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Neurofeedback (NFB) is emerging as a promising technique that enables self-regulation
of ongoing brain oscillations. However, despite a rise in empirical evidence attesting to
its clinical benefits, a solid theoretical basis is still lacking on the manner in which NFB is
able to achieve these outcomes. The present work attempts to bring together various
concepts from neurobiology, engineering, and dynamical systems so as to propose a
contemporary theoretical framework for the mechanistic effects of NFB. The objective
is to provide a firmly neurophysiological account of NFB, which goes beyond traditional
behaviorist interpretations that attempt to explain psychological processes solely from a
descriptive standpoint whilst treating the brain as a “black box" To this end, we interlink
evidence from experimental findings that encompass a broad range of intrinsic brain
phenomena: starting from “bottom-up” mechanisms of neural synchronization, followed
by “top-down” regulation of internal brain states, moving to dynamical systems plus
control-theoretic principles, and concluding with activity-dependent as well as homeostatic
forms of brain plasticity. In support of our framework, we examine the effects of NFB in
several brain disorders, including attention-deficit hyperactivity (ADHD) and post-traumatic
stress disorder (PTSD). In sum, it is argued that pathological oscillations emerge from an
abnormal formation of brain-state attractor landscape(s). The central thesis put forward is
that NFB tunes brain oscillations toward a homeostatic set-point which affords an optimal
balance between network flexibility and stability (i.e., self-organised criticality (SOC)).

Keywords: neurofeedback, brain computer interface (BCl), electroencephalography (EEG), magnetoencephalogra-
phy (MEG), brain plasticity, brain disorders, neuromodulation, criticality

“While we can conceive of a sum being composed gradually, a system

as total of parts. . .has to be conceived of as being composed instantly”
— Von Bertalanffy, General System Theory (1969)

(De)SYNCHRONIZED BRAIN STATES

A basic ingredient sufficient for producing neuronal oscilla-
tions is the mutual coupling between excitatory (E) and inhibitory
(I) neurons (Wang, 2010). Here, as the E-neurons fire they activate
the I-neurons, which after some delay retroactively silence the
E-neurons, and so ad perpetuum. In essence, this E-I connectivity
serves to keep neuronal activity within a restricted range, as purely

In 1934, a few years after the initial discovery of the electroen-
cephalogram (EEG) by Hans Berger, the British magazine Specta-
tor reported on a remarkable public demonstration (Walter, 1934,
p- 479):

“Adrian and Matthews recently gave an elegant demonstration of
these cortical potentials. [...] when the subject’s eyes were open the
line was irregular, but when his eyes were shut it showed a regular
series of large waves occurring at about ten a second. [. . .] then came
the surprise. When the subject shut his eyes and was given a simple
problem in mental arithmetic, as long as he was working it out the
waves were absent and the line was irregular, as when his eyes were
open. When he had solved the problem, the waves reappeared. [. . .]
so, with this technique, thought would seem to be a negative sort of
thing: a breaking of the synchronized activity of enormous numbers
of cells into an individualized working.”

E-E or I-I coupling would risk producing run-away excitation or
inhibition (although such connections naturally also exist). This
recurrent feedback mechanism, scaled-up to contain an intricate
web of millions of excitatory and inhibitory neurons (as well as
glia), ultimately contributes to what are commonly known as
brain oscillations or “brainwaves” (Buzsdki and Watson, 2012).
Brain oscillations may be recorded via invasive or non-invasive
electrodes, given that neuronal activity is reflected in the minute
fluctuations of electromagnetic field potentials, which are
themselves generated by ionic exchanges at the cell-membrane
and the synapse during neuronal communication (Nunez, 2000;
Buzsdki et al., 2012). As seen in Figure 1, when neuronal activities
occur in a spatially circumscribed region and become temporally
synchronized, their local field potentials (LFPs) are then strongly
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FIGURE 1 | The generation of electroencephalogram (EEG) network oscillations. EEG signals are generated by the integration of neural activity at multiple

spatial (A) and temporal (B) scales. After Le Van Quyen (2011).
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summated giving rise to large amplitude electroencephalogram
(EEG) or magnetoencephalogram (MEG) rhythms. In what
follows, we will mainly focus on the modulation of low-frequency
M/EEG oscillations (typically <60 Hz), which represent the
largest part of neuroelectric activity generated by the brain
and which can be recorded noninvasively. Specifically, studies
have established that the amplitude of M/EEG oscillations varies
primarily as a function of the number, strength and phase-locking
(“synchronization”) of cortical synaptic activities (Nunez, 2000).

Hence, metaphorically akin to a “standing-waves” generated
by a crowd of spectators, the size (amplitude) of an oscillation is
proportional to the degree to which a group of persons (neurons)
temporally stay “in sync” (synchronize) with each other.
Conversely, reductions in amplitude result from a breakdown
of such synchronization, in accordance with the historical
expression: desynchronization. Likewise, the speed (frequency)
of the wave will be determined by how quickly the individual
elements rise and decay (Nunez, 2000), and this will depend
on the intrinsic nature (resonance) of the person (neuron).
Here, a greater (lower) number of oscillations occurring in the
same period of time will equate to faster (slower) frequencies.
The M/EEG may therefore be considered as an accurate non-
invasive indicator of coordinated synaptic activity across cortical
networks. In general, the M/EEG frequency spectrum has been
traditionally divided into the following bands: infraslow (<1 Hz),
delta (1-4 Hz), theta (4-7 Hz), alpha (7-12 Hz), spindle (12-15
Hz), beta (15-30 Hz), and gamma (>30 Hz).

Historically, EEG synchronization patterns were discovered
to differentiate levels of psychological arousal in the progression

from deep sleep to wakefulness, to high alertness (Jasper and
Droogleever-Fortuyn, 1948). Low-frequency delta (1-4 Hz)
waves were found to dominate deeper sleep states, while during
lighter or more activated (REM) sleep the frequencies are more
accelerated, but slower than in waking states. In relaxed wake-
fulness there was an emergence of the alpha (7-12 Hz) rhythm
that gave rise to faster beta (15-30 Hz) and gamma (>30 Hz)
frequencies upon activation of cognitive or attentional resources
(Steriade et al., 1993; Gervasoni et al., 2004). In parallel to this
acceleration of frequencies during arousal, there was also a more
desynchronized or “activated” tracing of reduced amplitudes (as
reported by Walter above). With the discovery that the ascending
reticular activating system (ARAS; Moruzzi and Magoun, 1949)
was responsible for consciousness and the sleep-wake cycle,
some of the most important findings were that lesions in the
ARAS abolished the aforementioned “activation” of the EEG
whilst increasing episodes of sleep and motor inactivity (Lindsley
et al., 1950). Interestingly, progressively greater degrees of EEG
activation could be provoked by simple electrical stimulation
of the brainstem (Moruzzi and Magoun, 1949), enhancing the
precision and speed of visual discrimination in monkeys (Fuster,
1958). Consequently, EEG activation is widely regarded to be
necessary for the emergence as well as the characteristic nature
of consciousness (Villablanca, 2004), which once established,
invites a fascinating question: how is intrinsic brain activity
regulated further to give rise to volitional control of cognition?
Here, synchronization patterns of neural activity suggest distinct
“Intrinsic states” that are modulated endogenously (e.g., via neu-
romodulation, plasticity), independently of external influences
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(e.g., sensory, pharmacological or electromagnetic stimuli). This
has been unequivocally demonstrated by Poulet and Petersen
who, upon severing rats’ sensory pathways, showed that internal
state transitions during active vs. quiet behavior were uniquely
reflected in cortical (de)synchronization patterns (Poulet and
Petersen, 2008). On the other hand, a large body of evidence in
humans points to the key role of cortical oscillations in top-down
processing during attention and cognition (Palva and Palva,
2012). Thus, during waking consciousness, there is a critical
involvement of higher-order cortical regions in orchestrating
the phasic (i.e., sub-second) shifts between intrinsic brain states,
either cortico-cortically or cortico-subcortically (Harris and Thiele,
2011). A good example of the former is the way motor cortex is
able to concurrently trigger desynchronization of somatosensory
cortex (Zagha et al, 2013). Similarly, there is evidence of
a direct cortico-subcortical dialog during maintenance of
wakefulness (in a novel environment), since destruction of either
anterior cingulate cortex or locus coeruleus is sufficient to block
exploratory activity and associated EEG activation (Gompf et al.,
2010). Moreover, when major anatomical routes are severed,
as with targeted lesions to the lateral prefrontal cortex plus
corpus callosum, it leads to increased distractibility coupled with
abnormally high neural synchronization in visual areas during
attention (Gregoriou et al., 2014).

In parallel and at the molecular level, investigations indicate
that tonic and phasic activation of the cortex is dependent on a

family of neuromodulators released by the brainstem and/or basal
forebrain, including dopamine, acetylcholine, and noradrenaline.
It has become evident that both the (tonic) sleep-wake cycle
and (phasic) top-down shifts in brain-state are regulated by an
intricate interplay of neuromodulators (for a detailed review
see Lee and Dan, 2012). Accordingly, attentional behavior
and distinct EEG rhythms have been reported to be affected
by the lesion and pharmacological blockade of noradrenergic
pathways (Delagrange et al., 1993) and enhanced by cholinergic
agonists (Bauer et al., 2012). Moreover, local application of
acetylcholine in the monkey primary visual cortex is able to
enhance the behavioral modulation of neuronal firing rates
(Herrero et al.,, 2008). Such effects have been verified directly
in vitro, as for example, dopaminergic antagonists are found to
increase EEG spectral power (0-20 Hz) while agonists decrease
it (Sebban et al., 1999), and this has been specifically linked to
activation of dopamine receptors (Chen et al., 2013). Similarly,
optogenetic studies report EEG desynchronization following
selective activation of cholinergic (Kalmbach and Waters, 2014)
or noradrenergic (Carter et al., 2010) neurons. In sum, the
studies above reveal that in addition to the tonic sleep-wake cycle,
cortical-subcortical neuromodulatory circuits are able to control
brain oscillations phasically (i.e., on a sub-second time scale) in a
top-down manner, which is illustrated schematically in Figure 2.

However, the observations above invite the inevitable
question: what is the functional significance of such synchronized
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FIGURE 2 | Control of EEG (de)synchronization via shifts in intrinsic
brain state. Here, a recurrent functional circuit subserving top-down
attention is triggered by neocortical structures (black lines; frontal-eye

fields (FEF); visual cortices (V1/V4), and reinforced by ascending
neuromodulatory pathways (blue/green/red). Adapted with permission
from Harris and Thiele (2011).
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and desynchronized states? Why does the cortex, for example,
display highly-synchronous low-frequency states during uncon-
sciousness, and what necessitates the desynchronized, higher-
frequency oscillations of wakefulness (Gervasoni et al., 2004)?
Neuroscience is of course still answering these questions, and
there is no encompassing theory as yet. However, several emerging
perspectives are beginning to shed light on these phenomena.

The first perspective involves the observation that upon intra-
cellular recording of corticothalamic (Contreras and Steriade,
1995) as well as corticospinal (Ezure and Oshima, 1981) neu-
rons, cell-membrane depolarization (excitation) is found to be
greater during desynchronized EEG states. Conversely, during
sleep, membrane potentials are more hyperpolarized (inhibited)
leading to slower oscillations which are characterized by large
alternating cortical up (higher excitability) and down (lower
excitability) states (Castro-Alamancos, 2009). Thus, in the sim-
plest scenario, desynchronization stems from a rise in neuro-
modulators which elevate (depolarize) membrane potentials and
their voltage-gated-ion channels closer to their firing threshold,
enhancing their sensitivity to incoming sensory inputs (Castro-
Alamancos, 2004; Wang et al., 2014). This is the case, for exam-
ple, for the dominant low-frequency rhythm of sensory cortex
(“alpha” rhythm), where trial-by-trial variations in detection
performance (Ergenoglu et al., 2004; Haegens et al., 2011) and
attentional state (Fries et al., 2001; Fan et al., 2007; Macdonald
et al., 2011) are predicted by greater degrees of desynchroniza-
tion. Similarly, desynchronized states are reported to sharpen
visual receptive fields (Worgotter et al., 1998) whilst shorten-
ing their response latencies (Wang et al., 2014), concomitant
with increases in excitability (Romei et al., 2008) and neuronal
spike rate (Haegens et al., 2011). In this way, neuronal synchro-
nization may perform functional “gating” of sensory input by
opening or closing neuronal excitability windows (Jensen and
Mazaheri, 2010; Luczak et al, 2013). The second perspective
involves the fact that desynchronized states have been attributed
to larger background synaptic activity, which leads to higher
resting membrane conductance (Wang et al., 2014). Such high-
conductance states result in enhanced neuronal responsiveness,
by boosting signal-to-noise ratios via “stochastic resonance”
mechanisms (Destexhe, 2007). From yet another perspective,
desynchronized patterns may be seen to minimize functional
correlations of synaptic activities, thus maximizing their informa-
tional complexity (called entropy). Several studies report reduced
inter-neuronal correlations during attention (Cohen and Maun-
sell, 2009) and memory formation (Bermudez Contreras et al.,
2013) that imply mechanisms of active decorrelation (Ecker
et al., 2010; Renart et al., 2010). According to this perspec-
tive, states of synchronized/desynchronized low-frequency activ-
ity have been proposed to coincide with decreased/increased
information content (Hanslmayr et al., 2012). This notion has
received direct experimental support during perceptual-decision
making (Werkle-Bergner et al., 2014). As a corollary, extremes
of too much or too little synchronization would both have
negative consequences for population coding, as this would
lead to abnormal redundancy of information, reflective of a
highly ordered or chaotic system (Hanslmayr et al, 2012),
respectively.

In general, the covered evidence suggests that low-frequency
oscillations appear to limit the complexity of available computa-
tional states, so why should they feature so prominently in the
brain? A potential biological compromise may be that oscillations
enable segregated communication channels to be established in
the brain, which would prevent a disorganized mixing of pro-
cessing streams. Thus far, we have mainly considered the features
of locally synchronized activities (i.e., arising within circum-
scribed anatomical regions), yet there is equally evidence of long-
range synchronization phenomena, spanning distributed regions?
Although this complex topic is beyond the scope of this paper,
we touch upon it briefly in light of its relevance to pathological
states. In essence, distributed brain regions have been observed
to functionally co-activate on a variety of measures, including
synchronization of phase, frequency, or amplitude (Engel et al.,
2013). Recent studies indicate that these mechanisms enable
the collective binding of neural assemblies to form functional
networks independent of inter-neuron distance (Canolty et al.,
2010), governing diverse processes such as attention (Doesburg
etal., 2009a), memory retrieval (Foster et al., 2013; Watrous et al.,
2013), and learning (Koralek et al., 2013). A putative mechanism
by which this occurs involves the well-known “communication
through coherence” theory (Fries, 2005), which posits that dis-
tributed neuronal assemblies are bound together by alignment
of their oscillatory phases (i.e., phase-locking), thus enabling
neuronal spiking to be transmitted through temporally-distinct
excitability windows (e.g., low/high excitability states would
respectively correspond to oscillation peaks/troughs). Mathemat-
ical modeling indicates that such inter-neuronal communication
channels can become degraded if the sender-receiver populations
become “out-of-tune” with each other in amplitude, phase, or fre-
quency (Akam and Kullmann, 2012; Shin and Cho, 2013), echo-
ing the relationship between broadcasting stations and radios.
Moreover, it has become evident that such “synchrony” pat-
terns of spontaneous brain activity frequently form well-defined,
reproducible topographies across individuals, known as resting-
state networks (Chu et al., 2012; Baker et al., 2014). It is now
well-established that the intrinsic dynamics of these networks
strongly influence “ongoing” processing of stimuli (Mayhew et al.,
2013), as well as a wide-range of cognitive-behavioral functions
(Sadaghiani and Kleinschmidt, 2013). Hence, it is not difficult to
envisage the emergence of a dynamic interplay between local- and
network-oscillation states, as the former would influence the latter
via long-range connections (Zemankovics et al., 2013; Cabral
et al., 2014), and vice versa (Doesburg et al., 2009a; Shin and
Cho, 2013). Likewise, depending on behavioral state, distributed
neurons may combine to form distinct functional connectivity
networks by reorganizing their oscillatory modes (Quilichini
and Bernard, 2012), given that neuromodulators released during
different behaviors can preferentially activate neural populations
by varying their “resonant frequencies” (Tseng et al., 2014). The
general purpose of such synchronization patterns is to enable the
simultaneous segregation/integration of distributed functional
pathways (Varela et al., 2001; Buzsaki and Watson, 2012) in
support of adaptive behavior (Krichmar, 2008). As we will see
in the next section, adaptive behavior and consciousness can be
altered when this delicate oscillatory balance is disturbed.
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In summary, this introductory section highlights several
important points: (i) neuronal synchronization is regulated by
neuromodulators that govern behavioral states; (ii) both neuronal
synchronization and behavioral state remain under top-down
control during wakefulness; and (iii) neuronal synchronization
modulates the excitability and functional segregation/integration
of cerebral circuits.

