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After reviewing numerous theories and experiments, our research adopted the field-theoreti-
cal deductive approach to shed new light on complex social systems as coherent neurody-
namic processes taking place in individual minds. In this interdisciplinary study, we have
outlined some general fundamental design principles of the field-theoretical view of the
oscillating agent as well as of coherent social systems. From the systems point of view,
ordered social systems by their own intrinsic nature are interpreted as coherent activations
via the mind-field medium of social agents. Consequently, this study not only provides the
major conceptual assumptions of the proposed (Oscillation-Based Multi-Agent System [OS-
IMAS]) paradigm but also presents an electroencephalography-based inductive experimen-
tal validation framework and some empirical results to validate major OSIMAS
assumptions. Based on the conceptual and experimental findings, we constructed modelling
framework and presented oscillations-based micro (coupled oscillator energy exchange
model) and macro (MEPSM1) simulation models. We also systemized some other studies
and applications, which are most relevant to the work presented here.

Keywords: group neurodynamics; system dynamics; social neuroscience; social
neurodynamics; multi-agent system

1. Introduction: a field-theoretical view

Recent years have witnessed an explosion of interest and activity in the multidisciplinary
areas bridging the gaps between diverse fragmented research in terms of disciplines, methods
and scale. In fact, multidisciplinary papers are always packed with some element of risk as it
is very difficult to not only attempt to master few research areas, but also to combine them so
that one can propose certain experimental validation in an effort to resolve long-standing fun-
damental issues confronting us in these areas of research, not only individually but collec-
tively. Therefore, it is a delicate balancing act, especially when one is attempting to
simultaneously address what appear to be related but conflicting fundamental issues in the
disciplines of quantum mechanics (non-locality), neuroscience (field-theoretical view of con-
sciousness), cognitive and behavioural sciences, collective and social behaviour (Thaheld
2005; Seising 2011).

In this research, we have specifically looked across various research domains for funda-
mental, unifying and universal principles of field-based self-organization in order to examine
the field-theoretical approach for interpreting individual and collective consciousness as well.
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Below, we present a brief review of our findings, starting with the micro-scale, i.e. quantum
physics, where we can find a great number of theoretical and experimental studies suggesting
that the field-theoretical properties of the micro-scale occur not simply on the quantum level
with subatomic or atomic particles but also in the world of large molecules (Frohlich 1968).
For instance, some findings that something as large as a molecule can become entangled
(Arndt, Hornberger, and Zeilinger 2005) or that collective bioelectromagnetic (BEM) oscilla-
tions cause proteins and cells to coordinate their activities (Rossi et al. 2011) or that the
Bose-Einstein condensate in living tissues produces the most organized light waves (i.e. bio-
photons) found in nature (Popp et al. 2002). Bajpai, Kumar, and Sivadasan (1998) suggest
that separate laws do not exist for the large (biological, sociological or cosmological) scale
and for the small (atomic/subatomic) scale, but rather that there are universal, all-embracing
laws for the self-organized, multifaceted information that permeates all living and non-living
states of energy-matter (Laszlo 1996; see Figure 1).

The examples given above list just a few research results among many others that form a
coherent transition from the quantum world of field-like reality to the mesoscopic world of
field-like coordination in cellular biosystems. In brief, the latest findings clearly indicate that
different spatial scales (microscopic and mesoscopic) operate on the same spectral ladder,
although in different spectral domains. For instance, during vital metabolic processes, the
existence of biophotons and BEM dynamics (as contextual information distributed in fields)
expresses some field-based information that is locally perceived and communicated by cells
(Zhou and Uesaka 2006).

Figure 1. Various research areas in different spatial scales, united by the universal dimensionless
concept of a multifaceted oscillation-based information field.

2 D. Plikynas et al.
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All these developments yield at least one clear message: not only the quantum world but
also the cellular world has an oscillation-based wavelike duality at the very core of their exis-
tence. Living cells not only generate but also receive and use electromagnetic fields for com-
munication, self-preservation and metabolism (Cifra, Fields, and Farhadi 2011). They
conserve internal energy states by means of such metabolism, which realizes homoeostasis,
i.e. the most important characteristic of life, related to decision-making, adaptation, functional
sharing and coordination (Yokoi et al. 1998).

Hence, once we acknowledge the essential role of quantum BEM field-based metabolism
in cellular systems, we automatically recognize the same wave-like metabolism in neural cells
too, e.g. field-based coherent communication between neurons in the central nervous system
(Libet 1994). Specifically, we may recall here some electromagnetic field-based theories1 of
consciousness (or so-called quantum consciousness), e.g. conscious electromagnetic field
theory – CEMI (McFadden 2002b), holonomic brain theory (Pribram 1991).

In fact, the idea that our conscious minds are some kind of field goes back at least as far
as the gestalt psychologists of the early twentieth century. They emphasized the holistic nat-
ure of perception, which they claimed was more akin to fields rather than particles. Later,
Karl Popper proposed that consciousness is a manifestation of some kind of overarching force
field in the brain that can integrate the diverse information held in distributed neurons. Only
recently has an understanding emerged that this force field is actually generated by the BEM
activity of neurons in a form of conscious mind as an electromagnetic field. It is through this
mechanism that humans acquired the capacity to become conscious agents able to influence
the world (Malik 2000).

The proposition that the physical manifestation of consciousness is a BEM field that
exhibits wave-mechanical dynamics has profound implications for our understanding of the
phenomenon of consciousness (McFadden 2002a). Moreover, even our societies (the macro-
world) can no longer be viewed as entities separate from the quantum effects taking place in
the conscious mind-fields of their members. Indeed, societies can be understood as global
processes emerging from the coordinated behaviour of the conscious and subconscious
mind-fields of individual members of society. In this sense, we assume that emergent social
processes (Minati and Licata 2012) are produced by a collective coherent mind-field and,
therefore, inherit some degree of field-like behaviour in terms of activation spreading,
damping, transformation, etc.

For instance, from the perspective of a network economy, social networks are highly
heterogeneous with many links and complex interrelations. Uncoupled and indirect interac-
tions among agents require the ability to affect and perceive a broadcasted information con-
text. Therefore, there is a need to look for ways to model the information network as a
virtual information field, where each network node receives pervasive (broadcasted) informa-
tion-field values. Such an approach is targeted to enforce indirect and uncoupled (contextual)
interactions among agents in order to represent contextual broadcasted information in a form
locally accessible and immediately usable by network agents. In this regard, there is a clear
need to develop a collective mind-field paradigm capable of objectively simulating some
complex social cognitive and behavioural phenomena, such as herd effects, fluctuations in
economic activity and demography, social clustering, economic convergence, etc.

From the systems point of view, ordered social systems by their own intrinsic nature carry
coherent activations via the mind-field medium of social agents. We also assume that self-
organization and coherent behaviour in social systems should not be correlated with the par-
ticular patterns of agents’ actions so much as with the synchrony and spectral coherence of
their neural activity.

International Journal of General Systems 3
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According to the fundamental statements of statistical mechanics, self-organization implies
order, which in a fundamental sense is nothing but the coherent synchronization of micro-
states (Benenson et al. 2000). In our case, the microstates of a social system are represented
by individual mind-fields. These social microstates (individual mind-fields) are physically
represented by sets of brain waves, which can be observed by using EEG.

In fact, the weak characteristic of synchronization for dynamic chaotic oscillating systems
is common rhythms or, in other words, frequency entrainments (for chaotic or stochastic units
they are the average time intervals between repeated events), whereas the existence of the
characteristic frequency of entrained common rhythmic oscillations introduces the phases of
oscillation or, more precisely, the phase differences between oscillations. This frequency mea-
sure is a stronger characteristic of synchronization (Osipov, Kurths, and Zhou 2010).

Following this line of thought, in the next section, we formulate the major assumptions
and postulates of the Oscillation-Based Multi-Agent System (OSIMAS) social simulation par-
adigm, where the term ‘oscillation’ represents the field-like nature of social agents and conse-
quently of their systems. In fact, our proposed paradigm does not start from ‘ground zero’, as
a review of literature revealed similarities to some other approaches, such as the field model
of consciousness (EEG coherence changes as indicators of field effects) (Travis and
Orme-Johnson 1989), the vibrating potential field (Yokoi et al. 1998), quantum computation
as a model of consciousness (Hameroff 1998), intra- and inter-cellular communication mecha-
nisms (Rossi et al. 2011), the CEMI theory of consciousness (McFadden 2002b), the neuro-
physics of consciousness (John 2002), the modelling of the neurodynamic complexity of
teams (Stevens et al. 2013), field computations in natural and artificial intelligence (MacLen-
nan 1999), the field-based coordination mechanisms for multi-agent systems (MAS) in a
robotics domain (Mamei and Zambonelli 2006), organic computation for the emergent behav-
iour of complex systems (Mulle-Schloer and Sick 2006), amorphous or pervasive computation
in contextual environments (Servat and Drogoul 2002), non-local observations as a source of
intuitive knowledge (Radin 2008; Schwartz 2008), etc. It is beyond the scope of this article
to provide a comprehensive review of the surge in publications on field-based paradigms.

