and
reconstruct-
ing mental

images

targeting top-down influences on visual areas – for instance by
employing layer-specific sampling (Kok, Bains, van Mourik, Nor-
ris, & de Lange, 2016; Muckli et al., 2015) – they slowly attract
more and more attention in visual neuroscience (Gilbert & Sig-
man, 2007). With the results presented in Chapter 3 and Chapter 4,
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this thesis contributes to the understanding of the processes un-
derlying one of the most prominent forms of top-down influences
in the visual system: mental imagery. With decoding not only the
type of visual mental imagery, but also its actual content, we begin
to understand its functional underpinnings. This is an important
milestone as it allows cognitive neuroscience to tap into the men-
tal representations that humans form during cognitive processes.
Previously, studies on mental imagery were often limited to intro-
spective methods (Marks, 1973) and cleverly designed behavioural
experiments (Kosslyn, Ball, & Reiser, 1978). Conducting research
on mental imagery in animal models is even less controllable than
in the human. Furthermore, neuroimaging methods hitherto did
not provide a sufficient level of resolution to reconstruct mental
images. This thesis, however, made use of state-of-the-art advance-
ments in human neuroimaging methods to answer the posed re-
search question. These first steps in reconstructing rather than only
classifying a mental image are seminal to the advancement of cog-
nitive neuroscience.

The successful decoding of complex mental images (like letter Building
natural brain-
computer
interfaces

shapes) enables a new generation of BCIs. The practical implemen-
tations are (still) problematic as ultra-high field imaging is expen-
sive and not wide-spread. By improving decoding accuracies fur-
ther, however, there are potentially huge benefits to BCI users in
that the communication with the computer and, thus, the interac-
tion with the environment could become much more natural and
broad. Feature-level fMRI based BCIs could accomplish something
that no BCI is capable of at the moment: if the mapping of visual
features is understood well enough and the top-down control of
these features during imagery is of a sufficient level – both pre-
sented as a proof-of-concept in Chapter 4 – the BCI user could
freely generate decodable mental images without any restriction
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to a pre-made alphabet or other arbitrary communication proto-
col.

The studies presented in this thesis are part of a pioneering field
in cognitive neuroscience, both on content-level as well as with re-
spect to the methods involved. In the following paragraphs, the
difficulties and considerations on the track towards high-field neu-
roimaging of mental imagery are described.

When faced with functional fMRI images at submillimetre spa-The ultra-high
resolution

paradox
tial resolution, the first reaction of cognitive neuroscientists often
is amazement. Rightly so, as this unprecedented level of detail al-
lows for a qualitatively new insight into the functional architecture
of the human brain. However, this spatial resolution has a price
besides the actual costs of state-of-the-art fMRI machines. Procedu-
ral as well as computational pipelines need to be adapted, if not
redesigned, to fit the vast amounts of data that are produced by
ultra-high field scanners. When fMRI was first used in cognitive
neuroscience, typical voxel sizes were around 3 mm isotropic (En-
gel, Glover, & Wandell, 1997) which already posed computational
problems for computer hardware and software at that time. Run-
ning experiments with submillimetre resolution fMRI data can pro-
duce datasets that are about one order of magnitude larger than
conventional fMRI datasets (e. g., the volume of one 3 mm isotropic
voxel is 27 mm3 while the volume of one 0.8 mm isotropic voxel
[as used in Chapter 3 and Chapter 4] is ca. 0.5 mm3 which ap-
proximately corresponds to an increase of the number of voxels
by a factor 53, given the coverage would be the same). Although
computing power increased alongside this development (Schaller,
1997), vast amounts of data constitute a methodological challenge
beyond compute time. It takes considerable efforts to run, for in-
stance, searchlight analyses on high-field data (see Chapter 2 and
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Chapter 3). Multicore parallelisation and computations on graph-
ical processors (GPUs) have to be used in order to cope with the
computational demands. These difficulties make us face a trade-
off between a ‘zoom’ into a brain area of interest and the ability
to investigate cognitive phenomena on a more global, whole-brain
scale. Overall, this calls for well-planned methodological decisions
to choose the neuroimaging method and parameters that fit the re-
search questions best.

