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Abstract: This study investigates the effect of long-term alpha neurofeedback training (NFT) in
healthy adults using music stimuli. The optimal protocol for future research is presented in this study.
The data from 40 healthy participants, divided into two groups (NFT group and Control group),
were analyzed in the current study. We found a significantly enhanced alpha rhythm after training
in the NFT group which was not observed in the control group. The immediate subsequent effects
were greater in more than 80% of the sessions from the initial recordings. Stroop task and behavioral
questionnaires, mini-mental state exam (MMSE), and perceived stress scale (PSS) did not reveal any
training-specific changes. Within-training session effects were significant from the baseline and were
more pronounced at the beginning of the session as compared to the end of the session. It is also
observed that a shorter session length with multiple sessions may be more effective than a long and
continuous run of a single session.
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1. Introduction

Neurofeedback training (NFT), a brain-computer interface (BCI) procedure to help
individuals to learn and control their brain activation, is a growing research area. This pro-
cedure is based on the fact that signals recorded from the human brain may be modulated
via conditioning responses which were demonstrated using electroencephalogram (EEG)
for the first time in the 1930s and 1940s [1]. In this procedure, the brain signals of a per-
son are recorded and analyzed in real-time and feedback is provided to the person [2].
This feedback helps the person to learn to regulate their brain activity. In other words,
the person tries to control their brain activity with the help of feedback. NFT has shown
promising results in a clinical population such as attention-deficit/hyperactivity disorder
(ADHD) [3] as well as for healthy people to improve their cognition [4].

For instance, the outcome of a study revealed that healthy participants were able to
significantly enhance their short-term memory after 20 NFT sessions [5]. Another study
revealed that NFT can increase the response-conflict resolution ability of healthy people [6].
This indicates that NFT can be used in two ways: (i) as a therapeutic tool in the clinical
population and (ii) as a cognitive performance enhancement tool or peak-performance
training tool in a healthy population [7]. From a methodological perspective, each of
the mentioned uses is limited to the corresponding population, and the effect on one
type of population cannot be generalized to the other. In the current study, the NFT is
specific to the healthy population. Despite the positive effects of NFT reported in the
healthy population in numerous studies, this procedure is criticized due to the scarcity of
supporting evidence [8]. Moreover, the methodological differences among the NFT studies
lead to lower replicability of results that points to a systematic methodological gap [9].
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It is believed that each frequency band in the EEG signal is associated with the
cognitive abilities of human beings, and the neural mechanism of EEG features depends
on the oscillatory behavior of that band. That is why the success of the NFT is strongly
dependent on the selection of the EEG band that is used for the feedback signal [10].
Therefore, in the NFT protocol, a specific EEG band is chosen for the feedback signal that
is important for the goal of the study. According to our knowledge from the literature
review, almost all EEG bands have been used in different feedback protocols in different
studies [9]. However, many studies have reported the relationship between cognitive
abilities, for example, memory performance [11] and attentional processes [12], and the
alpha EEG band. Therefore, the alpha band is a common target frequency range for NFT in
the healthy population. Stroop task is used to measure selective attention and cognitive
control. In a study conducted by Rachel Atchley et al., it was observed that the participants
made error on the incongruent trials of the Stroop task which can be characterized by
a decrease in alpha and theta activity prior to stimulus presentation when compared to
EEG prior to stimuli generating a correct response [13]. Anna M Berger reported the
effect of alpha oscillations over the prefrontal cortex on behavioral measures of top-down
cognitive (attentional) control using Stroop task [14]. They used NFT to manipulate the
magnitude of alpha power within the same participants. An increase in frontal alpha was
associated with enhanced attentional processing [14]. For the Stroop task, a between-subject
ANOVA did not show any group-level effects. This was the result of the high individual
variability in neural and behavioral measures which is widely reported in NFT research
(see [7]). Based on the above studies, it is expected that after NFT, an enhanced alpha
amplitude will result in enhanced attention and cognitive control. Hence, in this study,
the Stroop task will be administered to the participants and the questionnaires for Mini
Mental State Examination (MMSE) and Perceived Stress Scale (PSS) filled in to measure
their psychological dimensions.