A review of more or less related multidisciplinary research projects throughout the world
shows many other international groups, such as the EU Future and Emerging Technologies
(FET) flagship Human Brain Project, Social Neuroscience Studies at NYU, the Active
Research Center of Neuroscientific Studies at Caltech, Behavioral and Neural Systems
Research (SNS-Lab) at the Economics Department in the University of Zurich, the Maastricht
University (Netherlands) Research Program in Neuroeconomics, the Self-Organizing Systems
Research Group of Harvard University in Cambridge (USA), the Pervasive Artificial Intelli-
gence Research Group of the University of Fribourg (Switzerland), the Center for Computa-
tional Analysis of Social and Organizational Systems of Carnegie Mellon University, etc. An
entire group of related projects is also being implemented under the EU research umbrella
called FET under the ICT Program of Information and Communication Technologies in the
FP7 (Seventh Framework Program).

In sum, this is challenging multidisciplinary research area, which is only starting to evolve
following recent technological advances. The major problem concerning these applied
research areas is related with the lack of the conceptual unifying theory, which could bridge
neuroscience, artificial intelligence and social sciences in a coherent framework. Hence, this
work major value added comes up from the conceptual, experimental and modelling frame-
work of unifying field-based social coordination approach.

This article is organized as follows: Section 2 describes the OSIMAS paradigm by pre-
senting our conceptual postulates; Section 3 describes our experimental set-up and some of
our results; Section 4 presents the time-correlation method of the group EEG signals;
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Section 5 describes the synchronization and coherence measures for the group EEG data;
Section 6 provides modelling framework and other research; finally, Section 7 presents our
conclusions.

2. Conceptual premises: the OSIMAS paradigm

In this section, we summarize the results of our review of a wide range of theories and para-
digms across various disciplines in our search for some common field-like fundamental princi-
ples of coordination and self-organization starting at the quantum, cellular levels and ending at
the social level. Our findings outline some field-like and scale-free universal principles, which
are further employed for the formulation of our main postulates and principles for our proposed
OSIMAS social simulation paradigm (Plikynas 2010; Plikynas, Masteika, and Budrionis 2012).

Let us emphasize again that, when formulating postulates, we are looking for universali-
ties across different spatial scales and time horizons. In essence, we are searching for perva-
sive fundamental principles of self-organizing information. If, for instance, some field-like
fundamental principles work in the quantum world and in cellular biophysics, we must admit
that the same principles manifest themselves in one way or another in the macroscopic world
of social systems, too. However, the form and expression of these fundamental principles
vary across different scales. Hence, some underlying basic postulates of the OSIMAS para-
digm are presented below:

1st Postulate: Social systems can be modelled as complex informational processes comprised
of semi-autonomous interdependent organizational layers, e.g. the individual, the group and
society. Information is coded and spread globally almost at the speed of light via broadcasting
telecommunication networks. Modern information societies are like accumulated potential
fields of various information, where information is propagated not primarily through peer-to-
peer interactions between economic agents, but increasingly via fields transmitted through
broadcasting information channels (Internet, GSM, radio, TV, etc.).

2nd Postulate: Like all complex systems, social systems are always on the verge of internal
(inner organization) and external (behavioural) chaos. They are constantly balancing between
order and disorder. Therefore, social systems have the naturally inherited property of chang-
ing and adapting while searching for niches to survive in. Hence, the main feature of social
systems is not the ability to stay in internal and external states of equilibrium (which are con-
stantly changing), but rather the ability to change and adapt while searching for internal and
external equilibrium.

3rd Postulate: Uncoupled and indirect interactions among social agents require the ability to
affect and perceive broadcasted contextual information. Therefore, a social information net-
work can be modelled as a pervasive information field (PIF), where each network node
receives pervasive (broadcasted) information-field values.2 Following the broadcasting com-
munication technology of telecommunication systems, we assume that similar principles
should be applied to simulating platforms in the social domain, too. In other words, commu-
nication between agents should operate not in the (peer-to-peer) vector-based multidimen-
sional semantic space, but rather directly in the form of multimodal energy (spectra)
emanated and absorbed over the social network. The flow of energy (and associated with it,
information) in the form of fields, however, requires a somewhat different understanding of
the agents’ role and their interaction mechanism. Such a model provides an appropriate means
of enforcing indirect and uncoupled (contextual) interactions among agents. It suffices to rep-
resent contextual broadcasted information in a form locally accessible and immediately usable
by network agents.

International Journal of General Systems 5
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4th Postulate: The results obtained from the simulation of social systems behaviour do not
adequately reflect observable reality unless the simulated models acquire the features of living
systems, e.g. adaptability, self-organization, field-like inner coordination and outer
communication.

5th Postulate: The individual members of a modern society can be modelled as
information-storing, -processing and -communicating agents in an information-network soci-
ety. The information society deals with a new type of economics where wealth is accumulated
in procedural and declarative knowledge and in the ability to use it effectively in the service
and manufacturing sectors. In a deeper sense, information societies operate through agents,
which are complex multifaceted self-organized information processes composed of
mind-fields of quantum field-like processes originating in brains. The information society is a
successor of the industrial society. Therefore, it is sometimes called the post-industrial or
network society. An information society uses the creation, distribution, diffusion, integration
and manipulation of information as a significant economic, political and cultural activity. The
knowledge economy is its economic counterpart. Thus, wealth is created through the
economic exploitation of the understanding taking place in the human mind.

6th Postulate: Agents, as complex multifaceted field-like information processes, can be mod-
elled by adapting the physical analogy of multifaceted field-like energy, which is commonly
expressed through the spectra of oscillations. In this way, an agent becomes represented in
terms of a unique composition of oscillations or of an individual spectrum.

7th Postulate: An agent’s inner states can be represented in terms of organized multifaceted
information that expresses itself in the form of a preserved specific energy set. The latter is
realized by means of a specific spectrum of oscillations. The distribution of an agent’s oscilla-
tions over an individual spectrum, in contrast to a random distribution, carries information
about the agent’s self-organizational features, i.e. negentropy (order). Hence, social agents are
complex processes that dynamically change multifaceted inner information-energy states
depending on their (i) experience, (ii) behavioural strategies and (iii) the information received
from the PIF.

8th Postulate: Artificial societies can be modelled as superimposed sets of agents’ spectra or,
in other words, as PIF. In this way, social order emerges as a coherent superposition of indi-
vidual spectra. Hence, social order can be modelled as coherent fields of information resulting
from the superposition of the individual mind-fields of the members of a society. If emergent
social processes are produced by the coherent behaviour of individual mind-fields, then socie-
ties inherit some degree of wave-like behaviour. Therefore, the investigation of emergent
social processes can be directly associated with collective mind-field effects.

9th Postulate: Social order, i.e. self-organized and coherent behaviour in the field-like repre-
sentation of a social system, does not originate from the particular phenomenal actions of
agents, but rather is an outcome of the synchrony of the activity in their spectral patterns.
Such synchronization is involved in the social-binding problem of how information distrib-
uted among many agents generates a community. Consequently, the social-binding process
could be understood as a global synchronization (phase resonance) state.

10th Postulate: We assume that the primal spontaneous emergence of self-organized information
has dealt first with self-sustainment and later with self-propagation. Therefore, both processes
are pre-programmed in all self-organizing systems as fundamental laws of increasing local
negentropy (order). Hence, the core reason for the emergence of social synchrony is related to
the fundamental property of all self-organized systems, i.e. the preservation or increase of negen-
tropy, which creates socially organized behaviour.3 In the process of self-organization, humans

6 D. Plikynas et al.
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as well as other living organisms (and their societies) create (i) an inner organized metabolism
and (ii) outer organized behavioural patterns. Self-organized systems are open systems. This fact
means that they produce inner negentropy (i.e. order as organized metabolism and outer orga-
nized behavioural patterns) at the expense of increased entropy (disorder) outside the system.
The second law of thermodynamics holds for open systems.

