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Abstract

The present study was designed to examine brain activity underlying mental imagery. Since mental imagery is conceptualized
as behavior guided by internal representation only, the activity of the prefrontal lobes was assumed to be a measure of
differentiation of imagery from perception. Twenty-one subjects were requested to observe and imagine a swinging pendulum
and to touch and imagine a coshball in separate trials. The EEG was recorded from 15 standard electrode sites and analyzed
with (1) traditional alpha power and (2) an estimation of dimensional complexity (a.measure derived from nonlinear dynamics).
Both EEG measures revealed expected object-related differences during perception as well as during imagery. The visual
pendulum showed relative to the tactile coshball increased dimensional complexity and less alpha power at parietal and frontal
sites. However, only the EEG dimension supported the main hypothesis: Imagery resulted in increased prefrontal dimensional
complexity in comparison to perception independent of the modality of the image. In contrast, for alpha power the difference
between imagery and perception was due to stimulus modality.
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1. Introduction

One view of imagery has focused on the internal
manipulation of sensory information. This approach
stresses the quasi-pictorial nature of visual images
[19,29,45]. It is widely believed that the internal con-
straints of our perceptual system reflect invariant con-
straints of our subjective world, and that the percep-
tual constraints also hold during imagery [44]. Another
approach to mental imagery describes imagery as hypo-
thetical, anticipatory or ‘as if’ behavior [43] and focuses
more on the motor aspects of mental imagery [9].
Considering interconnected cell assemblies as the units
of representation of perceptual and mental events and
information [7], it seems reasonable to assume a uni-
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tary view of sensory as well as motor images. The aim
of the present study was to extend those approaches by
emphasizing that imagery is guided by internal repre-
sentations only, a process which was expected to result
in specific brain activity underlying all imagery pro-
cesses.

In a now-classic paper, Hebb [26] argued that sen-
sory imaging constitutes the activation of higher-order
(more ‘abstract’) cell assemblies also involved in the
perception of the same events. Perception of a complex
object activates cell assemblies along a dimension from
sensory and concrete to abstract and conceptual. Thus,
perception can be characterized as externally guided
activation of concrete as well as ‘abstract’ assemblies.
In contrast, imagery consists of the internal activation
of predominantly ‘abstract’ cell assemblies, sometimes
even without engagement of the concrete sensory cell
assemblies. We assume that more abstract categorical
representations involve more widespread and less fo-
cused brain activity while the concrete assemblies rep-
resent more localized brain responses at and near the
primary cortical areas.
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Evidence for the involvement of the same higher-
order cell assemblies in imagery as in perception comes
from psychophysiological and neuropsychological stud-
ies. For example, Goldenberg et al. [23,24] compared
visual imagery conditions with no-imagery control con-
ditions. The imagery questions caused enhanced occip-
ital blood flow in comparison to the nonimaginal ques-
tions. Davidson and Schwartz [10] found alpha attenua-
tion over postcentral areas during imaging ones’ fore-
arms being tapped and alpha attenuation over visual
areas during imaging a flashing light. In an event-re-
lated potential study [17], subjects imaged H’s or T’s
while they performed a detection task with H’s and T’s.
Match stimuli (e.g. imaging H and presenting H) re-
sulted in an enhanced occipital negativity of the first
negative peak when compared to mismatch stimuli.
Finally, neuropsychological studies revealed that spe-
cific perceptual deficits cause parallel deficits in the
corresponding imagery ability. For example, deficits in
color vision led to a loss of color imagery [16].

From another perspective, imagery can be seen as
behavior guided only by internal representations or
models without external stimuli [25]. Imagery requires
an ‘action plan’ containing the temporal organization
of the activation of the involved cortical networks and
the inhibitory control of visible motor outflow [11]. The
prefrontal cortex seems to be an essential structure for
this kind of higher cognitive function [22,25]. There are
several studies which revealed prefrontal activation
during imagery [12,28,41,42].

The evidence for prefrontal involvement in imagery
comes exclusively from studies involving motor action
in imagery. Roland and Friberg [42] measured the
regional cerebral blod flow (rCBF) while subjects im-
aged a walk. The rCBF increased in an area-specific
manner in anterior and posterior regions of the brain.
The increases in the posterior regions of the brain,
including the occipital lobe and parieto-temporal ar-
eas, revealed the activity of cell assemblies required for
the retrieval of visual and spatial memory. The in-
creases in prefrontal areas indicate an organizational
function of the prefrontal cortex during imagery. De-
cety et al. [12] compared motor behavior and motor
imagery more directly. Subjects were required to per-
form and image graphic gestures. Measuring rCBF,
they concluded that motor behavior and motor images
needed both the integrative activity of the prefrontal
cortex as well as the supplementary motor areas and
other areas involved in motor programming.

