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Highlights
•

We examined whether closed-loop neurofeedback stimulation could be used to alter α-rhythm oscillation
dynamics.

•

Closed-loop stimulation suppressed EEG long-range temporal correlations (LRTCs) and evoked
responses without changing the power spectrum.

•

A possibility to influence LRTCs automatically opens new avenues for examining the functional role of
criticality in the brain and developing novel therapeutic tools for brain disorders.

Abstract
Objective: EEG long-range temporal correlations (LRTCs) are a significant for both human cognition and brain
disorders, but beyond suppression by sensory disruption, there are little means for influencing them noninvasively. We hypothesized that LRTCs could be controlled by engaging intrinsic neuroregulation through
closed-loop neurofeedback stimulation.
Methods: We used a closed-loop-stimulation paradigm where supra-threshold α-waves trigger visual flash
stimuli while the subject performs the standard eyes-closed resting-state task. As a “sham” control condition, we
applied similar stimulus sequences without the neurofeedback.
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Results: Over three sessions, a significant difference in the LRTCs of α-band oscillations (U = 89, p < 0.028,
Wilcoxon rank sum test) and their scalp topography (T = -2.92, p < 0.010, T-test) emerged between the
neurofeedback and sham conditions so that the LRTCs were stronger during neurofeedback than sham. No
changes (F = 0.16, p > 0.69, ANOVA test) in the scalp topography of α-band power were observed in either
condition.
Conclusions: This study provides proof-of-concept for that EEG LRTCs, and hence critical brain dynamics, can
be modulated with closed-loop stimulation in an automatic, involuntary fashion. We suggest that this modulation
is mediated by an excitation-inhibition balance change achieved by the closed-loop neuroregulation.
Significance: Automatic LRTC modulation opens novel avenues for both examining the functional roles of brain
criticality in healthy subjects and for developing novel therapeutic approaches for brain disorders associated with
abnormal LRTCs.
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1. Introduction
Several lines of electrophysiological (Linkenkaer-Hansen, et al. 2001), blood-oxygenation-level dependent
(BOLD) signal imaging (Bullmore, et al. 2004) and behavioral (Gilden, et al. 1995,Palva, et al. 2013) evidence
show that many features of central-nervous system activity in vivo are scale-free. The absence of specific scale
(scale free) is a common attribute of self-similar processes or objects meaning that their properties remain
similar at any scale (Hardstone, et al. 2012). Scale-free dynamics is relevant because it is a signature
characteristic of complex systems poised at criticality (Chialvo. 2010). Operating at a critical state endows the
system maximal dynamic range (Shew, et al. 2009,Kinouchi and Copelli. 2006) and optimal information storage
and transmission capacity (Shew, et al. 2011). Scale-free dynamics of a near-critical complex system can be
quantitatively described by the corresponding power-law scaling exponents of long-range temporal correlations
(LRTCs) (Bak, et al. 1987). These exponents reflect the decay of autocorrelations and when estimated with
detrended fluctuation analysis (DFA), range from 0.5 to ~1, where 0.5 indicates a temporally uncorrelated time
series. The scaling exponents of LRTCs are both predictive of behavioral dynamics (Palva, et al. 2013,Smit, et
al. 2013) and robust biomarkers for many brain diseases (Linkenkaer-Hansen, et al. 2005,Montez, et al.
2009,Nikulin, et al. 2012). LRTCs characterize the amplitude envelopes of neuronal oscillations in human
magneto- (MEG) and electroencephalography (EEG) (Linkenkaer-Hansen, et al. 2001) as well as in intracranial
recordings (Monto, et al. 2007,Zhigalov, et al. 2015).
Discovering means to influence brain criticality would be important for both examining its functional role in
cognition and for developing novel therapeutic approaches for brain disorders associated with abnormal LRTCs.
It has been suggested that the net balance between excitation and inhibition is the control parameter that tunes
