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The Effect of Conscious States on Neural Activity

Background: Above and beyond the brain: the interactions of consciousness and
neural activity.

The human brain is a wonderful and mysterious organ, which controls our bodily
activities and our mental life, our actions, thoughts, and feelings. Recent studies at the
levels of anatomy, physiology, chemistry, and genetics, have provided a wealth of
new knowledge about the brain structure and function. At the same time, the
relationship between brain and the conscious mind remains as one of the fundamental
problems of science and philosophy. It is still unclear whether biology, chemistry and
physics as we know them today, can provide answers to these fundamental problems,
or whether new principles, above and beyond the current knowledge of the brain, will
be required for a satisfactory account of the relations between the brain and the
conscious mind.

In the current study we proposed to examine a fundamental problem at the heart
brain-mind relationship, which we called the ‘active consciousness’ view.
A common scientific approach to the origin of conscious phenomena is highly
reductionist in nature, assuming that all conscious phenomena will eventually be
explained in terms of the currently established theories of the physical world. In this
approach, consciousness is essentially an epiphenomenon; it arises as a by-product of
certain physical activities in complex sysiems, but cannot interfere with this activity.
The opposing view argues that consciousness cannot be explained in terms of
currently established laws used to account for physical and chemical phenomena.
This does not imply that consciousness cannot be given a scientific account, but the
view is that explaining the origin and nature of consciousness will require new
knowledge, which is not yet a part of current scientific understanding. Unlike the
strong reductionist approach, according to this view consciousness is not just an
epiphenomenon, but has an existence that may affect brain activity in ways that
cannot be fully anticipated by current understanding of the brain. On this view,
conscious states can physically modify neuronal activity within, and possibly outside
the subject’s brain.

How can we test the active consciousness view? [s it possible to study experimentally
whether consciousness is an epiphenomenon, or whether it plays an active role in
governing neuronal activity? The problem may appear inaccessible in principle to
empirical investigation: when we confront another agent, an animal or a complex
systern, it appears impossible to determine experimentally its conscious states. How
can we tell, then, whether the activity of the agent is controlled by factors affected in
any way by active consciousness?

We propose that the active consciousness view can be studied empirically, although
the actual testing may be highly challenging in practice. The logic behind the
experimental approach is the following. Consider a small part of the human brain, as
illustrated schematically in Figure |. Suppose that we have a complete knowledge of
the brain tissue contained in this small volume, and we can also measure accurately
the input and output signals between the selected volume and the rest of the brain. If
the active view is correct, and if we have selected a relevant part of the brain circuitry,
then its input-output behaviour will not be entirely predictable even by a complete



knowledge of the local circuit that has been isolated. A comprehensive study of this
setup may be able to identify systematic effects, beyond what can be predicts from the
circuit’s structure. Such effects, if identified, will support the active consciousness
hypothesis. We will see more specific examples of this approach in the empirical
studies described below.

Figure 1: A schematic illustration of testing the active consciousness hypothesis. A part of the
brain is isolated, and its input-cutput with the rest of the brain is monitored.

There are many difficulties which make such an approach impossible in practice. We
therefore proposed to perform a similar experiment, but using instead an external
neural circuit, which we can characterize, and fully control its input and output signals
to and from the brain. There is no guarantee that this can be successfully tested, but,
as discussed in the original proposal, it can be reasonably argued that an external
additional circuit should behave, in relevant aspects, in a similar way to a local
endogenous circuit.

The Neuronal Culture Setup

In the experiment, a human participant, which we call below the ‘player’ is presented
with visual stimuli and he or she is required to make a response. We have developed
for the purpose of the experiment a simple computer-controlied tracking game.

The computer game presents a display with a green square box and a red ball (see
Figure 2 below). The square is moved by the program to the right and left, changing
directions from time to time. The red ball is controlled by the player using the left and
right arrow keys. The task is to track the green box, and try to maintain the ball inside
the region of the square (as shown in the figure).
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Figure 2: the box-tracking task. As the green box moves, the task is to keep the red ball inside
the box.



A number of controls allow changes to the main parameters of the motion, such as the
speed of motion, and the average frequency of changing directions.