The primary goal of this study was to demonstrate
the specific role of the prefrontal cortex for sensory
images. A related purpose of this study was to analyze
the EEG with a new methodology derived from nonlin-
ear system theory. One of the measures used in this
research to describe dynamical brain activity was di-
mensional complexity. It was shown that the nonlinear

measure captures new information about the dynamjc
activity of the brain [31,32,46]. We hypothesized that
imagery leads to a more ‘complex’ (i.e. less predictable)
pattern of electrocortical activity at prefrontal siteg

1.1. Dimensional complexity: a brief introduction

Nonlinear dynamics offers new insights relevant for
the understanding of brain function. The rapid aug-
mentation of activity (‘ignition’) in cell assemblies jg
obviously a nonlinear phenomenon [7]. Even single
neurons show characteristic nonlinear phenomena (re.
view in Elbert et al. [13]). In contrast to linear systems
nonlinear systems can show irregular, chaotic behaviori
The concept of deterministic chaos has demonstrateq
that seemingly chaotic features can be governed by ;
few nonlinear differential equations. Thus, determinis-
tic chaos refers to apparently lawless behavior ruled by
(deterministic) laws [13]. Two prominent features of
deterministic chaos are unpredictability over extended
time periods, and sensitive dependence on initial con-
ditions.

Although the differential equations for the brain’s
electrical activity are unknown, it is possible to recon-
struct from a single EEG trace the phase-space attrac-
tor and to calculate the dimension of this reconstructed
attractor. Chaotic attractors do not have an Euclidean
integer dimension, but are described by a fractal or
noninteger dimension.

Compared to EEG during the waking state, EEG
from stage 2 sleep has a lower dimension, and stage 4’s
dimension is even lower [4]. REM sleep has a dimen-
sion comparable to the waking EEG [3]. A marked
lowering of dimension was observed during epileptic
seizures [2,27,37]. In addition, the dimension in the
waking state is sensitive to processing load. Increased
dimension is found during performance of mathemati-
cal calculations [35,39]. Lutzenberger et al. [31] found
increased dimension in subjects with high 1Q compared
to subjects with low IQ but only during rest. During
performance of a complex task, less intelligent people
increased their dimension to a level similar to more
intelligent subjects. Lutzenberger et al. [32] reported
higher dimension during imagery than during various
sensory tasks. However, since imagery contents were
different from sensory non-imagery tasks a direct com-
parison of these two types of tasks was not possible.

Currently, various mathematical procedures are used
to compute the fractal dimension, which give different
results when applied to the same data set. Further-
more, calculation of the true fractal dimension requires
extended time-series [47] which is in conflict with the
non-stationarity of brain activity. Following Rapp et al.
[39], relative differences in dimension between condi-
tions are of more interest than the absolute fractal
dimension. In our calculations [31,32], we combined




the singular value decomposition introduced by
Broomhead and King [8,1] with the method of aver-
aged pointwise dimension developed by Farmer et al.
(18] and referred to our measure as dimensional com-

plexity L
1.2. Research problem

We compared perception and imagery of a visuo-
spatial object and a tactile object directly. We pre-
dicted the following pattern of brain activity: First, the
prefrontal cortex was expected to reveal more complex
activity and less pronounced frontal enhancement of
alpha power during imagery than during perception for
both the tactile and the visuo-spatial task. It was of
major interest to look for modality-independent differ-
ences between imagery and perception. Second, we
expected area-specific differences in content-specific
cell assemblies. With respect to the tactile stimuli, the
visuo-spatial object was expected to reveal more com-
plex activity and less alpha power (i.e. more activation)
at posterior regions. The somatomotor cortex and its
association areas should be more activated by the tac-
tile stimuli. In general, the comparison between im-
agery and perception was expected to reveal the activa-
tion of the same higher-order cell-assemblies, but im-
agery was expected to result in a more complex state of
the relevant systems.