the brains to operate in the critical regime (Shew, et al. 2009,Beggs and Timme. 2012) and to avoid the subcritical and super-critical states that are associated with aberrant levels of neuronal inhibition and excitation,
respectively. Here we advance a closed-loop neurofeedback stimulation paradigm that may modulate the
excitation/inhibition (E/I) balance and the LRTCs. Neurofeedback technologies have attracted growing interest
from different fields of research and have found applications, e.g., in the treatment of brain disorders such as the
attention-deficit hyperactivity disorder (Arns, et al. 2009), epilepsy (Strehl, et al. 2014), and depression (Linden.
2014) as well as in helping people with severe neuromuscular disorders (Wolpaw, et al. 2002). Neurofeedbackbased brain-computer interfaces (BCI) have also gained popularity in digital entertainment and video gaming
(Kaplan, et al. 2013). Nevertheless, neurofeedback has not been widely acknowledged as a research tool for
cognitive neuroscience because of technical and conceptual difficulties (Jensen, et al. 2011).
Numerous studies have focused on α-rhythm- (8–12 Hz) based neuro-feedback (for review, (Gruzelier. 2014a)).
The goal of “α-training” is an intentional and voluntary modulation of amplitude of neuronal oscillations through
operant conditioning (Kamiya. 1968). An intentional increase of α-power leads to diverse cognitive
improvements such as enhanced performance in a mental rotation task (Zoefel, et al. 2011) and working memory
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capacity in a conceptual span test (Escolano, et al. 2011). α-neurofeedback also promotes other cognitive and
affective benefits such as improved sustained attention, reaction time, intelligence, and mood (Gruzelier. 2014a),
which indicates that neurofeedback can tap into functionally significant neuronal processing. Also human
perceptual performance can be enhanced endogenously by neurofeedback modulation of neuronal activity in
retinotopically specific regions of the visual cortex (Scharnowski, et al. 2012). However, comparable effects can
also by achieved exogenously through rhythmic visual (Mathewson, et al. 2012) and transcranial magnetic
(Romei, et al. 2012) stimulation (TMS).
Changes in neuronal activity caused by neurofeedback training are likely associated with systematic shifts in the
cortical E/I balance as shown, e.g., by cortico-spinal excitability measurements (Ros, et al. 2010,Studer, et al.
2014,Ros, et al. 2014). In particular, voluntary suppression of α-activity increases the cortico-spinal excitability
and decreases the intra-cortical inhibition (Ros, et al. 2010), which shows that cortical E/I balance can be directly
modulated via neurofeedback. However, to achieve such E/I shifts during cognitive tasks or in clinical
applications (Ros, et al. 2014), automatic means for E/I modulation would be preferable over voluntary and
cognitive-effort demanding methods. Closed-loop stimulation is a neurofeedback paradigm that combines the
endo- and exogenous approaches so that specific aspects of neuronal activity as used to trigger sensory stimuli
that then reciprocally influence the ongoing neuronal activity.
In this study, we developed a closed-loop stimulation paradigm where high-amplitude α-waves trigger visual
flash stimuli during an eyes-closed resting condition. The stimulation threshold allows intrinsic neuroregulation
to control the stimulation rate through α-wave amplitude adjustment. Given the direct link of α-oscillations and
excitability (Wang. 2010), such adjustments are associated with shifts in the E/I balance. Moreover, because the
subjects are not informed about the connection between ongoing neuronal activity and the visual stimuli, the
paradigm assesses specifically the effects of endogenous adaptive mechanisms (Kaplan, et al. 2005,Batty, et al.
2006). We hence hypothesized that the closed-loop stimulation changes LRTCs, which would imply a change in
the operating point of brain dynamics along the sub-/super-critical axis. We tested the hypothesis by measuring
the scaling exponents of EEG LRTCs during the neurofeedback (closed loop) and sham (disconnected loop)
conditions.