State-of-the-art ultra-high field fMRI is on the cusp of reaching The
neurovascular
frontier

functional resolutions that allow one to map columnar organisa-
tions in the human brain (De Martino et al., 2015; Yacoub, Shmuel,
Logothetis, & Uğurbil, 2007; Zimmermann et al., 2011). In all stud-
ies presented in this thesis, especially in Chapter 2, we leveraged
this new possibility to map feature representations in cortical areas
that were not observable before. While sequences were optimised
for acquisition speed, spatial resolution, and the covered field-of-
view, they begin to reach a level of detail where the physiological
underpinnings of the blood-oxygen level dependent (BOLD) signal
start to matter. In this thesis, we employed gradient echo (GRE)
echo-planar imaging (EPI) sequences to acquire data at submil-
limetre resolution. There is an ongoing debate about the origin
of BOLD signals during GRE sequences and their spatio-temporal
point spread function (Shmuel, Yacoub, Chaimow, Logothetis, &
Uğurbil, 2007). Several studies (De Martino, Zimmermann, et al.,
2013; Uğurbil et al., 2003; Uludağ, Müller-Bierl, & Uğurbil, 2009;
Yacoub et al., 2007) suggest the use of spin-echo based sequences
like GRASE (gradient- and spin-echo; Feinberg, Harel, Ramanna,
Uğurbil, and Yacoub, 2008) to diminish the influence of large drain-
ing vessels in the hemodynamic signal and boost the sensitivity
for blood oxygenation changes in the microvasculature. While an
increase of actual functional resolution (rather than a mere tech-
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nical reduction of voxel size), by means of adjusted physiologi-
cal sensitivities, is required for mapping the functional architec-
ture of cortical areas, the losses in signal-to-noise ratio (SNR) and
field-of-view coverage often make the usage of these sequences
difficult. Indeed, great efforts have to be made in order to reach
high-resolution whole-brain coverage – even with gradient echo
sequences – that run with acceptable volume repetition time (TR)
and within specific absorption rate (SAR) limits. In a pilot experi-
ment for the study in Chapter 2, we used a 3D-GRASE sequence but
ran into problems positioning the rather small slab onto bilateral
hMT in every subject. Further development of fMRI sequences is
ongoing (Kemper, De Martino, Vu, et al., 2015; Kemper, De Mar-
tino, Yacoub, & Goebel, 2015) and, for now, we did not yet reach
an absolute limit of actual functional resolution of fMRI data. De-
spite contrast-to-noise ratio (CNR) and SAR considerations, the neu-
rovascular nature of fMRI data will, however, result in an absolute
functional resolution maximum (compared to electrophysiologi-
cal neuroimaging methods) that is determined by the BOLD point
spread function (Polimeni, Fischl, Greve, & Wald, 2010; Shmuel
et al., 2007) and cannot be overcome by increasing the (technical)
spatial resolution.

Mental imagery is an inherently private phenomenon. It consti-The private
nature of
imagery

tutes a cognitive process that is particularly difficult to control in
an experimental setting. While this holds true for other complex
cognitive domains like social interaction or planning, mental im-
agery still constitutes a special category: Humans perform mental
imagery often without any behavioural outcome or proxy conse-
quence, but mostly as an epiphenomenon or means throughout
a reasoning or creative process. Some professions – visual artists,
engineers, scientists – require a more streamlined form of men-
tal imagery which made imagery research take interest in these
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groups (Blazhenkova & Kozhevnikov, 2010; Ferguson, 1977). Nev-
ertheless, even in these populations mental imagery eludes many
common methods of experimental operationalisation and control.
If the general principles behind visual mental imagery are to be
found, it is all the more important to keep experimental control at
a possible maximum by using training and precise instructions. In
our imagery studies, it turned out to be crucial to extensively train
our subjects in the mental imagery tasks before the actual experi-
ment. Pilot studies resulted in useless data, when conducted with
subjects that only relied on their spontaneous mental imagery ca-
pabilities. Instead, precise instructions about the mental imagery
were sought after. Exploring and training the particular imagery
tasks before the experiment resulted in more subjective confidence
about the imagery performance and in significant outcomes.

This thesis, in many respects, contributes to cognitive neuro-
science only the first steps towards a better understanding of the
fine-grained organisation of human (visual) cortex, the nature of
visual mental imagery, and towards enhanced natural BCIs. In the
next paragraphs, possible future directions will be highlighted.