NORMAL AND PATHOLOGICAL OSCILLATIONS

The notion of pathological oscillations is by definition predicated
on the existence of “normal” oscillatory activity. Thus, a science
of (ab)normal oscillations should also be supported by obser-
vations that quantitative measures (e.g., amplitude, frequency,
phase-locking) of low-frequency oscillations exhibit a stable and
reproducible distribution in neurologically-healthy populations,
i.e., occur in a typical physiological range. Accordingly, studies
report good reliability of conventional EEG measures in healthy
populations within task/resting conditions and across time (Fin-
gelkurts et al., 2006; Gudmundsson et al., 2007; Népflin et al.,
2007, 2008). This is qualified by a proviso that EEG parameters
are not static from birth, but follow an established developmental
trajectory consisting of a frequency acceleration of the dominant
resting rhythm, and a decrease of the overall spectral power until
adulthood (Dustman et al., 1999), reputedly due to synaptic
pruning (Whitford et al., 2007). Such age-matched measures
from healthy reference populations are implicitly used by neuro-
science studies that seek to uncover meaningful differences with
pathophysiological conditions. The literature on this topic is vast,
but we provide a few representative examples of low-frequency
EEG abnormalities prevalent in brain disorders. For instance,
slower-waves (e.g., theta 4-8 Hz) are reported to be globally
elevated in attentional deficit hyperactivity disorder (Clarke et al.,
2007) which may in part be mediated by a slowed frequency
of the dominant resting (“alpha”) rhythm (Arns et al., 2008).
Similarly, obsessive-compulsive disorder (OCD) patients demon-
strate low-frequency power excess (2—6 Hz) in the resting state,
which appears to be relatively localized to the subgenual anterior

cingulate gyrus and adjacent limbic structures (Koprivova et al.,
2011). Another example is post-traumatic stress disorder (PTSD),
which is observed to have both decreased power and accelerated
frequency of the alpha rhythm, potentially reflecting cortical
hyperarousal (Joki¢-Begi¢ and Begi¢, 2003; Wahbeh and Oken,
2013). In contrast, schizophrenia is distinguished by synchroniza-
tion deficits of faster gamma (>30 Hz) rhythms during active
processing (Griitzner et al., 2013; Ramyead et al., 2014) that are
found to inversely correlate with levels of the inhibitory neuro-
transmitter GABA (Ramyead et al., 2014). Alzheimer’s patients
display a pronounced lack of alpha-rhythms which positively
correlates with hippocampal volume (Babiloni et al., 2009). The
list is virtually endless given the plethora as well as complexity
of disorders, and the interested reader is referred to comprehen-
sive reviews on the subject (Coburn et al., 2006; Uhlhaas and
Singer, 2006). Importantly, EEG can also be employed to assess
recovery or response to treatment. For example, reduced delta
(2—4 Hz) rhythm amplitude can be used as a biomarker of long-
term recovery from ischemic cerebral stroke (Cuspineda et al,
2007), positively correlating with perfusion of cortical lesions
(Finnigan et al., 2004). Faster beta band hyper-synchronization
is related to motor impairment in Parkinson’s patients, and its
disappearance is associated with successful treatment with both
medication (Silberstein et al., 2005) or deep brain stimulation
(DBS; Little and Brown, 2014). Interestingly, administration of
psychostimulants improves behavior in attention-deficit hyper-
activity disorder (ADHD) and is found to normalize slow-wave
patterns of EEG activity (Clarke et al., 2007). However a non-
trivial caveat is that the notion of EEG abnormality (and its nor-
malization following treatment) appears to be state-dependent
(Arnsetal., 2009), meaning that an appropriate behavioral task(s)
may be necessary to uncover disorder-specific patterns, thereby
evolving on the passive resting-state recording. For example,
oscillatory and topographical differences between ADHD and
healthy subjects manifest distinctly (or not at all) depending on
the attentional task used (Sohn et al., 2010; Buyck and Wiersema,
2014).
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FIGURE 3 | EEG spectral signatures of healthy and psychiatric
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The actual neuromolecular processes underpinning aberrant
oscillations are likely to be both complex and diverse across
pathologies. Nevertheless, a theoretical model termed thalamo-
cortical dysrhythmia (TCD) has been put forward to explain the
pronounced spectral alterations observed in number of brain
disorders (Llinds et al., 2005; Schulman et al., 2011) which are
depicted in Figure 3 for psychiatric populations. In addition,
several reviews have provided in-depth treatments of the diverse
cellular mechanisms that appear to subserve (ab)normal brain
oscillations (Steriade et al., 1990; Llinds et al., 2005; Wang, 2010).
In this respect, however, a fundamental limitation is that disorders
conventionally categorized via cognitive/behavioral dimensions
are not necessarily neurobiologically homogenous, i.e., multiple
neural subtypes may exist within each disorder called “endophe-
notypes” This can be explained by the presence of multiple
comorbidities and the possibility for similar behavioral patterns
to be generated by dissimilar neural substrates (Tognoli and Kelso,
2014). Mounting evidence for this is provided by reports of
heterogenous EEG profiles within ADHD (Clarke et al., 2001),
depression (Pizzagalli et al., 2002), and schizophrenia (John et al.,
2007) patient groups, to name a few. A compounding problem
is that many studies in the field consist of small sample sizes
(n < 50) which, upon averaging, may limit their sensitivity
for uncovering distinctive subtypes of EEG signatures. Thus,
a mixture of heterogeneity and selective sampling could be a
feasible explanation for both the similar and contradicting EEG
signatures reported between and within disorders, respectively. A
complementary but more statistically-powerful method involves
developing and utilizing a normative database, which enables
patient groups, and importantly single individuals to be com-
pared to a much larger sampling distribution of the healthy
population (typically n > 500) (Thatcher and Lubar, 2009). This
approach, originally termed “neurometrics”, was first systemati-
cally developed by John et al. (1977), by sampling topographical
EEG across the full human lifespan and classifying a variety of
brain disorders based on their spectral signatures (John et al,
1988). Over time, and upon establishment of several databases
(Thatcher and Lubar, 2009), the general approach of examining
or classifying patients based on multivariate EEG patterns was re-
christened as quantitative EEG (qEEG), to differentiate it from
qualitative EEG interpretation. A key objective of QEEG has been
to improve sensitivity (i.e., low false-negative) and specificity
(i.e., low false-positive) rates in order to aid clinical diagnosis
and treatment (Coburn et al., 2006). Recent efforts have con-
centrated on identifying EEG biomarkers that are recurrently
expressed by particular (sub)types of brain disorders (Coburn
et al., 2006). Thus for example, in a blinded sample of 159
children and adolescents, an elevated theta/beta power ratio
was able to identify ADHD with a remarkable 87% sensitivity
and 94% specificity (Snyder et al., 2008); however, this ADHD
sample was relatively homogenous, with only 1% of children
demonstrating a familiar subtype of increased beta power. It is
important to note that biomarker differences can also appear
between different age-groups of the same disorder, e.g., ADHD
(Poil et al., 2014). Hence the key message is that brain disorders
seem to fall on a multi-dimensional continuum, with scarce
evidence to support a one-to-one mapping between specific EEG

abnormalities and cognitive-behavioral traits (i.e., one cannot be
unequivocally inferred from the other). This does not negate the
existence of a relationship per se, but rather that it is complex and
has the interesting property of degeneracy (Edelman and Gally,
2001).

THE BRAIN AS A DYNAMICAL SYSTEM

In light of the complex linkage between brain activity and behav-
ior, scientists have tried to expand the scope of their analyses by
introducing more dynamical measures of neuronal oscillations,
such as burst (Montez et al., 2009), fractal (Jagadisha et al., 2003),
and entropy metrics (Takahashi et al., 2010). The dynamical
designation relates to considering the temporal evolution of a
brain signal, as this can be overlooked upon computing the
traditional Fourier transform (e.g., power vs. frequency). In other
words, introducing time into analyses takes into account the
fact that brain oscillations are non-stationary, i.e., their oscil-
latory parameters are not constant across time. Interestingly,
such time-varying behavior can be accommodated within the
framework of dynamical systems theory, opening the door to
a whole new world of exotic phenomena: bifurcations, attrac-
tors, dynamic repertoires, and phase transitions. Although we
cannot give these full treatment (for an excellent review see
Stam, 2005, a few visual analogies may serve as an introduction.
In essence, a system’s operation can be represented in state-
space, which is best visualized as a multidimensional energy
landscape.

As depicted in Figure 4A, this can be simplified to
2-dimensions and envisaged as a ball with random energy (i.e.,
noise) traversing hills and valleys. Here, the ball (dynamic state)
will experience greater stability (i.e., larger dwell-time) within
valleys of low potential, known as basins of attraction, and less so
at the hills, known as repellors. In Figure 4B, a deeper attractor
(right) offers more stability than a shallower one (left), as it
will keep the ball within its basin at relatively greater energy
perturbations. However, is there explicit evidence of attractor-
like signatures in the brain? Quite wonderfully, it seems that
oscillations with distinct frequency “peaks” exhibit attractor
properties, such as delta and alpha rhythms (Pradhan et al,
1995; Freyer et al., 2011; Maclver and Bland, 2014). As illus-
trated in Figure 5, when common brain rhythms are plotted in
their respective phase-space, slower (alpha/delta) rhythms present
stronger attractor-related “orbits” than faster ones (beta) (Prad-
han et al., 1995). Equally so, the “waxing-and-waning” of alpha
oscillations has been observed to follow a bimodal distribution,
the latter implying that distinct dynamical processes arising from
a single cortical region are alternately expressed (Freyer et al.,
2009). Put differently, alternating (de)synchronization patterns
can be understood to display non-random statistical properties,
exemplified by different temporal distributions (i.e., dwell-times)
of low vs. high synchronization states. Such state transitions,
known as bifurcations, may be driven by both internal (Freyer
et al., 2011) as well as external (Avella Gonzalez et al., 2012)
network activity. Secondly, phasic or tonic alternations between
EEG frequencies may also be seen as reflecting dynamic tran-
sitions between attractors. One of the clearest examples can be
found in the sleep-wake cycle which reveals distinct yet recurring
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FIGURE 4 | A visual portrayal of state-space landscapes. (A) A hill and
valley representation of a repellor (left) and an attractor (right); (B) the
shallow attractor (left) has a shorter dwell-time than the deeper attractor
(right); (C) a multi-attractor landscape exhibiting multistability; (D) EEG state

Intermediate stage (IS)

PC1 Ampl. Ratio: 0.5-20Hz / 0.5-55Hz

transitions during sleep-wake activity in the rat, comprising of whisker
twitching (WT), active exploration (AE), quiet wake (QW), rapid-eye
movement (REM), slow-wave sleep (SWS), intermediate stage (IS). From
Gervasoni et al. (2004).

Alpha activity

rhythms (C), compared to the beta rhythm (B). From Pradhan et al. (1995).

Beta activity

FIGURE 5 | Phase-space dynamical plots of EEG rhythms during sleep. Attractorlike (limit cycle) shapes are more pronounced for alpha (A) and delta

Delta activity

states as well as trajectories corresponding to each neurobe-
havioral transition as shown in Figure 4D (Gervasoni et al,
2004).

This conveniently brings us the concept of multistability,
illustrated in Figure 4C. Here, a ball with a continuous source
of energy may revisit multiple states without settling into any
of them permanently (e.g., sleep-wake states, sensory percepts,
memories, network configurations). Thus, it has been proposed
that brain function may also exhibit multistability (Deco and
Jirsa, 2012; Tognoli and Kelso, 2014), a property of systems
that is neither stable nor totally unstable, but which tem-
porally alternates between multiple, mutually exclusive states
referred to as the system’s dynamic repertoire (Ghosh et al,
2008). Evidence for recurring, spatiotemporally discrete brain
patterns has emerged from both EEG (Van de Ville et al., 2010;
Baker et al., 2014; Mehrkanoon et al., 2014) and fMRI (Hellyer

et al., 2014; Tagliazucchi et al., 2014) during tasks and resting-
states. The tentative implication is that such patterns reflect
dynamic circuit motifs which coordinate specific computational
operations, including gating and integration of inputs (Wom-
elsdorf et al., 2014) as well as higher-order modular process-
ing subserved by large-scale brain networks (Baker et al., 2014;
Hellyer et al., 2014). The direct impact of neural multistability
on cognition is beautifully exemplified by the phenomenon of
bistable perception (Braun and Mattia, 2010), where percep-
tual alternations occur in spite of constant sensory stimula-
tion (e.g., Necker Cube, Vase-Faces illusion). Here, a host of
EEG parameters are reported to predict perceptual transitions,
including alpha and gamma oscillations (Kornmeier and Bach,
2012).

Last but not least, dynamical systems theory points to a
related, equally captivating topic: criticality. Derived from laws of
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thermodynamics, critical systems are said to operate at the edge
of chaos, that is to say, at an optimal “sweet-spot” between order
and disorder, which paradoxically affords flexibility and stability
(1) (Pastukhov et al., 2013; Hellyer et al., 2014). Practically speak-
ing, the brain exhibits both stability when generating consistent
behavior, and variability when learning new patterns. By navi-
gating critical boundaries, complex systems fundamentally avoid
being dominated by one of two extreme poles. The first, belonging
to the supercritical regime reflects highly disordered dynamics
typified by very brief dwell-times and unpredictable state transi-
tions, i.e., random noise. The second pole belongs to the subcriti-
cal regime and is characterized by elements so excessively coupled
that they converge on a globally stable state, i.e., absolute order.
Respective examples of the former and latter are the behavior of
a gas and a simple pendulum. Interestingly, from the oscillatory
point of view, computing the power spectral density of a gas
gives a uniformly flat spectrum, whereas a pendulum produces
a single, well-defined frequency peak. Hence, in the frequency
domain, we can respectively glimpse features of a stochastic
system without any attractors and that of a harmonic oscillator
containing a single attractor (called a limit-cycle). Accordingly,
EEG activities appear to be a mixture of high-dimensional noise-
driven processes as well as low-dimensional phenomena such as
rhythmic limit-cycles (e.g., alpha oscillations) (Stam, 2005; Freyer
et al.,, 2011). But this is insufficient to prove the brain actually
operates near criticality. Now, if we were to remove the most
prominent oscillatory peaks from the EEG power spectrum, we
could then observe its background scaling. This is recognized to
have a hyperbolic shape (1/f) known as “pink noise”, curiously
poised between “white noise” (flat) and “brown noise” (1/f?)
spectra, both of which are stochastically generated. And so arose a
stunning insight: such 1/f scaling might actually reflect scale-free
(i.e., fractal) processes characteristic of self-organized criticality
(SOC), an active mechanism that maintains complex systems in
a critical state (Bak et al., 1987). Since then, an ever-growing
body of work has emerged on neuronal avalanches and temporal
auto-correlations suggesting that the brain may indeed operate
near criticality (reviewed by Hesse and Gross, 2014), which would
endow it with maximal dynamic range, information transmission
and capacity (Shew and Plenz, 2013). Importantly, in vitro as well
as modeling studies suggest that tuning the excitation/inhibition
balance (e.g., via neuromodulators) is able to alter such putative
measures of criticality (Monto et al., 2007; Poil et al., 2012), can
be predictive of behavior (Smit et al., 2013), and has been shown
to be abnormal in several brain disorders (e.g., Montez et al.,
2009).

Hence, tying all the pieces together, we speculate that abnormal
synchronization patterns emerge from plastic changes in brain-
state attractor landscape(s), which mutually shape and are shaped
by system criticality, manifesting as subcritical or supercritical
regimes that characterize disease (Montez et al., 2009; Poil et al.,
2012); and secondly, that restoring the pathological oscillatory
signatures toward normative values found in the healthy pop-
ulation (e.g., power, phase-locking, peak frequency, 1/f) would
restore in good measure the near-critical regime required for
optimal information processing (Thatcher et al., 2009; Shew and
Plenz, 2013).

NEUROFEEDBACK: UNLOCKING DIRECT CONTROL OF BRAIN
OSCILLATIONS

In principle, all that is required to implement neurofeedback
(NFB) is an EEG amplifier connected to a computer that provides
real-time information about a person’s brain activity, otherwise
known as brain-computer interface (BCI). In so-called “open-
loop” applications, specific oscillatory patterns can be recognized
by the computer and used to issue a command, helping partic-
ipants interact with the environment independent of the body’s
conventional mode of output, which is motor. This is the basis of
BCI applications that enable quadriplegics to steer a wheelchair
(Millan et al., 2009) or “locked-in” patients to communicate
(Birbaumer et al., 2006). On the other hand, in a closed-loop
or “NFB” design, a sensory representation of the brain activity
is fed-back to users continuously in real-time (as a video game for
example), with the aim of controlling the activity in and of itself.
Put more simply, a NFB interface acts as a virtual “mirror” for
neuronal oscillations occurring within the brain, empowering a
person to explicitly modify them.

The rationale for NFB can be best understood by taking a
historical viewpoint “upon the shoulders of giants”. In this case,
NFB’s foundations may be nicely summarized by a pair of pivotal
discoveries. The first one took place a half-century ago, in the
mid-1960s, when Kamiya originally demonstrated that volitional
control of human brain oscillations can be achieved with sensory
feedback from a BCI (for a historical account, see Kamiya, 2011).
In this case real-time information of alpha rhythm activity was
provided to users via auditory feedback, who reported mental
states of relaxation and “letting go” during higher synchronization
levels. This phenomenon, since described as “operant condition-
ing”, was later shown to be possible in animals (Wyrwicka and
Sterman, 1968; Fetz, 1969). In essence, it demonstrated for the
first time the feasibility of achieving real-time control of brain
activity via sensory feedback channels. Shortly after arrived a sec-
ond seminal discovery: in cats, NFB was observed to induce long-
term changes in spontaneous oscillations outside of the training
period i.e., during sleep (Sterman et al., 1970). During what
may be described as a serendipitous breakthrough, training such
(spindle) oscillations was discovered to have a neuroprotective
effect against epileptic seizures in cats (Sterman et al., 1969).
Hence, this finding revealed for the first time NFB’s ability to
induce brain plasticity, giving rise to a direct clinical benefit. The
union of these two historic discoveries: the feasible control of
human EEG rhythms with NFB—on the one hand, and long-
term induction of brain plasticity by direct EEG entrainment—
on the other, has paved the way for a ground-breaking approach
towards modifying brain function in health (Gruzelier, 2013) and
disease (Birbaumer et al., 2009; Niv, 2013). Below, we revisit and
elaborate on these two major themes of control and plasticity from
engineering and neurobiological angles.

CONTROL I: AN ENGINEERING PERSPECTIVE ON NEUROFEEDBACK
CONTROL

Here, Arthur C. Clarke’s Third Law may prove an interesting
launch pad: “Any sufficiently advanced technology is indistin-
guishable from magic.” At first glance, NFB could be seen as
anything but “magical’, given that people universally control their
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FIGURE 6 | A prototypical closed-loop control circuit. The circuit consists of a Controller (green) which regulates the control parameter until the output of
the System (blue), measured by the Sensor (red), matches the internal reference value, or set-point (+).

brain oscillations while thinking or acting. Besides, this may
be considered as NFB’s major advantage: the fact that it safely
harnesses intrinsic brain processes. However, if this is merely the
case, is there any reason why introducing a computer should bring
anything new to the equation? Why not simply use cognitive-
behavioral methods to expose and thereby modify the required
brain oscillations and circuits?