2. Materials and methods
2.1. Subjects

Twenty-two paid volunteers (10 female and 12 male)
participated in the experiment. The ages ranged from

TA general discussion and caveats of the application of nonlinear
dynamics to physiological signals is provided by Elbert et al. [13].
One issue under discussion relates to the point that dimensional
complexity is not sufficient to differentiate stochastic or deterministic
processes generating the time series under study. An additional test
was the comparison of the dimensional complexity of the original
EEG time series with the so-called filtered noise dimensional com-
plexity: the Fourier-transformed EEG series were randomly phase-
shifted and transformed back to the time domain [37]. Using our
method of estimating dimensional complexity, we recently reported
statistical evidence that the EEG cannot completely be described as
filtered noise [32]. Further control analyses were conducted to inves-
tigate the influence of the length of the time series on the estimation
of the dimensional complexity. Using the data set reported in the
present study, we found that a systematic shrinking of the time series
from 20.48 s down to 2s resulted in a systematic underestimation of
dimensional complexity but statistical differences between conditions
femained stable. Thus, although the EEG is non-stationary and
f‘igh-dimensional, the calculation of dimensional complexity is mean-
ingful as a relative measure (between conditions).
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18 to 35. Subjects with a history of central nervous
diseases or subjects currently on medication were ex-
cluded from the sample. The data from one man were
lost due to computer failure.

2.2. Design

The present study consisted of two conditions, both
including a single perception and imagery phase, but
with different objects. In the pendulum condition sub-
jects were required first to observe the swinging pendu-
lum and then immediately after the perception phase
to imagine the pendulum moving. In the other condi-
tion we used a coshball (a dandelion shaped piece of
elastic rubber) as a tactile stimulus, which was handled
with both hands in the perception phase and then
imagined. All phases lasted for 45 s. Half of the sub-
jects started with the pendulum condition, the other
half with the coshball condition. Subjects were in-
structed to keep their eyes open during all phases.
During the imagery periods and the coshball handling
subjects were instructed to keep eyes open and to
avoid eye movements. The experimenter entered the
room between the perception and imagery condition
and removed the object. Instructions were given sepa-
rately for both tasks in both written and verbal forms.

2.3. Subjective ratings

After each condition, subjects rated the vividness of
their image for the pendulum and the coshball on a
9-point analog scale.

2.4. Physiological recordings

The EEG was recorded from 15 sites using an
electrode placement cap with tin electrodes (Electro-
Cap International) according to the international 10-20
system and linked Ag/AgCl electrodes placed on the
mastoids. Electrical impedance was 5 k{2 or less for all
electrodes. The electrodes were placed at the following
placements: F7, F3, Fz, F4, F8, T3, C3, Cz, C4, T4, TS,
P3, Pz, P4, T6. All channels were amplified with a
bandwidth from 0.016 to 35 Hz. All leads were refer-
enced to the vertex electrode for recording purposes,
off-line corrected for time lags in the sampling proce-
dure [33)], and changed to an average reference giving
all electrodes equal weight. All data were sampled at a
rate of 100 Hz. Vertical eye movements were measured
at the right eye using the Fpl (EEG) electrode and a
miniature Beckman Ag/AgCL electrode below the
right eye. The EEG was corrected for ocular artifacts
with a regression method based upon the vertical and
horizontal EOG [15]. For each condition an interval of
20.48 s was selected for the computation of the EEG
measures. The interval was centered around the mid of
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the whole 45 s periods, thereby avoiding non-stationary
EEG shifts due to the beginning of each perceptual or
imaginal phase.

2.5. Data analysis

Alpha power and dimensional complexity were cal-
culated for every EEG trace. The resulting values were
submitted to an ANOVA to search for EEG differ-
ences related to the experimental conditions.

2.6. Alpha power

The EEG alpha power was obtained from the aver-
age log power in the range from 8-12 Hz. The power
spectrum was calculated by averaging the Fourier
transforms of 15 overlapping 2,56-sec segments (256
points), using Parzen windows.

2.7. Dimensional complexity

The dimensional complexity was calculated for every
recording site and condition separately. The algorithm
consists of two principal steps: The first step is to
seperate the signal from the noise of the time series
and to determine the embedding dimension used to
reconstruct the state space by means of a singular.
value decomposition, SVD (see Fig. 1 A-C). The sec-
ond step (see Fig. 1D,E) is to estimate the dimensional
complexity. The steps of the calculation are illustrated
in Fig. 1 by applying our algorithm to a synthetic
amplitude-modulated sine wave. (A) The first step is
based on the autocovariance function. The covariances
of the EEG-trace with time-shifted copies of the same
signal were calculated. Time lags were varied from 0 to
31 time points, resulting in a symmetrical 32 X 32 ma-
trix with the covariances as elements. The first row was
the autocovariation function itself, in the second row,
elements were shifted by one column to the right, in
the third row by two columns etc. so that the diagonal
element was always the covariance with time lag zero.

