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ABSTRACT

Objective: To accurately deliver a source-estimated neurofeedback (NF) signal developed on a 128-
sensors EEG system on a reduced 32-sensors EEG system.
Methods: A linearly constrained minimum variance beamformer algorithm was used to select the 64 sen-
sors which contributed most highly to the source signal. Monte Carlo-based sampling was then used to
randomly generate a large set of reduced 32-sensors montages from the 64 beamformer-selected sensors.
The reduced montages were then tested for their ability to reproduce the 128-sensors NF. The high-
performing montages were then pooled and analyzed by a k-means clustering machine learning algo-
rithm to produce an optimized reduced 32-sensors montage.
Results: Nearly 4500 high-performing montages were discovered from the Monte Carlo sampling. After
statistically analyzing this pool of high performing montages, a set of refined 32-sensors montages
was generated that could reproduce the 128-sensors NF with greater than 80% accuracy for 72% of the
test population.
Conclusion: Our Monte Carlo reduction method was used to create reliable reduced-sensors montages
which could be used to deliver accurate NF in clinical settings.
Significance: A translational pathway is now available by which high-density EEG-based NF measures can
be delivered using clinically accessible low-density EEG systems.

© 2018 International Federation of Clinical Neurophysiology. Published by Elsevier B.V. All rights

reserved.

1. Introduction

Neurofeedback (NF) helps users to induce behavioral change by
presenting them with real-time feedback about their brain activity
patterns. This method has seen wide success as a therapeutic tool
for the treatment of ADHD, epilepsy, and addiction disorders

Abbreviations: NF, neurofeedback; 1-EEG, low-density EEG; h-EEG, high density
EEG; PCC, Posterior Cingulate Cortex; MC, Monte Carlo.
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(Lubar et al., 1995; Peniston and Kulkosky, 1991; Sterman and
Egner, 2006). As the technology advances, NF is also now beginning
to find applications in the commercial world. (Jatupaiboon et al.,
2013; Jiang et al., 2016; Niha and Banu, 2016; Stytsenko et al.,
2011; Surangsrirat and Intarapanich, 2015; Wu and Liou, 2015).
Currently, the majority of NF measures are being developed
using low-density EEG (I-EEG) systems which consist of fewer than
thirty-two electrodes (Niha and Banu, 2016). These systems are
inexpensive and flexible, but the range of NF measures they can
generate is constrained by their inability to measure highly com-
plex and region-specific brain activity (Chu, 2015, Thibault et al.,
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2016). In contrast, expensive high-density EEG (h-EEG) systems
can measure a much broader range of brain activity and provide
spatial resolutions high enough to allow for accurate source local-
ization (Acar and Makeig, 2013). These capabilities enable h-EEG
systems to produce a diverse range of NF measures (e.g. source sig-
nal, brain network integration etc.) that are currently inaccessible
to their I-EEG counterparts.

Despite the unique advantages of h-EEG, such systems are
rarely used for the development of NF measures. Due to their high
purchasing costs, time-consuming complex setup procedures, and
computational costs associated with high-dimensional data
(Anderson, 1993), h-EEG systems are poorly suited for real world
clinical and commercial applications (Chu, 2015; Mihajlovic
et al.,, 2015). Since NF research aims to develop clinically relevant
tools, this makes h-EEG impractical for NF development without
a translational pathway for implementing h-EEG NF measures on
1-EEG systems. One way this translational pathway could be cre-
ated is through the development of EEG sensor reduction
techniques.

Although sensor reduction techniques played an important role
in closely related sensor-driven medical imaging fields (Machado
et al., 2018; Pellegrino et al., 2016), the literature on EEG sensor
reduction is sparse and we are aware of only one other paper that
attempts it. Herta and colleagues (Herta, et al., 2017) reduced an
epilepsy detection system from 19 to 10 electrodes by an auto-
mated algorithm. They measured the performance of their algo-
rithm against two human experts who identified seizure-related
patterns in EEG data from epilepsy patients and found reduced-
sensors arrays for which the algorithm identified similar patterns
with high sensitivity and specificity. While this reduction strategy
is useful for small EEG systems, its reliance on expert opinion and a
well characterized target signal limit its applicability to larger,
more complex EEG systems and signal patterns.