To answer this question it will be useful to appeal to insights
from control theory, an interdisciplinary branch of engineering
that deals with the behavior of dynamical systems with inputs,
and how their behavior is modified by feedback. The cornerstone
of control theory is the feedback loop. As depicted in Figure 6,
a basic control circuit contains a Controller which adjusts the
system’s behavior according to the real-time comparison between
the output Sensor and the input reference value or set-point (+£),
with the goal of making this difference, or Measured error, zero.
An illustrative example of a basic control system is the house
thermostat, whereby the central heating (controller) is turned on
if the current temperature (measured by the output sensor) is
observed to be below the desired temperature (set-point), and
keeps heating until the difference (error signal) between them is
Z€r0.

Recent research on motor control and neuroprosthestics pro-
vide convincing data that control theoretic principles can be suc-
cessfully applied to model brain and behavior. At the most basic
level, augmenting error-feedback proportionally improves the
speed of both visuomotor (Patton et al., 2013) and BCI (Grychtol
et al., 2010) adaptive learning. Remarkably, predictions from
advanced models based on optimal control can match experimen-
tal data at both the behavioral (Todorov, 2004; Nagengast et al.,
2009) and the neural level (Héliot et al., 2010). There is moreover
a striking similarity between control system elements (controller,
sensor, and set-point) and those of NFB (brain, electrodes, and
reward threshold), respectively. Bearing this correspondence in
mind, we can try to revisit our former question. We posit that
there are (at least) two main advantages for using a closed-loop
BCI to control brain activity over simple cognition or behavior.
The first is based on the fact that if control is defined in its
technical sense of maintaining some variable near a specified value
despite disturbances, then a control system does not essentially
control what it does. Rather, it may only successfully control the
parameters that are observable to it i.e., what it senses. Hence,
a thermostat performs best only when it is able to measure

(observe) the temperature directly, regardless of complex heat
fluctuations occurring inside or outside the house. Conversely,
a thermostat without sensory access to the actual parameter of
temperature, and irrespective of how complicated its internal
model(s) of the environment may be, would quickly accumulate
errors and eventually bring about a very large temperature drift.
Given evidence that the brain respects control theoretic principles
(Todorov, 2004; Marken, 2009; Grychtol et al., 2010), it is reason-
able to hypothesize that the direct sensing accomplished by a BCI
enables control of specific brain oscillations that might otherwise
fall outside the scope of conscious awareness. Therefore, the first
advantage of NFB may be to quite literally enlarge the cerebral
sensorium, and thereby enable implicit control of covert brain
activity that may have no direct behavioral correlate(s), e.g.,
activity associated with auditory hallucinations (McCarthy-Jones,
2012).

A second prospective benefit of NFB may be gleaned by con-
sidering a car’s cruise-control system, which aims to keep a car at
a constant speed despite external perturbations (e.g., winds, road
gradients). The system is analogous to the thermostat’s, once we
exchange temperature with speed, with an important difference:
the cruise control also has higher temporal sampling. Interestingly,
feedback-control can be readily applied to the purposeful behav-
ior of both computer (cruise control system) and human (driver),
even though the physical make-up of the two systems is quite
different—electrical wires, sensors, and motors in the former, but
nerves, eyes, and muscles in the latter. Both the cruise control
system and human driver can control only what they are able to
sense or perceive to be the speed of the vehicle, respectively, albeit
the human controller is far less effective at keeping the speed con-
stant. Hence, by analogy, what can be gained by forming a human-
computer hybrid for control of brain activity? Based on control-
theory, we hypothesize that such a hybrid (i.e., BCI) may enable
human controllers to “outsource” their own sensory-feedback
processing and augment it with that of the computer, capitalizing
on both its superior sensing accuracy and/or temporal resolu-
tion. A testable hypothesis that stems from this interpretation is
that NFB-assisted control could prove more effective compared
to an unassisted human operator. There is evidence consistent
with this account indicating that NFB-regulation induces more
pronounced attention (Beatty et al., 1974) and motor-cortical
activation (Bai et al., 2014) than unregulated mental practice. This
view is strengthened further by reports that fMRI-NFB, which
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has a temporal resolution on the order of seconds but a high
spatial resolution, significantly boosts whole-brain signal to noise
compared to covert behavior alone (Papageorgiou et al., 2013).
Conversely, the lack of spatiotemporal specificity is expected to
have a negative impact on NFB control, as excessively slow or
spatially-distributed feedback signals may lead to an unwelcome
“mixing” of irrelevant activities (Bazanova and Aftanas, 2010).
Here, the specificity of NFB control could be tested on both the
spatial and temporal dimensions of feedback signals, which might
include brain regions predefined via inverse-source localization
(Congedo et al., 2004) or rhythms that need to be controlled for
a particular temporal duration/dynamic (Congedo et al., 2004;
Hoedlmoser et al., 2008). In this regard, future NFB studies
could also take inspiration from recent BCI approaches which
have exploited machine-learning methods (Lotte et al., 2007) for
identifying the individual-specific EEG patterns for training, and
that may be based on a priori behavioral performance (Xiong
etal., 2014).

The present framework implies that theoretically any observ-
able measure of brain activity can be extracted and tested for
volitional control. But what exactly constitutes successful control,
and how best to quantify it? Generally, a strict definition of control
can be formulated in the engineering sense of enhancing the
signal-to-noise ratio of a parameter relative to a control condition
(e.g., resting-state, sham, or sensory stimulation without con-
trol), which could be administered sequentially or interspersed
randomly in the experiment. Hypothesis testing may then be
used to test whether, during NFB in comparison with control
trial(s), there is a significant difference in the mean together with a
reduction (or no change) in the variability of the controlled signal.
With respect to existing methods in the literature, this approach
is technically equivalent to an analysis of variance (ANOVA) or
a Student’s t-test, which similarly account for a variable’s mean
and variance. If multiple confounding variables are involved, it
might then be appropriate to use a multivariate analysis of covari-
ance (MANCOVA). To date, some of the oscillatory parameters
reported to be volitionally controlled include amplitude (Kamiya,
2011), frequency (Angelakis et al., 2007), phase-locking (Brunner
et al., 2006) and complexity (Wang et al., 2011b). It remains to
be seen in future studies to what extent new measures of brain
dynamics can be harnessed, such as integration or segregation of
multiple brain networks, etc.

CONTROL Il: NEUROBEHAVIORAL CONDITIONING

There is the outstanding issue of the theoretical relationship
between closed-loop and “behaviorist” operant conditioning
models used to describe NFB learning? “Open-loop” models
assume causation runs in a one-way path from environmental
input to behavioral output; the system’s output does not “loop
back” and affect its input (Marken, 2009). Hence, the flow of
causality is linear in the open but circular in the closed loop.
According to behaviorist Stimulus-Response (S-R) theory, envi-
ronmental stimuli (S) cause behavioral responses (R) via the
organism, which is treated as a “black box” in between. Put sim-
ply, behaviorist perspectives see inputs causing outputs, whereas
feedback implies that outputs cause inputs. The open-loop behav-
iorist model can technically account for classical conditioning

paradigms where stimuli “cause” reflexive behavior (e.g., bell
rings, dog salivates), but less convincingly explain operant behav-
ior, which is when behavioral output (the controlled variable) is
used to “cause” sensory variables (e.g., pigeon pecks, gets more
food). Of course, since the closed-loop is circular, then it could
appear that input causes output (more food leads to more pecks).
Hence the behaviorist interpretation. However, let us consider
how was the relationship established a priori? Inherent in any def-
inition of causality is the notion that the effect cannot temporally
precede the cause. If this is the case, during the establishment
of operant conditioning, the stimulus (S) is presented after the
correctly generated behavior (R), therefore it cannot be defined
as its cause. Recent work points to an intrinsic (neural) source
of behavioral variability that may underlie an animal’s attempts
to “find” the appropriate behavior (Heisenberg et al., 2001). As
a result, we propose that NFB learning, whether it be continu-
ous or intermittent, may be better conceptually formulated by
control-theoretic closed-loop models (Todorov, 2004; Marken,
2009; Grychtol et al., 2010). In practice, this can be condensed to
the following sequence of events: initially the fluctuating feedback
signal reflects stochastic (i.e., unconditioned) neural variability
(Legenstein et al., 2010), consequently on random occasions this
neural variability will infrequently generate activity that will meet
the threshold for reward (i.e., which represents zero feedback-
error); upon presentation of the sensory cue/reward, the brain
may then “memorize” the distinct neural/behavioral state as an
internal set-point, by releasing a reward-modulated signal for
synaptic plasticity, e.g., dopamine (Legenstein et al., 2008). Cru-
cially, the latter is the starting point for subsequent loops during
which the human controller (with implicit/explicit neurocogni-
tive strategies) attempts to reproduce, in a feed-forward way,
the neural/behavioral state of the previously established set-point
(Basso and Olivetti Belardinelli, 2006). Naturally, multiple loops
(i.e., conditioning trials) will result in further refinement of the
set-point, and translate to a more efficient open-loop strategy.
Accordingly, recent data suggest that open-loops operate in the
brain (Basso and Olivetti Belardinelli, 2006), coupled with the
fact that feed-forward internal representations of input-output
transformations seem to occur during motor control, so as to
simulate predictions when feedback is not rapid enough (Wolpert
et al., 1995). Compatible with our model, latest findings indicate
that the initial stage of BCI learning is associated with activations
in prefrontal, premotor, as well as parietal cortex (Wander et al.,
2013), and that plasticity of cortico-striatal circuits is necessary
(Koralek et al., 2012). A pertinent observation is that when NFB
is given to patients with frontal lobe lesions, self-regulation of
cortical activity is only successful with feedback but abolished
during behavioral transfer (no-feedback) (Lutzenberger et al.,
1980).

Lastly, we want to point to a likely connection between NFB
and more complex neuroprosthetic learning. Although control-
theoretic principles are useful for forming a conceptual under-
standing, the underlying “neural network” reality of learning
to move a neuroprosthesis is more complex, since the number
of control dimensions and signals is much higher (Perge et al.,
2014). Nevertheless, this type of learning is still understood
to occur through a combination of intrinsic neural variability,
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sensory-feedback, error-minimization, and a global reward-signal
(Jarosiewicz et al., 2008; Legenstein et al., 2008, 2010).

CONTROL Ill: MUST NEUROFEEDBACK SIGNALS BE CONSCIOUS? A
GLOBAL WORKSPACE HYPOTHESIS

Biofeedback is marked by a strikingly large range of physiological
phenomena that can come under voluntary control, which apart
from brain oscillations, includes autonomic functions (Cowan
et al., 1990), single motor units (Fetz, 1969) and non-sensory
cortical neurons (Cerf et al., 2010). In actual practice, the sen-
sory feedback signals used in NFB are always reportable as con-
scious. Feedback signals are rarely if ever presented below sensory
threshold, or in the presence of distractions or masking noise.
Instructions generally draw the subject’s attention to the feedback
signal before training. Thus intuitively we seem to assume that
effective sensory feedback must involve clearly conscious stimuli.
In contrast, the physiological events to be trained by NFB, like
alpha activity, are generally not conscious. Neurofeedback there-
fore trains voluntary control over an unconscious physiological
process, using conscious feedback signals. In human cognition,
it is striking how few operations are conducted in a fully con-
scious fashion, and how much is allocated to highly practiced
unconscious automatisms. Language is a well-studied example, in
which only one or two “chunks” (like words or syllables), may be
conscious at any moment in time, while fast and complex syntac-
tic, semantic, word retrieval and interpersonal processes remain
largely unconscious. Human beings do not consciously decom-
pose sentences into subjects, verbs and objects; rather, in child-
hood we learn to perform such grammatical operations implicitly
and automatically. While conscious cues may trigger syntactic
operations, syntax generally operates as a large set of independent
modules. Many highly practiced automatisms in the brain seem
to operate in such a fashion. One major advantage of this task
allocation is that automatic modules do not load central limited
capacity.

Over the last 20 years, a growing experimental literature has
compared physically identical stimuli that differ only in that one
stimulus is conscious and reportable, and the other is not. Con-
scious sensory input has been shown to trigger more widespread,
more coherent, and more stimulus-specific brain activity than
closely matched unconscious input (Doesburg et al., 2009b;
Panagiotaropoulos et al., 2012; Dehaene, 2014). Binocular rivalry
is the classical example, but other techniques have been studied,
including visual backward masking, selective attention, change
blindness and the attentional blink. It has long been observed that
cortical event-related potentials show brain-wide waveforms trig-
gered by conscious stimuli. Baars (1988) and Baars et al. (2013)
present a large body of evidence showing that conscious stimuli
are widely distributed in the brain. This approach has been called
Global Workspace Theory (GWT), and it has been widely tested
empirically. Global “broadcasting” in the brain makes sense if we
think of the brain as a massively distributed “society” of active and
highly specialized neural circuits which retain local processing
initiative. Such “agent societies” have been widely studied in
computer science and have many biological analogs. A simple
example is a college classroom in which all students are equipped
with feedback clickers, allowing them to raise questions and pace

the presentation rate of powerpoint slides. The speaker’s voice
is distributed globally to all listeners, who make local decisions
whether or not to push a feedback clicker asking the speaker to
repeat or explain some point more fully. This non-hierarchical
style of functioning works well in many applications.

One can think of NFB as a retrieval problem, a task of
finding which particular physiological event is to be linked to the
feedback signal. We may draw an analogy with trying to locate
a child lost in a large city. It makes sense initially to search for
the lost child around home or school, in a local and systematic
fashion. But if the child cannot be found, it may help to broadcast
a message to all the inhabitants of the city (e.g., via TV), to
which only those who recognize it as personally relevant would
respond. The message is global, but only the appropriate local
units respond to it. Baars (1988) has suggested therefore that
NFB may work on a very wide range of neural activities because
the signal triggered by conscious stimuli is also distributed very
widely in the nervous system. If local alpha sources can generate
alpha oscillations, for example, their routine operations may
not require conscious involvement or voluntary control. In the
special case in which alpha activity evokes conscious feedback,
alpha sources may come under voluntary control of the feedback
signal (Kamiya, 2011). This is only possible if the feedback signal
is widely distributed, as conscious stimuli appear to be. An easily
testable prediction follows from these points, namely that a visual
feedback signal that is not conscious due to backward masking or
binocular rivalry would not work to establish feedback control,
even if it were physically identical to the conscious input.

Recently it was shown with intracranial recording in epileptics
that NFB permits patients to control single-neuron firing in
the temporal lobe (Cerf et al., 2010). Similar findings have
been reported in animals (Fetz, 1969). This finding suggests
another testable prediction: in epileptic patients who are medi-
cally required to wear an implanted cortical electrode grid before
brain surgery, a single electrode could be randomly selected
among a typical 64-lead grid. If epileptic patients can learn to
arbitrarily select any one of 64 electrodes on cue, via conscious
feedback, one could measure the patient’s accuracy against the a
priori random probability of controlling 1 out of 64 electrodes
at a specific time. This would yield a quantitative index of
transmission accuracy from the response-contingent conscious
feedback signal to the selected recording electrode. These data
could also be analyzed using signal detection theory (i.e., receiver-
operating characteristic), mutual information (a measure of
neural transmission volume), Tononi’s phi (Tononi, 2004), and
the like.

PLASTICITY I: HEBBIAN MECHANISMS OF PLASTICITY

The last decade has witnessed a surge of interest in the topic of
brain plasticity and the genuine promise it holds for fostering
brain health and reversing pathology (Ganguly and Poo, 2013).
Although many different techniques can be used to manipulate
neural plasticity, either through sensory, pharmacological, opto-
genetic or electromagnetic interventions, these approaches may
fall short when it comes to answering how the intact brain is
able to regulate its plasticity intrinsically, i.e., independently of
any external stimulus or substance. Studies have indeed reported
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correlational evidence for intrinsic plasticity, (Tsukamoto-Yasui
etal., 2007), yet animal experiments of this kind are prohibitive in
humans. An elegant way this question can be causally approached
in humans is via NFB, given that it permits identical sensory stim-
uli and equivalent frequencies of reward to be used across all users,
effectively clamping the external milieu. Hence, participants’
entrained neuronal (M/EEG) differences may be considered as
resulting minimally from external factors and can instead be
regarded as being driven by the modulation of intrinsic, stimulus-
independent brain states (Poulet and Petersen, 2008; Zagha and
McCormick, 2014). This makes NFB a unique tool for establishing
a causal link between endogenous brain oscillations and their
cognitive-behavioral functions.

Akin to general learning processes such as skill or language
acquisition, NFB usually requires repeated applications of
individual “training” sessions of about 20-60 min each,
occurring on separate days and spread out over weeks or
months depending on the person’s response. Accumulating data
suggest that maintaining the cortex in a persistent oscillatory
pattern via NFB effectively “conditions” the neuronal circuits
to produce the same pattern with a higher probability in the
future (Sterman et al., 1970; Lubar and Swartwood, 1995; Cho
et al., 2008; Ros et al., 2010). At present, the molecular substrates
underpinning this long-term training effect still remain to be
elucidated. However, they may be theoretically explained by
evidence that the magnitude of an EEG oscillation increases with
the number of neurons/synapses giving rise to it (Musall et al.,
2012), combined with the proverbial Hebbian principle that
“synapses that fire together wire together, and synapses that fire
apart wire apart” (Knoblauch et al., 2012). Consequently, during
amplified or “synchronized” oscillations, the population(s)
of neurons which are coherently involved in generating an
oscillatory pattern would, after some time, further strengthen the
connections between themselves, thus making it easier for this
population pattern to emerge once again in the future. Conversely,
maintaining a group of neurons in a prolonged desynchronized
state would weaken the correlated firing of their synapses and
attenuate the connections that give rise to synchronization. These
outcomes have recently been mathematically modeled in silico
with neural network models of spike-timing dependent (STDP)
Hebbian plasticity (Pfister and Tass, 2010; Zaehle et al., 2010;
Knoblauch et al., 2012) and respectively validated in vivo by
synchronizing transcranial alternating current stimulation (tACS;
Zaehle et al., 2010) and desynchronizing electrostimulation of
hippocampal circuits (Tass et al., 2009). In accordance with this
model, high-frequency (>90 Hz) DBS can successfully supress
low-frequency oscillations (~9 Hz) in Parkinson’s disease, leading
to an improvement of symptoms, while low-frequency (<50 Hz)
DBS can exacerbate them (McConnell et al., 2012). Importantly,
symptom reduction is further improved when stimulation is
performed in a closed-loop, and matched to the frequency of the
abnormal oscillations (Rosin et al., 2011).