(B) The autocovariance matrix is then orthogonally
rotated to a new orientation by means of a singular
value decomposition (SVD [1,8], see also Fraser [20]
for more information and critics) which is a noise
reduction technique, related to principal component
analysis or factor analysis. Each row of the rotated
autocovariance matrix comprises a basic vector. The
variance each vector accounts for is determined by its
eigenvalue. A basic feature of the SVD is that the
vectors are ordered according to the amount of vari-
ance each vector accounts for. Thus, the rotation re-
sults in 32 orthogonal components each of which can
be considered as a dimension of the state space; they
include the signal and the noise. The size of the
embedding dimension can be effectively reduced by
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Fig. 1. Ilustration of the major steps used for the calculation of
dimensional complexity (for explanation see text).

discarding the components that account for little vari-
ance since they probably represent noise. In order to
separate noise as well as activity with little variance
from the signal a cut-off criteria for the number of
accepted dimensions was chosen such that only vectors
with eigenvalues larger than twice the smallest of all 32
vectors were selected. The criterion may seem some-
what arbitrary but it has two advantages: It is inde-
pendent of the particular gains used and it is repro-
ducible in different laboratories. In the present exam-
ple, as illustrated in Fig. 1B, three vectors out of 32
vectors were considered as representing the signal and
the remaining were discarded as negligible noise ac-
cording to-our cut-off criterion. Applying our algorithm
to the analysis of the human EEG, the SVD typically
extracts 15 vectors. Thus, the net result of the SVD
applied to the autocovariance matrix is a small set of
time series (< 32) whose sum closely approximates the



original EEG time series 2. (C and D) The extracted
yectors were used to reconstruct the state space, with
the number of extracted vectors determining the di-
mensionality of the state space. A folding operation of
extracted vector and original time series was used to
calculate a new and separate time series for each
extracted vector. The calculation of the new time series
for the first vector is illustrated in Fig. 1C. The first
value of the new time series is the cross product of a 32
points segment of the original time series beginning at
¢, and the vector 1. The next value (¢,) is the cross
product computed between the vector and a 32 points
segment of the original time series beginning at ¢,, and
so forth 3,

The calculated time series (one for each vector) are
used for the state space reconstruction. Thus, as shown
for the example (see Fig. 1D), each point is now exactly
localized in the three-dimensional state space accord-
ing to its value on each of the three time series result-
ing in the shown trajectorie. As mentioned above, the
SVD applied to the human EEG typically extracts 15
dimensions, and therefore the human EEG is usually
placed in a 15-dimensional state space.

(D and E) The method of pointwise dimension [18]
was then applied to calculate the dimensionality of the
subspace occupied by the trajectorie *. Given a distinct
reference point, the number of points N(r) which lie in
a hypercube with radius r around this chosen point is
counted (see Fig. 1D). This counting is performed for
subsequently larger radii until ultimately all points of
the time series lie within this hypercube. The increase
of the number of points lying in subsequently larger
hypercubes, is used to determine the dimensionality of
the state space. For Euclidean dimension, a one-di-
mensional line results in an increase of the number of
data points with increasing radius (r!), for a two-di-
mensional plane, the number will increase with the
square of the radius (r2). Generally, the number of

2The SVD was chosen not only in order to separate signal from
noise but also as a method to develop a fully automatic procedure
for the calculation of the dimensional complexity. Thus, the determi-
nation of delay time (or time lagging) is another implicit feature of
the SVD in the current application. A variety of methods for the
determination of the delay time were proposed such as first zero
_Crossing of the autocorrelation or the first minimum of the mutual
information. So far, there is no optimal procedure and the SVD has
the advantage of determing delay time for every case independent of
the experimenters.

The new time series consists of 2016 time points only, because
tbe folding procedure always requires 32 time points of the original
time series.

‘It is important to distinguish between the dimension of the state
Space which has in dissipative systems greater dimensions than the
calculated dimensional complexity which refers to a subspace of the
State space after the system has settled on this subspace.
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data points will increase with r¢, where d denotes the
dimensionality of the attractor. In case of fractal di-
mensions, d is a non-integer value. Plotting the num-
ber of data points against the radius on a double-loga-
rithmic scale, dimension shows up as the the slope of
the resulting curve.

For the present computations, 20 different radii r,
were chosen. The distance between subsequent radii
was selected such that each enlargement of the radius
increased the total count by an equal number of points,
i.e. N(r,)—N(r;—1)=2016/20. The counts are plot-
ted against the radii using a double logarithmic scale
(see Fig. 1E). The resulting function starts with a
straight line of a certain slope, but then declines paral-
lel to the abscissa. A linear fit is performed on the
straight segment, its slope is used for further cajcula-
tion of the dimensional complexity. In order to obtain
an estimation of the straight segment, only the lowest
ten values are chosen first. If the highest of these ten
values has the largest distance to the straight line, the
linear fit is recalculated for nine values only, because it
is assumed that the tenth point is not belonging to the
linear segment. If again the highest of these has the
largest distance from the straight line, it is omitted
from the next calculation. The process is repeated until
the highest point has no longer the largest distance
from the estimated straight line. Typically, this proce-
dure results in a linear fit using the first five to seven
lowest radii for the slope determination.