2. Methods

2.1. Participants
Nine healthy subjects (age of 18-23 years old, four female) participated in the study. This study was approved by
the Ethical Committee of the Department of Physiology of Moscow State University and was performed
according to the Declaration of Helsinki. All participants gave written informed consent. Prior EEG screening
revealed a pronounced alpha rhythm in EEG of all participants.
4

2.2. Experimental design and equipment
The participants were instructed to relax and keep their eyes closed during the experiments. Importantly, the
participants were not informed about the fact that their brain activity influences the appearance of the stimuli, in
order to perform unconscious or automatic neurofeedback closed-loop stimulation.
Neurofeedback and sham stimulation sessions were carried out in two separate days. In both sessions, brain
activity was recorded at 500 Hz from eight EEG electrodes positioned according to the 10-20 systems with
nasion reference (Fig. 1A).
In the neurofeedback session, EEG activity from the right occipital channel (Fig. 1A) was filtered in real-time
using forth order narrowband IIR filter (8–12 Hz) and the peaks of supra-threshold α-waves were detected (Fig.
1A). The threshold was adjusted individually for each subject prior to the experiment, in a manner that at least
ten α-waves with amplitude above the threshold occur during twenty seconds of recordings which ensure
minimal stimulation rate of 0.5 stimuli per second. Visual flash stimuli were presented at constant latency of
12.5 ms after the peak of supra-threshold α-wave. The stimuli were produced by eight white embedded lightemitted diodes (LED; 3mm, 2.5 cd) mounted on plastic glasses on the subject’s head. Brightness of the flashes
was adjusted so that the flashes were visible with closed eyes and did not cause discomfort. The duration of each
flash was 20 ms.
In the sham session, visual stimuli were triggered by the peaks that are detected in the neurofeedback session,
and therefore, ongoing brain activity did not influence the appearance of the stimuli. The average number of
stimuli was 1476 (± 472) that roughly corresponded to the stimulation rate of 1.2 (± 0.4) stimuli per second.
Both neurofeedback and sham conditions consisted of three sessions by 20 minutes followed by ten minutes
breaks. After each session subjects were briefly interviewed on their emotional and psychophysical conditions in
order to prevent negative outcome of the stimulation.

2.3. Data analysis
Closed-loop stimulation typically induces changes in power of EEG oscillations. EEG power is unequally
distributed over the scalp surface depending of the frequency of underlying neuronal oscillations. Spatial
distribution of power of α-oscillations has a stereotypical fronto-parietal gradient, where occipital regions show
larger amplitudes than the frontal areas of the brain.

We assessed the changes in EEG power associated with closed-loop stimulation in neurofeedback and sham
conditions. The power spectra were computed for each channel, session, condition and subject. The EEG time
series were divided into two second non-overlapping segments and Hanning windowed to reduce the spectral
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leakage. The Fourier transform was applied to each segment and the power spectra were averaged across the
segments. The power spectra were computed in the range of 3–40 Hz and had a frequency resolution of 0.5 Hz.

To investigate the changes in temporal structure of EEG we applied detrended-fluctuation analysis (DFA) (Peng,
et al. 1995). Prior to the analysis, EEG time series were filtered with Morlet wavelets (shape parameter ω=5) for
the logarithmically spaced central frequency from 3 to 40 Hz, and the amplitude envelopes (Fig. 1B) were used
normalized to zero mean and integrated, () = ∑( ) − 〈〉 , then segmented into time windows of
as an input time series for DFA. DFA is a two-stage procedure: in the first stage, time series X(k) (Fig. 1B) is

function () and the mean-squared residuals F(∆t) are computed,

various sizes ∆t (Fig. 1C). In the second stage, each segment of integrated data is locally fitted to a linear


1
(∆) =  () − ()





where N is the total number of data points. The scaling exponent β is defined as the slope of linear regression of
the function F(∆t) in double logarithmic coordinates, estimated using a least-squares algorithm.
The linearity of the slope was validated using the maximum likelihood based technique (Botcharova, et al.
2013,Botcharova, et al. 2014). The optimal fitting range for the current dataset was limited to 3–300 seconds.