In the present work, we used a novel sensor reduction method
to implement a source-estimated h-EEG NF signal on a reduced 32-
sensors system (van Lutterveld et al., 2016). We used Monte Carlo-
based (MC) sampling (Pal et al., 2008; Rubinstein and Kroese,
2016) to randomly generate a large set of reduced-sensors mon-
tage candidates. Montages in this random set were then rapidly
screened for their ability to reproduce feedback similar to the full
h-EEG sensors montage. The high-performing montages were then
pooled and analyzed using various statistical methods (e. g. k-
means cluster machine learning) to produce an optimized reduced
montage. The aim of this paper was to establish a generic data-
driven method which would enable h-EEG NF measures to be
implemented on clinically accessible I-EEG systems.

2. Materials and methods
2.1. EEG data acquisition

A schematic diagram of the NF data collection procedure is
illustrated in Fig. 1. High density EEG data used for the present
study was collected from n = 72 subjects. The study was approved
by the University of Massachusetts Medical School Institutional
Review Board and all participants were provided a fact sheet before
participation in the study. The NF they received was generated
based on estimated Posterior Cingulate Cortex (PCC) activity and
was presented as a meditation training tool similar to van
Lutterveld et al. (2016). Each participant received 5 sessions of
NF divided up over 5 weeks. Each of these sessions consisted of
six, 4-min NF runs, during which the first 20 s were a baseline
word task.

The NF time series presented to each participant in the form of
audio feedback updated every two seconds, were derived from
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Fig. 1. Experimental setup for real-time neurofeedback. Data is collected from the

subject and processed in real-time to generate a target neurofeedback signal. The
signal is then presented back to the subject through an audio-visual interface.

gamma band (40-57 Hz) activity of the PCC using a linearly con-
strained minimum variance (LCMV) beamformer algorithm
(Greenblatt et al., 2005). For additional details of the NF setup
see van Lutterveld et al. (2016). The bandpass filter was imple-
mented with a 2nd order IIR butterworth filter. The NF time series
of each 4-min run were average-referenced and divided into 1-s
epochs. Within each of these epochs, the gamma amplitude for this
source-estimated PCC signal was averaged, smoothed using a half-
Gaussian filter. The smoothed signal from each epoch was then
presented to the subject in the form of a time series plot after each
NF run. All subsequent analyses are based on the raw EEG data
recorded from a Biosemi activetwo EEG system consisting of 128
active electrodes, collected at a sampling rate of 2048 Hz
(Biosemi, 2011).

2.2. Sensor reduction

The goal of this sensor reduction method was to produce a set
(%) of 32-sensor EEG montages which could reliably reproduce
the NF signal generated by a 128-sensor EEG system. The selection
of 32 reduced-sensors provides a good balance between signal
robustness, ease of EEG setup, and wide clinical and commercial
availability. In early testing of montages below 32-sensors, we
found a significant (near exponential) drop off in average p values
as well as rapid reduction in volume of the high correlation mon-
tage pool. As a matter of principle, a smaller montage size could
have been generated, but would have required computational
resources deemed unnecessary for this proof-of-concept article.

One major barrier to the construction of X is the “curse of
dimensionality” (Friedman, 1997; Keogh and Mueen, 2011). In
the context of this study, there is a vast number of 32-sensor mon-
tages that could be generated by randomly selecting sensors from
the 128-sensors configuration space. Specifically, the 128-sensor
configuration space Q contains about 1.48 x 103° 32-sensor mon-
tage combinations. The enormous volume of montages in 2 makes
the use of exhaustive search algorithms computationally impracti-
cal for the discovery of high-performing montages.