The last calculation step was repeated for 32
equidistant reference points and the slope was deter-
mined for each of the reference points. The median of
the slope values was taken as the measure of dimen-
sional complexity for the EEG time series. The dimen-
sional complexity calculated this way in the awake
adult results in values between 4 and 6. In the present
study, the mean dimensional value was 4.6 averaged
across all conditions.

2.8. Analysis of variance

The resulting EEG values (one for complexity and
one for alpha power) separated by condition and elec-
trode were entered into an ANOVA with the following
factors: (1) The repeated measure factor ‘Object’ with
two levels: pendulum and ball. (2) Another repeated
measure factor ‘Image-Percept’ contained two levels:
Perception and Imagery. (3) The third factor ‘Elec-
trode’ included the 15 electrode sites.

Expanded ANOVA'’s were calculated to reveal to-
pographical information. For that purpose, the elec-
trode sites were divided in three coronal rows and five
sagittal rows. The factor ‘Anterior-Posterior’ included
three levels: frontal (F7, F3, Fz, F4, F8), central (T3,
C3, Cz, C4, T4) and parietal (TS5, P3, Pz, P4, T6). The
factor ‘Laterality’ included five levels: far left (F7, T3,
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T5), mid-left (F3, C3, P3), midline (Fz, Cz, Pz), mid-
right (F4, C4, P4) and far-right (F8, T4, T6).

For illustrative purposes, brain maps for dimen-
sional complexity and alpha power were calculated
using the Akima smooth surface fit.

All ANOVAs were repeated measures ANOVAs
having factors with levels exceeding two. Thus, for all
ANOVA’s Greenhouse-Geisser epsilon values were
applied to correct for the lack of sphericities in the
covariance matrices. Corrected P-values are reported
throughout. Contrasts of groups of means were used as
post-hoc tests.

3. Results

3.1. Subjective ratings

The reported vividness was higher for the coshball
(mean of 6.4) in comparison to the pendulum {(mean of
4.4) as indicated by a significant ‘vividness® effect (F, 5,
=7.7, P=0.012). 16 out of the 21 subjects indicated
higher vividness for the coshball than the pendulum.

Pendulum - Coshball

Image - Percept

EEG dimension

log EEG alpha

F7 F8
F3 Fz F4

T3 C3 Cz C4 T4

p3 P2 pg

T5 T6

Fig. 2. The left side shows the difference maps (image minus per-
cept) across stimuli modalities for dimensional complexity (top) and
alpha power (bottom). The right side shows the difference maps
(pendulum minus coshball) across task conditions (i.e. percept and
image) for dimensional complexity (top) and alpha power (bottom).
All maps represent grand average difference maps.
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Fig. 3. The difference maps (pendulum minus coshball) were calcu-
lated separately for (percept and image) condition and EEG measure
(dimensional complexity and alpha power). Electrode positions are
the same as in Fig. 2. Again, all maps represent grand average
difference maps.

3.2. Dimensional complexity

Figs. 2 and 3 shows difference brain maps summariz-
ing the dimensional complexity results. The top panel
of Fig. 2 on the left side shows the difference map
(image minus percept) across conditions (pendulum
and coshball). This difference map illustrates the en-
hanced brain complexity necessary for imagery. The
map indicates the highest differences in dimensional
complexity at prefrontal areas, especially at the F7 and
F8 electrodes but also at F3 and F4, and supports the
hypothesis of additional frontal and prefrontal involve-
ment during imagery.

The difference map (pendulum minus coshball)
across conditions (at the top of the right side of Fig. 2)
illustrates also the area-specific distribution of dimen-
sionality. The brain map shows higher dimensionality
at parietal sites and somewhat decreased dimensional-
ity at central sites during the pendulum conditions
compared to the coshball conditions. The higher in-
volvement of frontal sites during the pendulum may be
related to time estimation or ideomotor processes il
the pendulum condition.

