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What is the Best Music for Neurofeedback 
Training?
Exploration into musical attributes that contribute to success in music neuro-
feedback

Lyla Hawari1, Neomi Singer2, Arielle Rabinowitz3, Robert Zatorre2

Abstract

The nucleus accumbens (NAc) is widely known for its role in reward seeking behavior which is heavily reli-
ant on dopamine signaling. Dopamine plays an important role in reward seeking behavior and motivation 
and its dysregulation is shown to cause symptoms of depression such as apathy, a lack of motivation, and 
anhedonia, a loss of pleasure. Studying the NAc, specifically the ventral striatum in this case, is critical in 
understanding the underlying mechanisms of this dysregulation. Music neurofeedback is a biofeedback 
technique that provides feedback on brain activity through the audio quality of the music, with lower quali-
ty sounding more muffled. This study uses this technique to train participants to increase the activity of their 
ventral striatum in an attempt to upregulate the activity of the reward system. 

This paper aims to investigate what the most effective music choices are in terms of genre, key, valence 
(positive or negative emotions) and energy (pertaining to levels of arousal) to maximize the improvement 
on neurofeedback training. These musical attributes were identified by the Spotify “Organize Your Music” 
categorization tool. Participants underwent six EEG music neurofeedback training sessions with individually 
tailored pleasurable music as the source of feedback. The participants either received real feedback in the 
neurofeedback group (NF) or sham feedback in the control group. The results of this study showed that 
neurofeedback performance was negatively correlated with valence whereby songs that led to the greatest 
performance, measured as increase in ventral striatum activity from baseline, were those low in valence. 
Participants that had the greatest improvement in their neurofeedback training selected songs that were in 
a minor key and belonged to the pop genre. Although this study is based on a small sample, it takes the first 
step towards the overarching goal of using music to manage dysregulation in the reward system.

Introduction

Music is a pleasurable stimulus that transcends age, gender and cultural 
differences. Previous studies have shown that listening to music activates 
many brain areas including the auditory cortex, amygdala and most no-
tably the NAc. (14) The NAc regulates the release of dopamine and plays 
a crucial role in reward processing of both natural rewards like food as 
well as drugs, which has been studied previously in animals (Britt et al, 
2012). The involvement of the NAc in music listening underscores the mu-
sic-derived pleasure whereby the amount of enjoyment a participant expe-
rienced from listening to a certain song can be predicted by the increase in 
connectivity between the auditory cortex and the nucleus accumbens. (14) 
Reward system dysregulation has been heavily investigated in psychiatry. 
Anhedonia, the lack of pleasure, is a main symptom of depression as clas-
sified by the DSM V in 2013. 

Studies have attributed this decreased feeling of pleasure to reduced activ-
ity in the NAc in response to reward. (13) Studies by Barch and colleagues 
in 2011 showed that this dysregulation in the reward system can start as 
early as three years of age for children with or at risk of depression as de-
termined by parent reports and behavioral tests. Knowing that depression 
is a leading cause of disability worldwide (WHO, 2018) finding ways to 
alleviate it is crucial. This led to the search for techniques to upregulate the 
reward system in hopes of reducing the severity of anhedonia and apathy 
symptoms. (16)

In the past, techniques that aim to stimulate brain areas were not very 
convenient such as deep brain stimulation which is very invasive. (8) 
Therefore, a need for a non-invasive, volitional technique came about. 
Neurofeedback is a biofeedback technique that provides continuous neu-
ral feedback to the participant to help them regulate the activity of certain 
brain regions. Previous studies using visual imagery have confirmed that 
neurofeedback can be successful in training participants to upregulate the 
reward system. (7; 17). Combining these findings with our knowledge of 

Research Article.
1Faculty of Science, McGill Uni-
versity, Montreal, QC, Canada
2Department of Psychology, 
McGill University, Montreal, 
QC, Canada
3Department of Neurology 
and Neurosurgery, McGill Uni-
versity, Montreal, QC, Canada

the pleasurable nature of music, music neurofeedback can be utilized for 
this purpose in the form of music quality; clearer quality indicating greater 
activity in the region of interest. This paper uses EEG music neurofeed-
back as opposed to fMRI based on findings from Keynan and colleagues 
in 2016 that suggest that mesolimbic brain activity can be reliably recorded 
using EEG by establishing an electronic fingerprint (EFP) for the region 
of interest.  