Next to the player, we placed a dish with a culture of rat hippocampal neurons. The
neural culture is maintained in an active state, producing trains of spikes which we
measure and store for subsequent analysis. Details of the culture and the recordings
are further described below, in discussing the experimental results. See Figure 3 for
the general experimental setup.

The player is continuously controlling the red ball by pressing either a ‘left’ or ‘right’
keys. The ball on the screen moves in response to the player’s key strokes, but it is
also controlled by a signal S produced by the neuronal culture. If the player
commands the ball to move to the left, the ball will in fact move to the left, but only if
the signal S 1s larger than some pre-set threshold value 8. If the signal S delivered
from the neural culture is too small, namely S < 6, then the ball freezes on the screen,
and its color changes from red to grey. Similarly, when the player attempts tc move
the ball to the right, the movement will be successful if 8§ = 0, but the ball will freeze
and turn grey if S < 6. The value of the threshold 6 is set during an initial
measurement period, so that the successful condition, S = @, if fulfilled 75% of the
time. In this arrangement, success in the game played by the player depends not only
on the correct control by the subject, but also on the activity level in the network
measured by the recording electrodes. We then check the development and strength
of the signal S. In particular, we want to test for any indication that the signals
becomes larger when the subject plays the game, compared with non-game, or pause
periods, and for a possible increase in the overall level of the signal S as the amount
of training increases, compared with a control situations that does not involve the
training procedure. A more ¢laborate version of the game could include additional
input and output signals between the player and the culture.

Figure 3: Experimental setup of the culture-based experiments. A. The computer game
played by the player, and its motion is gated by a continuous measurement of the activity of a
neural culture. {B) The rat hippocampal neuron culture, In black is one of the 60 electrodes,
which records the action potentials of nearby neurons.



Neuronal culture results
Development of the neuronal culture setup

Performing the neuronal culture experiments required the development of the
appropriate sefup, using an active neuronal culture grown upon an electrode array.
This setup is highly challenging from a technical standpoint, and our aim during the
first stage of the culture experiments was to obtain a network which exhibits stable,
long-term activity, and which can be continuously recorded from.

We have developed over time the following procedure for culture preparation and
maintenance. Rat hippocampal neurons are taken from Wistar rat embryos from the
19" day of pregnancy. Animals were supplied by the Animal Breeding Center of The
Weizmann Institute of Science. Dissection and plating and maintenance of the
neurons on 60-eletrode Multi-Electrode Arrays (MEA, MultiChannelSystems,
Germany) were done according to known protocols [Jacobi & Moses, Variability and
Corresponding Amplitude-Velocity Relation of Activity Propagating in One-
Dimensional Neural Cultures, J Neurophysiol 2007 97 (5) 3597], but with daily
feeding of the cultures, and resulted in spontaneously active cultures. The experiments
took place in days 14-28 in-vitro.

To perform spike detection, electrode voltage was amplified %1000, low-pass filtered
with a 3KHz cutoff (MEA1060 amplifier, MultiChannelSystems, Germany), then
sampled at 20K Hz, using general purpose DAC (PCI-6071E, National Instruments,
Austin, TX}. Data was acquired with Labview (National Instruments} and processed
using Matlab (Mathworks, Natick, MA). The condition for spike detection was that
the absolute value of the sampled signal exceeds the threshold for at least 0.2 msec.
The threshold was set at the maximum of 15mV and 3 times the signal standard
deviation (which is normally ~3.5mV).

The spiking activity of this neural culture should be monitored over long periods
while the neurons remain in their growing medium. In order to incorporate the neural
culture in the experiment, we developed and compared several alternative designs for
the experiment. The differences between the designs correspond to the type of
activity being monitored, which can be spontaneous or elicited, and also the specific
effect which is recorded.

In the first design, the neurons are not stimulated, and the signal we measure is
derived from the spontaneous activity of the culture. To achieve this goal, we have
measured many neural cultures over long time periods. Generally, the spontaneous
activity tends to have high variability. It comes in population bursts, in which many
electrodes are active together for periods of 100-1000 msecs. The rate of occurrence
of the burst is not constant, but has a wide distribution, and the number of active
electrodes within the burst is also variable. However, a certain fraction of the grown
cultures have a more consistent activity with lower variability, which is more
appropriate for our testing, as discussed further below.