As a more feasible approach, we developed a Monte Carlo (MC)
sampling strategy which allows us to randomly, but uniformly,
sample the entire 128-sensor configuration space. Because it can
be safely assumed that a large number of montages in 2 are redun-
dant, asymptotically convergent trends, if any, should emerge
without the need to exhaustively explore Q. These convergent
trends should be attainable in a reasonable amount of time by
using commercially available computational resources. An over-
view of our sensor reduction approach can be seen in Fig. 2.
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Fig. 2. An overview of the 3-step Monte Carlo dimensionality reduction approach.
(1) Each h-EEG sensor is assigned a beamformer weight vector and sensors in the
top 50% of weights are selected for Monte Carlo sampling. (2) The Monte Carlo
sampling algorithm randomly generates a set of 32-sensor masks from the pool of
high-weight sensors. (3) Masks that produce time-series which show a 0.99
correlation (p) with the original 128-sensor NF time-series are then selected to
create Candidate Pool X. A wide variety of user- and protocol-specific criteria can be
used to further refine X into a set of idealized montage pools, M.

2.2.1. Beamformer-weight based reduction

As an optimization step to the MC sampling process, we began
by quickly eliminating unimportant sensors from the configuration
space. As a measure of sensor importance, the Euclidean norm of
each sensor’s beamformer weight vector was calculated. The sen-
sors with the 64 lowest normed beamformer magnitudes were
presumed to have a small influence on the feedback signal and
so were then excluded from the pool of sensors which would be
used to generate the 32-sensor montages. By randomly generating
32-sensor montages from a pool of 64 sensors rather than 128 the
number of potential montages in Q is reduced by half. Note that
while this optimization step is optional, it reduces the computa-
tional resources necessary for sensor reduction.

2.2.2. Monte Carlo sampling

Monte Carlo sampling was used to randomly generate three
thousand 32-sensor montages for each raw EEG datafile in the test-
ing set (n=~1386). These montages were randomly created by
using a Mersenne Twister pseudo-random generator algorithm
(Matsumoto and Nishimura, 1998; Rubinstein and Kroese, 2016)
to select 32-sensors from the 64-sensors configuration space. Each

generated montage was associated with one of the 1386 raw EEG
data files and all subsequent montage performance testing was
done using the data in its associated parent file.

After montage generation, a ground truth NF time series was
generated for each parent datafile using the original full 128-
sensor montage. This time series was generated by first applying
an LCMV beamformer mask (the same used in Section 2.1) target-
ing the PCC. A bandpass filter was then used to extract the gamma
band signal from the beamformed data. This data was then
average-referenced and divided into one second epochs. Within
each epoch, the gamma band signal power was averaged and
smoothed using a half-gaussian filter. This produced a single NF
time series which was identical to that which the recorded partic-
ipant received.

This same process was then used to generate a NF time series
for each of the 32-sensor montages. Each montage’s time series
was calculated using the raw EEG data from its parent datafile
and the LCMV weight of its 96 unused sensors were set to zero.

For every 32-sensor montage a Pearson correlation, p, was cal-
culated between the 32-sensor time series it produced and the full
128-sensor time series associated with its parent datafile. This way
we obtained a single p for each instance from the 32-sensor gener-
ated montage pool. p was used as a measure of montage reliability.
Montages with an associated p >0.99 were considered “high-
performing” and were added to the high-performing montage pool
2.

2.2.3. Montage selection refinement

Once X is created, a wide variety of refinement techniques can
be used to produce further optimized montages. For our purposes,
we created two different refined montage pools Myand M from X.
My contains a single montage and was generated by selecting the
32 most commonly occurring sensor locations in X. M contains
multiple montages each generated by using different seeding
parameters with a 4-dimensional k-means clustering algorithm
to analyze X.