As music is such a complex stimulus, it is critical to identify the musical 
features that may be associated with neurofeedback success. When clas-
sifying music in the affective/emotional domain, the literature tends to 
follow a circumplex model of two attributes, valence and arousal (11), sug-
gesting that happier, exciting music has positive valence and high arousal 
whereas sad, calm music has a negative valence and low arousal. Studies 
have found that participants that experienced musical chills, a physiolog-
ical response related to feeling of pleasure from music (1), reported the 
song to have been both happy and sad (9) leaving a valence assignment 
to be desired. 

The paper showed that compared to the physiological tears group, the chills 
group scored higher on measures of arousal and rated their self-selected 
music as significantly happier. (9) Extrapolating these results to musical 
attributes, this would suggest that higher valence, higher arousal music 
is associated with chills, an indication of pleasure from music. Two other 
musical attributes, key and energy were analyzed to extend the exploration 
beyond the typical model of valence and arousal. 

This paper aims to answer the question of what musical attributes are as-
sociated with the greatest improvement in neurofeedback training. Based 
on the previous literature, we would predict that songs with higher valence 
and energy levels should yield the greatest improvement in neurofeedback 
performance.
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Methods

Participants

10 control and 10 test subjects ages 18-35 were recruited (9 male, 11 female, 
mean age = 21.1, standard deviation = 2.8). Eligibility criteria included no 
known medical diagnoses, including neurological or psychiatric disorders, 
hearing impairments. All participants were fluent English speakers. Par-
ticipants provided written informed consent prior to experiment and were 
monetarily compensated upon finishing the experiment. All procedures 
were run in accordance with the Montreal Neurological Institute’s research 
ethics office (REB) guidelines.

Two participants were excluded from the analysis: one participant was 
excluded from all analyses pertaining to performance because their first 
three sessions were sham (control) sessions although they were assigned 
to the test group. Another participant was excluded from all analyses per-
taining to music because their songs could not be found by the Spotify 
organization tool. Two participants had one session each excluded when 
calculating their average improvement in maximal performances due to 
technical issues pertaining to those sessions. 

EEG Recording

EEG measurements were acquired during the six music neurofeedback 
training sessions using a BrainAmp EEG amplifier. EEG activity was re-
corded from a 14 electrode channels EEG cap. The EEG was sampled at 
a rate of 250Hz and recorded from the following 14 channels: FP1, FP2, 
C4, F7, F8, T7, T8, P8, Fz, Cz, Pz, TP9, TP10, ECG. The data was recorded 
using the Brain Vision Recorder software (BrainProducts, GmbH, Ger-
manny).

Music Neurofeedback Task

Participants completed six training sessions lasting 1.5-2 hours, over the 
course of two to three weeks. Each session consisted of a global baseline 
run, five training cycles and a transfer run (same instructions as the train-
ing cycle but without music/feedback). All runs required the participant 
to sit still with their eyes closed with earphones in while wearing an EEG 
cap. Each participant was asked to provide their top 10 favorite songs to be 
used during the neurofeedback training sessions. 

The neurofeedback was produced using the NFM software, an in-house 
Graphical User Interface, which was implemented with the OpenViBE 
software for brain computer interface.  For the global baseline period, the 
participant was asked to clear their mind so that their baseline neural ac-
tivity level could be measured. The training cycles involved listening to 
music and were split up into a passive listening and training phase, lasting 
2.5 and 2 minutes, respectively. 