Likewise, coordinated sensory (acoustic) stimulation seems
a promising approach for treatment of tinnitus, revealing long-
term reductions in slow-frequency rhythms (Adamchic et al,
2014). Hence, as illustrated in Figure 7, mechanisms of neural
desynchronization can be harnessed to reverse over-pronounced

Energy
Energy

Healthy

Health)/-
state 72 Stimulation

Network state

Network state

FIGURE 7 | Attractor landscape pre-post therapeutic stimulation.

(A) Before stimulation, both the pathological state (strong weights, high
neuronal synchronization) and the healthy state (weak weights, low
neuronal synchronization) are stable, i.e., they are local minima of an
abstract energy function. (B) During stimulation, the pathological state
becomes unstable and the network is driven towards the healthy state.
After stimulation has stopped, the network stays in the healthy state. From
Pfister and Tass (2010).

(pathological) oscillations which have formed due to excessive
synaptic connectivity, by tuning the network into a less-
synchronized basin of attraction (Pfister and Tass, 2010). In light
of these empirical and modeling results, it is reasonable to expect
that similar Hebbian plasticity mechanisms are likely to be at work
during endogenous entrainment (synchronization) or extinction
(desynchronization) of EEG rhythms with NFB training
(Legenstein et al., 2008). Here we select one representative
example of the former and latter from the already abundant
literature, revealing short-term (<1 day) and long-term (>1
day) changes in rhythmogenesis. To begin with, Sterman et al.
(1970) were the first to show that brain oscillations operantly
conditioned in awake cats augmented the same type activity
during subsequent sleep (<1 day), and even 1 month after
termination of training (>1 day). Recently, Cho et al. (2008) have
reported a positive correlation (r = 0.7) between alpha oscillation
amplitude at the end of a NFB session and the following session’s
resting-state (>1 day). As shown in Figure 8, the same positive
relationship (r = 0.6) is observed between oscillatory power
during NFB and the immediate post-session resting-state (<1
day), but this time for alpha-desynchronizing (supressing) NFB,
controlled by a sham-feedback group (Ros et al., 2013).

This change in resting-state desynchronization was observed
to induce a temporally-direct increase of cortical excitability
and disinhibition probed via transcranial magnetic stimulation
(TMS; Ros et al., 2010), suggesting a causal link between NFB
entrainment and changes in intrinsic brain state (Poulet and
Petersen, 2008). Moreover, this finding highlights the ability
of NFB to impact the excitation/inhibition balance of cortical
circuits, thereby potentially tuning system criticality (Poil et al.,
2012). An interesting neurobehavioral consequence of alpha
desynchronizing NFB is that it enhances functional connectivity
within a large-scale resting-state network implicated in intrinsic
alertness (“salience network”), correlating with decreased
reaction time and frequency of mind-wandering (Ros et al., 2013).
Consistent with a circular causality between mind and brain
(Freeman, 1999), NFB is thus able to simultaneously impact brain
dynamics, mental phenomena and behavior, justifying its promise
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as a next-generation treatment for neurological and psychiatric
disorders. For this reason, we refer to a NFB randomized
controlled trial that neatly demonstrates the linkage between
clinical improvement and modulations of intrinsic EEG activity
in children with ADHD (Gevensleben et al., 2009). The effects
are detailed in Figure 9A below, disclosing a positive relationship
between changes in resting-state EEG synchronization and
changes in overall ADHD symptoms (FBB-HKS score), i.e., the
children showing greatest attenuations of their theta amplitude
(consistent with the NFB protocol), exhibited the largest
improvements in clinical scores. Interestingly, as shown in
Figure 9B, these improvements were furthermore predicted by
pre-training (baseline) levels of synchronization, where children
presenting the most pronounced theta amplitudes at intake had

largest benefits from the NFB training. This outcome is entirely
consistent with findings implicating theta excess as a candidate
biomarker of ADHD (Chabot et al., 2005; Snyder et al., 2008).

PLASTICITY Il: HOMEOSTATIC PLASTICITY

Despite the appealing correlations presented in the earlier section,
they seem to tell only one side of the story. It so happens that
intra-individual variation in brain plasticity induction appears
to be equally, if not more, pronounced than inter-individual
differences. A review of recent studies with non-invasive brain
stimulation reports evidence of what is referred to as home-
ostatic plasticity or “metaplasticity” (Abraham, 2008; Ridding
and Ziemann, 2010). Essentially, even though group effects
are proven to be reliable, they generally mask a large amount
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FIGURE 9 | Long-term Hebbian plasticity following neurofeedback (NFB). Theta oscillation amplitude vs. ADHD clinical score change. (A) Change of total
ADHD score vs. post-NFB change of theta activity. (B) Change of total ADHD score vs. pre-NFB theta activity (baseline). From Gevensleben et al. (2009).
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of intra-individual variability from test-to-retest, i.e., variable
excitability changes on different days (Fratello et al., 2006). Here,
the history of prior learning (plasticity induction) in the brain
inversely determines the degree of subsequent plastic changes,
by following the so-called Bienenstock-Cooper-Monroe (BCM)
rule (Cooper and Bear, 2012). In simpler terms, prior increases in
synaptic strength (e.g., LTP-like) are more likely to be accompa-
nied by decreases in synaptic strength (e.g., LTD-like) later on if
the same induction paradigm is repeated (Miiller-Dahlhaus et al.,
2008), and vice versa. The brain, it seems, continuously oscillates
between well-defined extremes of high and low synaptic strength
(Tononi and Cirelli, 2006). This appears to be the consequence
of physiological and computational ceiling pressures which occur
naturally in synapses, the molecular mechanism of which is still
under investigation (Abraham, 2008). Homeostatic plasticity may
aid in our understanding why NFB also produces variable intra-
and inter-individual effects. Hence, oftentimes changes in EEG
synchronization occur in very opposite direction as would be
expected according to Hebbian plasticity.

As depicted in Figure 10, we have previously reported on
a paradoxical “rebound” of EEG synchronization immediately
following alpha-desynchronizing NFB in patients with PTSD,
which related to increases in subjective well-being (Kluetsch et al.,
2014). Here, alpha synchronization during NFB negatively corre-
lated with post-NF resting state changes. The important aspect
to note here is that PTSD patients have abnormally reduced
alpha-power at baseline (i.e., in the resting state) (Joki¢-Begi¢
and Begi¢, 2003). Hence, this may in effect be quite a logical
outcome, since who could expect the Hebbian form of plasticity
to perpetuate ad infinitum, leading to pathologically excessive or
reduced oscillations and compromising their essential function?
Evidently, as phenomena of epileptic hypersynchrony and flat-
line coma suggest, there is good reason why the brain keeps its
oscillations in check.

A related phenomenon is the spectral over-synchronization
frequently seen following mental fatigue (Huang et al.,, 2008)
or sleep deprivation (Gorgoni et al.,, 2014), understood to be
the product of increases in local experience-dependent plasticity
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FIGURE 10 | Homeostatic “rebound” following desynchronizing
neurofeedback (NFB). Left: mean (£SEM) global alpha amplitude in PTSD
patients: before (Baseline 1), during (Neurofeedback), and right after
neurofeedback (Baseline 2). Right: Topographic plot of mean alpha
amplitude change during neurofeedback (NFB), relative to resting-state
(Baseline 1). *p < 0.05, ** P < 0.005. From Kluetsch et al. (2014).

(Hung et al., 2013). Subsequently, following sleep, the EEG is
miraculously restored to a less synchronized state the day after
(Plante et al., 2013). Fascinatingly, this latter process seems to be
compromised in psychiatric disorder (Plante et al., 2013). Tying
all this evidence together appears to lead to a beautifully parsi-
monious conclusion: it is neither high nor low synchronization
that may be critical, but rather a golden balance in-between.
In addition to abnormalities reported in clinical populations
(Coburn et al., 2006), some investigations directly consistent with
this view observed that intermediate levels of synchronization
best predict conscious perception (Linkenkaer-Hansen et al.,
2004), whilst both high and low spectral power are associated
with attentional impairment (Pezze et al., 2014). Interestingly,
the latter appears to be due to oppositely extreme shifts in the
excitatory/inhibitory balance of the prefrontal cortex (Pezze et al.,
2014). As discussed in the previous chapter, pathological oscilla-
tions can manifest themselves as either low or high synchroniza-
tion extremes when compared to normative populations. This can
equally apply to long-range phase synchronization (e.g., increased
phase-locking of alpha rhythm in cognitive impairment, Lopez
et al., 2014) as to locally-generated oscillation amplitude (e.g.,
over-pronounced beta power in Parkinson’s, Little and Brown,
2014).

In our view, many brain pathologies could thus be succinctly
characterized as disorders of homeostatic plasticity, in light of the
above evidence as well as the fundamental links between brain
oscillations and synaptic potentiation (Tsukamoto-Yasui et al.,
2007; Vyazovskiy et al., 2008; Tsanov and Manahan-Vaughan,
2009). This could be especially the case for non-degenerative
brain disorders (e.g., ADHD, epilepsy, PTSD etc.), where func-
tional abnormalities are likely not associated with progressive
cell loss. In other words, non-degenerative brain disorders may
have a self-tuning impairment, having lost their dynamic reper-
toire by being “trapped” in an abnormal resting-state oscilla-
tory pattern (Ghosh et al., 2008). If this is correct, then one
might expect measures of neural variability to be lower in brain
disorders during task-free conditions. Several reports appear to
support this hypothesis, as fluctuations of EEG synchronization
are indeed diminished in brain disorders, including Alzheimer’s
(Stam et al., 2005), psychosis (Miiller et al., 1986), OCD (Drake
et al., 1996), tinnitus (Schlee et al., 2014) and ADHD (Woltering
et al., 2012). During task conditions, however, the relationship
can be more complicated seeing that a decrease in variability
would indicate more stable “locking” into a particular brain
state, which may or may not facilitate task performance (Stam
et al., 2002; Deco and Hugues, 2012). An excellent example of
this is how stronger theta, but weaker alpha synchronization
variability is associated with better performance during a working
memory task (Stam et al., 2002). Yet, given evidence of a com-
mon functional architecture between resting and task conditions
(Smith et al., 2009; Krienen et al., 2014), it is reasonable to
posit that the more variable dynamic range of tonic (i.e., resting-
state) EEG may underpin that of the phasic (i.e., task-related)
EEG, characterized by so called event-related oscillations (EROs),
which have been strongly implicated in cognition (Klimesch
et al., 2001; Neuper and Pfurtscheller, 2001). Hence, in light of
the aforementioned physiological ceiling effects, it is plausible
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that resting-state hyper-and hypo-synchrony may dimensionally-
restrict the dynamic range of phasic event-related synchroniza-
tion (ERS) and event-related desynchronization (ERD) patterns
(Yordanova and Kolev, 1998; Wascher et al., 2014), respectively.
To be exact, we speculate that the relative amount of ERS (ERD),
represented by percent signal change from baseline (spontaneous)
activity, could be reduced in disorders presenting hyper (hypo)
synchronization. Neurofeedback designs could thus be made to
target either tonic or phasic EEG, given this inextricable linkage
between them.

Lastly, we would like to outline two types of homeostatic
plasticity, by defining elastic homeostatic adaptation as adaptation
that does not cause any persistent changes in the system, and
plastic homeostatic adaptation as adaptation where there is a
persistent change in some part of the system (Williams, 2006).
The elastic form may be related to short-term changes (<1 day)
in EEG synchronization, such as the wake-sleep cycle, or even
ERO dynamics themselves (Neuper and Pfurtscheller, 2001).
A good example of an elastic homeostatic adaptation after
NEB might be the rebound observed by Kluetsch et al. (2014).
However, especially relevant to therapeutic applications of NFB
may be plastic homeostatic adaptation (>1 day), whereby the
homeostatic set-point of the system may be tuned lastingly. Here
again we revisit control theory, by envisioning a plastic re-tuning
of resting-state oscillations towards a new mean (set-point);
precisely what is intended by, and classically observed after, NFB
therapy (Lubar et al., 1995; Gevensleben et al., 2009). However,
the main reason why this mechanism should be considered
homeostatic, rather than simply plastic, is in order to also
accommodate observations of long-term rebound phenomena.
An interesting example supporting this model is a recent NFB
study demonstrating a long-term (>1 day) alpha rebound in
children with ADHD (Escolano et al., 2014), despite evidence of
alpha desynchronization within training sessions. This account
is further strengthened by reports that bidirectional (up/down)
NEFB training normalizes targeted ADHD band-powers toward
group mean values (Liechti et al., 2012). Hence, as a consequence
of homeostatic plasticity, a key prediction of the proposed
framework is that both unidirectional and rebound NFB
outcomes may be permissive toward normalizing pathological
brain oscillation measures (e.g., power, phase-locking, peak
frequency, 1/f), as well as the dynamical landscape that subserves
them. From this perspective, NFB training could be seen to
“tune” the brain’s intrinsic mechanisms of homeostasis, which
are used to self-organize towards an optimal (i.e., near-critical)
set-point following a period of adaptive plasticity (Hsu and
Beggs, 2006), but which have become maladaptive in pathology.

PLASTICITY Ill: STRUCTURAL PLASTICITY

Thus far, we have concentrated on aspects of functional brain
activity, yet it is now firmly established that there is an inseparable
connection between brain structure and brain function (e.g.,
Pizoli et al., 2011). Although the brain has often been compared
to the functioning of a computer, it differs from the former in a
crucial respect: in a traditional computer the physical architecture
(i.e., hardware) running the program is not modified by the
computations (i.e., software). Instead, in the brain the physical

connection strengths making up the neural networks are shaped
by their intrinsic activity (i.e., it is a form of “wetware”). On
the one hand, the structural pathways in the brain undergrid
the flow of neural activity, much like roads shape the flow
of traffic (Haimovici et al., 2013). Unsurprisingly then, white-
matter integrity has been associated with parameters such as
the alpha peak frequency (Valdés-Hernandez et al., 2010), while
gray-matter is found to positively correlate with EEG power
during brain maturation (Whitford et al., 2007). Consistent with
this, NFB control of brain oscillations can be predicted by the
morphology of underlying cortical generators (Enriquez-Geppert
et al., 2013) or associated white-matter pathways (Halder et al.,
2013). On the other hand, traffic (brain) dynamics is an emer-
gent process which is governed by the behavior of the drivers
(neural activities), e.g., traffic jams may result from a temporal
upsurge of activity. Subsequently in the brain, akin to strategic
road construction, pathways become reinforced or weakened in
response to neural activities through a process known as activity-
dependent plasticity (Butz et al., 2009; Ganguly and Poo, 2013).
Such “remodeling” involves receptor trafficking, myelination plus
spine formation (Butz et al., 2009) and may occur at different
timescales, from less than 1 h (Munz et al., 2014) to days (Butz
et al., 2009). This symbiotic interplay between structure and
function, which defines self-organizing systems, is at the heart of
NFB’s therapeutic potential: by targeting dynamic activity alone
one can unlock and induce changes in the brain’s structural
architecture, which would in turn support a more persistent
functional reorganization. After 50 years since NFB’s inception, a
recent study has finally provided empirical support for this effect,
reporting gray and white-matter increases following a total of 20 h
of training in healthy subjects (Ghaziri et al., 2013). If NFB is truly
able to “hard-wire” the brain, then one should expect a certain
stability of effects post intervention. This is indeed observed to be
the case: behavioral improvements are robustly conserved at long
term follow-up in ADHD (6 months, Gevensleben et al., 2010;
Steiner et al., 2014), autism (12 months, Kouijzer et al., 2009),
alcoholism (18 months, Watson et al., 1978), learning-disability
(2 years, Becerra et al., 2006), and epilepsy (10 years, Strehl et al.,
2014). Crucially, in the only study of its kind to date, positive
behavioral changes were associated with a sustained, maturational
improvement of the resting-state EEG (Becerra et al., 2006).

Let us return to the traffic analogy for a final reflection: the
topology (i.e., spatial organization) of road networks is not ran-
dom but contains a small proportion of long-range highways and
a greater proportion of more clustered, local roads. Remarkably,
both road networks and brain networks have been observed to
exhibit this principle of organization, obeying what has been
termed a “small-world” structure. In light of physical constraints
and wiring costs, there appears to be an optimal balance between
distributed and local connectivity that affords efficient network
performance (for a review see Bullmore and Sporns, 2009).
However, perhaps the most striking revelation is that a small-
world topology apparently facilitates systems to achieve criticality
(Russo et al., 2014) and self-generate oscillations (Wang et al.,
2011a). We thus seem to have come full circle: the development
of a healthy brain requires that it homeostatically organizes both
functionally (Boersma et al., 2011) and structurally (Butz et al.,
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2014) towards a small-world architecture. If this is true, func-
tional abnormalities due to pathological oscillations would firstly
be suggestive of an anomalous topological structure (consistent
with Stam, 2014), but, moreover, that normalizing them via
NEB would re-establish a small-world network organization. At
present, the latter is an intriguing hypothesis that remains to be
tested.

This ultimately leads us to the topic of unspecific changes and
some evident caveats, given that NFB has been known to induce
unpredictable effects on local as well as distributed EEG signa-
tures. For example, long-term training to raise theta (4-8 Hz)
over alpha (8-12 Hz) power at parietal sites was associated with
a post-training reduction of faster beta (14-18 Hz) activity in the
prefrontal cortex (Egner et al., 2004). Initially, this outcome could
be explained by an overall leftward shift in central frequency due
to entrainment of lower-frequency rhythms. However, it should
be borne in mind that intact brain reorganization is assumed to
be regulated via complex homeostatic interactions (Butz et al.,
2009). As we have argued above, plastic changes cannot neces-
sarily be expected to follow a linear path when the underlying
topology is strongly non-linear (e.g., small-world). Moreover this
conundrum inevitably holds true for all interventions, extrinsic
or intrinsic, which deal with the brain and its panoply of networks
(Mangia et al., 2014). Nevertheless, we believe this is all the more
reason to explore the brain’s innate capacity for self-organization:
the sooner its mechanisms are elucidated, the better will be our
prospects to exploit them.