Homologies between visual neuroscience results in animal mod- Towards
complex
feature-level
mapping

els and visual neuroscience in the human have been hypothesised
and later verified time and time again. The in-vivo mapping of
columnar functional organisations in the human became feasible
with submillimetre resolution fMRI and led to the results presented
in this thesis. There are still many exciting feature representa-
tions found in animal models, for instance facial feature mappings
(Freiwald, Tsao, & Livingstone, 2009) or object feature mappings
(Tanaka, 2003), that still need to be demonstrated in the human
visual system. Furthermore, human representations could differ
from the homologue animal representations. For instance, face-
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selective areas in humans might be specific to the morphological
properties of our own species. First steps that will benefit from
increased functional resolution are being taken in this direction
(Henriksson, Mur, & Kriegeskorte, 2015). More than that, however,
it will become interesting to investigate feature-level organisations
in the human visual system that cannot be observed in animal
models. One such candidate could be the feature-level organisa-
tion of visual word form area (McCandliss, Cohen, & Dehaene,
2003), a region that is probably most pronounced in the human.
Controversial findings with respect to the computational proper-
ties of this area (Rauschecker, Bowen, Parvizi, & Wandell, 2012)
call for future experiments (Goebel, 2012) that could help to un-
ravel the underlying functional representations. Finally, it will be
interesting to explore feature-level representations beyond the hu-
man visual system. As mentioned in Chapter 1, the visual sys-
tem lends itself well to neuroimaging research, however, studies
in other cortical areas, such as the auditory system (De Martino et
al., 2015; De Martino, Moerel, Van de Moortele, et al., 2013), have
equally taken advantage of increased functional resolution.

Generalisation is a main principle and driving force in neuro-The
individual in

imagery
research

science. Researchers try to find underlying principles that explain
the bulk share of observed behaviour and label the remaining vari-
ance as error. While this is a serviceable approach in most of the
cases and is reflected in the ‘work-horse’ methods of neuroscience
– for instance the general linear model – fallacies occur when a
possible effect of interest is labelled as unexplained (and there-
fore erroneous) variance. In the case of mental imagery, aspira-
tions towards generalisation are at least partially moribund. The
inter-individual differences that can be found during mental im-
agery tasks are huge and hitherto largely unexplained. Question-
naire data were collected to explain inter-individual differences
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(Blazhenkova & Kozhevnikov, 2009), but surprisingly little neuro-
scientific evidence on this matter has been reported. Our own find-
ings in Chapter 3 encouraged us to publish a data paper with the
individual searchlight accuracy maps, to allow other researchers
to compare their findings during mental imagery tasks to ours. Al-
though we acquired questionnaire data and the reported imagery
strategies in our mental imagery studies of Chapter 3 and Chap-
ter 4, our approach was not sufficient to holistically account for
inter-individual differences. There is a need for more systematic
investigations of the inter-individual differences during mental im-
agery. More knowledge about these factors could be of great ben-
efit, both for the goal of unravelling the general functional princi-
ples of mental imagery as well as for the goal of closing the gap
between the private nature of a mental image and the external
observation thereof.

This thesis cannot be complete without mentioning the contro- The
non-existing
brain-reading
dystopia

versial topic of brain-reading. In Chapter 3 and Chapter 4, we
demonstrated the possibility of decoding and even reconstruct-
ing mental imagery with compelling accuracy and clarity. When
results like these are communicated to the broader public, often-
times discussions about utopian or dystopian scenarios arise. In
these discussions, the possibility of decoding what a person imag-
ines goes hand in hand with the concept of brain-reading, that is,
being able to read a person’s thoughts. It may take a five-year PhD
trajectory to realise that we could not be farther from this scenario.
The main component of successful mental imagery experiments
is compliance of subjects. If the subjects in an experiment are not
trained well (as described above), meticulously follow task instruc-
tions, and completely comply with exhaustive experimental line-
ups, there is absolutely no possibility to decode the mental images
or even general thoughts they might have. The spatial and, more
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importantly, accompanying temporal resolution and CNR of cur-
rently available neuroimaging methods (including ultra-high field
fMRI) would need to be much higher to enable ‘real’ brain-reading.
Even then, an incompliant subject would arguably still destroy any
chances of recovering mental images against their will.

There is, however, a special group of subjects with maximal com-
pliance: BCI users. If other means of communication are rendered
impossible for an individual, the utility of a brain-reading device
increases dramatically. BCI users are willing to train their mental
imagery capabilities and could yield sufficient control over a new
generation of BCIs. By leveraging feature-level representations that
enable the decoding and reconstruction of freely chosen mental
images, we can create a utopian version of brain-reading. In this
scenario, BCI users – and possibly more people – can use their men-
tal images and thoughts to communicate with their environment
in novel ways, however, exclusively when they want to do so.
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coub, E., & Formisano, E. (2013). Spatial organization of frequency pref-
erence and selectivity in the human inferior colliculus. Nat Commun, 4,
1386. doi:10.1038/ncomms2379. arXiv: NIHMS150003

De Martino, F., Zimmermann, J., Muckli, L., Uğurbil, K., Yacoub, E., & Goebel,
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S U M M A RY

This thesis sheds light on the functional architecture of several cor-
tical areas in the human visual system during visual perception
and imagery. It employed high-resolution 7 Tesla functional mag-
netic resonance imaging (fMRI) for both mapping and decoding of
brain activation patterns within human visual cortex. Depth per-
ception evoked by binocular disparity including multiple visual
feature encodings, visual imagery of motion as well as letters, and
top-down influences on the visual system exploited by mental im-
agery have been investigated. A general introduction to the subject
matter is presented in chapter one.