During the listening phase the music quality was extremely poor while 
during the training phase, the participant received continuous neurofeed-
back reflected in the music quality which was manipulated using filtering. 
Worse quality equated to lower neural activity in the electrical fingerprint 
(EFP) of the NAc and more frequency bands filtered. During the listen-
ing phase, the participant was simply prompted to passively listen to the 
music whereas during the training phase they were asked to regulate their 
brain activity using a suggested strategy (see below) or one of their choos-
ing. Between every training cycle, the experimenter asked the participant 
questions regarding their general mood, how well they thought they did 
on a scale of 1-7, and what their chosen strategy was. In addition, they 
were shown a graph of the neural activity of the particular cycle which 
was indicative of performance. The participant was requested to adapt 
their strategies according to the feedback presented in order to determine 
the most effective one for them. Control participants underwent the exact 
same procedure except they received sham feedback which came from a 
different participant.

Strategies

The participant was prompted to explore the following four strategies 
throughout the training sessions and to evaluate their effectiveness in in-
creasing neural activity and improving the quality of the music during the 
training phase:

1. Imagination: imagination centered around the song/piece or artist, usu-
ally involving a concert or imagination of the artists performing. Included 
imagination of singing or dancing along to the song. 

2. Memory: recollection of happy memories. The memories did not have 
to be connected to the song at all but in some cases may be. 

3. Visual imagery: imagination involving any visual images not directly 
related to the song or artists of the song/piece.

4. Motor imagery: imagination that involved motor movements specifical-
ly pertaining to playing instruments (typically related to the song/piece)

Data Analysis

Neurofeedback analysis:
Performance for every cycle was calculated by subtracting the average 
EFP at baseline from the average EFP during neurofeedback training. 
Improvement in maximal performance was calculated by subtracting the 
performance of the best cycle of the first session from the performance of 
the best cycle of each of the other sessions. These five values of improve-
ment of maximal performance were then averaged to get one numeric 
measure of performance which is the average improvement in max-
imal performance with a greater value indicating better performance. 
Throughout the rest of the paper, the average improvement in maximal 
performance will simply be referred to as performance. Subgroups of 
good and bad performances in test and control groups were assigned 
using a median split whereby participants with performance greater than 
the median of the test group (median = 0.058) were categorized in the 
“good performer” category and those below the median belonged to the 
“bad performer” category. 

Music analysis:
All information regarding the musical attributes of the songs were re-
trieved from a Spotify tool called “Organize Your Music” (http://orga-
nizeyourmusic.playlistmachinery.com/). The information used came 
from the measures of: valence, energy and genre. This Spotify tool oper-
ates according to algorithms that have been explained in depth by Jed-
mar et al (2015) which included analyzing lyrical and audio features ex-
tracted using the online music intelligence platform The Echo Nest and 
weighting them through statistical analyses. Information regarding song 
key was retrieved from https://tunebat.com/Analyzer. Analyses were run 
using attributes of all the NF songs as well as the song of the cycle that 
had the best performance overall, which will be referred to as the “best 
song” hereafter. This was done to observe any possible discrepancies be-
tween the general trends of the chosen songs as compared to the song 
with the best performance.

Statistics

To analyze the difference in performance between the control and test 
groups, a paired samples t-test was conducted using the coupling of neu-
rofeedback received since every control participant received sham feed-
back from a specific NF participant. One-Way ANOVAS were conducted 
across groups for comparisons of song valence, % major and energy lev-
els and Tukey’s HSD post hoc comparisons were run when appropriate. 
A Shapiro-Wilks test was used to establish that the data was normal-
ly distributed. A Pearson correlation was used to assess the association 
between song valence and energy with performance. Correlations were 
collapsed across groups to compare the music attributes to performance 
regardless of the accuracy of neurofeedback received. Separate correla-
tions were run exclusively for the NF group. Error bars on the graphs 
represent +/- standard error of the mean (SEM). The significance level 
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was set to p < 0.05.

Results

Neurofeedback Performance

A paired samples t-test was conducted to analyze the data from neuro-
feedback performance across the control and NF groups (fig. 1). There was 
a significant difference in means of neurofeedback performance between 
groups (t(7) =3.692, p<0.05) suggesting that the NF group neurofeedback 
performed significantly better than  the control group.