The OSIMAS paradigm is based on these key postulates and assumptions, which at least
theoretically open up a new way for modelling and simulating emergent social behaviour as a
consequence of collective mind-field effects. Indeed, by reflecting a subject’s visceral connec-
tion to the world and to other people, research into collective brain activations may reveal the
states of a subject that are not evident in overt behaviour but are still closely connected to a
subject’s mental content and are thus helpful for a more holistic understanding of a subject’s
behaviour. We have to be aware that studying the mind-field basis of social cognition and
interaction in terms of two- or multi-person neuroscience may shift the focus of traditional
research into social communication from basic sensory functions in individual subjects toward
the study of interconnected mind-fields.

In the future, on the basis of the above-mentioned postulates and experimental findings (see
next section), we plan to build a multi-agent simulation platform, using three major models:
oscillating agent model (OAM), PIF and wave-like interaction model (WIM); see Figure 2.

In the prospective research stages, all agents will be represented in the common PIF spec-
trum as individual sets of oscillation bands, which are managed by the OAM. This latter
model realizes the production rules for the transformation of agents’ internal energy states (a
set of active oscillations). We also envisage agents’ ability to interchange the information they
possess according to their behavioural strategy and the WIM mechanism. All processes and
energy-information storage will take place through a common medium, i.e. a PIF.

Concerning formal construction of the OAM, in the prospective research stage, we plan to
merge two models, i.e. Vitello’s dissipative quantum model of the brain (Vitello 2001) and
Kuramoto’s model used to describe the synchronization of a large set of coupled neural oscil-
lators (Acebrón et al. 2005). In the first case, we will adapt the dissipative quantum model of
the brain, and in the second – the weakly coupled system of neural oscillators. In this way,
the OAM modelling set-up can be calibrated until its results reflect our experimental
observations.

Figure 2. OSIMAS research scheme: major stages.
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In brief, by following a top-down approach, the OAM should implement our basic
OSIMAS assumptions concerning the multifaceted mind-field nature of an agent. At the same
time, by following a bottom-up approach, the dynamic behaviour of the OAM (depending on
the agent’s inner states) should simulate experimentally observed brain-wave activations. Both
approaches constitute an integral part of one research idea and facilitate the construction of a
conceptually new social simulation platform (OSIMAS). To further clarify the OSIMAS para-
digm, we refer the reader to our recent publications (Plikynas 2010; Plikynas, Masteika, and
Budrionis 2012). In the next section, we will briefly outline the reasoning behind the chosen
OSIMAS experimental validation framework.

3. Experimental set-up

First, while formulating our experimental framework, we faced some challenging fundamental
questions – like how to bring human interaction, occurring in a complex social environment,
under the scrutiny of laboratory testing and how to identify human interaction itself, i.e. what
are the most basic social communication artefacts to be measured? Obviously, human behav-
iour shows only the tip of the iceberg and can only vaguely represent the states of individual
and collective mind-fields. Hence, we had to search for a better representation. That is how in
our social science project we got to the idea of measuring a social agent’s states by using
brain-wave activation patterns, which directly indicate an agent’s oscillatory nature as well as
behavioural patterns.4

The main purpose of our proposed experimental EEG framework is to find out whether
brain-wave patterns, i.e. EEG-recorded mind-fields, can demonstrate mutually correlated
behaviour that depends solely on the states of people’s minds. Hence, the main (null) experi-
mental hypothesis consists of two parts – H0(1) and H0(2); see Figure 3 for an illustration of
our experimental research stages.

H0(1): temporally separated people doing the same mental or physical activities demonstrate a
significant increase of cross-correlations in their brain-wave patterns.

H0(2): a real-time spatially close, but mutually separated group of people demonstrates a statisti-
cally significant increase of the mutual synchronization in their brain-wave patterns during collec-
tively coordinated or even uncoordinated, but mutually induced states.

In this paper, our results obtained from testing hypothesis H0(1) involve the following tests:

Figure 3. Experimental research stages, hypotheses and series of tests.
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H1.1: EEG recordings of different states of consciousness for different individuals have the fewest
cross-correlations and thus have less similar spectral patterns.

H1.2: Temporally separate EEG recordings of the same states of consciousness for different indi-
viduals have statistically significant cross-correlations and have more similar spectral patterns.

H1.3: Repeated EEG recordings of the same states of consciousness for the same individual have
a statistically significant increase in cross-correlations and have more similar wavelet patterns.

Our goal was to find out the cross-correlations of brain-wave signals for temporally
separate individuals in different mind-states (like relaxation, contemplation, concentration,
meditation and cognitive exercising). Consequently, in the second prospective experimental
stage, our goal is to find out the real-time synchronizations and spectral coherence for a group
of minds.

Hence, we identified and cross-correlated various mental states of temporally separated
individuals in terms of their characteristic brain-wave patterns (the Δ [1–4 Hz], Θ [4–8 Hz],
α [8–12 Hz], β [13–30 Hz] and γ [30–70 Hz] frequency ranges), which were recorded using
EEG methods. These base-line tests are designed to define the terms and meaning of individ-
ual cross-correlations. With these benchmarks, we can prove or disprove our hypotheses.

Our experimental findings are based on the EEG signals recorded using the BioSemi
ActiveTwo Mk2 system with 64 channels. This system obtains and records high-quality (reso-
lution LSB = 31.25 nV) and low-noise (total input noise for Ze < 10 kΩ is 0.8 μVRMS) elec-
tric local field potentials from the surface of the skull (Metting van Rijn, Peper, and
Grimbergen 1990). The time-density of the recorded signal is 1024 points per second for all
64 channels from the head surface of participants; see Figure 4.

We denote the set of recorded signals ui(t) = 1,… , 64 for every channel. This analysis
employs four persons: two have practiced meditation for at least 10 years, and the other two
have little or no experience with meditation. We have used spectral activation differences for
the visualization and analyses of EEG-recorded brain-wave signals. Below, we present our

Figure 4. Positions of the 64 channels in the BioSemi ActiveTwo Mk2 EEG measuring system.
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methodological set-up. The results of our findings are based on the EEG signals recorded
from persons who were all asked to stay in five different mental states, which are listed in
Table 1.

First of all, we calculate the spectral density of the EEG signals, using the fast Fourier
transformation and denoting it by f i(w). For all of the results presented here, we have used
600 s intervals. The highest value of the frequency is taken to be 38 Hz in order to eliminate
the intervention of electric power lines on 50 Hz. In order to compare the EEG-signal changes
in different persons, we normalize the spectral density to unity so that:

Ci
Z 38Hz

1Hz
f iðwÞdw ¼ 1; (1)

where 1/Ci is the normalization constant. Afterwards, the separation of different brain waves is
done for the following frequencies: Δ = 1–4 Hz, Θ = 4–8 Hz, α = 8–13 Hz, and β = 13–38 Hz.

Now, we can obtain brain-wave values for every person in every mental state. For exam-
ple, the α signal of the ith channel for the first person in the second mental state will be:

ai12 ¼
1

Ci

Z 4Hz

1Hz
f iðwÞdw; (2)

and so forth for all mental states and brain waves, like Δ, Θ, β. See Figure 5 for an
illustration of the original EEG-signal recording for the time period of 4 s and the separation
of the signal to the above-described wave frequencies.

Now, the comparison between the different mental states is made by using the total
differences of the different brain waves for the different mental states. For example, the Δ
frequency difference of the second person between meditation (indicated by 1) and thinking
(number 4) Δ21−Δ24, is expressed as follows:

D21 � D22 ¼
X64
i¼1

jDi
21 � Di

22j (3)

The above formula is used for all the brain-wave frequency ranges and for all persons in
all five different mental states. The changes between the meditation state and any other states
are found to be most profound for the persons who practice meditation when compared to

Table 1. Mental states.

State # State title State description

1 Meditation Participants are asked to meditate for 30 min with their eyes closed
2 Meditation with

odd ballad
Participants are asked to meditate, but this time so-called Oddball
random sounds are played (4 different short sounds – noise, beep,
standard, and oddball – 750 total beeps randomly timed). This test is
used for (a) estimating how sound distraction influences the
meditation state and (b) analysing Event Related Potential (ERP)

3 Counting of odd
ballad

Participants are asked to count one of four different beep types. This
test is intended for studying ERP while the mind is involved in
counting beeps

4 Thinking This is a contemplative state in which an active thinking process is
involved. The thinking state is quite different from the meditation
state

5 Thinking with
odd ballad

This state is like meditation with odd ballad (described above), but
intended for the thinking state

10 D. Plikynas et al.
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Figure 5. Original EEG signal (see top of diagram) and its’ filtered separate spectral regions Δ, Θ, α
and β as a sample for the activation recorded in the T8 channel.
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any other changes between mind states. See Table 2 for an illustration of the sum of all 64
EEG sensor differences. Large differences (marked in bold) are observed in the Δ, α and Θ
wave frequencies.