CLOSING REMARKS: WHY NEUROFEEDBACK?

Apart from some interesting insights on how the brain’s resident
orchestra may tune its rhythms, we would be remiss not to discuss
whether NFB might possess any real therapeutic advantage(s)
over currently available techniques? Most of them, including
pharmacotherapy and non-invasive brain stimulation (rTMS,
tDCS), are also known to modulate brain oscillations, albeit
indirectly. So one should technically ask, why NFB? We contend
that NFB’s chief strength may not only rest in its direct con-
trol of brain oscillations, but in its safety and long-term stabil-
ity. When applied judiciously, reported adverse effects of NFB
are very rare (Hammond, 2010), and most appear limited to
mild headaches which resolve in the aftermath of training. In
comparison to the well-known side effects of medications and
the exceptional but grave complications that may ensue from
electromagnetic stimulation (Rosa et al., 2006), NFB could be
regarded as the more favorable option safety-wise. Furthermore,
being artificial, transcranial stimulation techniques produce elec-
tromagnetic driving forces that are not intrinsic to the brain,
and thus still need to be validated for their long-term safety
(Davis, 2014). Therefore, the fact that NFB may produce changes
under physiologically-normal conditions may be its greatest asset.
Interestingly, this very property may be responsible for another,
arguably even more fundamental benefit: long-term stability. A
distinguishing feature of NFB is that it is purely endogenous,
whereby self-organization is invoked by the system itself, i.e.,
from the “inside out” rather than from the “outside in”. This
could ultimately minimize treatment tolerance/withdrawal and
prove to be a critical distinction, given collective evidence that

the brain obeys principles of homeostasis, combined with reports
of NFB’s exceptionally persistent effects (e.g., Strehl et al., 2014).
In light of the amazing plasticity displayed by the human brain,
the prospect that such an approach could offer is important and
urgent enough to motivate future investigations so as to further
validate the extent of its impact on normal and pathological brain
function. The fruits of such an inquiry could lead to a remarkably
safe, non-invasive and above all natural approach for directing
neuroplastic change.

ACKNOWLEDGMENTS
We are grateful to Gil Sharvit, Kallia Apazoglou and Naomi
Steiner for helpful comments.

REFERENCES

Abraham, W. C. (2008). Metaplasticity: tuning synapses and networks for plasticity.
Nat. Rev. Neurosci. 9:387. doi: 10.1038/nrn2356

Adamchic, 1., Toth, T., Hauptmann, C., and Tass, P. A. (2014). Reversing patho-
logically increased EEG power by acoustic coordinated reset neuromodulation.
Hum. Brain Mapp. 35, 2099-2118. doi: 10.1002/hbm.22314

Akam, T. E., and Kullmann, D. M. (2012). Efficient “communication through
coherence” requires oscillations structured to minimize interference between
signals. PLoS Comput. Biol. 8:21002760. doi: 10.1371/journal.pcbi.1002760

Angelakis, E., Stathopoulou, S., Frymiare, J. L., Green, D. L., Lubar, J. E, and
Kounios, J. (2007). EEG neurofeedback: a brief overview and an example of
peak alpha frequency training for cognitive enhancement in the elderly. Clin.
Neuropsychol. 21, 110-129. doi: 10.1080/13854040600744839

Arns, M., de Ridder, S., Strehl, U., Breteler, M., and Coenen, A. (2009). Efficacy
of neurofeedback treatment in ADHD: the effects on inattention, impulsivity
and hyperactivity: a meta-analysis. Clin. EEG Neurosci. 40, 180-189. doi: 10.
1177/155005940904000311

Arns, M., Gunkelman, J., Breteler, M., and Spronk, D. (2008). EEG phenotypes
predict treatment outcome to stimulants in children with ADHD. J. Integr.
Neurosci. 7, 421-438. doi: 10.1142/50219635208001897

Avella Gonzalez, O. J., van Aerde, K. L, van Elburg, R. A. J., Poil, S.-S., Mansvelder,
H. D., Linkenkaer-Hansen, K., et al. (2012). External drive to inhibitory cells
induces alternating episodes of high- and low-amplitude oscillations. PLoS
Comput. Biol. 8:21002666. doi: 10.1371/journal.pcbi.1002666

Baars, B. J. (1988). A Cognitive Theory of Consciousness. Cambridge: Cambridge
University Press.

Baars, B. J., Franklin, S., and Ramsoy, T. Z. (2013). Global workspace dynamics:
cortical “binding and propagation” enables conscious contents. Front. Psychol.
4:200. doi: 10.3389/fpsyg.2013.00200

Babiloni, C., Frisoni, G. B., Pievani, M., Vecchio, E, Lizio, R., Buttiglione, M., et al.
(2009). Hippocampal volume and cortical sources of EEG alpha rhythms in mild
cognitive impairment and Alzheimer disease. Neuroimage 44, 123-135. doi: 10.
1016/j.neuroimage.2008.08.005

Bai, O., Huang, D., Fei, D.-Y., and Kunz, R. (2014). Effect of real-time cortical
feedback in motor imagery-based mental practice training. NeuroRehabilitation
34, 355-363. doi: 10.3233/NRE-131039

Bak, P, Tang, C., and Wiesenfeld, K. (1987). Self-organized criticality: an explana-
tion of the 1/f noise. Phys. Rev. Lett. 59, 381-384. doi: 10.1103/physrevlett.59.
381

Baker, A. P, Brookes, M. J., Rezek, I. A., Smith, S. M., Behrens, T., Probert Smith,
P. ], et al. (2014). Fast transient networks in spontaneous human brain activity.
Elife 3:e01867. doi: 10.7554/elife.01867

Basso, D., and Olivetti Belardinelli, M. (2006). The role of the feedforward
paradigm in cognitive psychology. Cogn. Process. 7, 73—88. doi: 10.1007/s10339-
006-0034-1

Bauer, M., Kluge, C., Bach, D., Bradbury, D., Heinze, H. J., Dolan, R. ],
et al. (2012). Cholinergic enhancement of visual attention and neural oscil-
lations in the human brain. Curr. Biol. 22, 397-402. doi: 10.1016/j.cub.2012.
01.022

Bazanova, O. M., and Aftanas, L. I. (2010). Individual EEG alpha activity analysis
for enhancement neurofeedback efficiency: two case studies. J. Neurother. 14,
244-253. doi: 10.1080/10874208.2010.501517

Frontiers in Human Neuroscience

www.frontiersin.org

December 2014 | Volume 8 | Article 1008 | 16


http://www.frontiersin.org/Human_Neuroscience
http://www.frontiersin.org/
http://www.frontiersin.org/Human_Neuroscience/archive

Ros et al.

A systems neuroscience framework for neurofeedback

Beatty, J., Greenberg, A., Deibler, W. P., and O’Hanlon, J. E. (1974). Operant control
of occipital theta rhythm affects performance in a radar monitoring task. Science
183, 871-873. doi: 10.1126/science.183.4127.871

Becerra, J., Fernandez, T., Harmony, T., Caballero, M. 1., Garcia, F., Fernandez-
Bouzas, A., et al. (2006). Follow-up study of learning-disabled children treated
with neurofeedback or placebo. Clin. EEG Neurosci. 37, 198-203. doi: 10.
1177/155005940603700307

Bermudez Contreras, E. J., Schjetnan, A. G. P, Muhammad, A., Bartho, P,
McNaughton, B. L. L., Kolb, B., et al. (2013). Formation and reverberation of
sequential neural activity patterns evoked by sensory stimulation are enhanced
during cortical desynchronization. Neuron 79, 555-566. doi: 10.1016/j.neuron.
2013.06.013

Birbaumer, N., Ramos Murguialday, A., Weber, C., and Montoya, P. (2009). Neuro-
feedback and brain-computer interface clinical applications. Int. Rev. Neurobiol.
86, 107-117. doi: 10.1016/S0074-7742(09)86008-X

Birbaumer, N., Weber, C., Neuper, C., Buch, E., Haapen, K., and Cohen,
L. (2006). Physiological regulation of thinking: brain-computer interface
(BCI) research. Prog. Brain Res. 159, 369-391. doi: 10.1016/s0079-6123(06)
59024-7

Boersma, M., Smit, D. J. A., de Bie, H. M. A., Van Baal, G. C. M., Boomsma, D. I.,
de Geus, E. J. C,, et al. (2011). Network analysis of resting state EEG in the
developing young brain: structure comes with maturation. Hum. Brain Mapp.
32, 413-425. doi: 10.1002/hbm.21030

Braun, J., and Mattia, M. (2010). Attractors and noise: twin drivers of decisions
and multistability. Neuroimage 52, 740-751. doi: 10.1016/j.neuroimage.2009.
12.126

Brunner, C., Scherer, R., Graimann, B., Supp, G., and Pfurtscheller, G. (2006).
Online control of a brain-computer interface using phase synchronization. IEEE
Trans. Biomed. Eng. 53, 2501-2506. doi: 10.1109/tbme.2006.881775

Bullmore, E., and Sporns, O. (2009). Complex brain networks: graph theoretical
analysis of structural and functional systems. Nat. Rev. Neurosci. 10, 186—198.
doi: 10.1038/nrn2575

Butz, M., Steenbuck, I. D., and van Ooyen, A. (2014). Homeostatic structural plas-
ticity increases the efficiency of small-world networks. Front. Synaptic Neurosci.
6:7. doi: 10.3389/fnsyn.2014.00007

Butz, M., Worgétter, F, and van Ooyen, A. (2009). Activity-dependent struc-
tural plasticity. Brain Res. Rev. 60, 287-305. doi: 10.1016/j.brainresrev.2008.
12.023

Buyck, I, and Wiersema, J. R. (2014). Task-related electroencephalographic
deviances in adults with attention deficit hyperactivity disorder. Neuropsychol-
ogy doi: 10.1037/neu0000148. [Epub ahead of print].

Buzsdki, G., Anastassiou, C. A., and Koch, C. (2012). The origin of extracellular
fields and currents—EEG, ECoG, LFP and spikes. Nat. Rev. Neurosci. 13, 407—
420. doi: 10.1038/nrn3241

Buzsiki, G., and Watson, B. O. (2012). Brain rhythms and neural syntax: impli-
cations for efficient coding of cognitive content and neuropsychiatric disease.
Dialogues Clin. Neurosci. 14, 345-367.

Cabral, J., Luckhoo, H., Woolrich, M., Joensson, M., Mohseni, H., Baker, A.,
et al. (2014). Exploring mechanisms of spontaneous functional connectivity in
MEG: how delayed network interactions lead to structured amplitude envelopes
of band-pass filtered oscillations. Neuroimage 90, 423—435. doi: 10.1016/j.
neuroimage.2013.11.047

Canolty, R. T., Ganguly, K., Kennerley, S. W., Cadieu, C. E., Koepsell, K., Wallis, J. D.,
et al. (2010). Oscillatory phase coupling coordinates anatomically dispersed
functional cell assemblies. Proc. Natl. Acad. Sci. US A 107, 17356-17361. doi: 10.
1073/pnas.1008306107

Carter, M. E., Yizhar, O., Chikahisa, S., Nguyen, H., Adamantidis, A., Nishino, S.,
et al. (2010). Tuning arousal with optogenetic modulation of locus coeruleus
neurons. Nat. Neurosci. 13, 1526—1533. doi: 10.1038/nn.2682

Castro-Alamancos, M. A. (2004). Dynamics of sensory thalamocortical synaptic
networks during information processing states. Prog. Neurobiol. 74, 213-247.
doi: 10.1016/j.pneurobio.2004.09.002

Castro-Alamancos, M. A. (2009). Cortical up and activated states: implica-
tions for sensory information processing. Neuroscientist 15, 625-634. doi: 10.
1177/1073858409333074

Cerf, M., Thiruvengadam, N., Mormann, E, Kraskov, A., Quiroga, R. Q., Koch,
C., et al. (2010). On-line, voluntary control of human temporal lobe neurons.
Nature 467, 1104-1108. doi: 10.1038/nature09510

Chabot, R. J., di Michele, E, and Prichep, L. (2005). The role of quantitative
electroencephalography in child and adolescent psychiatric disorders. Child
Adolesc. Psychiatr. Clin. N. Am. 14, 21-53, v—vi. doi: 10.1016/j.chc.2004.
07.005

Chen, C.-R,, Yang, S.-R., Liu, Y.-Y., Qu, W.-M,, Urade, Y., and Huang, Z.-L. (2013).
Roles of adrenergic 1 and dopamine D1 and D2 receptors in the mediation
of the desynchronization effects of modafinil in a mouse EEG synchronization
model. PLoS One 8:¢76102. doi: 10.1371/journal.pone.0076102

Cho, M. K,, Jang, H. S., Jeong, S.-H., Jang, L.-S., Choi, B.-]., and Lee, M.-G. T.
(2008). Alpha neurofeedback improves the maintaining ability of alpha activity.
Neuroreport 19, 315-317. doi: 10.1097/WNR.0b013e3282f4f022

Chu, C.J., Kramer, M. A., Pathmanathan, J., Bianchi, M. T., Westover, M. B., Wizon,
L., et al. (2012). Emergence of stable functional networks in long-term human
electroencephalography. J. Neurosci. 32, 2703-2713. doi: 10.1523/JNEUROSCI.
5669-11.2012

Clarke, A. R,, Barry, R. J., McCarthy, R., and Selikowitz, M. (2001). Excess beta
activity in children with attention-deficit/hyperactivity disorder: an atypical
electrophysiological group. Psychiatry Res. 103, 205-218. doi: 10.1016/50165-
1781(01)00277-3

Clarke, A. R., Barry, R. J., McCarthy, R., Selikowitz, M., and Johnstone, S. J.
(2007). Effects of stimulant medications on the EEG of girls with attention-
deficit/hyperactivity disorder. Clin. Neurophysiol. 118, 2700-2708. doi: 10.
1016/j.clinph.2007.08.020

Coburn, K. L., Lauterbach, E. C., Boutros, N. N., Black, K. J., Arciniegas, D. B.,
and Coffey, C. E. (2006). The value of quantitative electroencephalography in
clinical psychiatry: a report by the committee on research of the American
neuropsychiatric association. J. Neuropsychiatry Clin. Neurosci. 18, 460-500.
doi: 10.1176/appi.neuropsych.18.4.460

Cohen, M. R., and Maunsell, J. H. R. (2009). Attention improves performance
primarily by reducing interneuronal correlations. Nat. Neurosci. 12, 1594—1600.
doi: 10.1038/nn.2439

Congedo, M., Lubar, J. E, and Joffe, D. (2004). Low-resolution electromagnetic
tomography neurofeedback. IEEE Trans. Neural Syst. Rehabil. Eng. 12, 387-397.
doi: 10.1109/tnsre.2004.840492

Contreras, D., and Steriade, M. (1995). Cellular basis of EEG slow rhythms: a study
of dynamic corticothalamic relationships. J. Neurosci. 15, 604—622.

Cooper, L. N., and Bear, M. E. (2012). The BCM theory of synapse modification
at 30: interaction of theory with experiment. Nat. Rev. Neurosci. 13, 798-810.
doi: 10.1038/nrn3353

Cowan, M. J., Kogan, H. Burr, R., Hendershot, S., and Buchanan, L.
(1990). Power spectral analysis of heart rate variability after biofeedback
training. J. Electrocardiol. 23(Suppl.), 85-94. doi: 10.1016/0022-0736(90)
90081-c

Cuspineda, E., Machado, C., Galan, L., Aubert, E., Alvarez, M. A., Llopis, E, et al.
(2007). QEEG prognostic value in acute stroke. Clin. EEG Neurosci. 38, 155-160.
doi: 10.1177/155005940703800312

Davis, N. J. (2014). Transcranial stimulation of the developing brain: a plea
for extreme caution. Front. Hum. Neurosci. 8:600. doi: 10.3389/fnhum.2014.
00600

Deco, G., and Hugues, E. (2012). Neural network mechanisms underlying stim-
ulus driven variability reduction. PLoS Comput. Biol. 8:€1002395. doi: 10.
1371/journal.pcbi.1002395

Deco, G., and Jirsa, V. K. (2012). Ongoing cortical activity at rest: critical-
ity, multistability and ghost attractors. J. Neurosci. 32, 3366-3375. doi: 10.
1523/JNEUROSCI.2523-11.2012

Dehaene, S. (2014). Consciousness and the Brain: Deciphering how the Brain Codes
our Thoughts. London: Penguin.

Delagrange, P., Canu, M. H., Rougeul, A., Buser, P., and Bouyer, J. J. (1993). Effects
of locus coeruleus lesions on vigilance and attentive behaviour in cat. Behav.
Brain Res. 53, 155-165. doi: 10.1016/s0166-4328(05)80275-x

Destexhe, A. (2007). High-conductance state. Scholarpedia 2, 1341. doi: 10.
4249/scholarpedia.1341

Doesburg, S. M., Green, J. J., McDonald, J. J., and Ward, L. M. (2009a). From local
inhibition to long-range integration: a functional dissociation of alpha-band
synchronization across cortical scales in visuospatial attention. Brain Res. 1303,
97-110. doi: 10.1016/j.brainres.2009.09.069

Doesburg, S. M., Green, J. J., McDonald, J. J., and Ward, L. M. (2009b). Rhythms
of consciousness: binocular rivalry reveals large-scale oscillatory network

Frontiers in Human Neuroscience

www.frontiersin.org

December 2014 | Volume 8 | Article 1008 | 17


http://www.frontiersin.org/Human_Neuroscience
http://www.frontiersin.org/
http://www.frontiersin.org/Human_Neuroscience/archive

Ros et al.