Valence

A one-way ANOVA was conducted to analyze the average valence of the 
neurofeedback training songs  across the four subgroups (fig. 2a), which 
was not significant (p > 0.05). This indicates that there was no significant 
difference between the mean of average valences of the training songs 
across the groups, thus confirming that the observed group effects of train-
ing cannot be explained by a mere difference in the valence of  the musi-
cal selection. A Pearson  correlation was conducted for average valence of 
training songs vs performance across all groups (fig. 2b) which was also 
not significant (p>0.05).

A one-way ANOVA was also conducted to analyze the data from the va-
lence of the “best” song across the four subgroups (fig. 2c). The differences 
in means of best song valence across the four groups was not significant (p 
> 0.05). This indicates that there was no significant difference between the 
mean valence of best song across the groups. A Pearson  correlation was 
conducted for valence of best song vs performance across all groups (fig. 
2d). There was  a significant negative correlation (R= -0.468, p<0.05) in-
dicating that performance improved as valence of the best song decreased 
across the entire sample.

Neurofeedback Performance

A one-way ANOVA was conducted to analyze the average energy level 
of the neurofeedback training songs  across the four subgroups (fig. 3a). 
The differences in means of average training song energy across the four 
groups was not significant (p > 0.05) indicating that there was no signifi-
cant difference between the mean of average energy of the training songs 
across the groups. A Pearson  correlation was conducted for average en-
ergy of training songs vs performance across all groups (fig. 3b). There 
was  a small positive correlation (r = 0.2061) however it was not significant 
(p>0.05).

Figure 1. Neurofeedback performance across groups. (a) Differ-
ence in performance between control and NF groups. Error bars 
represent +/- SEM. Scattered data points represent individual 

performances.  * indicates p < 0.05.

Figure 2. Song valence across subgroups. (a) Average valence of training songs across the four subgroups. (b) 
Correlation of the average valence of training songs with performance across all subgroups. (c) Valence of the best 
song across the four subgroups. (d) Correlation of the best song valence against performance across all subgroups. 

Error bars represent +/- SEM. Scattered data points represent individual performances.  * indicates p < 0.05.
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A one-way ANOVA was also conducted to analyze the data from the va-
lence of the “best” song across the four subgroups (fig. 2c). The differences 
in means of best song valence across the four groups was not significant (p 
> 0.05). This indicates that there was no significant difference between the 
mean valence of best song across the groups. A Pearson  correlation was 
conducted for valence of best song vs performance across all groups (fig. 
2d). There was  a significant negative correlation (R= -0.468, p<0.05) in-
dicating that performance improved as valence of the best song decreased 
across the entire sample.

Energy

A one-way ANOVA was conducted to analyze the average energy level 
of the neurofeedback training songs  across the four subgroups (fig. 3a). 
The differences in means of average training song energy across the four 

groups was not significant (p > 0.05) indicating that there was no signifi-
cant difference between the mean of average energy of the training songs 
across the groups. A Pearson  correlation was conducted for average en-
ergy of training songs vs performance across all groups (fig. 3b). There 
was  a small positive correlation (r = 0.2061) however it was not significant 
(p>0.05).A one-way ANOVA was conducted to analyze the data from the 
energy of the best song across the four subgroups (fig. 3c). The differences 
in means of best song energy across the four groups was not significant 
(p > 0.05). This indicates that there was no significant difference between 
the mean energy of best song across the groups. A second order polyno-
mial was fit to the distribution of best song song vs performance across all 
groups (fig. 3d). A nonlinear regression analysis was conducted yielding 
(R2 =0.3295, F(1,15) = 6.859,  p = 0.0194) which suggests that the second 
order polynomial was a good model for the distribution of best song ener-
gy across performance levels and 33% of the variation in performance can 
be attributed to the energy level of the best song. 

NF Group Correlations:

Four Pearson correlations were run for valence and performance and 
energy and performance specifically for the NF group (fig. 4a-d). All 
four correlations were not significant. That being said, a trend of positive 
correlation was found for average energy against performance (r =0.59, 
p =0.12) and average valence against performance (r =0.44, p =0.27). A 
negative correlation was found between the valence of the best song and 
performance (r = -0.44, p = 0.27).