Very few studies exploring the effects of NFT, have been performed with consumer-
grade devices that are easily available on the market [15]. Portable EEG devices are
relatively low-cost, have wireless EEG sensors, and their corresponding software tools can
process the signals in real-time [16]. However, to our knowledge, NFT studies are mostly
performed with (high cost) medical grade equipment which results in fewer opportunities
for common people in society to avail themselves of NFT. Therefore, one of the goals of this
study is to explore the feasibility of NFT with a low-priced, consumer-grade device that
can be easily made available to common people.

The use of random mental strategies chosen by the participants during NFT to control
their own brain activity leads to trial-and-error learning [17]. In the dual-process theory
of learning to regulate one’s own brain activity, the learning is an interaction process
between the feed-forward and feed-back [18]. For a naïve user, due to the trial-and-error
process, the selection of an effective mental strategy requires a high amount of attentional
resources [17]. The use of an aiding tool as a strategic factor during NFT reduces this extra
cognitive effort by the participants. Many research studies have explored the importance
of music for human wellbeing [19–22]. Besides being a source of entrainment, the research
has shown that human beings can benefit from music physically, psychologically, and
socially [23]. Despite its noticeable benefits, there has been a paucity of research studies
that utilize music for neurofeedback training. For example, in mindfulness studies, music
is used as auditory feedback in the form of binaural beats [24]. Given the advancement
of the neurofeedback training procedures and the development of the BCI [25–27], it is
surprising that the capabilities of music listening are not combined with the training session.
For example, the existing studies have utilized either neurofeedback training or music
entrainment and have not explored the advantages by integrating them [28]. Due to the
extra amount of attentional resources required, choosing the best mental strategy [17] solely
by the feedback signal without an aiding tool (for example listening to music) is challenging
during neurofeedback training [29]. To overcome this limitation, in the current study, we
utilized the relaxing music in the background as an aiding tool for neurofeedback training.
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This structure of the neurofeedback system makes it unique among the existing systems
that use either neurofeedback training or music entrainment [28]. We expect that this will
enhance the implicit learning ability of the participants to try to maximize the feedback
signal and produce more brain activity in the EEG band of interest.

In line with previous studies reporting increased alpha amplitude for NFT training.

Hypothesis 1 (H1). The alpha neurofeedback has a positive effect on the alpha amplitudes (i.e., in-
creased alpha amplitudes) while no such increase is observed in the control group.

Hypothesis 2 (H2). The increase in alpha amplitude after the neurofeedback may result in an
increase in the cognitive flexibility studied by Stroop task (i.e., a decrease in error rate and response
time) and a decrease in cognitive impairment and stress, compared to the control group.

2. Materials and Methods
2.1. Participants

This study is evaluated and approved by the scientific and ethical review committee
of the Universiti Tunku Abdul Rahman (UTAR), Malaysia, under the reference number
U/SERC/90/2018. The experimental procedures followed the declaration of Helsinki. Fifty
(50) healthy participants (18 females) were recruited via an email advertisement and were
equally divided into two groups, the NFT group and the control group. The two-sample
t-test showed no significant difference between the ages of the two groups [t(48) = −1.9944,
p = 0.0518]. During a one-to-one interview with the researcher, the participants received
a unique participant ID and were told about their group allocation. Therefore, both
the researcher and participant were aware of their assigned group. The participants
were briefed about the experimental procedures, and an informed consent form was
obtained from each participant. One participant in the control group could not continue
the experiment until the end of the study and hence was excluded from the final analysis.
Furthermore, the EEG data of five participants in the NFT group and four participants
in the control group were not included in the final analysis due to the excessive artifacts.
Thus, the sample size in the final analyses was 20 participants in each group. The mean
age of the NFT group (including 8 females) was (23.8 ± 5.02 y) and of the control group
(including 6 females) was (26.35 ± 5.01 y).