A systems neuroscience framework for neurofeedback

dynamics mediating visual perception. PLoS One 4:e6142. doi: 10.1371/journal.
pone.0006142

Drake, M. E. Jr., Pakalnis, A., and Newell, S. A. (1996). EEG frequency anal-
ysis in obsessive-compulsive disorder. Neuropsychobiology 33, 97-99. doi: 10.
1159/000119257

Dustman, R. E., Shearer, D. E., and Emmerson, R. Y. (1999). Life-span changes
in EEG spectral amplitude, amplitude variability and mean frequency. Clin.
Neurophysiol. 110, 1399-1409. doi: 10.1016/s1388-2457(99)00102-9

Ecker, A. S., Berens, P., Keliris, G. A., Bethge, M., Logothetis, N. K., and Tolias,
A.S. (2010). Decorrelated neuronal firing in cortical microcircuits. Science 327,
584-587. doi: 10.1126/science.1179867

Edelman, G. M., and Gally, J. A. (2001). Degeneracy and complexity in biological
systems. Proc. Natl. Acad. Sci. U S A 98, 13763-13768. doi: 10.1073/pnas.
231499798

Egner, T., Zech, T. E, and Gruzelier, J. H. (2004). The effects of neurofeedback train-
ing on the spectral topography of the electroencephalogram. Clin. Neurophysiol.
115, 2452-2460. doi: 10.1016/j.clinph.2004.05.033

Engel, A. K., Gerloff, C., Hilgetag, C. C., and Nolte, G. (2013). Intrinsic coupling
modes: multiscale interactions in ongoing brain activity. Neuron 80, 867-886.
doi: 10.1016/j.neuron.2013.09.038

Enriquez-Geppert, S., Huster, R. J., Scharfenort, R., Mokom, Z. N., Vosskuhl, J.,
Figge, C., et al. (2013). The morphology of midcingulate cortex predicts frontal-
midline theta neurofeedback success. Front. Hum. Neurosci. 7:453. doi: 10.
3389/fnhum.2013.00453

Ergenoglu, T., Demiralp, T., Bayraktaroglu, Z., Ergen, M., Beydagi, H., and Uresin,
Y. (2004). Alpha rhythm of the EEG modulates visual detection performance
in humans. Brain Res. Cogn. Brain Res. 20, 376-383. doi: 10.1016/j.cogbrainres.
2004.03.009

Escolano, C., Navarro-Gil, M., Garcia-Campayo, J., Congedo, M., and Minguez,
J. (2014). The effects of individual upper alpha neurofeedback in ADHD: an
open-label pilot study. Appl. Psychophysiol. Biofeedback 39, 193-202. doi: 10.
1007/s10484-014-9257-6

Ezure, K., and Oshima, T. (1981). Excitation of slow pyramidal tract cells and their
family neurones during phasic and tonic phases of EEG arousal. Jpn. J. Physiol.
31, 737-748. doi: 10.2170/jiphysiol.31.737

Fan, J., Byrne, J., Worden, M. S., Guise, K. G., McCandliss, B. D., Fossella, J., et al.
(2007). The relation of brain oscillations to attentional networks. J. Neurosci. 27,
6197-6206. doi: 10.1523/jneurosci.1833-07.2007

Fetz, E. E. (1969). Operant conditioning of cortical unit activity. Science 163, 955—
958. doi: 10.1126/science.163.3870.955

Fingelkurts, A. A., Fingelkurts, A. A., Ermolaev, V. A., and Kaplan, A. Y. (2006).
Stability, reliability and consistency of the compositions of brain oscillations.
Int. J. Psychophysiol. 59, 116-126. doi: 10.1016/j.ijpsycho.2005.03.014

Finnigan, S. P, Rose, S. E., Walsh, M., Griffin, M., Janke, A. L., McMahon, K. L.,
et al. (2004). Correlation of quantitative EEG in acute ischemic stroke with 30-
day NIHSS score: comparison with diffusion and perfusion MRI. Stroke 35, 899—
903. doi: 10.1161/01.str.0000122622.73916.d2

Foster, B. L., Kaveh, A., Dastjerdi, M., Miller, K. J., and Parvizi, J. (2013). Human
retrosplenial cortex displays transient theta phase locking with medial temporal
cortex prior to activation during autobiographical memory retrieval. J. Neurosci.
33, 10439-10446. doi: 10.1523/J]NEUROSCI.0513-13.2013

Fratello, E, Veniero, D., Curcio, G., Ferrara, M., Marzano, C., Moroni, E, et al.
(2006). Modulation of corticospinal excitability by paired associative stimula-
tion: reproducibility of effects and intraindividual reliability. Clin. Neurophysiol.
117, 2667-2674. doi: 10.1016/j.clinph.2006.07.315

Freeman, W. J. (1999). Consciousness, intentionality and causality. J. Conscious.
Stud. 6, 143-172.

Freyer, E, Aquino, K., Robinson, P. A., Ritter, P., and Breakspear, M. (2009).
Bistability and non-Gaussian fluctuations in spontaneous cortical activity. J.
Neurosci. 29, 8512-8524. doi: 10.1523/JNEUROSCI.0754-09.2009

Freyer, E, Roberts, J. A., Becker, R., Robinson, P. A,, Ritter, P., and Breakspear,
M. (2011). Biophysical mechanisms of multistability in resting-state cortical
rhythms. J. Neurosci. 31, 6353-6361. doi: 10.1523/JNEUROSCI.6693-10.2011

Fries, P. (2005). A mechanism for cognitive dynamics: neuronal communication
through neuronal coherence. Trends Cogn. Sci. 9, 474—480. doi: 10.1016/j.tics.
2005.08.011

Fries, P., Reynolds, J. H., Rorie, A. E., and Desimone, R. (2001). Modulation of
oscillatory neuronal synchronization by selective visual attention. Science 291,
1560-1563. doi: 10.1126/science.1055465

Fuster, J. M. (1958). Effects of stimulation of brain stem on tachistoscopic percep-
tion. Science 127:150. doi: 10.1126/science.127.3290.150

Ganguly, K., and Poo, M. M. (2013). Activity-dependent neural plasticity from
bench to bedside. Neuron 80, 729-741. doi: 10.1016/j.neuron.2013.10.028

Gervasoni, D., Lin, S.-C., Ribeiro, S., Soares, E. S., Pantoja, J., and Nicolelis,
M. A. L. (2004). Global forebrain dynamics predict rat behavioral states and
their transitions. J. Neurosci. 24, 11137-11147. doi: 10.1523/jneurosci.3524-04.
2004

Gevensleben, H., Holl, B., Albrecht, B., Schlamp, D., Kratz, O., Studer, P, et al.
(2009). Distinct EEG effects related to neurofeedback training in children with
ADHD: a randomized controlled trial. Int. J. Psychophysiol. 74, 149-157. doi: 10.
1016/j.ijpsycho.2009.08.005

Gevensleben, H., Holl, B., Albrecht, B., Schlamp, D., Kratz, O., Studer, P., et al.
(2010). Neurofeedback training in children with ADHD: 6-month follow-up of
arandomised controlled trial. Eur. Child Adolesc. Psychiatry 19, 715-724. doi: 10.
1007/s00787-010-0109-5

Ghaziri, J., Tucholka, A., Larue, V., Blanchette-Sylvestre, M., Reyburn, G., Gilbert,
G., et al. (2013). Neurofeedback training induces changes in white and gray
matter. Clin. EEG Neurosci. 44, 265-272. doi: 10.1177/1550059413476031

Ghosh, A, Rho, Y., McIntosh, A. R., Kétter, R., and Jirsa, V. K. (2008). Noise during
rest enables the exploration of the brain’s dynamic repertoire. PLoS Comput.
Biol. 4:e1000196. doi: 10.1371/journal.pcbi.1000196

Gompf, H. S., Mathai, C., Fuller, P. M., Wood, D. A., Pedersen, N. P., Saper, C. B.,
etal. (2010). Locus ceruleus and anterior cingulate cortex sustain wakefulness in
a novel environment. J. Neurosci. 30, 14543—14551. doi: 10.1523/JNEUROSCI.
3037-10.2010

Gorgoni, M., Ferlazzo, E, Ferrara, M., Moroni, F, D’Atri, A., Fanelli, S.,
et al. (2014). Topographic electroencephalogram changes associated with
psychomotor vigilance task performance after sleep deprivation. Sleep Med. 15,
1132-1139. doi: 10.1016/j.sleep.2014.04.022

Gregoriou, G. G., Rossi, A. E, Ungerleider, L. G., and Desimone, R. (2014). Lesions
of prefrontal cortex reduce attentional modulation of neuronal responses and
synchrony in V4. Nat. Neurosci. 17, 1003-1011. doi: 10.1038/nn.3742

Griitzner, C., Wibral, M., Sun, L., Rivolta, D., Singer, W., Maurer, K., et al. (2013).
Deficits in high- (>60 Hz) gamma-band oscillations during visual processing in
schizophrenia. Front. Hum. Neurosci. 7:88. doi: 10.3389/fnhum.2013.00088

Gruzelier, J. H. (2013). EEG-neurofeedback for optimising performance I: a review
of cognitive and affective outcome in healthy participants. Neurosci. Biobehav.
Rev. 44, 124-141. doi: 10.1016/j.neubiorev.2013.09.015

Grychtol, B., Lakany, H., Valsan, G., and Conway, B. A. (2010). Human behavior
integration improves classification rates in real-time BCI. IEEE Trans. Neural
Syst. Rehabil. Eng. 18, 362—-368. doi: 10.1109/TNSRE.2010.2053218

Gudmundsson, S., Runarsson, T. P., Sigurdsson, S., Eiriksdottir, G., and Johnsen, K.
(2007). Reliability of quantitative EEG features. Clin. Neurophysiol. 118, 2162—
2171. doi: 10.1016/j.clinph.2007.06.018

Haegens, S., Nacher, V., Luna, R., Romo, R., and Jensen, O. (2011). a-Oscillations
in the monkey sensorimotor network influence discrimination performance by
rhythmical inhibition of neuronal spiking. Proc. Natl. Acad. Sci. U S A 108,
19377-19382. doi: 10.1073/pnas.1117190108

Haimovici, A., Tagliazucchi, E., Balenzuela, P, and Chialvo, D. R. (2013). Brain
organization into resting state networks emerges at criticality on a model of the
human connectome. Phys. Rev. Lett. 110:178101. doi: 10.1103/physrevlett.110.
178101

Halder, S., Varkuti, B., Bogdan, M., Kiibler, A., Rosenstiel, W., Sitaram, R.,
et al. (2013). Prediction of brain-computer interface aptitude from individ-
ual brain structure. Front. Hum. Neurosci. 7:105. doi: 10.3389/fnhum.2013.
00105

Hammond, D. C. (2010). The need for individualization in neurofeedback: het-
erogeneity in QEEG patterns associated with diagnoses and symptoms. Appl.
Psychophysiol. Biofeedback 35, 31-36. doi: 10.1007/s10484-009-9106-1

Hanslmayr, S., Staudigl, T., and Fellner, M.-C. (2012). Oscillatory power decreases
and long-term memory: the information via desynchronization hypothesis.
Front. Hum. Neurosci. 6:74. doi: 10.3389/fnhum.2012.00074

Harris, K. D., and Thiele, A. (2011). Cortical state and attention. Nat. Rev. Neurosci.
12, 509-523. doi: 10.1038/nrn3084

Heisenberg, M., Wolf, R., and Brembs, B. (2001). Flexibility in a single behavioral
variable of Drosophila. Learn. Mem. 8, 1-10. doi: 10.1101/Im.8.1.1

Heéliot, R., Ganguly, K., Jimenez, J., and Carmena, J. M. (2010). Learning in closed-
loop brain-machine interfaces: modeling and experimental validation. IEEE

Frontiers in Human Neuroscience

www.frontiersin.org

December 2014 | Volume 8 | Article 1008 | 18


http://www.frontiersin.org/Human_Neuroscience
http://www.frontiersin.org/
http://www.frontiersin.org/Human_Neuroscience/archive

Ros et al.

A systems neuroscience framework for neurofeedback

Trans. Syst. Man Cybern. B Cybern. 40, 1387-1397. doi: 10.1109/TSMCB.2009.
2036931

Hellyer, P. J., Shanahan, M., Scott, G., Wise, R. J. S., Sharp, D. J., and Leech, R.
(2014). The control of global brain dynamics: opposing actions of frontoparietal
control and default mode networks on attention. J. Neurosci. 34, 451—461.
doi: 10.1523/JNEUROSCI.1853-13.2014

Herrero, J. L., Roberts, M. J., Delicato, L. S., Gieselmann, M. A., Dayan, P., and
Thiele, A. (2008). Acetylcholine contributes through muscarinic receptors to
attentional modulation in V1. Nature 454, 1110-1114. doi: 10.1038/nature07141

Hesse, J., and Gross, T. (2014). Self-organized criticality as a fundamental prop-
erty of neural systems. Front. Syst. Neurosci. 8:166. doi: 10.3389/fnsys.2014.
00166

Hoedlmoser, K., Pecherstorfer, T., Gruber, G., Anderer, P., Doppelmayr, M.,
Klimesch, W., et al. (2008). Instrumental conditioning of human sensorimotor
rhythm (12-15 Hz) and its impact on sleep as well as declarative learning. Sleep
31, 1401-1408.

Hsu, D., and Beggs, J. M. (2006). Neuronal avalanches and criticality: a dynamical
model for homeostasis. Neurocomputing 69, 1134—1136. doi: 10.1016/j.neucom.
2005.12.060

Huang, R.-S., Jung, T.-P.,, Delorme, A., and Makeig, S. (2008). Tonic and phasic
electroencephalographic dynamics during continuous compensatory tracking.
Neuroimage 39, 1896—-1909. doi: 10.1016/j.neuroimage.2007.10.036

Hung, C.-S., Sarasso, S., Ferrarelli, F,, Riedner, B., Ghilardi, M. E, Cirelli, C., et al.
(2013). Local experience-dependent changes in the wake EEG after prolonged
wakefulness. Sleep 36, 59-72. doi: 10.5665/sleep.2302

Jagadisha, T., Gangadhar, B., Janakiramiah, N., Girish, K., and Ramakrishnan,
A. (2003). Post-seizure EEG fractal dimension and spectral power predict
antidepressant response to unilateral ECT. Indian ]. Psychiatry 45, 16-20.

Jarosiewicz, B., Chase, S. M., Fraser, G. W.,, Velliste, M., Kass, R. E., and
Schwartz, A. B. (2008). Functional network reorganization during learning in
a brain-computer interface paradigm. Proc. Natl. Acad. Sci. U S A 105, 19486—
19491. doi: 10.1073/pnas.0808113105

Jasper, H. H., and Droogleever-Fortuyn, J. (1948). Thalamo-cortical systems and
the electrical activity of the brain. Fed. Proc. 7:61.

Jensen, O., and Mazaheri, A. (2010). Shaping functional architecture by oscillatory
alpha activity: gating by inhibition. Front. Hum. Neurosci. 4:186. doi: 10.
3389/fnhum.2010.00186

John, E. R., Karmel, B. Z., Corning, W. C., Easton, P., Brown, D., Ahn, H., et al.
(1977). Neurometrics. Science 196, 1393-1410. doi: 10.1126/science.867036

John, E., Prichep, L., Fridman, J., and Easton, P. (1988). Neurometrics: computer-
assisted differential diagnosis of brain dysfunctions. Science 239, 162-169.
doi: 10.1126/science.3336779

John, E. R,, Prichep, L. S., Winterer, G., Herrmann, W. M., diMichele, E.,, Halper,
J., et al. (2007). Electrophysiological subtypes of psychotic states. Acta Psychiatr.
Scand. 116, 17-35. doi: 10.1111/j.1600-0447.2006.00983.x

Jokic¢-Begi¢, N., and Begic, D. (2003). Quantitative electroencephalogram (qEEG) in
combat veterans with post-traumatic stress disorder (PTSD). Nord. J. Psychiatry
57, 351-355. doi: 10.1080/08039480310002688

Kalmbach, A., and Waters, J. (2014). Modulation of high- and low-frequency
components of the cortical local field potential via nicotinic and muscarinic
acetylcholine receptors in anesthetized mice. J. Neurophysiol. 111, 258-272.
doi: 10.1152/jn.00244.2013

Kamiya, J. (2011). The first communications about operant conditioning of the
EEG. J. Neurother. 15, 65-73. doi: 10.1080/10874208.2011.545764

Klimesch, W., Doppelmayr, M., Yonelinas, A., Kroll, N. E., Lazzara, M., R6hm,
D., et al. (2001). Theta synchronization during episodic retrieval: neural cor-
relates of conscious awareness. Brain Res. Cogn. Brain Res. 12, 33-38. doi: 10.
1016/50926-6410(01)00024-6

Kluetsch, R. C., Ros, T., Théberge, J., Frewen, P. A., Calhoun, V. D., Schmahl, C.,
et al. (2014). Plastic modulation of PTSD resting-state networks and subjective
wellbeing by EEG neurofeedback. Acta Psychiatr. Scand. 130, 123-136. doi: 10.
1111/acps.12229

Knoblauch, A., Hauser, E, Gewaltig, M.-O., Kérner, E., and Palm, G. (2012).
Does spike-timing-dependent synaptic plasticity couple or decouple neurons
firing in synchrony? Front. Comput. Neurosci. 6:55. doi: 10.3389/fncom.2012.
00055

Koprivovd, J., Congedo, M., Horécek, J., Prasko, J., Raszka, M., Brunovsky, M., et al.
(2011). EEG source analysis in obsessive-compulsive disorder. Clin. Neurophys-
iol. 122, 1735-1743. doi: 10.1016/j.clinph.2011.01.051

Koralek, A. C., Costa, R. M., and Carmena, J. M. (2013). Temporally precise cell-
specific coherence develops in corticostriatal networks during learning. Neuron
79, 865-872. doi: 10.1016/j.neuron.2013.06.047

Koralek, A. C., Jin, X., Long, J. D. 2nd, Costa, R. M., and Carmena, J. M. (2012).
Corticostriatal plasticity is necessary for learning intentional neuroprosthetic
skills. Nature 483, 331-335. doi: 10.1038/nature10845

Kornmeier, J., and Bach, M. (2012). Ambiguous figures—what happens in the
brain when perception changes but not the stimulus. Front. Hum. Neurosci. 6:51.
doi: 10.3389/fnhum.2012.00051

Kouijzer, M. E. J., de Moor, J. M. H., Gerrits, B. J. L., Buitelaar, J. K., and van
Schie, H. T. (2009). Long-term effects of neurofeedback treatment in autism.
Res. Autism Spectr. Disord. 3, 496-501. doi: 10.1016/j.rasd.2008.10.003