Figure 3. Song energy across subgroups. (a) Average energy of training 
songs across the four subgroups. (b) Correlation of the average energy 
of training songs with performance across all subgroups. (c) Energy of 
the best song across the four subgroups. (d) Correlation of the best song 
energy against performance across all subgroups. Error bars represent 
+/- SEM. Scattered data points represent individual performances.  * in-

dicates p < 0.05.

Figure 4. Energy and valence correlations exclusively for the NF groups. (a) Correla-
tion of average energy of training songs vs performance. (b) Correlation of best song 
energy vs performance. (c) Correlation of average valence of training songs vs per-
formance. (d) Correlation of best song valence vs performance. Error bars represent 
+/- SEM. Scattered data points represent individual performances. * indicates p < 

0.05.
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Genre and Key Breakdown

The pie charts (fig. 5a-h) show that the most common genre for the 
best song across all four subgroups is pop and that the most common 
key for all the subgroups except the bad controls is minor.

Strategies of Best Cycle Breakdown

The pie charts (fig. 6a-d) show that the most common strategy used 
during the best cycle is memory across all four subgroups.

Discussion

This paper aimed to investigate what music attributes were linked to best 
music neurofeedback performance. The musical attributes investigated 
were: valence, energy (arousal), key and genre. Participants were split 
into NF and control groups. Results compared groups and subgroups as 
well as collapsing the data across the entire sample and observing trends. 
We hypothesized that songs with higher valence and energy levels would 
be associated with the greatest improvement in neurofeedback perfor-
mance. However, our data showed that songs with lower valence, medi-
um energy levels, minor keys and within the pop genre were related to 
neurofeedback success.

Valence and Performance link: best song valence negatively correlat-
ed with performance

The valence of songs was extracted using the Spotify organizational tool 
as an indication of how happy or sad the song felt. Following work from 
previous studies, we hypothesized that songs with a more positive va-
lence would be correlated with greater performance (9) however our 
data does not support this. Valence was correlated against performance 
in two ways. The first was the average valence of the songs used during 
the neurofeedback training. The second was the valence of the song of 
the cycle with the best neurofeedback performance. Average valence did 
not show significant correlation across the entire sample, nor within the 
NF group. For the NF group, although insignificant, here seemed to be 
a trend for the NF group whereby greater average valence was linked 
with greater performance. These results suggest that on average, music 
that subjects find pleasurable is highly variable in terms of valence which 
aligns with research regarding participants finding their own self-select-
ed music pleasurable. (1) 

The valence of best song showed a more interesting result. Across the 
entire sample, a strong negative correlation was found between best song 
valence and performance (r = -0.468, p =0.05). This correlation main-
tained in the correlation of the NF group only however it was not signif-
icant (r =-0.44, p>0.05). This finding suggests that songs with a negative 
valence are linked to increased performance regardless of whether the 
neurofeedback received is accurate (NF group), or not (control group). 
Studies have found that music can induce a sad affective state depending 
on the personality of listeners (18) however, people continue to listen 
to, and in fact enjoy sad music. (19) A systematic review suggests that 
sad music is found pleasurable “when it is perceived as non-threatening, 
aesthetically pleasing and produces psychological benefits such as mood

Figure 5. Genre and key of best song breakdown across the four 
subgroups. (a) Best song genres of good NF group. (b) Best song 
genres of bad NF group. (c) Best song genres of good control 
group. (d) Best song genres of bad control group. (e) Best song 
key of good NF group. (f ) Best song key of bad NF group. (g) Best 
song key of good control group. (h) Best song key of bad control 

group.

Figure 6| Best cycle strategy breakdown across the four sub-
groups. (a) Best cycle strategies of good NF group. (b) Best cycle 
strategies of bad NF group. (c) Best cycle strategies of good con-

trol group. (d) Best cycle strategies of bad control group.
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regulation.” (12) These studies may help explain why participants seemed 
to have increased pleasure levels with the more negative valence songs, 
contrary to what had been hypothesized.

