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ABSTRACT
This paper analyzes lossy frequency-domain compression in the context of cross-frequency coupling (CFC) analysis of electroencephalograph (EEG) signals. The approach used here for CFC
analysis involves a low-complexity signal analysis block followed by a constant false alarm rate
(CFAR) detection algorithm. The lossy frequency-domain compression is achieved via the threshold coding method for frequency truncation using the discrete cosine transform (DCT). This method
is found to increase CFC detection rates by as much as 30% to 50% depending on the amount of
Gaussian noise in the signal and the selected probability of false alarm. Further analysis indicates
that these significant improvements in CFC detection rates are due to adaptive frequency-domain
noise reduction. These results bode well for lossy frequency-based EEG compression schemes
which can greatly improve transmission speeds and decrease storage space requirements while
simultaneously enhancing CFC analysis capabilities.
INTRODUCTION
A major new vision within the neuroscience community is the concept of cross-frequency
coupling (CFC) in electroencephalograph (EEG) data. CFC is the result of complex interactions
of neural populations, each of which manifests certain oscillatory behaviors in select frequency
ranges. Structural cross-frequency relationships have been found to hold a functional role in the
execution of cognitive functions such as decision making, communication, and learning [1, 2, 3].
Although cross-frequency relationships come in a variety of forms, the most extensively studied
relationship in the literature is phase-amplitude coupling (PAC), whereby the amplitude of highfrequency oscillations is modulated by the phase of low-frequency rhythms. PAC research commonly focuses on the interaction of the phase of low-frequency theta rhythms (5-10 Hz) with the
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amplitude of gamma (30-80 Hz) and high gamma (80-200 Hz) oscillations [4, 5, 6], with theoretical work suggesting that theta-gamma PAC is involved in sequential memory organization and the
maintenance of working memory [7]. Thus, the amount of CFC between theta phase and gamma
amplitude as well as the exact combination of theta and gamma subbands gives us insight regarding
information processing and storage activities within the brain. Recent research is using changes in
PAC as an indication of neurological disorders including schizophrenia, obsessive-compulsive disorder, Alzheimer’s disease, epilepsy, and Parkinson’s disease, and is even considering the potential
of CFC as a therapeutic target in disease states [8].
The increasing prevalence of processing EEG datasets for diagnostic purposes has provoked
further consideration regarding the compression of EEG data to improve transmission speeds and
decrease storage space requirements. Many EEG compression methodologies studied to date have
been lossless or near-lossless [9, 10, 11] due to clinical liability considerations. However, the
entropy of the EEG signal limits the maximum compression achievable for lossless schemes. Lossy
compression schemes can overcome this issue as long as we ensure that diagnostically significant
data remains intact. A recent investigation of the effects of lossy compression on event-related
potential (ERP) analysis of EEG data demonstrated that lossy compression is a feasible option
for EEG datasets destined for ERP analysis [12]. In a similar manner, this paper investigates the
degree to which lossy compression affects CFC analysis of EEG signals.
METHODS
A.

Generating Cross-Frequency Coupled EEG Signals

The EEG signals used for this research were synthesized using the program developed by Tort
et al. [6]. The plots in this paper reference a 10-second synthesized EEG signal with a 1024
Hz sampling rate containing CFC between a low-frequency theta rhythm centered at 10 Hz and a
high-frequency high gamma oscillation centered at 108 Hz, with the purpose of obtaining results
applicable to the theta-gamma coupling domain [4, 5]. Note that results similar to those presented
here were obtained for other cross-frequency coupled signals as well. For some experiments,
Gaussian noise was added to the synthesized EEG signal to simulate the noise present in realworld EEG signals. View the left hand side of Figure 8 for 1 second segments of synthesized EEG
signals containing additive Gaussian noise with standard deviation of 0, 1, and 2.
B.

CFC Analysis

A number of approaches have been proposed to quantify the amount of CFC present in an EEG
signal [13, 14, 15, 16, 17], yet no single method has been chosen as the gold standard [3]. Creusere,
McRae, & Davis [18] recently introduced a new approach for CFC analysis that is used in this
research. In particular, this method detects phase-amplitude coupling and the reader may assume
from this point forward that any mention of CFC is of the PAC variety. The approach consists
of a low-complexity signal analysis block (Figure 1) that is well-suited for implementation as an
integrated circuit followed by constant false alarm rate (CFAR) detection (Figure 2). The output
CFC signals from Figure 1 are used for CFAR detection in Figure 2.
The low and high band filters of Figure 1 are narrow bandpass filters implemented as short
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Figure 1: Sample-based CFC analysis block as proposed by [18].