2.2. Music Stimuli

A meta-analysis conducted in [30] shows that listening to music strengthens the brain
frequency that corresponds to the music stimuli [30]. This suggests that a careful selection
of the music stimuli for the intended purposes may bring fruitful results. Since music
is a potent phenomenon for human auditory perception and cognition; it can produce
entirely different results based on the characteristics and emotions present in the music.
For example, it can make us happy or sad, or help us to fall asleep. Therefore, the selection of
the music stimuli requires the findings drawn from neuroscience and perceptual psychology
to develop a hypothesis about the desired music. This music may then be tested on
a massive scale. This makes it a two-stage process (building a hypothesis followed by
testing). All these considerations motivated us to consider Brain.fm as a platform for music
stimuli [31,32]. Brain.fm is a collaboration among scientists, musicians, and developers to
create music stimuli based on a hypothesis for different mental states (e.g., focus, relax,
attention, etc.) and then test the hypothesis. Hence, the music stimuli are scientifically
validated by independent research studies [33,34]. In the Brain.fm platform, the music
stimuli are created and categorized according to the mental states. The time duration for
listening to these music stimuli is 15 min L or 30 min. The subscribers can choose the
music type and duration according to their requirements. In the current study, we selected
the music stimuli from the relaxed mental state category, and the length of a single music
session is 15 min (because this duration is equal to the half of the session length of our NFT
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design; see NFT sessions section below). This means that, in the first half of NFT session,
the participants will listen to the first music for 15 min uninterrupted. Similarly, in the
second half of the NFT session, the participants will listen to a different music for 15 min,
making the total duration of music listening session to 30 min. As mentioned earlier, we
choose the music stimuli from the relaxed category which contains dozens of relaxing music
divided into further sub-categories (e.g., rain relaxing sounds, beach side relaxing sounds
etc.) The two pieces of music played during the two sub-sessions of a single NFT session
were always different for the same participant. Furthermore, the selection of the two music
for the next session was also different from the music played in recent previous session of
NFT. As the main goal of the study was to provide NFT rather than investigating the effect
of a specific music stimuli. Therefore, we tried to avoid the repetition of the music during
the training. Therefore, the participants do not establish a learning skill which is based on
the feeling of music in the implicit memory. This means that the background music acted
as a temporary aiding tool in the session. This will help to minimize the learning effect
from the music and will integrate the true effect which is coming from the NFT.

2.3. Neurofeedback Training Protocol

The NFT sessions were performed with a customized NFT protocol designed in an
open-source BCI software toolbox called OpenVibe [35]. The EEG signals were obtained
from the Emotiv Epoc+ device, containing 14 active EEG sensors placed on the scalp at
AF3, F7, F3, FC5, T7, P7, O1, O2, P8, T8, FC6, F4, F8, and AF4 locations according to
the 10–20 international standard. The frontal lobe of the brain plays an important role
in the higher level of cognitive functions and is responsible for immediate and sustained
attention, time management, social skills, emotions, empathy, working memory, and
executive planning [36]. Therefore, the signals from the frontal region (frontal sensors F7, F3,
F4, and F8) were used for the feedback. The signal from these sensors was processed online
in real-time via a signal processing module designed in the OpenVibe. Alpha EEG band
(8–13 Hz) was extracted using Butterworth filter with 0.5 dB passband ripples deploying
“Modifiable Temporal Box” in the designer window of OpenVibe. The absolute value of
alpha-band power was computed using Welch’s method using a 5 s window which was
updated every sec [22] and was shown to the participants as feedback. The feedback value
was shown in the form of a vertical bar which was designed in another open-source software
toolbox called Unity3D [37]. Both programs, OpenVibe and Unity3D, were connected with
the help of a network protocol, known as Lab Streaming Layer (LSL). Data acquisition and
processing were controlled from the researcher’s computer (Acer swift, 8GB ram, Windows
10 OS, 13.5-inch native display). The participants viewed the bar on a 17-inch LCD monitor
as an extended display connected to the researcher’s computer. The EEG data were also
recorded for offline analyses. The complete design of the NFT protocol is summarized
in Figure 1.
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2.4. Neurofeedback Training Sessions

Participants in the NFT group underwent a long-term training of 600 min divided
into 20 sessions. Each of the 20 sessions was 30 min long which was further divided into
two sub-sessions (15 min long). A short break of 1–2 min was provided between the two
sub-sessions. A minimum of one and a maximum of three sessions were performed per
week by a single participant. To minimize the influence of circadian rhythm [38], the time
slot for the training was kept consistent across all the sessions. After each NFT session,
a 3 min resting state EEG (RS-EEG) data with close eyes were also recorded. There were
20 NFT sessions, and after each session there was 3 min of RS-EEG recording which resulted
in twenty 3 min RS-EEG samples for each participant. Before starting the NFT session,
the researcher instructed the participants to increase the height of the red vertical bar
(i.e., feedback bar) by adopting their strategy. During the NFT session, the participants
were seated in a chair in front of the 17-inch display monitor at a comfortable distance.
As the participants had to look at the vertical bar, they were asked to keep their eyes open
and minimize the blinking. The participants in the NFT group took around 2.5 months
from the beginning of the first NFT session to complete 20 sessions.