Energy and Performance link: medium energy for best song optimizes 
performance 

The energy of songs was extracted using the Spotify organizational tool 
as an indication of arousal levels. We hypothesized that songs with higher 
energy levels would correlate with greater performance based on litera-
ture that suggested participants who experienced musical chills rated their 
songs as high in arousal (9) however our findings do not fully support 
this. The average energy of neurofeedback training songs did not correlate 
significantly with performance across the entire sample or across the NF 
group alone. However, there seemed to be a trend that was more defined 
in the NF group correlation, whereby a greater average energy score cor-
related with greater performance (r =0.59, p =0.12). Once again this is 
probably due to the large variation in energy levels in song preferenc-
es even within the same participant. The energy of the best song across 
the sample seemed to follow an inverted u-shape curve when correlated 
against performance and fit nicely to a second order polynomial function 
(F(1,15) = 6.859,  p = 0.0194). This finding suggests that songs with the 
best performance fell in a medium energy score of around 50. A possible 
explanation for this could be that songs that had high energy levels were 
overpowering the participant’s focus which led to decreased performance. 
In 2010, Sandstrom & Russo showed that higher arousal music was not as 
effective at helping a participant recover from an acute stressor so perhaps 
the same logic applies here, however more extensive research is needed to 
properly assess and understand this relationship.

Genre and Key Breakdown: successful participants selected minor 
songs and pop genre 

Genre and key breakdowns provide more insight into the stimuli being 
used during the NF training sessions, particularly during a participant’s 
best cycle. It was hypothesized that happier, higher energy songs would be 
linked to greater performance. Often, happy songs are characterized by a 
major key whereas more sad songs are characterized by a minor key. (2) So 
according to the hypothesis, we expected to see a greater number of major 
songs in the best song category which pertained to increased neurofeed-
back performance. However, consistent with the rest of our findings, the 
majority of the best songs had a minor key, which links back to the concept 
of sad songs generally being in a minor key. This data serves as a confir-
mation of the valence classification from the Spotify tool against the more 
traditional approach of categorizing music whereby major and minor keys 
were used to classify positive and negative valences respectively. (2)

The genre breakdown showed that the most common genre in the best 
song category across the entire sample was pop, however, this alone does 
not explain much. Possibly due to our age demographics, pop was the 
most selected genre across all song selections for the sample, so conclu-
sions from the genre breakdown alone are not reliable. Having the genre 
information available may shed some light in later stages of the research 
when investigating interaction effects between genre, energy and valence 
for example. The strategy breakdown was also included for the same rea-
son. Although the most common strategy for the best cycles was memo-
ry, it was also the most frequently chosen strategy overall, so conclusions 
regarding that cannot be drawn yet and require more extensive research. 

Limitations of study

The biggest limitation of this study is the small sample size (N=20 al-
though some participants were excluded in certain analyses) which leads 
to a decrease in statistical power. As such, we are less likely to detect effects 

if they are indeed evident. This small sample size also leads to an inability 
to generalize our findings past our sample, especially considering that it 
comes from a biased undergraduate sample. Nevertheless, this paper pro-
vides a necessary first step into the investigation of aspects of music that 
lead to greater improvement in music neurofeedback training but more 
research is required to solidify these findings and generalize them beyond 
the sample. 

Another limitation of this study comes from the subgroup split design. 
In order to classify participants into better and worse performing groups, 
they were split using the median of NF participants. This allowed for a 
clearer definition of what “good” performance was regardless of whether it 
was in the control group or NF group. However, due to the control group 
split being dependent on the NF median, subgroup comparisons (for ex-
ample good NF vs good controls) could not be reliably conducted. In fu-
ture studies, splitting the groups according to each of their own medians 
instead would allow for these subgroup comparisons.

An additional limitation was regarding the variability of the music. The 
fact that measures of average valence and average energy both did not vary 
significantly with performance implies that the large variation in energy 
and valence across the sample was too heterogeneous to establish a clear 
correlation. This could be corrected for by using experimenter-selected 
music instead of participants to self-select their own music however that 
would compromise the increased pleasure that comes specifically from 
one’s own music. Another aspect of variability that was not controlled for 
in this design was personality. Studies have shown that enjoyment of dif-
ferent types of music varies with personality traits. (19) In future studies 
therefore, it would be worth trying to focus on individuals that score high 
on a certain personality trait such as withdrawal (10) for example to re-
duce this variation. Finally, it is important to acknowledge that the statisti-
cal analyses conducted were correlational and causation cannot be implied 
from these findings as a result and it could be that there is an interaction 
effect between valence and energy, or other variables that contribute to 
neurofeedback performance. 