Fig. 3 (top row) shows the difference maps (pendu-
lum minus coshball) separately for percept and image.
The topographic patterns obtained for percept and
image are quite similar, which supports the hypothesis
that the same higher-order neural networks are in-




Table 1
ANOVA results for dimensional complexity and alpha power

Dimension Alpha power

F-value P-value F-value P-value
Object 2.5 0.1298 10.6 0.0039
percept-Imagery 52 0.0333 13.9 0.0013
Electrode 6.5 0.0001 22.7 0.0001
Object * Percept-Imagery 1.2 0.2782 29 0.1040
Object * Electrode 44 0.0008 134 0.0001
percept-Imagery * Electrode 7.5 0.0001 79 0.0001
Object * Percept-Imagery * Electrode 14 0.2213 4.8 0.0003

volved during imagery as during perception. The prin-
cipal difference between the percept and image condi-
tions is the above-mentioned additional frontal involve-
ment during imagery, which supports the hypothesis of
increased dimensional complexity during imagery.
Table 1 shows the results of the three-way ANOVA.
The highly significant results obtained with the ‘Elec-
" trode’ main effect and interactions involving this factor
suggested further analysis using a four-factorial
ANOVA to detect topographic differences. The
‘Image-Percept’ main effect was significant (F, ,, = 5.2,
P =0.03), with imaging showing higher dimensionality
than perception. Interactions involving this factor also

occurred: ‘Image-Percept X Anterior-Posterior’ (F, -

=19, P <0.0001) and ‘Image-Percept X Laterality’
Fyg0=3.1, P<0.05). Post-hoc tests revealed higher
dimensionality during imagery at the frontal row (F =
43.6, P <0.0001) and also an increase at the central
row (F =112, P <0.01). In contrast, the dimensional-
ity was reduced at the parietal rows (F = 4.8, P < 0.05).
The differences between imagery and perception were
confined to the mid-lateral and lateral sites of both
hemispheres. No differences between imagery and per-
ception were found in the midline row, but higher
dimensionality was obtained at the mid-left and mid-
right rows (both F’s>4, P <0.05) and were much
more pronounced at the left and right rows (both
F’s > 20, P < 0.001). The three-way interaction
‘Image-Percept X Anterior-Posterior X Laterality’
(Fg 160 =3.1, P =0.01) is mainly due to the F7 and F8
electrodes which had low dimensionality during per-
ception but strongly increased dimensionality during
imagery (both F’s > 45).

Topographic differences between pendulum and
coshball were indicated by interactions of ‘Object X
Anterior-Posterior’ (F, 4, = 8.4, P <0.001) and ‘Object
X Anterior-Posterior X Laterality’ (Fg s =2.3, P <
0.05). The only difference in dimensional complexity
a‘long the Anterior-Posterior dimension was a highly
Significant increased dimensionality at the parietal row
for the pendulum in comparison to the coshball (F = 29,
P <0.001). The three- -way interaction ‘Object X
Anterior-Posterior X Laterality’ arises mainly at the

frontal row. The pendulum had higher dimensional
complexity at F3, Fz and F4, significant at the F3 and
Fz electrode (F’s > 5, P <0.05), whereas the dimen-
sionality was reduced at F8 (F=5.8, P<0.05) and
non-significantly at F7 in comparison to the coshball.

For descriptive purposes, the coshball and pendu-
lum data were submitted seperately to an ANOVA
using the factors ‘Image-Percept’ and ‘Anterior-Post-
erior’ in order to test whether the frontal increase of
the dimensionality was significant independently for
both objects. The pendulum task revealed a significant
main effect ‘Image-Percept’ (F,,,=5.8, P =0.025),
and a significant interaction ‘Image-Percept X
Anterior-Posterior’ (F, 4 =14.8, P <0.0001). The im-
agery condition revealed increased dimensionality at
frontal (F =42, P <0.001) and central (F=12, P<
0.01) sites comparec to the perception condition. The
coshball task also revealed a significant ‘Image-Percept
X Anterior-Posterior’ (F,,, = 8.6, P <0.0001) interac-
tion. The dimensionality during imagery as compared
to perception was increased at frontal sites (F = 12.3,
P <0.001) and reduced at parietal (F=35, P <0.05)
sites. Thus, a significant increase of dimensional com-
plexity during imagery was revealed at frontal sites by
both objects.

3.3. Alpha power

Difference maps were calculated for the alpha
power > in the same way as for the dimensional com-
plexity (see Figs. 2 and 3).

The three-way ANOVA revealed that all but one of
the effects were significant (see Table 1), therefore we
calculated the expanded four-way ANOVA ©. Percep-

3 The alpha power results are reported with regard to an average
reference. The same analysis was also done with a linked-ears
reference. The major difference between the two types of reference
was the generally increased alpha power for the linked-ears refer-
ence. However, the qualitative differences reported in this section
concerning the comparison percept-image and pendulum-coshball
were obtained with both references.
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tion has lower alpha power than imagery (main effect
‘Image-Percept’; F, 5= 13.8, P < 0.01). The significant
‘Image-Percept X Anterior-Posterior’ (F,4,=19, P<
0.0001) interaction demonstrated that although all three
coronal rows had significantly increased alpha power
during imagery, this was much more pronounced at the
parietal row (F =218) than at the central or frontal
rows {(both F’s < 100). The increases in alpha power
during imagery were more pronounced at mid, mid-left
and mid-right sagittal rows (all F’s > 200; ‘Image-Per-
cept X Laterality’, F, g, = 4.6, P < 0.01).