To assess the statistical significance of the DFA exponents without making assumptions about the theoretical
distribution of data, the exponents were computed for phase-shuffled data (Linkenkaer-Hansen, et al.
2001,Prichard and Theiler. 1994). Phase-shuffling disrupts temporal as well as spatial correlations in
multichannel
time series while preserving the power spectrum. We repeated the phase-shuffling procedure 1000 times to
estimate the confidence interval of 99.9%, corresponding to p < 0.001.

Statistical difference of the power spectra across sessions within and between conditions were assessed using the
Kruskal-Wallis test that is a non-parametric alternative of ANOVA test. The rationale for applying the nonparametric test was that the distribution of power was not Normal (χ2 = 93.45, p < 0.0001, Chi-square test).
Similarly, we compared the scaling exponents that did not follow Normal distribution (χ2 = 76.41, p < 0.0001,
Chi-square test). The Wilcoxon rank sum test was utilized for post hoc comparisons at specific frequencies.

To evaluate changes in fronto-parietal gradient of α-band power, we first estimated the gradient (slope of linear
function) of power from occipital to frontal channels, and then applied ANOVA test to compare these slopes
across sessions within and between conditions. We ensured that the gradient was well approximated by a linear
6

function (goodness-of-fit R2 > 0.90) and that the slopes were Normally distributed (χ2 = 3.23, p > 0.66, Chisquare test). The fronto-parietal gradients of the α-band scaling exponents were compared in the same manner.
We used the t-test for post hoc comparisons between certain sessions.

To assess changes in neuronal activity at fast time-scales (0.01–0.1 s), we analyzed evoked responses. The
evoked responses were computed in a time window from -250 to 250 ms from the onsets of first stimuli in
consecutive alpha waves. Stimuli that occurred earlier than 200 ms (approximately 2 cycles α-waves) after the
first stimulus were discarded from the analysis to reduce the effect of rhythmic stimulation on the evoked
response. We compared peak-to-peak amplitudes of the responses in the time window of 0–250 ms, across
sessions within and between conditions using the Kruskal-Wallis test because the responses were far from being
Normally distributed (χ2 = 76.31, p < 0.0001, Chi-square test). For post hoc comparisons, Wilcoxon-rank-sum
test was applied.

3. Results
Closed-loop neurofeedback stimulation is known to alter brain dynamics such as the power of ongoing
oscillations and their entrainment. In this study, we address the changes in spatio-temporal neuronal dynamics
caused by closed-loop neurofeedback stimulation compared against a sham condition with using identical
stimulation but without the feedback loop.

3.1. Power spectrum remained unchanged in neurofeedback and sham conditions
We assessed the effects of closed-loop stimulation on EEG power spectra by first inspecting the sessionaveraged scalp topographies in the α-frequency band power (Fig. 2A). The topography revealed a prominent
fronto-parietal gradient but neither differences between the neurofeedback and sham conditions (F = 0.16, p >
0.69, ANOVA test) nor significant changes over the training sessions in either the neurofeedback (F = 0.21, p >
0.81, ANOVA test) or sham conditions (F = 0.19, p > 0.83, ANOVA test). We then examined the full frequency
spectrum (3–40 Hz; Fig. 2B) but again found no differences between the conditions (χ2 = 0.96, p > 0.62,
Kruskal-Wallis test) and not changes across sessions in the neurofeedback (χ2 = 1.10, p > 0.58, Kruskal-Wallis
test) or sham (χ2 = 0.25, p > 0.88, Kruskal-Wallis test) conditions.