Future Experiments

A finding that prompted future investigation ideas was that the significant 
correlations in best song energy and valence levels that were found were 
across the entire sample. This suggested that the effects of valence and en-
ergy on performance were evident regardless of whether or not the feed-
back the participant received was accurate. This motivates the question of 
whether highly pleasurable music can be just as effective at upregulating 
the NAc activity as neurofeedback. According to our findings, to answer 
this question, music that exhibits medium energy levels and low valence 
levels should be used. 

Additionally, an expansion that was touched upon the discussion above 
was the need to separate the effects of energy and valence on performance. 
A suggestion for doing so would be to give participants music with a con-
stant energy level and varying valences and vice versa to establish a more 
concrete effect of each by reducing the possible interaction. Additionally, 
an interaction effect could be investigated by giving participants music 
high in valence and arousal, low in valence and arousal or high in one and 
low in another and observe the effects that has on performance. 

Further expansions from our data could include a more extensive analysis 
of genre and key. This could be executed by assigning participants music of 
a specific genre or key and observing its effect on their performance. This 
data could also be triangulated with the valence and energy data to try and 
establish a specific sub-genre that might be most effective at enhancing 
neurofeedback performance.

Finally, a component that this paper briefly touched upon is the use of 
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mental strategies during the music neurofeedback training. In order to 
study strategies according to their effectiveness, independently of their fre-

quency, success using a strategy should be characterized by dividing the 
number of best cycles using that strategy by the number of total cycles the 
participant used the strategy. This gives us a measure of percent success 
rate. This would mitigate the effect of having the most frequent strategy 
also be the one used on the most successful trials which was observed in 
our data. Additionally, a strategy-music interaction study can be proposed. 
This study would look at whether certain strategies are coupled with songs 
of a particular valence or energy. Within our discussions between train-
ing cycles, some participants mentioned that they have specific strategies 
for specific songs which would motivate this suggested interaction study. 
Overall, this paper is meant to be seen as a stepping stone in the much 
larger realm of investigating the effects of different aspects of music on 
neurofeedback training. 

References

1. Blood, A. J., & Zatorre, R. J. (2001). Intensely pleasurable respons-
es to music correlate with activity in brain regions implicated in reward 
and emotion. Proceedings of the National Academy of Sciences, 98(20), 
11818–11823. doi: 10.1073/pnas.191355898

2. Hunter, P. G., Schellenberg, E. G., & Schimmack, U. (2010). Feelings 
and perceptions of happiness and sadness induced by music: Similarities, 
differences, and mixed emotions. Psychology of Aesthetics, Creativity, and 
the Arts, 4(1), 47–56. doi: 10.1037/a0016873

3. Huron, D. (2011). Why is Sad Music Pleasurable? A Possi-
ble Role for Prolactin. Musicae Scientiae, 15(2), 146–158. doi: 
10.1177/102986491101500202

4. Jamdar, A., Abraham, J., Khanna, K., & Dubey, R. (2015). Emotion 
analysis of songs based on lyrical and audio features. International Jour-
nal of Artificial Intelligence & Applications, 6(3), 35-50. doi:10.5121/
ijaia.2015.6304

5. Keynan, J. N., Meir-Hasson, Y., Gilam, G., Cohen, A., Jackont, G., Kin-
reich, S., … Hendler, T. (2016). Limbic Activity Modulation Guided by 
Functional Magnetic Resonance Imaging–Inspired Electroencephalogra-
phy Improves Implicit Emotion Regulation. Biological Psychiatry, 80(6), 
490–496. doi: 10.1016/j.biopsych.2015.12.024

6. Keynan, J. N., Cohen, A., Jackont, G., Green, N., Goldway, N., Davidov, 
A., … Hendler, T. (2018). Electrical fingerprint of the amygdala guides 
neurofeedback training for stress resilience. Nature Human Behaviour, 
3(1), 63–73. doi: 10.1038/s41562-018-0484-3