Krichmar, J. L. (2008). The neuromodulatory system: a framework for survival and
adaptive behavior in a challenging world. Adapt. Behav. 16, 385-399. doi: 10.
1177/1059712308095775

Krienen, E. M., Yeo, B. T. T., and Buckner, R. L. (2014). Reconfigurable task-
dependent functional coupling modes cluster around a core functional archi-
tecture. Philos. Trans. R. Soc. Lond. B Biol. Sci. 369:20130526. doi: 10.1098/rstb.
2013.0526

Lee, S.-H., and Dan, Y. (2012). Neuromodulation of brain States. Neuron 76, 209—
222. doi: 10.1016/j.neuron.2012.09.012

Legenstein, R., Chase, S. M., Schwartz, A. B., and Maass, W. (2010). A reward-
modulated hebbian learning rule can explain experimentally observed network
reorganization in a brain control task. J. Neurosci. 30, 8400-8410. doi: 10.
1523/JNEUROSCI.4284-09.2010

Legenstein, R., Pecevski, D., and Maass, W. (2008). A learning theory for reward-
modulated spike-timing-dependent plasticity with application to biofeedback.
PLoS Comput. Biol. 4:¢1000180. doi: 10.1371/journal.pcbi.1000180

Le Van Quyen, M. (2011). The brainweb of cross-scale interactions. New Ideas
Psychol. 29, 57-63. doi: 10.1016/j.newideapsych.2010.11.001

Liechti, M. D., Maurizio, S., Heinrich, H., Jincke, L., Meier, L., Steinhausen,
H.-C., et al. (2012). First clinical trial of tomographic neurofeedback in
attention-deficit/hyperactivity disorder: Evaluation of voluntary cortical con-
trol. Clin. Neurophysiol. 123, 1989-2005. doi: 10.1016/j.clinph.2012.03.016

Lindsley, D. B., Schreiner, L. H., Knowles, W. B., and Magoun, H. W. (1950).
Behavioral and EEG changes following chronic brain stem lesions in the cat.
Electroencephalogr. Clin. Neurophysiol. 2, 483—498. doi: 10.1016/0013-4694(50)
90086-1

Linkenkaer-Hansen, K., Nikulin, V. V., Palva, S., Ilmoniemi, R. J., and Palva,
J. M. (2004). Prestimulus oscillations enhance psychophysical performance in
humans. J. Neurosci. 24, 10186—-10190. doi: 10.1523/jneurosci.2584-04.2004

Little, S., and Brown, P. (2014). The functional role of beta oscillations in
Parkinson’s disease. Parkinsonism Relat. Disord. 20(Suppl. 1), S44-S48. doi: 10.
1016/s1353-8020(13)70013-0

Llinas, R., Urbano, E. J., Leznik, E., Ramirez, R. R., and van Marle, H. J. F. (2005).
Rhythmic and dysrhythmic thalamocortical dynamics: GABA systems and the
edge effect. Trends Neurosci. 28, 325-333. doi: 10.1016/j.tins.2005.04.006

Lépez, M. E., Bruna, R., Aurtenetxe, S., Pineda-Pardo, J. A., Marcos, A., Arrazola,
J., etal. (2014). Alpha-band hypersynchronization in progressive mild cognitive
impairment: a magnetoencephalography study. J. Neurosci. 34, 14551-14559.
doi: 10.1523/JNEUROSCI.0964-14.2014

Lotte, F, Congedo, M., Lécuyer, A., Lamarche, E, and Arnaldi, B. (2007). A review
of classification algorithms for EEG-based brain-computer interfaces. J. Neural
Eng. 4, R1-R13. doi: 10.1088/1741-2560/4/2/r01

Lubar, J., and Swartwood, M. (1995). Quantitative EEG and auditory event-related
potentials in the evaluation of attention-deficit/hyperactivity disorder: effects of
methylphenidate and implications for. J. Psychoeduc. Assess. 143—-160.

Lubar, J. E, Swartwood, M. O., Swartwood, J. N., and O’Donnell, P. H. (1995).
Evaluation of the effectiveness of EEG neurofeedback training for ADHD
in a clinical setting as measured by changes in T.O.V.A. scores, behavioral
ratings and WISC-R performance. Biofeedback Self Regul. 20, 83-99. doi: 10.
1007/bf01712768

Luczak, A., Bartho, P., and Harris, K. D. (2013). Gating of sensory input by spon-
taneous cortical activity. J. Neurosci. 33, 1684-1695. doi: 10.1523/JNEUROSCI.
2928-12.2013

Lutzenberger, W., Birbaumer, N., Elbert, T., Rockstroh, B., Bippus, W., and
Breidt, R. (1980). Self-regulation of slow cortical potentials in normal subjects
and patients with frontal lobe lesions. Prog. Brain Res. 54, 427-430. doi: 10.
1016/50079-6123(08)61655-6

Frontiers in Human Neuroscience

www.frontiersin.org

December 2014 | Volume 8 | Article 1008 | 19


http://www.frontiersin.org/Human_Neuroscience
http://www.frontiersin.org/
http://www.frontiersin.org/Human_Neuroscience/archive

Ros et al.

A systems neuroscience framework for neurofeedback

Macdonald, J. S. P., Mathan, S., and Yeung, N. (2011). Trial-by-trial variations
in subjective attentional state are reflected in ongoing prestimulus EEG alpha
oscillations. Front. Psychol. 2:82. doi: 10.3389/fpsyg.2011.00082

Maclver, M. B., and Bland, B. H. (2014). Chaos analysis of EEG during isoflurane-
induced loss of righting in rats. Front. Syst. Neurosci. 8:203. doi: 10.3389/fnsys.
2014.00203

Mangia, A. L., Pirini, M., and Cappello, A. (2014). Transcranial direct current
stimulation and power spectral parameters: a tDCS/EEG co-registration study.
Front. Hum. Neurosci. 8:601. doi: 10.3389/fnhum.2014.00601

Marken, R. S. (2009). You say you had a revolution: methodological foundations
of closed-loop psychology. Rev. Gen. Psychol. 13, 137-145. doi: 10.1037/a00
15106

Mayhew, S. D., Hylands-White, N., Porcaro, C., Derbyshire, S. W. G., and Bagshaw,
A. P. (2013). Intrinsic variability in the human response to pain is assembled
from multiple, dynamic brain processes. Neuroimage 75, 68—78. doi: 10.1016/j.
neuroimage.2013.02.028

McCarthy-Jones, S. (2012). Taking back the brain: could neurofeedback train-
ing be effective for relieving distressing auditory verbal hallucinations in
patients with schizophrenia? Schizophr. Bull. 38, 678—682. doi: 10.1093/schbul/
sbs006

McConnell, G. C,, So, R. Q., Hilliard, J. D., Lopomo, P., and Grill, W. M. (2012).
Effective deep brain stimulation suppresses low-frequency network oscillations
in the basal ganglia by regularizing neural firing patterns. J. Neurosci. 32, 15657—
15668. doi: 10.1523/JNEUROSCI.2824-12.2012

Mehrkanoon, S., Breakspear, M., and Boonstra, T. W. (2014). Low-dimensional
dynamics of resting-state cortical activity. Brain Topogr. 27, 338-352. doi: 10.
1007/s10548-013-0319-5

Millan, J. D. R, Galan, E, Vanhooydonck, D., Lew, E., Philips, J., and Nuttin,
M. (2009). Asynchronous non-invasive brain-actuated control of an intelligent
wheelchair. Conf. Proc. IEEE Eng. Med. Biol. Soc. 2009, 3361-3364. doi: 10.
1109/TEMBS.2009.5332828

Montez, T, Poil, S.-S., Jones, B. F,, Manshanden, I., Verbunt, J. P. A., van Dijk, B. W.,
etal. (2009). Altered temporal correlations in parietal alpha and prefrontal theta
oscillations in early-stage Alzheimer disease. Proc. Natl. Acad. Sci. U S A 106,
1614-1619. doi: 10.1073/pnas.0811699106

Monto, S., Vanhatalo, S., Holmes, M. D., and Palva, J. M. (2007). Epilepto-
genic neocortical networks are revealed by abnormal temporal dynamics in
seizure-free subdural EEG. Cereb. Cortex 17, 1386-1393. doi: 10.1093/cercor/
bhl049

Moruzzi, G., and Magoun, H. W. (1949). Brain stem reticular formation and
activation of the EEG. Electroencephalogr. Clin. Neurophysiol. 1,455-473. doi: 10.
1016/0013-4694(49)90219-9

Miiller, H. E, Achim, A., Laur, A., and Buchbinder, A. (1986). Topography and
possible physiological significance of EEG amplitude variability in psychosis.
Acta Psychiatr. Scand. 73, 665—675. doi: 10.1111/j.1600-0447.1986.tb02741.x

Miiller-Dahlhaus, J. E. M., Orekhov, Y., Liu, Y., and Ziemann, U. (2008). Interindi-
vidual variability and age-dependency of motor cortical plasticity induced by
paired associative stimulation. Exp. Brain Res. 187, 467—475. doi: 10.1007/
500221-008-1319-7

Munz, M., Gobert, D., Schohl, A., Poquérusse, J., Podgorski, K., Spratt, P, et al.
(2014). Rapid Hebbian axonal remodeling mediated by visual stimulation.
Science 344, 904-909. doi: 10.1126/science.1251593

Musall, S., von Pfostl, V., Rauch, A., Logothetis, N. K., and Whittingstall, K.
(2012). Effects of neural synchrony on surface EEG. Cereb. Cortex 24, 1045—
1053. doi: 10.1093/cercor/bhs389

Nagengast, A. J., Braun, D. A., and Wolpert, D. M. (2009). Optimal control predicts
human performance on objects with internal degrees of freedom. PLoS Comput.
Biol. 5:21000419. doi: 10.1371/journal.pcbi.1000419

Nipflin, M., Wildi, M., and Sarnthein, J. (2007). Test-retest reliability of resting
EEG spectra validates a statistical signature of persons. Clin. Neurophysiol. 118,
2519-2524. doi: 10.1016/j.clinph.2007.07.022

Nipflin, M., Wildi, M., and Sarnthein, J. (2008). Test-retest reliability of EEG
spectra during a working memory task. Neuroimage 43, 687—693. doi: 10.1016/j.
neuroimage.2008.08.028

Neuper, C., and Pfurtscheller, G. (2001). Event-related dynamics of cortical
rhythms: frequency-specific features and functional correlates. Int. J. Psy-
chophysiol. 43, 41-58. doi: 10.1016/s0167-8760(01)00178-7

Niv, S. (2013). Clinical efficacy and potential mechanisms of neurofeedback. Pers.
Individ. Dif. 54, 676-686. doi: 10.1016/j.paid.2012.11.037

Nunez, P. L. (2000). Toward a quantitative description of large-scale neocortical
dynamic function and EEG. Behav. Brain Sci. 23, 371-398; discussion 399-437.
doi: 10.1017/s0140525x00003253

Palva, S., and Palva, J. M. (2012). Discovering oscillatory interaction networks with
M/EEG: challenges and breakthroughs. Trends Cogn. Sci. 16, 219-230. doi: 10.
1016/j.tics.2012.02.004

Panagiotaropoulos, T. I., Deco, G., Kapoor, V., and Logothetis, N. K. (2012). Neu-
ronal discharges and gamma oscillations explicitly reflect visual consciousness
in the lateral prefrontal cortex. Neuron 74, 924-935. doi: 10.1016/j.neuron.2012.
04.013

Papageorgiou, T. D., Lisinski, J. M., McHenry, M. A., White, J. P., and LaConte,
S. M. (2013). Brain-computer interfaces increase whole-brain signal to noise.
Proc. Natl. Acad. Sci. U S A 110, 13630-13635. doi: 10.1073/pnas.1210738110

Pastukhov, A., Garcia-Rodriguez, P. E., Haenicke, J., Guillamon, A., Deco, G., and
Braun, J. (2013). Multi-stable perception balances stability and sensitivity. Front.
Comput. Neurosci. 7:17. doi: 10.3389/fncom.2013.00017

Patton, J. L., Wei, Y. J., Bajaj, P., and Scheidt, R. A. (2013). Visuomotor learning
enhanced by augmenting instantaneous trajectory error feedback during reach-
ing. PLoS One 8:¢46466. doi: 10.1371/journal.pone.0046466

Perge, J. A., Zhang, S., Malik, W. Q., Homer, M. L., Cash, S., Friehs, G., et al.
(2014). Reliability of directional information in unsorted spikes and local field
potentials recorded in human motor cortex. J. Neural Eng. 11:046007. doi: 10.
1088/1741-2560/11/4/046007

Pezze, M., McGarrity, S., Mason, R., Fone, K. C., and Bast, T. (2014). Too little and
too much: hypoactivation and disinhibition of medial prefrontal cortex cause
attentional deficits. J. Neurosci. 34, 7931-7946. doi: 10.1523/JNEUROSCI.3450-
13.2014

Pfister, J.-P., and Tass, P. A. (2010). STDP in oscillatory recurrent networks:
theoretical conditions for desynchronization and applications to deep brain
stimulation. Front. Comput. Neurosci. 4:22. doi: 10.3389/fncom.2010.00022

Pizoli, C. E., Shah, M. N, Snyder, A. Z., Shimony, J. S., Limbrick, D. D., Raichle,
M. E,, et al. (2011). Resting-state activity in development and maintenance of
normal brain function. Proc. Natl. Acad. Sci. U S A 108, 11638-11643. doi: 10.
1073/pnas.1109144108

Pizzagalli, D. A., Nitschke, J. B., Oakes, T. R., Hendrick, A. M., Horras, K. A., Larson,
C. L., etal. (2002). Brain electrical tomography in depression: the importance of
symptom severity, anxiety and melancholic features. Biol. Psychiatry 52, 73-85.
doi: 10.1016/s0006-3223(02)01313-6

Plante, D. T., Goldstein, M. R., Landsness, E. C., Riedner, B. A., Guokas, J. J.,
Wanger, T., et al. (2013). Altered overnight modulation of spontaneous waking
EEG reflects altered sleep homeostasis in major depressive disorder: A high-
density EEG investigation. J. Affect. Disord. 150, 1167-1173. doi: 10.1016/j.jad.
2013.05.084

Poil, S.-S., Bollmann, S., Ghisleni, C., O’Gorman, R. L., Klaver, P, Ball, J.,
et al. (2014). Age dependent electroencephalographic changes in attention
deficit/hyperactivity disorder (ADHD). Clin. Neurophysiol. 125, 1626—1638.
doi: 10.1016/j.clinph.2013.12.118

Poil, S.-S., Hardstone, R., Mansvelder, H. D., and Linkenkaer-Hansen, K. (2012).
Critical-state dynamics of avalanches and oscillations jointly emerge from
balanced excitation/inhibition in neuronal networks. J. Neurosci. 32, 9817-9823.
doi: 10.1523/JNEUROSCI.5990-11.2012

Poulet, J. E A., and Petersen, C. C. H. (2008). Internal brain state regulates
membrane potential synchrony in barrel cortex of behaving mice. Nature 454,
881-885. doi: 10.1038/nature07150

Pradhan, N., Sadasivan, P. K., Chatterji, S., and Dutt, D. N. (1995). Patterns of
attractor dimensions of sleep EEG. Comput. Biol. Med. 25, 455-462. doi: 10.
1016/0010-4825(95)00032-y

Quilichini, P. P., and Bernard, C. (2012). Brain state-dependent neuronal computa-
tion. Front. Comput. Neurosci. 6:77. doi: 10.3389/fncom.2012.00077

Ramyead, A., Kometer, M., Studerus, E., Koranyi, S., Ittig, S., Gschwandtner, U.,
etal. (2014). Aberrant current source-density and lagged phase synchronization
of neural oscillations as markers for emerging psychosis. Schizophr. Bull. doi: 10.
1093/schbul/sbul34. [Epub ahead of print].

Renart, A., de la Rocha, J., Bartho, P, Hollender, L., Parga, N., Reyes, A., et al.
(2010). The asynchronous state in cortical circuits. Science 327, 587-590. doi: 10.
1126/science.1179850

Ridding, M. C., and Ziemann, U. (2010). Determinants of the induction of cortical
plasticity by non-invasive brain stimulation in healthy subjects. J. Physiol. 588,
2291-2304. doi: 10.1113/jphysiol.2010.190314

Frontiers in Human Neuroscience

www.frontiersin.org

December 2014 | Volume 8 | Article 1008 | 20


http://www.frontiersin.org/Human_Neuroscience
http://www.frontiersin.org/
http://www.frontiersin.org/Human_Neuroscience/archive

Ros et al.