Overall, the coshball showed higher alpha power
than the pendulum (F,,,= 10,6, P <0.01). A signifi-
cant effect ‘Object X Anterio-Posterior’ (F,,, = 8.4, P
< 0.001) was found, with higher alpha power for the
coshball at frontal (F =39.3) and parietal (F = 104.5)
rows. The ‘Object X Laterality’, (F,g, = 6.1, P = 0.002)
interaction was also significant. The right, mid and left

sagittal rows (all F’s > 84) revealed more pronounced

higher alpha power of the coshball than the mid-left
and mid-right rows (F’s > 32). The interaction ‘Object
X Anterior-Posterior X Laterality’ (Fg ¢ =3.76, P <
0.01) is due to the central row which showed increased
alpha power at T3, Cz, T4 (F’s > 5.2, P <0.05) but
significantly lower alpha power at C3 and C4 (both
F’s > 9.6, P <0.01) for the coshball.

In contrast to the dimensional complexity data, the
interactions ‘Object X Image-Percept X Anterior-
Posterior’ (F, 4 = 8.3, P =0.004) and ‘Object X Image-
Percept X Anterior-Posterior X Laterality’ (Fg ¢, = 2.4,
P =0.05) were also significant. These interactions were
followed up by analyzing the data for coshball and
pendulum seperately with an ANOVA containing the
factors ‘Image-Percept’, ‘Anterior-Posterior’ and
‘Laterality’. For the coshball, the main effect ‘Image-
Percept’ (F =73, P=0.025) indicated a general
increase of alpha power during imagery compared to
perception. The interaction ‘Image-Percept X
Laterality’ (F, g, = 4.7, P <0.01) indicates that the dif-
ferences between imagery and perception were more
pronounced at the mid-left and mid-right rows. For the

6 The reported statistical differences obtained for the percept-
image manipulation could be due to subtle variations on the eyes-
closed or eyes-open dimension or due to a defocusing of the eyes in
order to maintain images while the eyes are open. Thus, subjects
were divided into two groups according their alpha power (high vs.
low power in the alpha band) averaged over all conditions. An
ANOVA that included this new group factor revealed that the
significant differences of alpha power reported for the whole group
in this section are entirely due to the group with high power in the
alpha band. However, no relation was found between reported
vividness and the level of alpha power. Also, after adding the group
factor to the dimensional complexity analysis, there was no signifi-
cant main effect or interaction containing the group factor. Thus, the
suggested confound are relevant only for the alpha power analysis.
More systematic studies are necessary to follow up this phenomenon.

pendulum, the main effect ‘Image-Percept’ (F ,, = 10,
P <0.01) and the interaction ‘Image-Percept X
Anterior-Posterior’ (F,, = 16.1, P < 0.0001) wer
highly significant. Alpha power was increased dramat;.
cally during imagery at parietal (F = 158) sites but algy
enhanced at central (F = 21) and frontal (F = 64) rowg.
The ‘Tmage-Percept X Laterality’ (F, g = 3.2, P < 0.05)
interaction indicates more prounced alpha power i.
creases at mid-right and right sites during imagery.

4. Discussion

The present study demonstrates for the first time
that prefrontal EEG ‘complexity’ is increased during
sensory imagery compared to the real perception of the
same object. This confirms the hypothesis that during
imagery there is a more complex pattern of electrocor-
tical activity at prefrontal sites indicating the involve-
ment of more independent processes generating the
electrocortical activity. Alpha power was increased dur-
ing imagery over the whole scalp in comparison to
perception. However, as Fig. 2 revealed, this increase
was much more pronounced in the posterior region,
indicating less enhancement of fronto-central alpha
power during imagery than perception.

The visual pendulum and coshball evoked different
topographic patterns of brain activity. The pendulum
showed a strong parietal increase in dimensionality in
comparison to the tactile coshball and to a lesser
extent also at frontal sites. The same regional differ-
ences in activation were found for alpha power too. In
addition, imagining and perceiving the coshball re-
sulted in activation (less alpha power) at C3 and C4,
the projection areas of the fingers and hands (see. Fig.
2). Fig. 3 revealed similar topographic patterns for the
difference map (pendulum minus coshball) for the per-
ception and imagery conditions. Our results replicated
earlier findings [10], thereby supporting Hebb’s as-
sumption that the same higher-order cell assemblies
that are involved in perception are also relevant for
imagery. In addition, frontally located working memory
structures necessary for the delayed recall of the per-
cept during imagery are implicated [25}.