The second design we evaluated was to use an electrical stimulation for eliciting the
activity of the neural culture. This has an advantage over the first design, since it
enables the use of a common timing cue, for the subject in the experiment as well as
for the neural stimulation. The main observed drawback is that the electrical
stimulation elicits a very strong burst in the neural culture, and it proved difficult to
have a measurable effect on such a strong external activation. We therefore decided
not to use this design at the present stage. In the future, a possible test we consider is



to measure the time between the burst clicited by stimulation and the next burst, or to
test the spontaneous activity following the elicited burst.

The third design we considered was to culture the neurons onto a line-shaped culture
(see Figure 4 below), which is long and thin (5-30 mm by 200 microns). Qur
measurements showed that activity propagates along the line relatively slowly.
Spontaneous activation always starts at one of several possible activity generation
points along the line, and then propagates to the line ends in a wave of activity, The
task of the conscious subject can then be to elicit activity generation in a particular
generation point. The main drawback of this method is that the linear cultures are
difficult to grow on an electrode array, making it more costly and more time
consuming. Due to these limitations, we decided not to use this design at the current
stage of our study.

Figure 4: Linear neuronal culture evaluated for the culture setup.

The conclusion from this stage of the work was that due to current limitations of
approaches 2 and 3, we will adopt the first approach, which is the simplest.
Approaches 2,3 have some inherent advantages which we may further pursue in the
future. As discussed above, we have grown a number of cultured networks, and
selected examples based on the strength and variability of their spontaneous activity.
An example of an acceptable culture is shown in Figure 5 below.
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Figure 5: spontaneous activity of a neuronat culture used in the experiment. The upper graph
shows the spiking frequency over time, average rate was 10 spikes/second. The lower graph
shows the histograms of spike counts over 1-seoncd period.

Neuronal culture measurements

We used the stable cultures to measure the culture signal and use it in the
experimental setting. At this stage, all the odd recording electrodes where used with
an identical weight, set to I, and the even electrodes to -1. In the future, we will try to
apply a learning algorithm to look for the most significant electrodes.

Results from two cultures are shown below, in Figure 6. In each figure we compare
the signal obtained from the culture during game playing, with the signal obtained
during a reference period when the game was not played. In one culture (shown in A),
activity during game periods was significantly higher that during reference period. In
the second culture (shown in B}, the activity was lower during game playing
compared to the reference period, but the difference was relatively small.



Exporiment RVO70418 Exporiment RV070422

Play sspiont Piay 1a3sions
Refecence Gessions, et

Figure 6: Experimental culture results. The culture score is depicted as a function of the
games session. The player’s aim is to continuously frack the moving target. This is obtained if
the culture score is sufficiently high when the game is played. We compare the game-on (red
circles) to the reference periods (blue squares). In (A}, a successful experiment is depicted, in
which in 7 of 9 games, the score within games was higher than its reference. (B} is an
example of a non-successful experiment: in 4 of 6 sessions the game-on score is lower than
the reference.

Results from another culture are shown in Figure 7 below, arranged in two rows. The
top row shows the average activity from the culture during a single 4-minutes game.
The spikes are counted in bins of 28% msecs. To obtain stable counts we averaged the
signal over a 5 seconds time window.

The second row shows the culture response, as weil as the player’s key strokes (left or
right) as a function of time during the game. Black points in the graph indicate that
the signal was above threshold (S > 8), and red points correspond to signal below the
threshold (S < 8). The marks in cyan, at the top of this figure, show the times of key
presses, left-key is indicated by the value 2000, right-key by the value 4000, and no
key press corresponds to the value 3000 in the graph.
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Figure 7: activity of the neuronal culture during the experiment. Top row: spiking activity over
fime. Lower row: culture signal {red: S>8, black: $<8). Cyan marks show key strokes by the
player. See text for details.

Figure 8 below shows the average signal from the culture during a number of
successive games. As can be seen, the variability in the signal across games is still
high, we would like to be able to use in the future cultures with lower variability,
which makes the testing more sensitive and more robust.
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Figure 8: the average signal from the culture for different games, the x-axis is game number,
the y-axis is average signal is the game.