See Table 3 for the analogical results for the individuals who have not practiced medita-
tion. Quite naturally, the results obtained for these individuals clearly show no sign of distinc-
tive differences between meditation (state I) and the other states, as these individuals simply
were not able to reach a meditative state. However, there is a clear pattern of distinctive dif-
ferences between thinking (state IV) and thinking with added noise (state V) when compared
with the other states. This result is quite natural, too, as both individuals have shown their
distinctive ability to think.

To illustrate these observed differences, we use a coloured head-map in which the differ-
ences between the separate channels are not added up (as in the tables) but are averaged out
using spline interpolation over the 64 channels. Note that in the tables the differences
between one mental state and another are calculated by adding up over all the channels of
their absolute value, but in the figures of head-maps the differences are shown for separate
channels for a long time interval after doing the Fourier transform.

However, the highly fluctuating nature of the EEG signals makes it difficult to compare
them for different individuals and mind states. Some of the results of the numerical and visu-
alized local electric field dynamics of the EEG signals studied and of their differences for var-
ious mental states and frequency ranges are presented at our research project’s Web site:
http://osimas-eeg.vva.lt/. See Figure 6 for an illustration of our visual analysis tool.

Table 2. EEG-recorded differences in PSD between mind activations for persons 1 and 2 in different
mind states and frequency ranges (conditional units). Large differences are marked in bold.

Mind state I II III IV V Mind state I II III IV V

Person 1. α wave changes Person 2. α wave changes
I 0.0 6.6 8.5 8.1 6.6 I 0.0 3.7 3.7 3.7 3.9
II 6.6 0.0 3.6 3.8 4.2 II 3.7 0.0 1.7 1.5 1.4
III 8.5 3.6 0.0 1.8 3.5 III 3.7 1.7 0.0 1.0 1.4
IV 8.1 3.8 1.8 0.0 3.4 IV 3.7 1.5 1.0 0.0 1.2
V 6.6 4.2 3.5 3.4 0.0 V 3.9 1.4 1.4 1.2 0.0
Person 1. β wave changes Person 2. β wave changes
I 0.0 1.3 1.3 1.3 1.9 I 0.0 1.3 2.3 1.5 1.5
II 1.3 0.0 1.0 0.9 1.7 II 1.3 0.0 1.4 0.8 0.7
III 1.3 1.0 0.0 0.8 1.9 III 2.3 1.4 0.0 1.1 1.1
IV 1.3 0.9 0.8 0.0 1.5 IV 1.5 0.8 1.1 0.0 0.7
V 1.9 1.7 1.9 1.5 0.0 V 1.5 0.7 1.1 0.7 0.0
Person 1. Δ wave changes Person 2. Δ wave changes
I 0.0 6.3 7.4 7.4 6.7 I 0.0 4.0 4.5 4.2 4.4
II 6.3 0.0 3.1 3.7 4.8 II 4.0 0.0 1.7 1.7 1.7
III 7.4 3.1 0.0 1.9 3.6 III 4.5 1.7 0.0 1.2 0.9
IV 7.4 3.7 1.9 0.0 3.7 IV 4.2 1.7 1.2 0.0 1.4
V 6.7 4.8 3.6 3.7 0.0 V 4.4 1.7 0.9 1.4 0.0
Person 1. Θ wave changes Person 2. Θ wave changes
I 0.0 1.6 1.8 1.7 1.8 I 0.0 0.8 0.9 0.9 0.9
II 1.6 0.0 0.6 0.7 1.1 II 0.8 0.0 0.3 0.3 0.3
III 1.8 0.6 0.0 0.4 0.8 III 0.9 0.3 0.0 0.2 0.2
IV 1.7 0.7 0.4 0.0 0.7 IV 0.9 0.3 0.2 0.0 0.3
V 1.8 1.1 0.8 0.7 0.0 V 0.9 0.3 0.2 0.3 0.0

12 D. Plikynas et al.
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Such a visualization of brain-wave dynamics is very helpful for the recognition of
group synchronization patterns for different persons, mind states and frequency ranges. For
the sake of clarity, we have added smaller head-maps that show direct differences in
brain-wave activation patterns (for the mind state chosen) between pairs of people, e.g. for
persons I–IV, I–II, III–IV, etc. If brain-wave activations for the pair of people chosen are
dissimilar, the corresponding differences between activations produce a colour and intensity-
rich activation pattern in the difference head-map. In the opposite case, if the brain-wave
activations for the pair of people chosen are similar, the corresponding difference map tends
to be less rich with a low intensity in colour. This approach helps greatly to distinguish
similar brain activations when both activation patterns are very different and tend to have
rapidly changing dynamics. In fact, our proposed group-wide mind-field visualization
approach extends well-known brain-imaging techniques (BIT). Therefore, we named it the
group-wide mind-field imaging method – GMIM.

GMIM represents instantaneous brain-wave activations that are constantly changing in
time. In order to obtain generalized estimates of each mental state over a long time period,
we have calculated the aggregate power spectral density (PSD) for various frequency ranges.
In our study, we distinguish between the meditation and thinking states, as the other states
are derived from these two. For instance, see Figure 7 for an illustration of differences in
EEG-recorded electric field potentials (for 64 channels) between the meditation and thinking
states for both experienced meditators in the Δ, α, Θ and β frequency ranges, respectively.
For the sake of clarity, we have normalized the differences over all frequency ranges. So,

Table 3. EEG-recorded differences in PSD between mind activations for persons 3 and 4 in different
mind states and frequency ranges (conditional units). Large differences are marked in bold.

Mind state I II III IV V Mind state I II III IV V

Person 3. α wave changes Person 4. α wave changes
I 0.0 3.9 3.5 8.3 6.6 I 0.0 1.7 1.8 2.3 1.4
II 3.9 0.0 2.7 9.7 6.8 II 1.7 0.0 2.3 3.0 1.4
III 3.5 2.7 0.0 8.3 6.5 III 1.8 2.3 0.0 2.0 2.4
IV 8.3 9.7 8.3 0.0 5.3 IV 2.3 3.0 2.0 0.0 3.0
V 6.6 6.8 6.5 5.3 0.0 V 1.4 1.4 2.4 3.0 0.0
Person 3. β wave changes Person 4. β wave changes
I 0.0 1.2 1.0 1.5 1.9 I 0.0 3.3 4.0 3.3 3.0
II 1.2 0.0 1.2 1.8 1.7 II 3.3 0.0 3.1 3.1 3.8
III 1.0 1.2 0.0 1.4 2.1 III 4.0 3.1 0.0 3.0 3.1
IV 1.5 1.8 1.4 0.0 2.2 IV 3.3 3.1 3.0 0.0 3.3
V 1.9 1.7 2.1 2.2 0.0 V 3.0 3.8 3.1 3.3 0.0
Person 3. Δ wave changes Person 4. Δ wave changes
I 0.0 4.7 4.2 8.5 6.8 I 0.0 4.0 4.9 4.3 3.0
II 4.7 0.0 3.4 10.2 6.7 II 4.0 0.0 4.6 5.0 4.6
III 4.2 3.4 0.0 7.8 6.2 III 4.9 4.6 0.0 3.1 4.6
IV 8.5 10.2 7.8 0.0 5.6 IV 4.3 5.0 3.1 0.0 3.9
V 6.8 6.7 6.2 5.6 0.0 V 3.0 4.6 4.6 3.9 0.0
Person 3. Θ wave changes Person 4. Θ wave changes
I 0.0 0.5 0.5 1.0 1.0 I 0.0 0.7 1.1 1.3 0.7
II 0.5 0.0 0.4 1.2 0.9 II 0.7 0.0 0.9 1.5 0.9
III 0.5 0.4 0.0 1.0 1.0 III 1.1 0.9 0.0 1.4 1.0
IV 1.0 1.2 1.0 0.0 1.5 IV 1.3 1.5 1.4 0.00 1.3
V 1.0 0.9 1.0 1.5 0.0 V 0.7 0.9 1.0 1.3 0.0
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adding up the activation differences in all frequency ranges yields a total of zero; see Figure 7
for diagrams (A)–(D).