4.1. Differences and similarities between dimensional
complexity and Alpha power

Initial observations [3] comparing dimensional com-
plexity and alpha power suggest an inverse relationship
between both measures. Lutzenberger et al. [32] and
Pritchard and Duke [38] compared both measures more
systematically. The alpha power is the frequency band
which correlates better with dimensional complexity
than beta or theta power, but a large fraction of the
variance in dimensional complexity could not be €¥




plainéd by alpha power (about 61% in the Pritchard
and Duke study). Furthermore, alpha power and di-
mensional complexity are sometimes different in their
sensitivity to experimental conditions and variations in
psychiatric groups, but behave in some conditions in
parallel [14,32].

In the present study, dimensional complexity and
alpha power revealed expected findings but nonethe-
less important differences between both measures were
found: First, the difference map (image minus percept)
revealed a more localized frontal increase of dimen-
sional complexity during imagery, whereas alpha power
showed fronto-central activity. Second, the sensitivity
of alpha power to manipulation of attentional focus
(either external stimulation or internal processing) is
dependent upon the stimulus modality (see also Ray
and Cole [40]). Perception of a visual stimulus de-
pressed alpha power uniformly over the scalp. This
reflects the intimate relationship between alpha power
and visual attentional processes [34]. In contrast, all
‘other conditions showed a parietal maximum, frontal
medium and central minimum for alpha power. The
increased alpha power during imagery confirms earlier
reports [10] reflecting the different influences of the
oculomotor system in imagery compared to focused
visual attention during perception of the objects. Di-
mensional complexity doesn’t seem to be sensitive to
this variable but could indicate changes in intra- or
inter-assembly interactions (see below). Overall, it is
obvious that the dimensional complexity measure de-
picts information not available with traditional alpha
power. The more localized increase of brain activity
complexity at frontal sites, especially at F7 and F8 but
also at F3 and F4, is in accordance with earlier findings
from rCBF studies [12,42].

4.2. Cell assemblies and the concept of dimensional com-
plexity

The concept of cell assemblies is an important bridge
between the microlevel of individual neurons and the
macrolevel of mental activity [36] (e.g., thoughts, per-
cepts, and images). Cortical cell assemblies formed
between pyramidal cells with excitatory connections
have the ability to ignite as a whole above their pre-ex-
citation level when parts of the unit are activated. The
classical way to study the ignition of cell assemblies is
via external stimuli. It is assumed that the information
flow goes from primary to higher-order cell assemblies
[26]. In contrast, imagery as one form of internally
guided behavior activates higher-order cell assemblies
without external stimulation. The prefrontal cortex
Seems to be the key structure for this kind of cognitive
function. The prefrontal cortex has extensive bidirec-
tional cortico-cortical connections to associative areas
[48]. 1t is also well connected to limbic areas, and has
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less extensive connections to primary projection re-
gions. Thus, the connections of the prefrontal cortex
are in accordance with the presumed function of this
area. Current theories assume that imagery is the acti-
vation of interrelated associative cell assemblies con-
taining stimulus, response and meaning elements
[5,6,9,30]. Our results extend those theories, emphasiz-
ing the role of the frontal lobe in the generation
and /or maintenance of the neural activity underlying
imagery. Whether the functions of the prefrontal cor-
tices during imagery consist of an inhibition or delay of
motor execution or the generation and maintenance of
a short term memory of the ‘picture in the head’ or
both remains to be seen.

The present study, as well as other recent studies
from our lab [14,31,32] and other groups [38] using
group designs and multi-channel recordings, support
the view that dimensional complexity as a relative
measure between conditions within subjects leads to
interpretable and consistent results. Increased dimen-
sional complexity over a certain brain region may indi-
cate a less ordered activation of associative ‘nodes’ in
the upper cortical layers or as Freeman [21] put it, may
indicate a more vigorous ‘competition between cell
assemblies’ particularly in situations in which external
stimulation has ceased to focus cortical processing at
primary and secondary projection areas. An increased
dimensional complexity might result from the less syn-
chronously activation of parts of an assembly or differ-
ent assemblies repre-enting a specific object. This does
not necessarily covary with the overall excitation or
activation of the particular assemblies. Whatever the
neurophysiological basis of dimensional complexity of
electrocortical activity may be, mathematically an in-
creasd dimensional complexity prefrontally indicates
the contribution of a large pool of prefrontal neuro-
physiological processes during imagery.
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