The participants’ cognitive ability and behavioral responses were measured using
the Stroop task and two questionnaires, mini-mental state exam (MMSE), and perceived
stress scale (PSS), respectively. The Stroop task is widely used in cognitive psychology to
measure selective attention and cognitive control of human participants. The participants
were presented with a word written in different colors, and the participants were required
to name the color of the word. When the name of the color and the presented word match,
this is referred to as the congruent condition, otherwise, it is known as the incongruent
condition. In the incongruent condition, due to the interference of the color and word,
the reaction times are prolonged [39].

MMSE is a 30-point questionnaire that is used in research [40] to measure cognitive
impairment. This questionnaire consists of simple questions related to several cognitive
aspects such as arithmetic ability and language comprehension [41]. The maximum score
that can be achieved in the MMSE is 30. MMSE score equal to 24 or above represents normal
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mental cognition, and a score lower than 9 indicates severe cognitive impairment [41].
Hence higher MMSE score indicates better cognition and vice versa.

PSS is widely used for measuring the perception of stress. The PSS score reflects the
degree of stress in one’s life [42]. A higher score represents more stressful experiences and
vice versa. The questions in the PSS questionnaire ask about one’s feelings and thoughts
during the last month. The questionnaire consists of 10 questions, and the participants
are required to answer each question on a 5-point (ranging from 0 to 4) Likert scale.
The minimum score that can be achieved on the PSS is 0, and the maximum score is 40.
A score ranging from 0 to 13 is considered as low stress, from 14 to 26 is considered as
moderate stress, and from 27 to 40 is considered as high stress.

The Stroop task, MMSE, and PSS were administered at three stages during the train-
ing: before conducting the first session (hereinafter Baseline), after 10 sessions, and after
20 sessions. Besides the behavioral responses, a 3 min EEG was also recorded at Baseline,
after 10 sessions, and after 20 sessions, first with eyes open and then with eyes close condi-
tion. The participants in the control group did not perform any training. However, their
EEG recordings (with eyes closed and eyes open conditions), Stroop task, and MMSE and
PSS responses were administered three times just like the NFT group. To compare the
NFT effects in an unbiased manner in terms of timings, the second and third attempts
at recording the data for the control group were carried out approximately after 5 and
10 weeks, respectively. The flow of NFT sessions for the NFT group is shown in Figure 2.
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2.5. EEG Recordings and Processing

The baseline EEG recordings and EEG data during the NFT sessions were recorded
via Emotiv Epoc+ wireless EEG device [20,21]. The Emotiv Epoc+ is very convenient to
set up, and in addition, it is found to be one of the best consumer-grade EEG devices that
can be used reliably for BCI applications, such as neurofeedback training [15]. The data
sampling rate of this device is 128 samples/s and 0–64 Hz bandwidth range. Two built-in
notch filters at 50 Hz and 60 Hz are used to eliminate the line frequencies. Emotiv Pro
software is used to monitor the contact quality of the sensors with the scalp in real-time.
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After recording the EEG data, the offline analyses were carried out in MATLAB
with custom-written scripts and an EEGLAB toolbox [43]. Continuous EEG data were
filtered via FIR filter between 0.5 and 40 Hz using Hamming window with the help of the
pop_eegfiltnew function in EEGLAB. After that, an automatic method known as artifact
subspace reconstruction (ASR) is used to reconstruct the artifacts portion of the data with
clean data [44]. This method removes the non-stationary high variance signal and then
reconstructs the missing data using a spatial mixing matrix. ASR method is implemented
with clean_rawdata function in the EEGLAB. Then independent component analysis (ICA)
is performed to compute the independent component time series of the EEG data using
extended infomax algorithm [45]. After that, the data were segmented into 2-s short epochs
and each epoch was inspected for the artifact using the pop_autorej function in EEGLAB.
An epoch was selected as a bad epoch if any of the data points exceeded five standard
deviations of the amplitude and was rejected from the data. This algorithm was iteratively
implemented via a custom-written MATLAB script. If the number of epochs selected for
rejection was greater than 5% of the data, the procedure was repeated with a more liberal
threshold (increased by 0.5 SD) [9].