In fact, our proposed visualization of activation differences can be used for recognizing
brain areas that are responding differently (in terms of active brain-wave frequencies) depend-
ing on mental states, but it does not provide absolute activation values. Therefore, we have
provided absolute activation values (in conditional units) for the corresponding mental states
and frequency ranges; see Figure 7 for diagrams (E)–(H). In this way, we can minimize the
possibility of misinterpreting these results, which are primarily based on our analysis of acti-
vation differences (see diagrams (A)–(D)).

In brief, from diagrams (E)–(H), we can draw the following conclusions:

� in the thinking state Δ and Θ the frequency ranges are least activated (see blue dia-
grams (E) and (F) in Figure 7), but most active are the α and to some degree the β fre-
quency ranges, whereas in the meditation state the Δ waves are relatively more
activated, and the α waves less activated;

� the Θ frequency range is not active for the meditation and thinking states (see diagram
(F)); and

� the left hemisphere of the frontal lobe activates in the β frequency range, which corre-
sponds to the well-known activity of logical reasoning, i.e. thinking (see diagram (H)).

Figure 6. Spectral power activation of brain-wave dynamics for four persons in a chosen mind state
and spectral range. The smaller diagrams and connecting lines indicate the spectral power differences
between these persons.
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Thus, a more detailed analysis of the EEG-recorded differences (see diagrams (A)–(D)) in
electric field potentials between the meditation and thinking states has revealed even more
intriguing results for the OSIMAS project:

(1) In the meditation state, the Δ frequency range dominates for the experienced medita-
tors. This result can be seen from diagram (A) (see Figure 7), where reddish and yel-
lowish colours are clearly dominant. These colours indicate that the Δ difference in
electric field potentials between the meditation and thinking states for the Δ frequency
range is the most positive when compared with the other spectral ranges. Hence, the
meditation state can be distinguished by the appearance of characteristic Δ waves.
These findings confirm other research results like those of Travis and Arenander
(2006) and Newandee, Stanley, and Reisman (1996).

(2) In the thinking state, the α frequency range is dominant. This result can be seen from
diagram (C), where bluish colours are clearly dominant. These colours indicate that

Figure 7. Differences in the EEG-recorded electric field potentials between meditation and thinking
states for both experienced meditators in the Δ, Θ, α and β frequency ranges (diagrams (A)–(D), respec-
tively). EEG diagrams (E)–(H) show actual activations of the corresponding mental states for the chosen
frequency ranges. All power spectra are normalized (c.u.).
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the difference in electric field potentials between the meditation and thinking states
for α frequency range is the most negative when compared with the other spectral
ranges. Hence, the thinking state can be distinguished by the appearance of character-
istic α waves – a fact also confirmed by the results of other related research (Rakovic
et al. 1999; Cahn 2006; Travis and Arenander 2006).

(3) In the meditating and thinking states, the Θ and β frequency ranges are activated con-
siderably less than the Δ and α ranges, respectively. This result can be seen from dia-
grams (B) and (D), where greenish colours are clearly dominant and indicate that in
these spectral ranges the differences between the electric field potentials caused by the
meditation and thinking states are very small.

(4) For experienced meditators, the topological distribution of activated brain zones on
the surface of the skull is almost identical in the Δ, Θ and α ranges. This result
becomes evident from a comparison of diagrams (A)–(D) for the first person and cor-
respondingly for the second person; see Figure 7. This observation leads to some very
important conclusions.

The meditating and thinking states are identical in terms of the spatial distribution of the
activated brain zones for each individual, although the electric field potentials are activated in
different spectral ranges (the meditation state is dominated by Δ and the thinking state by α
waves). This observation suggests that both states are similar in nature – a conclusion that is
not surprising, after all, since the transcendental meditation method is about the contemplation
of pure consciousness itself dissociated from all other objects of contemplation, which is still
a sort of deep thinking (Orme-Johnson and Haynes 1981).

People have specific and unique spatial distributions of activated electric field potentials
in each mind state, but independently of the person each mind state has common features that
can be recognized in terms of their dominant frequency ranges. For instance, the transition
from the meditation to the thinking state is characterized by the transition of the dominant
brain waves from Δ to α frequencies (i.e. from lower to higher frequencies).

It is important to discuss in more detail an experimental observation regarding the inverse
activation of different frequency ranges in the same brain areas depending on the mental
states; see diagrams (A) and (C) in Figure 7. In fact, this observation can be inferred from
the OSIMAS paradigm, where different mental states are perceived as part of one and the
same multivariate mental field composed of a set of dominant frequencies which are called
natural resonant frequencies in the OSIMAS paradigm because this system is able to store
free energy in these superimposed spectral bands. Apart from any mathematical calculations,
we argue that the theoretically inferred dominant frequencies of the mind-field correspond to
the experimentally observed Δ, Θ, α and β brain waves.

Moreover, the OSIMAS paradigm envisages that various combinations of activated domi-
nant frequencies in the common mind-field will yield unique mental states. In fact, experi-
mental data for the meditation and thinking states validate exactly this assumption. We
observe an equivalent redistribution of spectral energy over the frequency ranges for opposing
mental states like meditation vs. thinking, as these two are intuitively understood as opposite
in terms of human consciousness. In fact, our experimental results for the meditation and
thinking states indicate exactly such a redistribution of energy in the spectral ranges Δ, Θ, α
and β. We can see the effect of this spectral energy redistribution especially clearly for the Δ
(diagram (A)) and α (diagram (C)) ranges.

The experimental study described above uses EEG-based BIT that are targeted for
mapping activated areas of electric local field potentials on the human skull, but this study
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says little about numerical estimates of the total activations (added up over 64 channels) in
particular frequency ranges. Hence, we have made our own numerical analyses (see Figure 8
for an illustration of our results), where we can see the absolute activations (in c.u.) for both
states and their differences in the Δ, Θ, α and β frequency ranges.

These examples confirm a basic OSIMAS assumption: each mental state has a specific
spectral energy composition pattern, i.e. a spectral energy distribution across frequency
ranges. The distribution of normalized EEG spectral energy for all mental states (summed up
for all channels) is presented in Figure 9.

Hence, the meditation and thinking mental states have distinctive spectral mind-field
fingerprints in terms of numerical estimates of the total distribution of activations in the Δ, Θ,
α and β frequency ranges. However, we must note the very high total rate of spectral power
fluctuations; see Figure 10. Therefore, to estimate spectral energy, we must integrate the fluc-
tuations in spectral power over a period of time (512 s).

Once we have a specific set of spectral mind-field fingerprints for a particular person, we
can recognize how deeply and in which state this person is in a particular time period. We
can do so by making a relative comparison of the investigated spectral mind-field fingerprint
with the specific set of spectral mind-field fingerprints already recorded for this person.

Although each individual has a unique distribution of spatial-temporal activations in dif-
ferent mind states, the above-mentioned spectral mind-field fingerprints follow the same char-
acteristic distribution of spectral activation patterns in the Δ, Θ, α and β frequency ranges for
every normal individual. Our initial findings show that this is a universal rule that does not
depend on personalities or activation distributions within specific brain areas.

In physical terms, we may understand such consistent patterns in mind-field activations as
a kind of redistribution that apparently makes a difference in terms of subjectively experi-
enced mental states. Hence, every mental state can be characterized by the composition of its
activated brain waves. Consequently, the next logical inference is that the human mind (by
means of the conscious or unconscious will) is able to attune overall brain functionality in
such a way as to obtain the needed compositions of activated Δ, Θ, α and β brain waves
(γ waves should also be included, although we have not investigated them in this particular
research setting). Most probably, these compositions occur in order to achieve a desired state
of consciousness, which is not about the arousal of particular thought patterns, but rather

Figure 8. EEG-recorded brain-wave activity (c.u.) added up in all frequency ranges for 64 channels in
the meditation and thinking states. The difference in activations for the appropriate frequency ranges is
denoted as Med.-Thin.
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about the overall state of the mind-field, where it is statistically probable that associated
thoughts and feelings will be activated.

4. The time-correlation method of EEG signals

In addition to the above-described analyses of EEG-recorded brain-wave activations in differ-
ent mental states, frequency ranges and spatial distributions, we have also searched for the
optimal time-correlation method, which is projected for real-time group-wide synchronization
analyses in the next stage of our research; see Figure 3.