7. Macinnes, J. J., Dickerson, K. C., Chen, N.-K., & Adcock, R. A. (2016). 
Cognitive Neurostimulation: Learning to Volitionally Sustain Ventral Teg-
mental Area Activation. Neuron, 89(6), 1331–1342. doi: 10.1016/j.neu-
ron.2016.02.002

8. Mayberg, H. (2008). Deep brain stimulation for treatment-resistant de-
pression. Journal of Affective Disorders, 107. doi: 10.1016/j.jad.2007.12.153

9. Mori, K., & Iwanaga, M. (2017). Two types of peak emotional responses 
to music: The psychophysiology of chills and tears. Scientific Reports, 7(1). 
doi: 10.1038/srep46063

10. Raymond, J., Varney, C., Parkinson, L. A., & Gruzelier, J. H. (2005). The 
effects of alpha/theta neurofeedback on personality and mood. Cognitive 
Brain Research, 23(2-3), 287–292. doi: 10.1016/j.cogbrainres.2004.10.023

11. Russell, J. A. (1980). A circumplex model of affect. Journal of Personal-
ity and Social Psychology, 39(6), 1161–1178. doi: 10.1037/h0077714

12. Sachs, M. E., Damasio, A., & Habibi, A. (2015). The pleasures of sad 
music: a systematic review. Frontiers in Human Neuroscience, 9. doi: 

10.3389/fnhum.2015.00404

13. Salamone, J. (1997). Behavioral functions of nucleus accumbens dopa-
mine: Empirical and conceptual problems with the anhedonia hypothe-
sis. Neuroscience & Biobehavioral Reviews, 21(3), 341–359. doi: 10.1016/
s0149-7634(96)00017-6

14. Salimpoor, V. N., Bosch, I. V. D., Kovacevic, N., Mcintosh, A. R., Da-
gher, A., & Zatorre, R. J. (2013). Interactions Between the Nucleus Ac-
cumbens and Auditory Cortices Predict Music Reward Value. Science, 
340(6129), 216–219. doi: 10.1126/science.1231059

15. Sandstrom, G. M., & Russo, F. A. (2010). Music Hath Charms: The 
Effects of Valence and Arousal on Recovery Following an Acute Stressor. 
Music and Medicine, 2(3), 137–143. doi: 10.1177/1943862110371486

16. Schlaepfer, T. E., Cohen, M. X., Frick, C., Kosel, M., Brodesser, D., Ax-
macher, N., … Sturm, V. (2007). Deep Brain Stimulation to Reward Cir-
cuitry Alleviates Anhedonia in Refractory Major Depression. Neuropsy-
chopharmacology, 33(2), 368–377. doi: 10.1038/sj.npp.1301408

17. Sulzer, J., Sitaram, R., Blefari, M. L., Kollias, S., Birbaumer, N., Stephan, 
K. E., … Gassert, R. (2013). Neurofeedback-mediated self-regulation of 
the dopaminergic midbrain. NeuroImage, 75, 176. doi: 10.1016/j.neuro-
image.2013.02.041

18. Vuoskoski, J. K., & Eerola, T. (2012). Can sad music really make you 
sad? Indirect measures of affective states induced by music and autobi-
ographical memories. Psychology of Aesthetics, Creativity, and the Arts, 
6(3), 204–213. doi: 10.1037/a0026937

19. Vuoskoski, J. K., Thompson, W. F., McIlwain, D., & Eerola, T. (2012). 
Who Enjoys Listening to Sad Music and Why? Music Perception: An In-
terdisciplinary Journal, 29(3), 311–317. doi: 10.1525/mp.2012.29.3.311

20. Y. Renard, F. Lotte, G. Gibert, M. Congedo, E. Maby, V. Delannoy, O. 
Bertrand, A. Lécuyer, “OpenViBE: An Open-Source Software Platform to 
Design, Test and Use Brain-Computer Interfaces in Real and Virtual En-
vironments”, Presence: teleoperators and virtual environments, vol. 19, no 
1, 2010