A systems neuroscience framework for neurofeedback

Romei, V., Brodbeck, V., Michel, C., Amedi, A., Pascual-Leone, A., and Thut, G.
(2008). Spontaneous fluctuations in posterior alpha-band EEG activity reflect
variability in excitability of human visual areas. Cereb. cortex 18, 2010-2018.
doi: 10.1093/cercor/bhm229

Ros, T., Munneke, M. A. M., Ruge, D., Gruzelier, J. H., and Rothwell, J. C.
(2010). Endogenous control of waking brain rhythms induces neuroplastic-
ity in humans. Eur. J. Neurosci. 31, 770-778. doi: 10.1111/.1460-9568.2010.
07100.x

Ros, T., Théberge, J., Frewen, P. A., Kluetsch, R., Densmore, M., Calhoun, V. D.,
et al. (2013). Mind over chatter: plastic up-regulation of the fMRI salience
network directly after EEG neurofeedback. Neuroimage 65, 324-335. doi: 10.
1016/j.neuroimage.2012.09.046

Rosa, M., Picarelli, H., Teixeira, M. J., Rosa, M. O., and Marcolin, M. A. (2006).
Accidental seizure with repetitive transcranial magnetic stimulation. J. ECT 22,
265-266. doi: 10.1097/01.yct.0000244236.72049.9¢

Rosin, B., Slovik, M., Mitelman, R., Rivlin-Etzion, M., Haber, S. N., Israel, Z.,
et al. (2011). Closed-loop deep brain stimulation is superior in ameliorating
parkinsonism. Neuron 72, 370-384. doi: 10.1016/j.neuron.2011.08.023

Russo, R., Herrmann, H. J., and de Arcangelis, L. (2014). Brain modularity
controls the critical behavior of spontaneous activity. Sci. Rep. 4:4312. doi: 10.
1038/srep04312

Sadaghiani, S., and Kleinschmidt, A. (2013). Functional interactions between
intrinsic brain activity and behavior. Neuroimage 80, 379-386. doi: 10.1016/j.
neuroimage.2013.04.100

Schlee, W., Schecklmann, M., Lehner, A., Kreuzer, P. M., Vielsmeier, V., Poeppl,
T. B., et al. (2014). Reduced variability of auditory alpha activity in chronic
tinnitus. Neural Plast. 2014:436146. doi: 10.1155/2014/436146

Schulman, J. J., Cancro, R., Lowe, S., Lu, F, Walton, K. D., and Llinas, R. R.
(2011). Imaging of thalamocortical dysrhythmia in neuropsychiatry. Front.
Hum. Neurosci. 5:69. doi: 10.3389/fnhum.2011.00069

Sebban, C., Zhang, X. Q., Tesolin-Decros, B., Millan, M. J., and Spedding, M.
(1999). Changes in EEG spectral power in the prefrontal cortex of con-
scious rats elicited by drugs interacting with dopaminergic and noradren-
ergic transmission. Br. J. Pharmacol. 128, 1045-1054. doi: 10.1038/sj.bjp.07
02894

Shew, W. L., and Plenz, D. (2013). The functional benefits of criticality in the cortex.
Neuroscientist 19, 88—100. doi: 10.1177/1073858412445487

Shin, D., and Cho, K.-H. (2013). Recurrent connections form a phase-locking
neuronal tuner for frequency-dependent selective communication. Sci. Rep.
3:2519. doi: 10.1038/srep02519

Silberstein, P., Pogosyan, A., Kiihn, A. A., Hotton, G., Tisch, S., Kupsch, A., et al.
(2005). Cortico-cortical coupling in Parkinson’s disease and its modulation by
therapy. Brain 128, 1277-1291. doi: 10.1093/brain/awh480

Smit, D. J. A., Linkenkaer-Hansen, K., and de Geus, E. J. C. (2013). Long-range
temporal correlations in resting-state Alpha oscillations predict human timing-
error dynamics. J. Neurosci. 33, 11212—11220. doi: 10.1523/jneurosci.2816-12.
2013

Smith, S. M., Fox, P. T., Miller, K. L., Glahn, D. C., Fox, P. M., Mackay, C. E., et al.
(2009). Correspondence of the brain’s functional architecture during activation
and rest. Proc. Natl. Acad. Sci. U S A 106, 13040-13045. doi: 10.1073/pnas.
0905267106

Snyder, S. M., Quintana, H., Sexson, S. B., Knott, P., Haque, A. £ M., and
Reynolds, D. A. (2008). Blinded, multi-center validation of EEG and rating
scales in identifying ADHD within a clinical sample. Psychiatry Res. 159, 346—
358. doi: 10.1016/j.psychres.2007.05.006

Sohn, H., Kim, L, Lee, W., Peterson, B. S., Hong, H., Chae, J.-H., et al. (2010). Linear
and non-linear EEG analysis of adolescents with attention-deficit/hyperactivity
disorder during a cognitive task. Clin. Neurophysiol. 121, 1863—1870. doi: 10.
1016/j.clinph.2010.04.007

Stam, C. J. (2005). Nonlinear dynamical analysis of EEG and MEG: review of an
emerging field. Clin. Neurophysiol. 116, 2266—2301. doi: 10.1016/j.clinph.2005.
06.011

Stam, C. J. (2014). Modern network science of neurological disorders. Nat. Rev.
Neurosci. 15, 683-695. doi: 10.1038/nrn3801

Stam, C. J., Montez, T., Jones, B. E, Rombouts, S. A. R. B., van der Made,
Y., Pijnenburg, Y. A. L., et al. (2005). Disturbed fluctuations of resting state
EEG synchronization in Alzheimer’s disease. Clin. Neurophysiol. 116, 708-715.
doi: 10.1016/j.clinph.2004.09.022

Stam, C. J., van Cappellen van Walsum, A.-M., and Micheloyannis, S. (2002).
Variability of EEG synchronization during a working memory task in healthy
subjects. Int. J. Psychophysiol. 46, 53—66. doi: 10.1016/s0167-8760(02)00041-7

Steiner, N. ., Frenette, E. C., Rene, K. M., Brennan, R. T., and Perrin, E. C. (2014).
In-school neurofeedback training for ADHD: sustained improvements from a
randomized control trial. Pediatrics 133, 483—492. doi: 10.1542/peds.2013-2059

Steriade, M., Gloor, P, Llinds, R. R., Lopes da Silva, F. H., and Mesulam, M.-M.
(1990). Basic mechanisms of cerebral rhythmic activities. Electroencephalogr.
Clin. Neurophysiol. 76, 481-508. doi: 10.1016/0013-4694(90)90001-z

Steriade, M., McCormick, D. A., and Sejnowski, T. J. (1993). Thalamocortical
oscillations in the sleeping and aroused brain. Science 262, 679-685. doi: 10.
1126/science.8235588

Sterman, M. B., Howe, R. C., and Macdonald, L. R. (1970). Facilitation of spindle-
burst sleep by conditioning of electroencephalographic activity while awake.
Science 167, 1146—1148. doi: 10.1126/science.167.3921.1146

Sterman, M. B., LoPresti, R. W., and Fairchild, M. D. (1969). “Electroencephalo-
graphic and behavioral studies of monomethylhydrazine toxicity in the cat,”
in Technical Report AMRL-TR-69-3 (Ohio, USA: Aerospace Medical Division,
Wright-Patterson Air Force Base).

Strehl, U., Birkle, S. M., Worz, S., and Kotchoubey, B. (2014). Sustained reduction
of seizures in patients with intractable epilepsy after self-regulation training of
slow cortical potentials—10 years after. Front. Hum. Neurosci. 8:604. doi: 10.
3389/fnhum.2014.00604

Tagliazucchi, E., Carhart-Harris, R., Leech, R., Nutt, D., and Chialvo, D. R. (2014).
Enhanced repertoire of brain dynamical states during the psychedelic experi-
ence. Hum. Brain Mapp. 35, 5442-5456. doi: 10.1002/hbm.22562

Takahashi, T., Cho, R. Y., Mizuno, T., Kikuchi, M., Murata, T., Takahashi, K.,
et al. (2010). Antipsychotics reverse abnormal EEG complexity in drug-naive
schizophrenia: a multiscale entropy analysis. Neuroimage 51, 173-182. doi: 10.
1016/j.neuroimage.2010.02.009

Tass, P. A., Silchenko, A. N., Hauptmann, C., Barnikol, U. B., and Speckmann,
E.-J. (2009). Long-lasting desynchronization in rat hippocampal slice induced
by coordinated reset stimulation. Phys. Rev. E Stat. Nonlin. Soft Matter Phys.
80:011902. doi: 10.1103/physreve.80.011902

Thatcher, R. W., and Lubar, J. E. (2009). History of the scientific standards of QEEG
normative databases. Introd. Quant. EEG Neurofeedback 2009, 29-59. doi: 10.
1016/b978-0-12-374534-7.00002-2

Thatcher, R. W., North, D. M., and Biver, C. J. (2009). Self-organized criticality and
the development of EEG phase reset. Hum. Brain Mapp. 30, 553-574. doi: 10.
1002/hbm.20524

Todorov, E. (2004). Optimality principles in sensorimotor control. Nat. Neurosci.
7,907-915. doi: 10.1038/nn1309

Tognoli, E., and Kelso, J. A. S. (2014). The metastable brain. Neuron 81, 35-48.
doi: 10.1016/j.neuron.2013.12.022

Tononi, G. (2004). An information integration theory of consciousness. BMC
Neurosci. 5:42. doi: 10.1186/1471-2202-5-42

Tononi, G., and Cirelli, C. (2006). Sleep function and synaptic homeostasis. Sleep
Med. Rev. 10, 49-62. doi: 10.1016/j.smrv.2005.05.002

Tsanov, M., and Manahan-Vaughan, D. (2009). Long-term plasticity is pro-
portional to theta-activity. PLoS One 4:¢5850. doi: 10.1371/journal.pone.00
05850

Tseng, H.-A., Martinez, D., and Nadim, E (2014). The frequency preference of
neurons and synapses in a recurrent oscillatory network. J. Neurosci. 34, 12933—
12945. doi: 10.1523/jneurosci.2462-14.2014

Tsukamoto-Yasui, M., Sasaki, T., Matsumoto, W., Hasegawa, A., Toyoda, T., Usami,
A., et al. (2007). Active hippocampal networks undergo spontaneous synaptic
modification. PLoS One 2:e1250. doi: 10.1371/journal.pone.0001250

Uhlhaas, P. J., and Singer, W. (2006). Neural synchrony in brain disorders: relevance
for cognitive dysfunctions and pathophysiology. Neuron 52, 155-168. doi: 10.
1016/j.neuron.2006.09.020

Valdés-Herndndez, P. A., Ojeda-Gonzédlez, A., Martinez-Montes, E.,
Lage-Castellanos, A., Virués-Alba, T., Valdés-Urrutia, L., et al. (2010). White
matter architecture rather than cortical surface area correlates with the EEG
alpha rhythm. Neuroimage 49, 2328-2339. doi: 10.1016/j.neuroimage.2009.
10.030

Van de Ville, D., Britz, J., and Michel, C. M. (2010). EEG microstate sequences in
healthy humans at rest reveal scale-free dynamics. Proc. Natl. Acad. Sci. U S A
107, 18179-18184. doi: 10.1073/pnas.1007841107

Frontiers in Human Neuroscience

www.frontiersin.org

December 2014 | Volume 8 | Article 1008 | 21


http://www.frontiersin.org/Human_Neuroscience
http://www.frontiersin.org/
http://www.frontiersin.org/Human_Neuroscience/archive

Ros et al.

A systems neuroscience framework for neurofeedback

Varela, F, Lachaux, J. P, Rodriguez, E., and Martinerie, J. (2001). The brain-
web: phase large-scale integration. Nat. Rev. Neurosci. 2, 229-239. doi: 10.
1038/35067550

Villablanca, J. R. (2004). Counterpointing the functional role of the forebrain and
of the brainstem in the control of the sleep-waking system. J. Sleep Res. 13, 179—
208. doi: 10.1111/.1365-2869.2004.00412.x

Vyazovskiy, V. V., Cirelli, C., Pfister-Genskow, M., Faraguna, U., and Tononi, G.
(2008). Molecular and electrophysiological evidence for net synaptic potenti-
ation in wake and depression in sleep. Nat. Neurosci. 11, 200-208. doi: 10.
1038/nn2035

Wahbeh, H., and Oken, B. S. (2013). Peak high-frequency HRV and peak alpha
frequency higher in PTSD. Appl. Psychophysiol. Biofeedback 38, 57-69. doi: 10.
1007/s10484-012-9208-z

Walter, G. (1934). Thought and Brain: A Cambridge Experiment. London: The
Spectator, 10.

Wander, J. D., Blakely, T., Miller, K. J., Weaver, K. E., Johnson, L. A., Olson,
J. D., et al. (2013). Distributed cortical adaptation during learning of a brain-
computer interface task. Proc. Natl. Acad. Sci. U S A 110, 10818-10823. doi: 10.
1073/pnas.1221127110

Wang, X.-J. (2010). Neurophysiological and computational principles of cortical
rhythms in cognition. Physiol. Rev. 90, 1195-1268. doi: 10.1152/physrev.00035.
2008

Wang, X., Chen, C., Zhang, D., and Yao, H. (2014). Cumulative latency advance
underlies fast visual processing in desynchronized brain state. Proc. Natl. Acad.
Sci. US A 111, 515-520. doi: 10.1073/pnas.1316166111

Wang, S.-J., Hilgetag, C. C., and Zhou, C. (2011a). Sustained activity in hierarchi-
cal modular neural networks: self-organized criticality and oscillations. Front.
Comput. Neurosci. 5:30. doi: 10.3389/fncom.2011.00030

Wang, Q., Sourina, O., and Nguyen, M. K. (2011b). Fractal dimension based
neurofeedback in serious games. Vis. Comput. 27, 299-309. doi: 10.1007/s00371-
011-0551-5

Wascher, E., Rasch, B., Singer, J., Hoffmann, S., Schneider, D., Rinkenauer, G.,
et al. (2014). Frontal theta activity reflects distinct aspects of mental fatigue.
Biol. Psychol. 96, 57—65. doi: 10.1016/j.biopsycho.2013.11.010

Watrous, A. J., Tandon, N., Conner, C. R., Pieters, T., and Ekstrom, A. D. (2013).
Frequency-specific network connectivity increases underlie accurate spatiotem-
poral memory retrieval. Nat. Neurosci. 16, 349-356. doi: 10.1038/nn.3315

Watson, C. G., Herder, J., and Passini, E T. (1978). Alpha biofeedback therapy
in alcoholics: an 18-month follow-up. J. Clin. Psychol. 34, 765-769. doi: 10.
1002/1097-4679(197807)34:3<765::aid-jclp2270340339>3.0.c0;2-5

Werkle-Bergner, M., Grandy, T. H., Chicherio, C., Schmiedek, F., Lovdén, M., and
Lindenberger, U. (2014). Coordinated within-trial dynamics of low-frequency
neural rhythms controls evidence accumulation. J. Neurosci. 34, 8519-8528.
doi: 10.1523/jneurosci.3801-13.2014

Whitford, T. J., Rennie, C. J., Grieve, S. M., Clark, C. R., Gordon, E., and
Williams, L. M. (2007). Brain maturation in adolescence: concurrent changes
in neuroanatomy and neurophysiology. Hum. Brain Mapp. 28, 228-237. doi: 10.
1002/hbm.20273

Williams, H. T. P. (2006). Homeostatic Adaptive Networks. Doctoral Thesis. Leeds:
The University of Leeds.

Wolpert, D. M., Ghahramani, Z., and Jordan, M. 1. (1995). An internal model
for sensorimotor integration. Science 269, 1880-1882. doi: 10.1126/science.75
69931

Woltering, S., Jung, J., Liu, Z., and Tannock, R. (2012). Resting state EEG oscillatory
power differences in ADHD college students and their peers. Behav. Brain Funct.
8:60. doi: 10.1186/1744-9081-8-60

Womelsdorf, T., Valiante, T. A., Sahin, N. T., Miller, K. J., and Tiesinga, P.
(2014). Dynamic circuit motifs underlying rhythmic gain control, gating and
integration. Nat. Neurosci. 17, 1031-1039. doi: 10.1038/nn.3764

Waorgbtter, E, Suder, K., Zhao, Y., Kerscher, N., Eysel, U. T., and Funke, K. (1998).
State-dependent receptive-field restructuring in the visual cortex. Nature 396,
165-168. doi: 10.1038/24157

Wyrwicka, W., and Sterman, M. B. (1968). Instrumental conditioning of sensori-
motor cortex EEG spindles in the waking cat. Physiol. Behav. 3, 703-707. doi: 10.
1016/0031-9384(68)90139-x

Xiong, S., Cheng, C., Wu, X., Guo, X., Yao, L., and Zhang, J. (2014). Working
memory training using EEG neurofeedback in normal young adults. Biomed.
Mater. Eng. 24, 3637-3644. doi: 10.3233/BME-141191

Yordanova, J., and Kolev, V. (1998). Developmental changes in the theta response
system: a single sweep analysis. J. Psychophysiol. 12, 113-126.

Zaehle, T., Rach, S., and Herrmann, C. S. (2010). Transcranial alternating cur-
rent stimulation enhances individual alpha activity in human EEG. PLoS One
5:e13766. doi: 10.1371/journal.pone.0013766

Zagha, E., Casale, A. E., Sachdev, R. N. S., McGinley, M. J., and McCormick,
D. A. (2013). Motor cortex feedback influences sensory processing by
modulating network state. Neuron 79, 567-578. doi: 10.1016/j.neuron.2013.
06.008

Zagha, E., and McCormick, D. A. (2014). Neural control of brain state. Curr. Opin.
Neurobiol. 29C, 178-186. doi: 10.1016/j.conb.2014.09.010

Zemankovics, R., Veres, J. M., Oren, I., and Hadjos, N. (2013). Feedforward
inhibition underlies the propagation of cholinergically induced gamma oscil-
lations from hippocampal CA3 to CAl. J. Neurosci. 33, 12337-12351. doi: 10.
1523/jneurosci.3680-12.2013

Conflict of Interest Statement: The authors declare that the research was conducted
in the absence of any commercial or financial relationships that could be construed
as a potential conflict of interest.

Received: 09 October 2014; accepted: 26 November 2014; published online: 18 Decem-
ber 2014.

Citation: Ros T, Baars BJ, Lanius RA and Vuilleumier P (2014) Tuning pathological
brain oscillations with neurofeedback: a systems neuroscience framework. Front. Hum.
Neurosci. 8:1008. doi: 10.3389/fnhum.2014.01008

This article was submitted to the journal Frontiers in Human Neuroscience.
Copyright © 2014 Ros, Baars, Lanius and Vuilleumier. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution and reproduction in other forums is permitted, provided the
original author(s) or licensor are credited and that the original publication in this
journal is cited, in accordance with accepted academic practice. No use, distribution
or reproduction is permitted which does not comply with these terms.

Frontiers in Human Neuroscience

www.frontiersin.org

December 2014 | Volume 8 | Article 1008 | 22


http://dx.doi.org/10.3389/fnhum.2014.01008
http://creativecommons.org/licenses/by/4.0/
http://www.frontiersin.org/Human_Neuroscience
http://www.frontiersin.org/
http://www.frontiersin.org/Human_Neuroscience/archive

	Tuning pathological brain oscillations with neurofeedback: a systems neuroscience framework
	(De)synchronized brain states
	Normal and pathological oscillations
	The brain as a dynamical system
	Neurofeedback: unlocking direct control of brain oscillations
	Control I: an engineering perspective on neurofeedback control
	Control II: neurobehavioral conditioning
	Control III: must neurofeedback signals be conscious? A global workspace hypothesis
	Plasticity I: Hebbian mechanisms of plasticity
	Plasticity II: homeostatic plasticity
	Plasticity III: structural plasticity

	Closing remarks: why neurofeedback?
	Acknowledgments
	References