A detailed review of the techniques for processing temporal EEG data has revealed that
there is no standard way for the analysis of complex EEG data. Very complex activation
dynamics can be observed from joint time–frequency analyses; see Figure 11.

Figure 9. The distribution of normalized spectral energy across frequency ranges for various mental
states.
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Usually (after the initial data has been filtered from noise and normalized), various pattern
recognition and clustering methods are employed, e.g. ANN training for pattern recognition,
hidden Markov modelling for mental states determination (Welch 1967), discrete wavelet
transformation, fuzzy c-means algorithms for EEG clustering (Blanco et al. 1998), Morlet
wavelets for data filtering, ANOVA statistical analysis for data comparison (Rosso et al.
2001), phase locking value methods for rhythmical adjustment between distant brain record-
ings (Postnikov 2009), etc.

Therefore, for our benchmark cross-correlation analyses, we have adapted the most basic
EEG signal processing technique, i.e. the modified linear regression method, which provides

Figure 10. Spectral power fluctuations in two major states, i.e. meditation (upper graph) and thinking
(lower graph).
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clear coefficients and phase-independent estimates and can be applied to various experimental
setups (Hassanpour, Darvishi, and Khalili 2011). In this section, we briefly summarize the
adapted modified linear regression method targeted for the time-correlation of EEG record-
ings. This method can be used for the synchronization analyses of brain waves for the group
of people in the second research phase.

The time-correlation analysis is performed in the following steps: (i) the EEG signal is
truncated eight times from 1028 to 128 Hz, (ii) the lowest wave frequencies are selected by

Figure 11. Amplitude change in time for different frequencies (the second interval is zoomed below;
note that amplitude is in scale).
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calculating EEG spectral density, described above and (iii) a correlation technique is applied
for a selected list of EEG channels. In order to perform a quantitative analysis of the separate
EEG signals, the time-correlation method should not be sensitive to: (i) the distortion of the
signal, (ii) the global change in the amplitude (the amplitude change being much longer than
the lowest frequency wave) and (iii) the time-shift or phase-delay of the wave. The usual
Pearson correlation does not satisfy the above criteria: the phase-shift does influence the
correlation coefficient drastically. For this reason, we can summarize the regression-based
approach for measuring similarity in discrete signals, which is used for the comparison of
EEG signals. Suppose that we have two time-sequences with a set of their amplitudes X and
Y (from the recorded EEG):

X ¼ ðx1; x2; . . .; xnÞ; Y ¼ ðy1; y2; . . .; ymÞ; m� n; (4)

defining

lY ¼ 1

m

Xm
i¼1

yi; (5)

lXk
¼ 1

m

Xm
i¼1

Xki ; Xki ¼ Circshift ðX ; ð�k þ 1ÞÞ; k ¼ 1; 2; . . .; n: (6)

The Circshift command circularly shifts the values in the array, X, by the shift size
element (−k + 1). In this way, the time-sequence is shifted n times, thus allowing the method
to be insensitive to the phase-shift. Finally, the modified linear regression formula is applied
to find the maximal value of the same shifted signal Xk with Yk, as:

wðX ; Y Þ ¼ max
k

Pm
i¼1 xi � lXk

� �
yi � lYð Þ� �2Pn

i¼1 xi � lXk

� �2Pm
i¼1 yi � lYð Þ2

" #
(7)

The proposed method for the real-time synchronization analysis of the group of people
can be summarized as follows: first, the EEG recordings are made simultaneously for the
group of individuals. These recordings are then analysed with the PSD technique in order to
select valuable information from the separate EEG recordings, such as wave frequencies and
the brain cortex places with the highest activation. Then the OLR method is applied, the
short-time interval,5 Δt, is selected and the OLR coefficient is calculated for the selected indi-
viduals and corresponding channel numbers. In this way, we are able to plot the real-time
synchronization coefficient (OLR) variation in time with the intervals Δt for the EEG record-
ings between any pair of individuals. As an illustration of the real-time synchronization analy-
sis, we present below an adapted method using EEG data from the same individual.

Using Equation (7), we calculated the coefficient of similarity of the EEG signal for the
chosen person and channel. For instance, in a random case the obtained OLR coefficient was
0.9628 for the meditative state when using cross-correlated data from a one-second interval
that was separated by 10 s. Meanwhile, for the same person, the same coefficient was 0.6356
when cross-correlated between meditation and thinking, and it was 0.6507 when cross-corre-
lated between meditation and counting of oddball (see Table 1). These data indicate that the
closer the time distance is between compared intervals, the more similar the wave is. This fact
shows that the OLR method will be very useful for real-time synchronization analyses.

The difference between the usual linear regression formula and OLR is illustrated in
Figure 12. The slope of the line corresponds to the correlation coefficient, which is 0.963 for
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the modified linear regression, showing a strong relationship between X and Y, and the blue
line slope is −0.111, which would indicate a very small negative relationship.

Moreover, we checked the method on the spatially close channels and separate ones for
the same individual. One can observe in Figure 13 that the spatially close (see Figure 4)

Figure 12. Linear regression line (blue) and modified linear regression (red) of the first person in the
meditation state (52nd channel).

Figure 13. Variation of similarity between the FC5 and FC3 channels (time interval 2 s).
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channels FC5 and FC3 show very high similarity values compared to the distant channels Fz
and Pz in Figure 14.

These tests imply that the adapted time-correlation method (Hassanpour, Darvishi, and
Khalili 2011) is suitable for measuring synchronization under certain conditions. It should not
be sensitive to the distortion of the signal and the global change in the amplitude (the ampli-
tude change being much longer than the lowest frequency wave). Indeed, the distinctive fea-
ture of the adapted method is its insensitivity to the time-shift or phase-delay of the wave.
The usual Pearson correlation does not satisfy these criteria: the phase-shift does influence the
correlation coefficient drastically. For this reason, the adapted linear-regression-based (OLR)
approach, which is resistant to the time-shift and phase-delay of the EEG signals, fits well for
the temporal correlation analyses.

5. Synchronization and coherence measures for group EEG data

In the previous section, we introduced the adapted time-correlation (synchronicity) measure
(OLR) for two EEG signals. The literature in this field usually employs phase synchrony esti-
mation techniques like phase-locking statistics (PLS) to measure the synchronicity between
two temporal EEG signals. Although this latter method measures the significance of the phase
covariance between two signals with a reasonable time resolution, it is phase-sensitive. When
the spectra coherence between two signals is measured, usually the magnitude-squared coher-
ence (MSC) method is used (Lachaux et al. 1999). The PLS and MSC methods have not
been adapted for the group of people. Therefore, below we present an integral synchronicity
and spectral coherence measures for an entire group of people in a more formal way.

First, let us propose some simple group EEG synchronicity measures. All the EEG data
can be represented as a time series Cperson,state,channel(t), where person 2 [1, all persons], state
2 [1, all states] and channel 2 [1, all channels]. These data are prepared for analysis by
filtering out important frequency ranges; see Figure 5 and Table 1. Using filtered signal F, we

Figure 14. Variation of similarity between the Fz and Pz channels (time interval 2 s).
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calculate the cross-correlation coefficient cc between two different persons (see Equations (8)
and (9))

Fperson;state;channelðtÞ ¼ FilterðCperson;state;channel; ½0:1Hz; 44:0Hz�Þ; (8)

cci;j;state;channel ¼ corr coef ðFi;state;channel;Fj;state;channelÞ: (9)

or the time-dependent cross-correlation coefficient (Equation (10)).

cci;j;state;channelðtÞ ¼ corr coef ðFi;state;channelðtÞ;Fj;state;channelðtÞÞ: (10)

We can use these cross-correlation coefficients in several different ways to get the needed
group synchronicity estimates, e.g.:

(1) calculating the total synchronicity measure Syn (see Equation (11)) for the group of
people

Syn ¼ 1

channels� persons� ðpersons� 1Þ
Xchannels
k

X
i6¼j

cci;j;state;k ; (11)

(2) calculating the time-dependent chosen channel synchronicity measure Syn(t, channel)
(see Equation (12)) for the group of people

Synðt; channelÞ ¼ 1

persons� ðpersons� 1Þ
X
i6¼j

cci;j;state;channelðtÞ; (12)

(3) calculating the chosen channel average synchronicity measure (see Equation (13))

SynðchannelÞ ¼ Sinðt; channelÞ: (13)

However, for the effective implementation of these measures, we should first collect
proper synchronized group EEG data. Below, we also propose EEG group coherence mea-
sures which can be obtained from the individual EEG spectra; see our Web site http://osimas-
eeg.vva.lt/. In this case, we transform (using FFT, DFT or other methods) time-dependent
EEG activations into the frequency spectra (see Equation (14)) for the chosen range of
frequencies

Sperson;state;channelðwÞ ¼ SpectrumðCperson;state;channel; rangeÞ: (14)

In addition, we normalize spectra NS (see Equation (15)). In this way, the information
about total spectral power is lost, but we gain the ability to compare different spectra in terms
of relative distribution of PSD.