Finally, Figure 9 shows a comparison of several game and non-game measurements.
The first and last measurement in the graph are from non-game, reference periods.
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Figure 9: the signal during game and non-game periods. The first and last measurements
{(number 1 and 9 on the x-axis) are for reference periods, all the others are for game periods.
Period 9 was over a longer time period, therefore the signal s.d. is small.

The variably in the signal makes it impossible to draw statistically significant
conclusions. This can be improved in two ways. First, collecting more data. Second,
use a design that interleaves game and reference period in succession, allowing direct
comparison between game and reference which are closer in time compared with the
design use above, were the reference periods were the first and last ones.

The EEG Setup

During the first year of the project we have developed a second experimental
approach to the problem under investigation, based on EEG recordings. There were
two main reasons for developing and testing the EEG-based approach in parallel with
the neuronal culture-based approach. The first reason was that obtaining a stable
neuronal culture, with robust and stable activity over long periods, proved to be
technically challenging, and we therefore did not want the data collection to be
limited to this approach. Second, the neuronal culture comes from a non-human
source, from a selected brain region (usually rat hipocampal origin}. For studying the
relationship of brain and consciousness, signals originating from the human brain
have clear advantages.

The general design of the EEG version of our study is similar to our external neural
culture approach. The main difference is that the source of the external signal comes
from the EEG recordings of a second subject, rather than a neural network culture in
an external dish. The experiment therefore involves two people: one is called the
player, the other called the EEG-subject. The player participates in the psychophysical
task, receiving visual input and making a response. The task we selected for the study
was the same computer controlled game described above for the culture-based trials.
Other, more cognitive tasks could be used in future studies. The EEG-subject serves
as a passive source of EEG signals. The success of the player in the game is



dependent, as before, on o combination of two factors: a correct action initiated by the
player, together with the appropriate signal obtained from the EEG recording. As in
the neuronal culture condition, the player is moving a red ball displayed on the screen,
in an attempt to continuously track a moving green target box. The tracking is
performed by pressing two different keys on the keyboard, for left and right
movements. The ball on the screen follows the commands received from the key
strokes, as long as the signal S, measured from the EEG-subject, exceeds a pre-
determined threshold 8. The threshold set at a value such that, during initial pilot runs,
S = @ for 75% of the time.

In this manner the two systems, the observer and the source of EEG signals, are
coupled together in the task, and the success is affected by the combination of the
two. The experimental testing is whether under these conditions there will be a
detectable interaction between the observer’s response and the recorded EEG signal.
It is worth noting that an effect on the recorded EEG signal in this setup does not
depend on the intended cooperation between different individuals. The subject plays a
passive role in the experiment, and any measured effect will depend on the possibility
of recruiting some part of his neural substrate to cooperate in the task.

The general setup is illustrated in Figure 10 below, and an example of a player and
EEG-subject i an experimental setup is shown in Figure 11.
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Figure 10: Overall scheme of the 2-person EEG setup. The player is playing the computer
game. At the same time EEG signals are measured from the EEG-subject. The signals
are processed, and a leaming algorithm extracts the best signal, which is then combined
with the player’s decisions in controlling the game.



Figure 11: a player and EEG-subject in an experimental setup

EEG results
Extracting reliable signals
Recording was performed with a Biosemi Active Two EEG recorder, sampling at

256Hz. Our setup allows the recording of up to 64 electrodes. In practice we used
a smaller subset, as shown in the figure below (Figure 12)

Figure 12: the EEG electrodes array

The electrodes produce complex time-varying signals, examples of signals
recorded is shown below (Figure 13)
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Figure 13:; EEG signals during game playing

The selection phase: selecting useful signals

For the purpose of the present study, we wish to extract significant signals from the
EEQG, rather than use a large number of noisy signals measured from all the
electrodes. Although some attempts have been made to address this problem in the
past, there is no established procedure for successfully selecting the most informative
signals for our purpose from the large set of initial EEG signals.

The first stage of our EEG-based study was therefore a study of the EEG signals
obtained in our setup, their signal and noise characteristics, and how they are affected
by cognitive control. There were two main goals to this phase of the study. The first
was to identify signals with good signal-to-noise properties, and which appear to be
modifiable by the cognitive stage of the subject. The second goal was to develop
algorithms to automatically select the most appropriate electrode signals to be used in
the subsequent phases of the study.