The k-means clustering analysis was performed using the
Armadillo C++ Library (Sanderson, 2010). The first three dimen-
sions were the x, y, z coordinates of the sensor’s location and the
fourth dimension was the sensor’s selection status (a weighting
value of 1 was given for selected sensors and 0 for unselected sen-
sors). The static spread seeding parameter was used for seed ini-
tialization. The target number of clusters for this function was
experimentally determined to be ~45, so that at least 32 major
clusters were produced. Each run output a normalized array of sen-
sor coordinates and an associated cluster probability value ranging
between 0 and 1. The sensor coordinates associated with the top
32 cluster probabilities were then selected to create each My
montage.

2.3. Evaluation of refined montage performance

Until this step, montage performance has only been evaluated
using a single datafile. In order to accurately reflect montage per-
formance against a diverse, real-world population, certain select
montages were tested against every datafile in the testing set.
Population-wide testing was performed for each selected montage
by following the time series generation procedure outlined in Sec-
tion 2.2.2, and then calculating the Pearson correlations between
the candidate 32-sensor montage every 128-sensor time series
generated from the parent testing datasets. This produced a set
of 1386 p values for each montage which was plotted as a his-
togram. Various graph statistics were then calculated for montage
performance comparison.

The montages selected for population-wide performance test-
ing were My, My, and a single representative montage from 2. Addi-



P. Pal et al./Clinical Neurophysiology 130 (2019) 352-358

tionally, one montage generated using the optional beamformer
reduction step (Section 2.2.1) and one montage produced without
beamformer reduction were tested in this manner. Both of these
montages had a p value of 0.0 and their results were used to
explore the effects of the beamformer reduction step.

3. Results
3.1. Impact of beamformer weight reduction

The MC simulation produced about 4 million 32-sensor mon-
tages. These montages produced a skewed distribution of p values
(see “Beamformer Weighted” line, Fig. 3). Application of the
beamformer-weight based reduction significantly increased the
median p value of montages generated by MC simulation (see
Fig. 3). The median of the non-beamformer reduced dataset was
0.68 while the median of the beamformer-weight reduced dataset
was 0.79.

3.2. Creation of ~

After evaluating all the montages generated by MC sampling, >~
contained a total of ~4500 unique montages each with a p > 0.99.
To illustrate the quality of NF signals produced by montages in X, a
representative time-series plot with ps belonging to various corre-
lation percentiles can be seen in Fig. 4. A time-series plot, illustrat-
ing the quality of NF signals produced by montages in X with
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representative values of p belonging to various correlation per-
centiles is illustrated in Fig. 4.

3.3. Refined montage performance

The histograms for each of the five montages selected for
population-wide testing can be seen in Fig. 5. The 0.0 p montages
demonstrate that the beamformer weight reduction step signifi-
cantly increased the montages’ median population-wide p values.
The median of the non-beamformer reduced graph was 0.39, while
that number increased to 0.67 for the beamformer weight reduced
montage (Fig. 5a and b). The single 0.99 p montage selected from X
slightly out-performed the machine learning montage, M (Fig. 5¢
and d). The statistically selected montage, My had the highest
population-wide performance and could reproduce the original
NF signal with a p > 0.80 on 72% of the parent datasets. Summary
statistics for each graphs’ performance and distribution can be
seen in Table 1. Since p is selected to be 0.99 the p-value is 0.01.

4. Discussion

In the present work, we used a multistep approach to EEG sen-
sor reduction that allowed us to reliably reproduce an h-EEG NF
measure on a I-EEG system. This work is one of the first attempts
to establish a translational pathway which enables h-EEG devel-
oped NF measures to be implemented on clinically and commer-
cially accessible 1-EEG systems. Prior work on EEG sensor
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Fig. 3. Probability distribution of the correlation values between signal obtained from 32-sensor montage (from MC simulation) and that from 128-sensor full montage (solid

line). The same simulation without beam-former weight based filter (dashed line).
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Fig. 4. Comparison between NF time series produced from an original 128-sensor dataset (solid line) and those derived from three montage-produced time series