NSperson;state;channelðwÞ ¼ 1R
Sperson;state;channelðwÞdwSperson;state;channelðwÞ: (15)

The spectral coherence between two persons is obtained by calculating the deviation
between both spectra (see Equation (16)). The smaller the deviation, the more coherent (simi-
lar) is those persons’ spectra.

SDstate;channelðwÞ ¼ rðNSperson;state;channelðwÞÞpersons: (16)
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With pair-wise-based Equation (16), we can also estimate group coherence measures:

(1) for the evaluation of the spectral coherence for the group of people (see Equation
(17))

SCðwÞ ¼ 1

channels

Xchannels
k

SDstate;kðwÞ; (17)

(2) for the evaluation of time-dependent spectral coherence (see Equation (18))

SCðtÞ ¼ 1

channels� w

X
w

Xchannels
k

SDstate;kðw; tÞ; (18)

(3) for the evaluation of the spectral coherence of a particular channel (see Equation (19))

SCðchannelÞ ¼ SDstate;channelðw; tÞt;w: (19)

Thus, in this section, we have proposed EEG-based synchronicity and spectral coherence
measures for the group of people. Having these measures and simultaneous group EEG data,
OSIMAS assumptions can be experimentally proven or disproven in the prospective research
stages.

We have designed these synchronicity and spectral coherence measures in order to meet
specific needs of the described experimental set-up. Nerveless, one can also choose other mea-
sures for intra- and interbrain synchronization like phase locking index,6 partial directed coher-
ence (Baccalá and Sameshima 2001) or interbrain phase coherence (Lachaux et al. 1999). The
latter measures employ full multivariate spectral estimates based on the concept of Granger
causality (Glauber 1963). They indicate significant increase in phase synchronization within
and between the brains during periods of coordinated actions (Singer, Lindenberger, and Mller
2011). These and many other studies of social cognition reported evidences indicating that
brain oscillations synchronize within and between the brains when people engage in different
forms of action coordination (Orme-Johnson and Haynes 1981; Newandee, Stanley, and
Reisman 1996; Nummenmaa et al. 2012; Stevens et al. 2013).

6. Modelling framework and other research

Below, we briefly present three OSIMAS-based modelling and simulation approaches. The
first approach employs a model of harmonic oscillators, i.e. phonons theory (Benenson et al.
2000), which can be used to model oscillating agents at the micro level. The second approach
simulates human brain EEG signal dynamics using a refined Kuramoto model. The third
approach is large scale cellular automata and artificial intelligence-based multi-agent oriented
simulation framework, which can be used to simulate self-excitatory systems of agents at the
macro level.

First, let us start at the micro level. In principle, abstraction of the oscillating agent at the
micro level can be represented using some physical models like weakly coupled oscillators,
stretchable string, wave packets, the solitons propagation, etc. Actually, we have chosen the
stylized phonons model,7 which allows us to quantify oscillatory energy and to have a unique
composition of oscillations for each agent, see Figure 15. In the proposed model of harmonic
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oscillators, each agent acts like an elementary oscillator, which absorbs incoming wave pack-
ets, linearly superposes them producing unique spectra, and then transmits them to the envi-
ronment.

In an earlier research paper (Plikynas 2010), we elaborated on this particular model in
greater detail. In short, putting mathematical notations aside, it provides a means of modelling
the dynamics and optimization of local and global potential energy and negentropy in terms
of first- and second-partial derivatives.

To establish a more conclusive relationship between experimentally observed neurody-
namic oscillations and the conceptually described oscillating agent in the OSIMAS para-
digm, we have designed a simulation model of human brain EEG signal dynamics using a
refined Kuramoto model (Pessa and Vitello 2004). The designed coupled oscillator energy
exchange model (COEEM) simulates human brain single channel EEG signal dynamics,
using fourth-order Runge-Kuta algorithms (RK4); see Figures 16 and 17. The reasoning
behind the COEEM model is based on a simulation of synchronization phenomena observed
in activations of the brain. For this purpose, a coupled oscillator phase-locking mechanism
(PLM) has been proposed.

Figure 15. The principle of quantization of energy-information states for social agents having an
analogy to the rotational-vibrational states of diatomic molecular model (where k – the rotational quan-
tum number and h – the vibrational quantum number).
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It has been shown that the COEEM model, which is based on the PLM, is uniquely suit-
able for relatively accurate prognoses of human brain EEG signal oscillatory dynamics for the
chosen EEG channels; see Figure 18. As expected, our proposed model has revealed phase-
locking and energy exchange features uniquely characteristic of human cortex EEG signal
dynamics (Pessa and Vitello 2004). In short, by using OSIMAS assumptions, we have
obtained unique prognostication results (MSE = 0.70E−06, correlation coef. = 0.76) suitable
for relatively accurate prognoses of the human brain EEG signals oscillatory dynamics for the

Figure 16. General scheme designed for the simulation of experimentally observed neurodynamic
oscillations (brain waves activities) using COEEM model.

Figure 17. The iterative scheme: EEEG is the energy of the EEG signal, RK4 the fourth-order
Runge-Kuta algorithms, A and θ denote complex amplitude and phase, respectively.
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chosen EEG channels; see and test it in our virtual lab at http://vlab.vva.lt (login: Guest,
passw.: guest555).

Hence, experimentally calibrated simulations confirmed our major assumptions about the
oscillatory nature of human (in OSIMAS humans are represented as stylized agents) mental
states. It is important to note that COEEM not only bridges theoretical insights with experi-
mental findings but also gives important clues about how coherent social systems can emerge
as a consequence of the superposition of these coherent individual states (Vitello 2001;
Acebrón et al. 2005).

In fact, agent modelling is suited for the micro level. Whereas, for the simulation of the
system of agents, a macro model is needed. At this stage of our research, though, it is prema-
ture to present a fully functional oscillations-based MAS. Hence, we have started from some
very simple simulation, employing nature inspired 2D cellular automaton (CA) model, to ana-
lyse information processing and transmission properties in the heterogenous excitable media.
In fact, the suggested model is located between CA with discrete outputs and differential
equation-based models.

Characteristic peculiarity of the excitable media is that, not the physical signal, however,
the information transmitted from one media element (agent or group of agents) to other ones
is very important. An objective is to consider the excitation wave initiation, propagation and
breakdown from a point of view of information transmission. Hence, granular artificial neural
network-based models were employed (Bub and Shrier 2002). Contrary to standard CA
approach with discrete outputs of the automaton, we utilize single-layer perceptron (SLP)
with smooth sigmoid function that gives continuous outputs.8 Such approach allows to obtain
many wave propagation patterns (see Figure 19) observed in real world experiments and
known simulation studies (Winfree 1995; Wang et al. 2013).

The analysis hints that the wave breakdown and daughter wavelet bursting behaviour pos-
sibly is inherent peculiarity of excitable media with weak ties between the cells (agents), short
refractory period and granular structure. It helps to understand wave bursting, propagation
and annihilation processes in homogeneous and non-homogeneous media too. For online sim-
ulations, please, visit and test this model in our interactive virtual lab at http://vlab.vva.lt/
(MEPSM1 model, login: Guest, Passw.: guest555).

Hence, information propagation in the simple CA media allows not only to study excit-
atory waves, but also provides an opportunity to substitute simple SLP with the oscillations

Figure 18. Prognostication results of the experimentally observed EEG curve using COEEM with
various calibration levels ((a)–(c)).
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based agent model at the next simulation stage. Work-in-progress, following OSIMAS simula-
tion framework, can step-by-step lead from micro to the macro level.