3.2. Neurofeedback changes the spatial distribution of α-band LRTCs over the cortex
We used the detrended fluctuation analysis (DFA) to assess the power-law scaling exponents of long-range
temporal correlations (LRTCs) of amplitude envelopes of ongoing oscillations (Linkenkaer-Hansen, et al.
2001,Zhigalov, et al. 2015). In line with prior observations, we found salient power-law scaling in amplitude
envelopes of α-oscillations. To address whether the stimulation affected the scaling exponents of LRTCs, we
7

first examined the α-band topography (Fig. 3A). The results showed significant differences in the frontopariental gradient of scaling exponents between sessions in the feedback (F = 4.51, p < 0.02, ANOVA) but not in
sham (F = 0.92, p > 0.41, ANOVA) conditions. We found that the fronto-parietal gradient of scalp scaling
exponents decreased in the last session compared to the first (T = -2.46, p < 0.027, T-test) and second (T = -2.92,
p < 0.010, T-test) sessions in the feedback condition. These findings hence suggest that closed-loop α-wave
visual stimulation controlled by a single right occipital channel induces changes in the LRTC scaling exponents
over large spatial distances.

3.3. LRTCs increase in α-band in neurofeedback but not in sham conditions
We then evaluated the changes of scaling exponents as a function of frequency in the range of 3–40 Hz (Fig.
3B). The scaling exponents were significantly different (well above the 99.9% confidence interval) from those of
surrogate data in the entire frequency range (Fig. 3B). The results revealed attenuation of the scaling exponents
in a wide range of frequencies (8–32 Hz) after the first session in the feedback (χ2 = 8.48, p < 0.014, KruskalWallis test) and sham (χ2 = 7.42, p < 0.025, Kruskal-Wallis test) conditions. While both conditions shared a
similar overall attenuation pattern, we found a significant difference (U = 89, p < 0.028, Wilcoxon rank sum test)
specifically in α-frequency band scaling exponents between the neurofeedback and sham conditions in the last
session. This finding strongly suggests that unlike the uncontrollable sham-condition stimuli, closed-loop
stimulation is progressively associated with active albeit unconscious neuroregulation for restoring complexity in
brain dynamics.

3.4. Evoke responses are progressively enhanced in by feedback but not by sham stimulation
The observations above showed that closed-loop stimulation and sham stimulation had distinct effects on 3–300
s time scale neuronal dynamics reflected in LRTCs. In order to evaluate the impact of neurofeedback on
neuronal activity in sub-second time-scales, we assessed the evoked responses. The peak-to-peak amplitudes of
evoked responses in the window of 0–250 ms were compared between three sessions of feedback or sham
conditions using the Kruskal-Wallis test. For post hoc analysis, the amplitudes of evoked responses were
compared in pairwise manner between sessions using the Wilcoxon rank sum test.
The results showed that the amplitudes of evoked responses in occipital channels were significantly different
between sessions (χ2 = 6.35, p < 0.04, Kruskal-Wallis test) in feedback but not in sham (χ2 = 3.41, p > 0.18,
Kruskal-Wallis test) conditions (Fig. 4). The amplitudes of responses were progressively increased over the
sessions and a significant difference were observed between the first and last sessions (U = 233, p < 0.03,
Wilcoxon rank sum test) in the feedback condition.
We found no differences in evoked responses between sessions for the parietal (χ2 = 2.66, p > 0.27, feedback and
χ2 = 1.27, p > 0.53, sham), central (χ2 = 0.21, p > 0.89, feedback and χ2 = 0.48, p > 0.79, sham) or frontal (χ2 =
8

0.59, p > 0.74, feedback and χ2 = 0.64, p > 0.72, sham) channels, which suggests that the effect of neurofeedback
at fast time scales were localized in visual areas.