representing different degrees of correlation (a, b, and c)].
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Fig. 5. Spatial masks showing scalp sensor locations of representative montages’ (yellow) (A-E). (a) Correlation distribution produced by a low-correlation (p = 0.0) 32-sensor
montage generated with no beamformer reduction filtering (b) Correlation distribution produced by a low-correlation (p =0.0) 32-sensor montage generated with
beamformer reduction filtering. (c) Correlation distribution produced by 32-sensor montage chosen from high-correlation pool X (p =0.99) (d) Correlation distribution
produced by montage generated using k-means clustering analysis on X (M) (e) Correlation distribution produced by montage comprised of the 32 most commonly
appearing sensors in X (Mj). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Quantitative summary of the distributions in Fig. 5.

Distribution Median Percent of data above:
p>0.70 p>0.80 p>0.95
5a 0.39 14% 7% 2%
5b 0.67 45% 28% 12%
5c (%) 0.88 83% 69% 41%
5d (My) 0.83 76% 59% 30%
5e (My) 0.89 85% 72% 48%

reduction has focused primarily on the detection of epileptiform
signals and has been limited to EEG systems with fewer than
~70 electrodes (Machado et al., 2018; Pellegrino et al., 2016;
Herta et al., 2017). In contrast, the currently presented sensor
reduction method is highly adaptable and could be tailored for
use with EEG systems of any size and any target brain region
(e.g. NF for ADHD, motor cortex activation, epileptiform signal
detection).

The key component of this method was the use of Monte Carlo
sampling to query a large search space as well as eliminate human
biases. Monte Carlo sampling enabled the nearly infinite number of
potential 32-sensor montage configurations to be explored in an
efficient and systematic way. The Monte Carlo analysis was able
to reach an asymptotically convergent outcome by sampling a
miniscule portion (~2E~!! percent) of the total configuration space
(Fig. 3). From this small sample we were able to produce 4500
reduced-sensor masks (%) which were capable of generating NF
nearly identical to that of the original 128-sensor montage. This
high output-to-sampling ratio suggests there are potentially mil-
lions of additional montages which could be generated to meet
2’s high reliability threshold.

The beamformer-weight based reduction greatly improved the
odds of generating high-correlation montages. Specifically, dis-
carding the lowest 50% of sensors increased the likelihood of gen-
erating a high-correlation montage by ~25% (Fig. 3). It is important
to note that beamformer-weight reduction is optional for this sen-
sor reduction method, and it only serves to increase the efficiency
of high-correlation montage generation. h-EEG measures that do
not use source targeting can still be adapted to Monte Carlo sam-
pling reduction, however, the process will be less computationally
efficient.

Most importantly, montages generated by our reduction
method were able to reproduce the original h-EEG NF signal with
high accuracy. Even without refinement, a randomly selected mon-
tage from X maintained p values above 0.8 for ~69% of the
population-wide dataset (Fig. 5¢). Other unrefined montages in X

were also tested and appeared to show similar performance. These
findings indicate that even without the use of refinement steps
(like machine learning analysis) the Monte Carlo sensor reduction
strategy can produce reduced montages which may be suitable for
many commercial level applications.

In clinical settings where high reliability is paramount, the use
of a refinement process is ideal. Both of our refinement processes,
My and M, substantially increased NF signal reliability. While My
produced the most reliable NF signal (Table 1), it’s physical mon-
tage distribution (Fig. 5E) might be challenging to implement in
certain clinical scenarios. In situations where physical cap design
restrictions exist, then using a more flexible refinement parameter
like M, might be ideal. The seeding parameters of M,’s k-means
clustering algorithm can be tailored to accommodate a variety of
spatial design preferences allowing M to serve as a compromise
between design criteria and montage reliability.