In fact, there are many other related models and applications. To our knowledge, the
major areas of virtual field-based social simulations and applications are related to emerging
research in social-networking, agent-oriented or MAS. As a matter of fact, field-based model-
ling is usually applied in the nature-inspired studies while searching for the better simulation
results of very complex, large and highly dynamic physical, biological and even social net-
works. For instance, in social-networking research, because of its large scale and complexity,
attempts are being made to simulate social networks using wave propagation processes. Some
of these applications deal with message broadcasting and rumour-spreading problems (Wang
et al. 2013), etc. Other applications deal with behaviours spread in dynamic social networks
(Centola 2010; Zhang and Wu 2012) or with the diffusion of innovations (Valente 1996), etc.

In the last decade, a number of other field-based approaches have been introduced, like
Gradient Routing (GRAD), Directed Diffusion, Co-Fields at the TOTA Programming Model
(Mamei and Zambonelli 2006), CONRO (Shen, Salemi, and Will 2002), etc. In fact, almost

Figure 19. Waves of self-excitation propagating in the grid of agents for two time moments ((A) and
(B) pictures), where four groups of agents interact in non-local way.
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all of these methods are employed for various technological or robotic applications,9 and very
few of them, like Multilayered Multi-Agent Situated System (MMASS) (Paoli and Vizzari
2003; Bandini, Manzoni, and Vizzari 2007), Agent-Based Computational Demography, or
Agent-Based Computational Economics (Testafsion and Judd 2006), are suitable for program-
mable simulations of social phenomena.

Let us take a closer look at one particularly interesting proposal in that direction, i.e. the
MMASS, which defines a formal and computational framework by relying on a layered envi-
ronmental abstraction (Paoli and Vizzari 2003). MMASS is related to the simulation of artifi-
cial societies and social phenomena for which the physical layers of the environment are also
virtual spatial abstractions. In essence, MMASS specifies and manages a field emission-diffu-
sion-perception mechanism, i.e. asynchronous and at-a-distance interaction among agents. In
fact, different forms of interaction are possible within MMASS: a synchronous reaction
between spatially adjacent agents and an asynchronous and at-a-distance interaction through a
field emission-diffusion-perception mechanism. Fields are emitted by agents according to their
type and state, and they are propagated throughout the spatial structure of the environment
according to their diffusion function, reaching and being eventually perceived by other spa-
tially distant agents (Bandini, Manzoni, and Vizzari 2007). Differences in sensitivity to fields,
in capabilities and in behaviours characterize agents of different types.10 The MMASS simu-
lation platform has been applied in various modelling cases like crowd behaviour, adaptive
pedestrian behaviour for the preservation of group cohesion, websites as context-aware agents
environments, awareness in collaborative ubiquitous environments, etc. (Vizzari, Manenti, and
Crociani 2013). In fact, MMASS corresponds well to the OSIMAS paradigm in terms of its
information diffusion mechanism. However, it uses graph theory and does not seek to model
the deeper, i.e. oscillatory, nature of agents themselves.

Another potential area of application is in the emerging domain of pervasive computing
(Hansmann 2003), e.g. in the cases of amorphous (Nagpal and Mamei 2004) and ubiquitous
(Poslad 2009) computing. There is fast-growing empirical research about the gradual develop-
ment of context-aware pervasive computing environments, and it will create yet another area
for virtual field-based communication approaches.

7. Concluding remarks

In this highly interdisciplinary study, we outline the major postulates and premises of the
OSIMAS social simulation paradigm. In proposed conceptual framework, human society is
envisaged as a complex system of neurodynamically entangled minds that together form a
multifaceted collective mind-field.

In this way, we introduce a view of social processes as collective mind-field effects
emerging from the coherent field-like behaviour of individual minds. In other words, we pro-
pose to envisage societies as global processes emerging from the coherent behaviour of the
conscious and subconscious mind-fields of the individual members of a society. Such a para-
digmatic shift has in turn the potential to shift the focus of social communication and net-
working simulation from rational individual subjects toward the study of interconnected
mind-fields.

In this study, we have formulated not only the major premises and postulates of the
OSIMAS paradigm but also an experimental framework to prove or disprove its validity. Our
proposed EEG-based experimental framework starts with benchmark individual tests intended
to distinguish individual mind states. Benchmark EEG tests have confirmed the existence of
spectral cross-correlations in EEG-recorded individual brain-wave patterns for the same men-
tal states. We have also proposed (i) a visualization method for the group-wide estimation of
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EEG spectral coherence (http://osimas-eeg.vva.lt/) and (ii) integral group-wide numerical
measures of synchronicity and coherence.

Our experimental results show that qualitatively different mind states are similar in terms
of the spatial distribution of activated brain zones, but spectral power activations are in differ-
ent spectral ranges. Although, each individual has a unique distribution of spatial-temporal
activations in different mind states, the above-mentioned spectral mind-field fingerprints
follow the same relative distribution of spectral activation patterns in the Δ, Θ, α, and β fre-
quency ranges. These and other findings confirm basic OSIMAS assumptions concerning the
oscillatory expression of social agents’ states.

These base-line tests define the terms and meaning of individual brain-wave cross-correla-
tions in various mind states and frequency ranges. Thus, in the envisaged second group-wide
EEG experimental stage, these individual benchmark tests help us recognize similar mind
states for different people.

In sum, our initial experimental results confirm our main experimental hypothesis: tempo-
rally separated people doing the same mental activities demonstrate an increase of spectral
coherence in their brain-wave patterns. Therefore, our individual-based experimental findings
have not disproved our major OSIMAS assumptions concerning the oscillatory field-like
expression of mental states and consciousness in general. However, proposed prospective
group-wide EEG experiments are needed to prove or disprove major OSIMAS assumptions.

Based on the conceptual and experimental findings, we constructed modelling framework
and presented oscillations-based micro (COEEM) and macro (MEPSM1) simulation models,
which are available for testing in our online virtual lab (see http://vlab.vva.lt/; login: Guest,
Passw.: guest555). We also systemized the major other related studies and applications of vir-
tual field-based social simulations, which are mostly related to emerging research in social-
networking, agent-oriented or MAS domains.

Thus, like all pioneering approaches, this work-in-progress needs thorough further investi-
gation. This study, however, provides some clear intermediate outlines with explanatory fun-
damental, experimental and simulating guidelines.
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Notes
1. Regarding the occurrence of quantum coherence at a macroscopic level, it is important to note that

the classical electromagnetic field exhibits macroscopic quantum coherence. The most obvious
example is carrier signals for radio and TV. They satisfy Glauber’s quantum description of coher-
ence (Glauber 1963). In this way, it is resolved implicit confusion between ‘quantum coherence’
which usually refers to wave functions (and thus to superpositions) and electroencephalography
(EEG) or other classical coherences which refer to temporal correlations between the magnitudes
of electromagnetic field eigenstates (Fields 2012).

2. In the early 90s were widely discussed similar all-pervasive contextual information field ideas referred
then as non-local ‘mind field’ along the lines that Grinberg-Zylberbaum (Grinberg-Zylberbaum 1987)
and (Orme-Johnson (Orme-Johnson and Haynes 1981) found some experimental evidences for.

3. Humans tend to synchronize themselves with each other’s actions as well as physical and mental
states during social encounters (Nummenmaa et al. 2012). Such intersubject synchronization of
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behaviour facilitates social interaction. Synchronized neural activity can also help humans under-
stand the mental and bodily perspectives of others and predict their actions.

4. By reflecting a subject’s visceral connection to the world and to other people, brain-imaging may
reveal bodily states that are not evident in overt behaviour but are still closely connected to a sub-
ject’s mental content and thus helpful for a more holistic understanding of a subject’s behaviour.

5. Δt must be longer than the longest wavelength, but much shorter than total recording time.
6. The phase component is obtained separately from the amplitude component for a given frequency.
7. The phonon as the energy quantum of an elastic wave is used for many kinds of ex-citations,

among them: vibrations in molecules and atomic nuclei, lattice vibrations in a crystalline solid
(Benenson et al. 2000), etc.

8. The SLP is the nature inspired model of information processing and transmission. Continuous cells
outputs, varying magnitudes of the weights (connection strengths between the neurons) used to
calculate weighted sums of several adjacent cells, the smooth activation function award the SLP
certain universality properties.

9. Field-based approaches are used in modular robots, routing in mobile ad hoc and sensory
networks, navigation in sensor networks, situated multi-agent ecologies, coordination of robot
teams, artificial worlds, etc.

10. The MMASS simulation platform also supports the implementation of applications based on the situ-
ated cellular agents model (Bandini, Manzoni, and Vizzari 2003), which is a particular class of
MMASS characterized by a single-layered agent environment and specific constraints on field defini-
tion. In fact, our CA approach, described in the previous section, also employs a similar approach.
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