Separate power spectral density (PSD) analysis was performed on 3 min EEG data
(i.e., RS-EEG for the NFT group only) and Baseline, after 10 sessions and after 20 sessions
for both groups) and 30 min long EEG data collected during the NFT sessions to compute
power in the alpha band (8–13 Hz). PSD was estimated using Welch’s averaged, modified
periodogram method (512 DFT points and 75% overlap between consecutive windows)
and Hann tapering window. The PSD is performed for each channel separately and then
the mean power is computed across all 14 EEG channels.

2.6. Statistical Analysis

First, we investigated whether NFT effectively produced any significant changes in
cognitive performance and subjective well-being by analyzing the reaction times (RT) and
error rates of the Stroop task and the MMSE and PSS scores. A 2 (Group: NFT vs. Control)
× 3 (Session: Baseline vs. after 10 sessions vs. after 20 sessions) 2-way repeated measures
ANOVA is used to compare the RT, error rates, and MMSE and PSS scores. The Group and
Session were between-subject and within-subject factors respectively. A pairwise t-test is
performed as a post-hoc comparison where needed.

Second, we analyzed the EEG data from the Baseline, after 10 sessions and after
20 sessions to investigate whether changes in alpha power are due to the training effect.
To do so, we analyzed the effect on the alpha power in both groups. Thus, we performed
between the group comparisons. Alpha power in both groups at Baseline, after 10 and
20 sessions were tested using one-way repeated measures ANOVA. The dependent variable
was absolute power in the alpha band and the independent variable was the repeated
measures at Baseline, after 10 and 20 sessions.

Third, we investigated 3 min RS-EEG data after each NFT session to explore the
between-session effect of the training. For this purpose, we compared the alpha power at
Baseline with the RS-EEG alpha power after each NFT session. We looked subsequently
whether the training effect would be visible in the resting state of the individual. We per-
formed permutation testing on the RS-EEG and compared it with the baseline separately
for each session.

Finally, we analyzed the EEG data collected during the NFT sessions to investigate
whether the within-session alpha power changed in response to the training. For this
purpose, we compared the mean alpha power within the 1st half (i.e., first 15 min) and
2nd half (i.e., last 15 min) of the NFT session to the baseline using separate one-way
repeated measures ANOVA. Additionally, we explored the within-session changes by
investigating each half of the NFT session. We divided each half of the NFT session into
three five minute sub-blocks (B1, B2, and B3). Then we applied a 2 (half session : 1st half
and 2nd half) × 3 (sub − blocks : B1, B2 and B3) 2-way ANOVA to investigate the alpha
power differences between the 1st half and 2nd half and also between B1, B2, and B3.
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3. Results
3.1. Behavioral Results (RT, Error Rates, MMSE, and PSS)

Behavioral results are shown in Figure 3. The Stroop task RT of the correct trials
was included in the analysis. Moreover, the Stroop trials that have RT lower than 200 ms
were identified as response anticipation and were not included in the analysis. The gen-
eral Stroop interference was observed in both groups by lower RT and lower error rates
in the congruent trials as compared to the incongruent trials as shown in Figure 3A,B.
The ANOVA results revealed that there is no significant change in the RT of Stroop trials as
revealed by no significant interaction between incongruent [F2,76 = 0.311, p = 0.734] and
incongruent trials [F2,76 = 0.075, p = 0.927]. Similarly, the error rates in the Stroop task
were also not different in both congruent [F2,76 = 0.081, p = 0.922] and incongruent trials
[F2,76 = 1.827, p = 0.168] in both groups.