For the purpose of the selection phase we used a version of the computer game
described above, but this time controlled by EEG signals produced by the player. We
refer to this mode of operation as the BCI mode (for Brain-Computer Interface). As
before, a green box appears on the screen, and the player’s task is to move a
controllable red ball in the direction of the target box. In the BCI version, the ball is
controlled not by keystrokes pressed by the player, but by EEG signals extracted from
selected electrodes (see Figure 14).



Figure 14: the BCI setup, used during the electrodes selection stage. The computer game is
controlled directly by selected EEG signals.

Using this setup, it becomes possible to compare different electrode signals, their
signal-to-noise values, and the degree to which they are modified during the game. As
mentioned, we were seeking reliable sources which are related to cognitive signals
generated by the subject.

The search for reliable electrodes is performed automatically by a learning algorithm
we have developed. The raw signals extracted from the electrode undergo a Fourier
transform, and from each electrode we derive several different signals, in different
frequency bands. During learning, the algorithm assigns weights to the different
components (from different electrodes and frequency bands) as described below.

The learning algorithm uses the frequency bands F; of a previously recorded session.
Frequency bands or specific time frames that were noisier by more than 3 standard
deviations above the mean of all data were removed. A linear regression algorithm
then calculates the least squares fit of m on F; where m is the position of the ball with
respect to the box. The results of this fit were the weight W; and correlation r, later
used in the real time processing. The value r was calculated from the optimization of
the virtual performance, i.e. the r that would give the best performance in the training
session if W, and r would have been used in this session. This procedure is illustrated
schematically in Figure 15
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Figure 15: Schematic illustration of electrode selection and leaming. EEG raw data is Fourier
transformed into several frequency components which are later weighted according to an
offline learning algorithm to create a decision signal. This final EEG signal controis the
movement of the ball during the game.

Signal selection results

Initial results were close to chance level, indicating the important role of signal
selection. After development of the training algorithm, learning stage in the BCI setup
resulted is significantly improved performance. Examples of performance and of
signal selection are presented below (Figures 16)
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Figure 16: example performance during the BCI stage. Correct movements are indicated by
blue lines, incorrect by red. The subject performance in this example was 72% correct side
selection (left vs. right} using the EEG signal.
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Figure 17: Automatic signal selection: The figure shows the weights assigned automatically
by the learning algorithm o different signal componenls. On lthe x-axis, C3, C4 etc. are
different electrodes. On the y-axis are different frequency bands, in this case 3 bands from 3
to 40 Hz The colors indicate the weights, black is strongly negative, white strongly positive. In
this example, the most useful electrodes were C3 (highly negative) and C4 (highly positive) in
the 30-40 Hz band.

In the example shown (Figure 17}, C3 and C4 in the range of 30-40 Hz were the most
useful. Although these signals proved useful in other subjects as well, the best
components selected by the automatic learning algorithm are not fixed, but change for
different subjects. We conclude from this stage that in the EEG-based experiments we
can start with some initial subset of signal components, and then use the automatic
selection algorithm to select the most useful EEG components for a particular subject
and for a particular experimental setup.

Results of two-person EEG experiments

As described above, in the 2-person setup, the ball in the computer game is controlled
by the player, provided that the EEG signal extracted from the EEG-subject is
sufficiently high (S > 8). The experimental procedure was applied either with the
selection above (C3, C4 at 30-40 Hz), or with all the weights set to an initial value of
w=1. No further electrode selection has been applied at the current stage. Results are
shown in Figure 18 below (using weights set to w=1). We measured in this graph the
fraction of time in which the EEG signal was above its threshold.



In the experiment shown on the top row, rcaults were S = @ during 67.57% /- 5.94%,
of the time during game, and 62.38% +/-6.36% during pause time.

In the experiment shown on the lower row, results were S > 0 during 66.79% +/-
5.65% of the time during game, and 72.86% +/- 5.04% during pause time.
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Figure 18: resulis of two-person EEG experiments. see text for details.