Though we created 32-sensor montages for this study, it is still
possible to generate montages of an even smaller size that can
maintain high reliability. In our preliminary pilot analysis, we were
able to use the Monte Carlo method to generate montages as small
as 20 sensors and still produce montages with p values that could
meet 2’s reliability threshold. Further sensor reduction was also
supported by the k-means algorithm which indicated that around
25% of the 32 montage sensors appeared to have minimal influence
on correlational outcomes. However, the Monte Carlo method pro-
duced high quality montages at a much lower occurrence rate as
the target montage size decreased. This significantly increased
the amount of computational time necessary to create a X pool
large enough for use with refinement techniques. Thus, when using
this Monte Carlo sensor reduction method, it is important to con-
sider trade-offs between target montage size and computational
power necessary to produce a desired montage.

When performing EEG sensor reduction, another important
consideration is to determine at what p value the efficacy of the
output signal begins to degrade. In the case of NF, the efficacy of
therapy is dependent on the user’s perception and interpretation
of the feedback signal. This suggests that inconsistencies in the
NF signal which are unnoticeable to the user have little impact
on NF efficacy. To our knowledge, no studies have examined the
role of NF signal quality on therapeutic outcomes. The qualitative
visual similarities between the original signal and our reduced-
sensor NF time series, even when the actual correlation between
them is p = 0.70 (Fig. 4), suggest that such discrepancies may be
clinically irrelevant if they are unnoticeable by users. Alternatively,
it may be the case that such signal differences would lead to differ-
ent clinical outcomes even if subjects were not aware of, or could
not consciously perceive, any infidelities in the reduced-sensor sig-
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nal. Testing this hypothesis would require an advanced neurophe-
nomenological approach (Garrison et al., 2013; van Lutterveld
et al,, 2017) and is a good candidate for future research.

This sensor reduction method is highly flexible, and its use is
not limited to only reducing h-EEG systems or NF measures. This
sensor reduction method can be applied to EEG systems with any
number of base electrodes and can be used to create specialized
montages for the detection of any target brain activity. The flexibil-
ity of this sensor reduction method is possible because it is based
solely on statistical sampling and correlational methods. With fur-
ther testing, this automated sensor reduction method may prove
ideal for sensor reduction in all varieties of EEG systems and may
begin to enable the development of personalized EEG caps.

Although this proof-of-concept was performed on an h-EEG NF
system, it can be used to increases the applicability, accessibility,
and reliability of a wide variety of EEG feedback and detection sys-
tems. This method creates a translational pathway which allows us
to utilize the superior accuracy and robustness of h-EEG systems
while still maintaining the flexibility and cost-effectiveness of 1-
EEG systems. Future work on EEG sensor reduction will only con-
tinue to streamline and improve this process.

One potential limitation of our method is that the outcome is
sensitive to the choice and size of the targeted brain region. For lar-
ger regions of interest, the distribution and redundancy of the
reduced-sensors over the scalp may not necessarily produce a
well-defined regionally clustered set as reported in this article.
The final design choice of the reduced-sensor cap would be heavily
influenced by the distribution of the montage pool candidates over
the scalp. Additionally, our results are potentially limited by the
chosen frequency band of interest. High frequency bands of inter-
est as we reported in this study may be focal and not spread over
large cortical regions if these techniques are applied in other set-
tings. Another limitation is computation costs associated with
unconstrained MC sampling. A more efficient approach would be
adaptive sampling such that the sensors with greater beamformer
weight would be sampled with higher frequencies to make faster
convergence and minimize unimportant sampling. Such an effi-
cient approach would be useful if we need absolute minimum
number of reduced-sensors instead of 32-sensors montages
described in this study.

5. Conclusion

A new EEG sensor reduction method was used to accurately
reduce a 128-sensor NF system into a 32-sensor NF system. This
method utilized a Monte Carlo sampling strategy to systematically
explore the entire set of potential 32-sensor montages and was
able to produce thousands of montages which could reproduce
the 128-sensor NF with high accuracy. This sensor reduction
method could be applied to EEG systems of any size and target sig-
nal. Future studies could build on this method by increasing the
computational efficiency and quality of the montage generation
process, and by performing additional proof-of-concept studies
on EEG systems of different types and sizes.
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