The MMSE score after 10 sessions and after 20 sessions was higher than the baseline
in both groups as shown in Figure 3C. The ANOVA results revealed that there was no
significant interaction [F2,76 = 0.102, p = 0.903]. However, the main effect of the Session
was significant [F2,76 = 19.675, p < 0.000]. Similarly, the PSS score after 10 sessions and
after 20 sessions was lower than the baseline as shown in Figure 3D. But the ANOVA
revealed that this decrease was not significant as indicated by no significant interaction
[F2,76 = 1.248, p = 0.293]. See Supplementary Materials for detailed results of Stroop RT
and Error rate, MMSE and PSS.
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3.2. EEG Results
3.2.1. Alpha Power (between the Group Analysis)

The absolute alpha power for the NFT group and control group is computed from the
3 min EEG recordings at the baseline, after 10 sessions, and after 20 sessions. The mean
alpha power is shown in Figure 4A. The alpha power after 20 sessions increased from the
baseline in the NFT group. Whereas the alpha power in the Control group showed no
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appreciable change. The power at the baseline was higher in the posterior region of the
brain in both groups. The NFT group power increased in the frontal region of the brain
after 20 sessions while in the Control group no change is observed in the frontal region as
shown in Figure 4B. The statistical analysis revealed a significant change in the NFT group
as revealed by ANOVA [F2,19 = 7.34, p = 0.002]. Post hoc pairwise t-test indicated that
the difference was present between the alpha power at the baseline and after 20 sessions
(p = 0.001) and between 10 and 20 sessions (p = 0.031). Thus, the main increase in alpha
power in the NFT group took place between the 11th and 20th sessions. On the other hand,
the alpha power in the control group after 10 and 20 sessions was not statistically different
from the baseline [F2,19 = 0.50, p = 0.610]. The alpha power in the control group was also
non-significant between 10 and 20 sessions [F2,19 = 0.343, p = 0.565].
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(left column) and Control group (right column). ** p < 0.001; ns, not significant.

3.2.2. Alpha Power between the Session Analysis

The difference of mean alpha power in RS-EEG with eyes closed from the baseline EEG
with eyes closed across all sessions is shown in Figure 5. The blue dashed line in Figure 5A
represents the alpha power of baseline EEG with eyes closed. It is observed that the training
effect was visible in the eyes closed RS-EEG of the participant with the increased alpha
power from the eyes closed baseline EEG in 80% of the sessions. However, in four sessions
(sessions 8, 11, 14, and 15), non-specific training effects were that the alpha power slightly
decreased from the alpha power of eyes closed baseline EEG. As shown in Figure 5B,
the permutation testing revealed that the change in alpha power was not significantly
different from the baseline (all p > 0.05). This is also obvious from the distribution plots
under the null hypothesis for each session in Figure 5B. Every time, the observed statistic
(also known as t-value) was not significantly far from the distribution mean as shown by
a dotted red vertical line in Figure 5B. However, the alpha power of eyes closed RS-EEG
after session 19 was marginally significant from the alpha power of eyes closed baseline
EEG (p = 0.066).
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3.2.3. Alpha Power within-Session Analysis

The within-session mean alpha power for the 1st half and 2nd half of the NFT session is
shown in Figure 6A. One-way repeated-measures ANOVA revealed that within-session, al-
pha power was significantly greater than the baseline alpha power (F2,38 = 7.30, p = 0.002).
The post hoc pairwise t-test revealed that the alpha power in both halves of the session was
significantly greater than the baseline with p = 0.025 and p = 0.046 for 1st half and 2nd
half, respectively, but the alpha power in the 1st half and 2nd half was not significantly
different from each other p = 0.259.
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Overall, alpha power within each half of the session significantly increased from the
baseline, but this increase was reduced from the beginning (B1) to the end (B3) of the
session as shown in Figure 6B. From the two-way ANOVA, we found that this decrease
(from B1 to B3) within each half of the session was significant (F2,76 = 7.8931, p < 0.001).
The post hoc test revealed that this significant main effect was observed between B1 and B3
(p = 0.006) and B2 and B3 (p = 0.018). However, the difference between B1 and B2 was
not significant (p = 0.225).

4. Discussion

In the current study, we investigated whether EEG-based neurofeedback training can
enhance the cognition of healthy human beings. One of the goals was to see if a low-priced
EEG device can be utilized for this purpose. Hence, we used the Emotiv Epoc + EEG device,
which is comparatively cheaper and commercially available in the market. We performed
the training with a customized setup using OpenVibe BCI software and Unity3D tool. The
participants performed cognitive and behavioral testing (Stroop task, MMSE and PSS) and
EEG recordings at baseline, halfway through training, and after completing the training.