We compared the strength of the EEG signal obtained from the EEG-subject during
game playing compared to pause periods. The comparison seeks significant
differences between the signals obtained under these two conditions. An example of
this analysis is shown if Figure 19 below, showing the histogram (relative
frequencies) of the signal under the two conditions, and a graph comparing the two.
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Figure 19: An example of histograms of the EEG signal during (a) pause period and
(b) play period. The graph in (c) shows a comparison of the two smoothed
histograms.

The signal during game time was slightly increased, but a substantially larger body of
data will be required for full statistical analysis. In addition, the analysis performed so
far focused on the combined signal from all the recording electrodes. It will be of
interest to use learning algorithms during both the recording sessions and data
analysis to search for subsets of electrodes which may show an enhanced effect

Similar to the culture-based experiments, the main effort in the EEG-based
experiments was directed towards establishing a reliable experimental setup. The
amount of data collected so far was insufficient to draw statistically significant
support or refutation of the active consciousness view. Using the setup, procedures
and algorithms we have developed, a larger body of data can be collected and
analyzed. It seems particularly advisable to collect data from the same subjects
participating in the experiment for many sessions, since the modification of EEG
signals was shown in previous studies to take considerable time (20-40 hours) of
training. It will also be useful to incorporate a modified version of the automatic
learning algorithm into the two-person setup.



Conclusions and future plans

In this study we have developed an approach to examine empirically aspects of the
relation between the brain and the conscious mind, in particular, the so-called active
consciousness view. The testing performed so far is preliminary in nature, which is
not surprising in view of the scope of the problem under study.

Can we hope to find any evidence supporting the active consciousness view? Many
will consider this possibility highly unlikely, because it will suggest the involvement
of some novel form of interactions between mind and brain which have not been
established in the past. In other words, the study is an empirical examination of brain-
mind interactions which are ‘above and beyond the brain’ as currently known. On the
other hand, it may be argued that the phenomena surrounding consciousness and
subjective experiences lie outside the scope of current scientific account, and
therefore the involvement of some currently unknown factors cannot be ruled out, and
may even be anticipated.

The set of studies performed within this research project were expanded considerably
from its original design, because we added the EEG-based approach to the original
neuronal culture-based approach. As mentioned in the discussion above, there were
two main reasons for developing and testing the EEG-based approach in parallel with
the neuronal culture-based approach. The first reason was that obtaining a stable
neuronal culture, with robust and stable activity over long periods, proved to be
technically challenging, and we therefore did not want the empirical investigation to
rely on this approach alone. Second, the neuronal culture comes from a non-human
source, but studying the relationship of brain and consciousness, signals originating
from the human brain have more direct relevance.

The culture-based studies proved to be highly challenging from a technical standpoint,
since they require getting robust and stable neuronal culture response over long
periods. We have experimented with a number of different alternative designs for this
goal, and eventually reached a stage where a significant fraction of the cultures have a
sufficiently high spiking activity which is stable over time. The data we obtained
showed the feasibility of the approach. There were some interesting results, ina
direction consistent with the active consciousness view, but further analysis, with
substantially more data, will be required. Future improvements in the culture-based
testing can include the use of culture electrical stimulation, and the incorporation of a
learning algorithm to select the most informative recording electrodes.

In the EEG-based approach, the initial testing showed that signal selection, that is,
identifying the useful components of the EEG signal in terms of the recording
electrodes and their frequency bands, is essential. During the BCl-based studies we
developed algorithm for signal selection. The results showed the feasibility of
automatically identifying relevant signals from the initial measurements in the BCI
setup. However, the learning algorithms need to still be adapted to the two-person
setup used in the subsequent stage, and so far we have only started to adapt the signal
learning and selection procedure to the more advanced stages of the study.

The results of the two-person setup have not shown so far support for the active
consciousness view, but the amount of data collected so far is too limited to draw
conclusions. We believe that it will be possible to use the approach we have
developed to efficiently collect additional data and analyze the problem in much



greater detail. The results so far also suggest that the application of learning
algorithms to automatically identify and use the most appropriate signals will be
highly beneficial in future studies.

Finally, we believe that the relations between the brain and the conscious mind are
more open to empirical studies than has been attempted in the past, and that new
results in this uncharted territory may be highly surprising and change our view of
brain and consciousness in fundamental ways.