4. Discussion
In short time scales, closed-loop sensory stimulation entrains neuronal oscillations and enhances perceptual
performance (Mathewson, et al. 2012). On the other hand, closed loop stimulation is also known to have longtime-scale effects such as improvements in memory performance (Ngo, et al. 2013) and alleviation of depression
symptoms (Kumano, et al. 1996). Nevertheless, in the absence of a conceptual framework explaining the selfregulatory changes in brain dynamics during stimulation, the physiological basis for the effects of closed-loop
stimulation has remained incompletely understood. The theory of critical brain dynamics could be useful in this
context when one assumes that during closed-loop stimulation, endogenous homeostatic mechanisms may be
recruited to preserve the neuronal E/I balance. It has been suggested that a healthy brain is a well-balanced
complex system (Shew and Plenz. 2013) that operates near a critical point (Chialvo. 2010). Criticality may
provide several functional benefits for the brain such as optimal dynamic range (Shew, et al. 2009,Kinouchi and
Copelli. 2006), information transmission and information capacity (Shew, et al. 2011). The long-range temporal
correlations (LRTCs) are the hallmarks of critical dynamics in the human brain (Linkenkaer-Hansen, et al.
2001). Our results show that closed-loop stimulation induces changes in LRTCs and hence in critical dynamics
without changes in the global power of neuronal oscillations. Importantly, the comparison with the sham
condition showed that while both conditions were characterized by overall suppressed LRTCs, which is
attributable to the sensory stimuli disrupting endogenous dynamics (Linkenkaer-Hansen, et al. 2004), the effect
of closed-loop stimulation was to enhance the LRTC. Because LTRCs are positively correlated with the
proximity to the critical point (Poil, et al. 2012), the closed-loop stimulation thus appears to shift the brain
towards to a critical state and alleviate the sensory-stimulation induced disruption in scale-free dynamics.

4.1. Changes in temporal structures of ongoing neuronal oscillations do not affect the total power
The power of the α-rhythm is correlated with cognitive and memory performance (Klimesch. 1999), and some
neurofeedback training studies have shown that intentional increasing of α power enhances the cognitive
functions and behavioral performance (Gruzelier. 2014a,Zoefel, et al. 2011). Importantly, the effect of training
may be sustained over several months (Gruzelier. 2014b). The voluntarily induced changes in EEG power may
also be accompanied by changes in the EEG spectral topography, but the effects do not necessary correspond to
either frequencies or scalp locations by the training contingencies (Egner, et al. 2004), showing that the neuronal
dynamics involved EEG self-regulation are complex.
In our study, the conditioning of neuronal activity picked up by an occipital EEG electrode caused changes in
LRTCs in both frontal and contralateral electrodes suggesting that the LRTCs and their large-scale organization
9

are more susceptible to closed-loop control than the overall power of ongoing oscillations. The results thus
suggest that neuronal circuits are more capable of reorganizing their temporal dynamics than the magnitudes of
activity and local synchronization. Studies using classical neurofeedback of increasing of α-power have shown
that the increases in α-wave amplitudes can be observed only for brief periods of time (0.5–2 s) (Bazanova and
Vernon. 2014). Thus, the maintenance of high α-power over long time periods appears demanding for the brain
and long-term power changes are likely to be unfeasible, which might be related to limited resources shared
among neuronal groups (Bullmore and Sporns. 2012).

4.2. Distribution of LRTCs over cortical surface changes during closed-loop stimulation
Pronounced EEG α-rhythms are typically is associated with sources in the occipito-parietal areas of the human
brain. In the study we have shown that the temporal characteristics of brain activity in contrast to power can be
modulated over the large cortical distances. Prior studies have shown that there is a strong correspondence
between LRTCs of certain regions and behavioral performance (Palva, et al. 2013) or brain disorders (Montez,
et al. 2009,Nikulin, et al. 2012). The possibility to modulate the LRTCs in specific brain regions in an
involuntary, automatic fashion would provide an opportunity to obtain perturbational evidence (Massimini, et al.
2009) about the roles of specific neuronal mechanisms in cognitive functions or pathological conditions. Such
neuroanatomically targeted closed-loop experiments could be achievable with magnetoencephalography and
online source modelling.