Previous studies have shown the relation of higher alpha activity to cognitive enhance-
ment in human beings, for example, short-term memory [5], mood enhancement [46], and
attention [14]. The results from these studies allowed our intuition to consider an enhancing
effect of the increased alpha activity on the cognition of human beings (healthy participants).
The main result of the current study revealed an increase in the alpha power throughout
20 sessions in the NFT group but not in the control group. Alpha activity between baseline,
after 10 sessions and after 20 sessions, showed a significant increase in the group that
performed neurofeedback training (see Figure 4). Moreover, it is observed that this signif-
icant difference was achieved in the later stages of the training (i.e., at 20 sessions). This
significant increase of the alpha band towards the end of the training as compared to the
baseline confirms the general effect of neurofeedback on the trainability of EEG activity [47].
On the other hand, no significant variation in the alpha activity was observed in the control
group. However, in the study, the measured features from the EEG data which are used for
the analysis were the same for the experimental group and control group, but the control
group was not a placebo and just appeared three times for the recordings during the study.
Thus, one might argue that the participants in the experimental group were more adjusted
to the experimental conditions. However, it is also not guaranteed that the placebo nature
of the control group would explain the produced effect [48,49] because the procedures
for the training group and the control group would still be different. Thus, the control
group would always receive a different protocol during the study. However, a different
design, for example, the training of the control group in a different EEG band, would be
one of the possible future studies. Furthermore, the inclusion of another experimental
group without background music in the future studies is recommended. It would help to
disentangle the effects of the background music from the learning effects which are solely
achieved by NFT. We found a significant increase in the alpha power in the experimental
group, but unfortunately, the current experimental design does not allow us to disentangle
whether this increase was due to the NFT or the music presented during the NFT. Hence,
we consider the absence of an active-control (e.g., sham-feedback) and experimental group
without music as a limitation of the study, and this should be avoided in the future studies.

4.1. Between the Session Effects

It is important to understand the transfer effect of the training into situations outside
the experimental conditions. Thus, variation in the EEG activity from the baseline observed
in the subsequent session is crucial to justify the use of NFT outside the experimental
conditions. This was examined in the current study using a 3 min RS-EEG data collected
after each session. We found that alpha power was higher in this post-session RS-EEG from
the baseline in most of the sessions (80% of the sessions). However, this increase was not
significant. The possible interpretation of these results addresses the problem of adequate
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reference (or baseline) level which is highlighted in [9] and shown in [50] by identifying
learning indices of training. The proper selection of the baseline can produce considerable
differences in the analysis, but unfortunately, there is the inconsistency of the baseline
selection in the literature that leads to the issue of adequate baseline. Some have used the
baseline measure from the first session [51] while others used the initial block of the first
session [52]. Despite the use of different baseline setups for the analysis, Dempster and
Vernon in their study [50] found a gradual increase in both the baseline and training. In
our study, the insignificant changes in the RS-EEG alpha power from the baseline could be
linked to the findings in their study [50]. Another possible indication of this insignificant
variation in the RS-EEG and baseline is the potential focus of the participants on the
feedback bar during the session. The participants try to keep their attention on the feedback
information that could produce an interference effect in the genesis of alpha activity [53,54]
in the RS-EEG because the RS-EEG was recorded immediately after the training session.

Nan et al. also did not see any significant difference in the resting state EEG after
training [5] and concluded that this lack of significance might be due to less intensive
training (i.e., total of 60 min) and suggested longer training. However, in the current study,
the training was intensive as compared to their study, but still, a non-significant effect is
observed in the RS-EEG. However, interestingly, they found a significant improvement
in cognitive performance (i.e., short-term memory) [5] despite non-significant changes in
the RS-EEG. This provides a rationale to support the current findings and motivations for
neurofeedback training.

4.2. Within Session Training Effect

As expected, the alpha power during the session increased from the baseline due
to the training. A significant increase in the alpha power during the NFT session was
observed as power in both halves of the session was greater than the baseline power
(see Figure 6). This within-session increment corresponds to the operant contingencies of
the training. This helps to analyze the learning process that takes place during the training
session. It also helps to investigate the specificity of NFT and relate the brain activity
improvements to electrophysiological outcomes as indicated in [55]. As in the offline
analysis, we are analyzing the average alpha activity of the entire brain region. Therefore,
an interesting finding of the current study is that alpha activity feedback at frontal regions
facilitates increments in that activity in the rest of the brain regions as well. Despite the
small decrements in the alpha activity from the start to the end of each half of the session
(i.e., a small decrease from B1 to B2 and then B3 in both halves of the session; see Figure 6),
the mean alpha power over 15 min (first half and second half) was significantly higher
than the baseline. This suggests that in the entire long run of the session, the training does
facilitate the real increment in the main targeted feedback band.