In Chapter 2 (“Overlapping feature representations in human vi-
sual cortex: Binocular disparity and axis-of-motion tuning mapped
in human area MT using ultra-high field fMRI”), depth perception
induced by binocular disparity was investigated. This led to a
deeper understanding of the functional architecture within the
human middle temporal area (hMT) with respect to its computa-
tional properties and encodings. Exploiting submillimetre func-
tional resolution ultra-high field fMRI, binocular disparity and
direction-of-motion tunings in hMT were examined. Systematic
fine-grained disparity tunings, alongside axis-of-motion tunings
were found. This study was the first to demonstrate overlapping
tuning maps for two distinct visual features, i. e. binocular dis-
parity and direction-of-motion, in an extrastriate area of human
visual cortex using a fully crossed and controlled experimental de-
sign. This shed light on how the brain maps multiple basic visual
features within one cortical area.
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Chapter 3 (“Decoding the direction of imagined visual motion
using 7 T ultra-high field fMRI”) continued this line of thought
by examining not only perceived, but also merely imagined vi-
sual content within the same hierarchical structures of the visual
system. The direction of imagined visual motion was successfully
decoded from primary visual areas on a single-subject level. Top-
down influences during imagery led to remarkably similar activa-
tion in early visual cortex as perception. The application of multi-
voxel pattern analysis to high-resolution functional data of twelve
subjects demonstrated that imagery of visual motion activated the
earliest levels of the visual hierarchy and that the extent and lo-
cation of the activation varied between subjects. The approach en-
abled classification not only of complex imagery, but also of actual
content, in that the direction of imagined motion, out of four op-
tions, was successfully identified in most subjects and with high
accuracies. These high-accuracy findings not only shed light on the
constituents of mental imagery, but also on the feasibility of decod-
ing specific sub-categorical imagery content from brain imaging
data.

Finally, in Chapter 4 (“Reconstructing and decoding imagined
letters from the visual system using ultra-high field fMRI”), the
previous results were taken one step further and applied to enable
visual reconstruction of concrete specific imaging content. For the
first time, the successful reconstructions of visual field images (vi-
sualising recognisable content of a complex mental image) was
achieved on a single trial level. Imagined letter shapes were re-
constructed and decoded from submillimetre resolution fMRI data
of two subjects baring striking resemblance to the presented let-
ter shapes, especially when focusing on the earliest visual areas.
This demonstrated significant overlap between reconstructed vi-
sual field images of perception data, imagery data, and the ac-
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tually presented stimuli. Furthermore, successful classification of
different letter features (edgy versus curvy) based on data from vi-
sual word-form area using multi-voxel pattern analysis was accom-
plished. This proof of concept could be the first step towards more
elaborate studies on visual field image reconstruction of imagined
everyday stimuli and towards the development of more natural
and directly content-based brain-computer-interfaces.

A discussion of all findings is presented in chapter five. In sum-
mary, this thesis provided new evidence on the fine-grained organ-
isation of visual areas in the human brain during visual perception
and during mental imagery, employing state-of-the-art ultra-high
resolution functional imaging.
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VA L O R I S AT I O N

The work presented in this thesis describes neuroscientific results
on the fine-grained functional organisation of brain areas in the
human visual system during perception and imagery. These re-
sults are quite hard to “valorise” but rather fundamental research
findings with an inherent value.