4.3. Neuronal evoked responses are increases during closed-loop stimulation
Both in-phase and out-of-phase stimulation is known to affect the amplitude of evoked response (Ngo, et al.
2013,Kruglikov and Schiff. 2003). In-phase stimulation normally increases the amplitude of evoked responses
while out-of-phase stimulation has the opposite effect (Ngo, et al. 2013). In this study we observed an increase
of amplitude of evoked responses over the training sessions in the neurofeedback condition. This observation
suggests that not only in-phase stimulation but also unconscious neuroregulation influences the amplitudes of
evoked responses. This supports the notion that there is an interaction between ongoing neuronal activity and
evoked responses (Scheeringa, et al. 2011,He. 2013) rather than their linear summation.

5. Conclusion
We used closed-loop neurofeedback stimulation where visual stimuli were triggered by supra-threshold α-waves.
The changes in the LRTCs but not in the power of α-oscillations during the stimulation suggest that the brains
prevent the global cortical excitation by preserving E/I balance. The proposed approach demonstrated the
possibility for automatic modulation of LRTCs. The effect size of automatic modulation was smaller than that
attributable to the disruptive effects of the visual stimuli per se, but prolonged stimulation as well as using more
10

subtle, lower intensity stimuli could both increase the effect and decrease the stimulation related disruption of
cortical dynamics. This approach thus opens novel avenues for both examining the functional roles of brain
criticality in healthy subjects and for developing novel therapeutic approaches for brain disorders associated with
abnormal LRTCs.
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Figure Legends

Fig. 1. Schematic representation of the closed-loop stimulation paradigm and data analysis pipeline. (A) EEG
activity from right occipital electrode (black line) filtered in real time using a narrow-band IIR filter (gray line).
Alpha wave peaks exceeding the threshold (green line) triggered brief flashes of light (red dots) in LED glasses.
(B) Flowchart of the detrended fluctuation analysis (DFA) for estimating the scaling exponent of long-range
temporal correlations (LRTCs). The amplitude envelope (black line) of narrowband filtered EEG signal (gray
line) is integrated (orange line) and (C) locally fitted for multiple time windows (blue line) using root-mean
square approach. (D) The root-mean square errors for each time window (∆t) are plotted in double logarithmic
coordinates and approximated by a linear function with a slope β that is the LRTC scaling exponent.

Fig. 2. Average EEG power remains unchanged in the feedback and sham conditions. (A) α-band power remains
stable during α-wave triggered visual stimulation in the feedback (blue circle) and sham (red circle) conditions
over the sessions and was not different between the conditions. (B) The power spectrum in the frequency range
of 3–40 Hz remains unchanged in the feedback (blue lines) and sham (red lines) conditions across sessions and
was not different between the conditions. Error bars indicate the standard error of mean across channels (SEM).

Fig. 3. The scalp topography and magnitude of LRTC scaling exponents can be modulated in a narrow
frequency band via neurofeedback. (A) Scaling exponents are attenuated by the α-wave closed-loop visual
stimulation in both feedback (blue circle) and sham (red circle) conditions over the sessions. A fronto-parietal
gradient of the scaling exponents changes over the sessions and shows a remarkable decrease in the last session
of neurofeedback condition (T = -2.46, p < 0.027, T-test) so that the feedback-related enhancement of LRTC
scaling exponents was relatively most pronounced at frontal EEG contacts. (B) An overall attenuation of scaling
exponents in a wide range of 8–32 Hz after the first session in both neurofeedback (blue lines) and sham (red
lines) sessions is likely attributable to stimulus-induced suppression of critical dynamics (Linkenkaer-Hansen, et
al. 2004). The α-band LRTC scaling exponents in the last session of neurofeedback condition were, however,
greater than in the sham condition and their variability was smaller (U=89, p < 0.028, Wilcoxon rank sum test).
The scaling exponents in the feedback and sham conditions were well above 99.9% confidence limits compared
to the exponents of surrogate data (shaded area).

Fig. 4. Evoked responses became enhanced in magnitude across the sessions in the neurofeedback but not sham
condition. The amplitudes of evoked responses for the first (blue line), second (green line), and third (orange
line) session are shown for four channels of right hemisphere. The significant differences between the first and
last sessions in feedback condition are indicated by black horizontal line (*p < 0.05).
12
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