The success of the neurofeedback training is crucial without addressing the issues
of efficacy, specificity, and methodological problems associated with this procedure. In a
review paper, the authors have greatly contributed to the discussion on specificity [55], but
still, to our knowledge, none of the studies have reported on the session length that can
address the methodological problem. The single-session considerations are briefly high-
lighted in a review paper [56]. Despite the commonly used session length (20–40 min) [56],
there are subjective differences in focusing on training that varies across individuals and
groups. Nonetheless, our findings suggest that short breaks should be provided in the
middle if a single session is longer than 5 min. As we can see that within-session alpha
power is higher at the beginning of the session; alpha power at the B1 stage of both halves
is greater than B2 and B3 (see Figure 6). This indicates the difficulties of the implementation
of mental strategies of participants towards the end of the training. One of the possible
reasons for this difficulty could be the frustration of the perceived feedback parameters
that are highlighted for optimizing the NFT protocols in [57]. The decrease from B1 to
B2 is not significant, which suggests a maximum session length of up to 10 min, but the
optimal session length should be 5 min. In contrast, the decrease between B2 and B3 was
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significant, which strongly suggests avoiding a session length of more than 10 min without
break. These findings suggest short time breaks within a long NFT run, which have also
shown enhanced training effects in the previous studies [58].

4.3. Behavioral Effect

The current study revealed positive effects of the training with enhanced electrophysio-
logical alpha activity in the NFT group only. The alpha activity in the NFT group presented
significantly higher power after the training which was not seen in the control group.
Although the participants were able to respond to the stimulus more quickly and accurately
in the post-NF session as shown by reduced response time and lower error rates of the
Stroop task, respectively, this effect was statistically non-significant. Similarly, the PSS
scores were less in the post-NF session, but again, the effect was statistically non-significant.

The general Stroop interference was observed in both groups by lower RT and lower
error rates in the congruent trials as compared to the incongruent. This may result because
of the high individual variability in neural and behavioral measures which is widely
reported in NFT research (see [59]).

The MMSE score after 10 sessions and after 20 sessions was higher than the baseline in
both groups. A significant change in the MMSE score is observed from the baseline to after
10 sessions and after 20 sessions. However, this change may reflect a time effect because
this significant increase was observed in both groups, NFT and control. A similar effect in
the MMSE score was observed in [60], where both groups had similar performance before
and after neurofeedback training. This may also be attributed to the fact that the MMSE
is a screening tool for cognitive impairment, especially dementia, not a test for general
cognitive ability of healthy adults [61]. Hence MMSE scores may not change significantly
in healthy adults over the span of 2–3 months due to any sort of cognitive or relaxation
training, apart from the learning effects found, which only indicate that people score higher
when they do the MMSE repeatedly.

PSS demonstrated normal scores in both groups in all three recordings. The mean
PSS score after 10 sessions and after 20 sessions was much lower than the baseline
in the NFT group as compared to the Control group (NFT group: Baseline = 22.25,
after 10 sessions = 20.40, after 20 sessions = 20.60; Control group: Baseline = 21.40,
after 10 sessions = 21.10, after 20 sessions = 21.10). No significant change is observed
in the PSS scores in both groups.

5. Conclusions

The current study investigated the effects of neurofeedback training with the low-
priced device. The study revealed positive effects in terms of enhanced electrophysiological
alpha activity in the NFT group only. The alpha activity in the NFT group presented
significantly higher power after the training which was not seen in the control group. The
behavioral results of the Stroop task and the change in the PSS score which represents
the perception of stress level indicative of effects of alpha activity training failed to reach
statistical significance. The MMSE score did not reflect any training related changes and
hence was found to be of no use with healthy participants in future studies. The current
study also led to several possible protocol suggestions that could benefit the enhanced
training gained from NFT. This includes the optimal number of NFT sessions and the
session length of a single run for the training. This will help future NFT research with
designing better protocols. We hope that the effectiveness of the current study will inspire
systems and applications exploiting BCI for the well-being of healthy people.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/math10071095/s1.
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