In the discussions of Chapter 3 and Chapter 4, as well as in the Valorisation
as BCIsGeneral Discussion in Chapter 5 the possibilities of building ad-

vanced brain-computer interfaces (BCIs) that would make use of
the results at hand are mentioned. If one is very eager to valorise
these studies one could, indeed, try to put a 7 Tesla functional mag-
netic resonance imaging (fMRI) scanner into the living room of a
potential BCI user and enable her to steer a computer cursor using
motion imagery (e. g., a centimetre in one of four directions every
20 seconds) or imagine a letter to spell (one letter out of ‘H’, ‘T’,
‘S’, or ‘C’ every 15 seconds). This would be an extremely costly
way of steering a computer cursor or typing letters, considering
the costs of such an fMRI scanner. These costs and the required
environment for an ultra-high field fMRI scanner make a normal
usage in one’s the living room frankly impossible. Furthermore,
the rather low decoding accuracies for some subjects described in
Chapter 3 and Chapter 4 would require many trial repetitions in-
creasing the confidence of the BCI system to acceptable levels. The
rather uncomfortable BCI user experience and the need for highly
qualified personnel to operate the fMRI scanner make this BCI even
more impractical. Taking into account the costs (and practical is-
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sues) of an ultra-high field fMRI scanner, the bitrates (with which
the BCI can translate intentions into actions), and decoding accura-
cies, this does not offer a competitive solution when compared to
readily available BCI system like an electroencephalography (EEG)
P300 speller. The direct translation of the results presented in this
thesis into an fMRI-based BCI is, thus, not a very promising valori-
sation.

The results presented in this thesis are, however, potentially use-Actual
valorisation

as BCIs
ful in a BCI context. Neuroimaging research on mental imagery
can potentially enable a future BCI system, based on a new neu-
roimaging technique to locate and decode the neural correlates
of mental imagery in a more guided and straightforward way. It
is conceivable that, e. g., more invasive neuroimaging techniques
like electrocorticography (ECoG) or multielectrode arrays (MEAs),
or even not yet invented (potentially) non-invasive high-resolution
neuroimaging techniques would make use of the feature repre-
sentations described in the studies of this thesis. The information
about the fine-grained cortical organisations of feature maps dur-
ing imagery could guide the development of such BCIs. Moreover,
insights into inter-individual differences in imagery strategies as
well as brain activations during mental imagery – as discussed
throughout this thesis – are important to successfully implement
any BCI system and could, therefore, also improve the performance
of other non-fMRI-based BCIs.

Finally, there are medical conditions in which high-field fMRI-
based BCIs can become important. Some locked-in syndrome pa-
tients (e. g., some patients with amyotrophic lateral sclerosis (ALS))
cannot successfully use BCIs based on other neuroimaging meth-
ods (e. g., EEG or functional near-infrared spectroscopy (fNIRS)).
In such extreme situations when all other means of communica-
tion are lost and the quality of life is severely affected, the above-
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mentioned impracticalities loose their importance. The ability to
communicate with one’s environment cannot be matched with
costs for technical equipment. The results presented in this the-
sis could be used in such rare cases not only to allow the patient
to communicate again but could also outperform BCI results based
on conventional fMRI data (e. g., 3 Tesla).

Besides the inherent value of basic research results presented Actual
valorisationin this thesis I see the main value of the work I did over the

last few years not in potential (BCI) products. I see value in the
methodological and practical scientific knowledge that I gained
during my work and tried to share with fellow researchers. The
photo on the cover of this thesis shows a lonely sculler on a (seem-
ingly wide and) empty ocean. It depicts something that immedi-
ately evokes some form of imagery in the viewer (‘Who is this
person and where does she come from?’ or ‘How long is she al-
ready sculling?’) and, therefore, fits the title of my thesis. How-
ever, the scene also resembled a feeling one can easily get when
confronted with neuroscientific research projects. Especially, when
new methods are involved (like ultra-high field fMRI) or largely un-
charted scientific territory is entered (like neuroimaging of mental
imagery) the problems that arise during research do not seem to
end. From the beginning of my PhD studies I could rely on the
knowledge and help of others and I continued to help others in
turn as soon as I started solving new problems arising from my
own work. While there are many talented bright scientists work-
ing in cognitive neuroscience the task at hand – that is, to unravel
the functional working principles of the human brain – demands
the sharing of knowledge, not only in the form of scientific publi-
cations, but also in very practical terms. Wherever I could, I tried
to spare time for the dissemination of, e. g., source code (contri-
butions to the experiment software PsychoPy, Import/Export rou-
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tines for BrainVoyager file formats into Python), manuals (Eye-
tracking on the 7 T system, 7 T segmentation guides, MNI space
transformation guides to convert fMRI maps for data sharing plat-
forms), or hands-on help. I am very happy to have worked in an
environment where more people acted like I did, as the sharing of
practical knowledge is crucial to the success of scientific projects.
By making our work available in an accessible way (through open-
access publications or by releasing source code and manuals un-
der open source/libre licenses) and through collaborative efforts
(like Wiki documentations or contributing to existing open source
projects), we create immense value for the scientific process and,
thereby, society in general.
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