Figure 2: CFAR detection approach as proposed by [18]. Blocks of N samples are collected from each
of the M CFC channels and histograms are computed. For each channel, a null hypothesis histogram is
formed, a CFAR threshold is calculated, and a detection decision is made.

cascades of simple 2nd order IIR filters using Direct Form 2 structures. In total, Creusere et al.
defined 15 high band filters in the gamma and high-gamma ranges specified in intervals of 10 Hz
beginning at 38 Hz and ending at 178 Hz. CFC detection decisions are made for a low-frequency
rhythm query (e.g. 10 Hz) on 200-sample blocks of the CFC signal for each high band filter. For
the results below, the CFC detection rate for a given synthesized EEG signal was calculated by
passing the 10 Hz low-frequency rhythm query to the CFAR detection algorithm and determining
the number of blocks that detected CFC out of the total number of blocks in the CFC signal for the
108 Hz high band filter.
C.

EEG Data Compression

The method of lossy data compression investigated here is frequency truncation using the discrete cosine transform (DCT), a popular choice to perform signal compression due to its strong
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energy compaction property. To compress an arbitrary 10-second synthesized EEG signal, we
computed the DCT-IV for each 1-second block in the synthesized EEG signal by
r
y(k) =

N
2 X
π
x(n)cos(
(2n − 1)(2k − 1))
N n=1
4N

(1)

where x(n) is the 1-second block in the synthesized EEG signal and N = 1024. For each block
transform, we used the method of threshold coding to retain a percentage of the DCT-IV coefficients with the greatest energy and zeroed out the remainder. We then computed the inverse of the
DCT-IV for each block transform by
r
x(n) =

N
2 X
π
(2k − 1)(2n − 1))
y(k)cos(
N k=1
4N

(2)

resulting in a compressed version of the synthesized EEG signal after concatenating the compressed 1-second blocks in the appropriate order.
The general approach taken to determine CFC detection rates for varying degrees of lossy
compression is depicted in Figure 3. Following selection of the probability of false alarm (PFA)
for CFAR detection and the amount of Gaussian noise to add to the synthesized EEG signal, a
Monte Carlo simulation was performed using M independently synthesized EEG signals. Each
independently synthesized EEG signal was compressed to varying degrees, and each of the resulting signals underwent CFC detection as described in Subsection B. above. For the experiments
shown below, we iterated over PFAs of 0.001, 0.01, 0.1, and 0.2 and additive Gaussian noise with
standard deviations of 0, 1, and 2. Each Monte Carlo simulation consisted of 100 iterations unless
otherwise noted.
RESULTS
D.

Effects of Additive Gaussian Noise on CFC Detection Rates

Figure 4 displays the effect of the additive Gaussian noise on the CFAR detection rate at PFAs
of 0.001, 0.01, 0.1, and 0.2. The trends in Figure 4 confirm that the CFC algorithm and CFAR
detection work as expected. First, we anticipate that increasing the PFA should also increase the
CFC detection rate, since the detection threshold on the null hypothesis distribution would become
less stringent. In fact, this is exactly what we observe in Figure 4 as increasing the PFA monotonically increases the CFC detection rate across all levels of additive Gaussian noise. Second,
we anticipate that increasing the standard deviation of the additive Gaussian noise should decrease
the CFC detection rate, since more noise power in the signal leads to a smaller signal-to-noise
ratio. Again, we observe this trend in Figure 4 as increasing the standard deviation of the additive
Gaussian noise leads to monotonically decreasing CFC detection rates.
E.

Effects of Frequency Truncation on CFC Detection Rates

Figure 5 displays the CFC detection rate as a function of the percentage of DCT coefficients
discarded using the threshold coding method for frequency truncation. The CFC detection rates
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Figure 3: Monte Carlo simulation process consisting of M iterations that determined CFC detection rates at various
configurations of the PFA and additive Gaussian noise.

are computed for between 0% and 100% of DCT coefficients discarded in increments of 10%. The
families of plots sharing the same color represent common PFAs and the families of plots sharing
the same line style represent common levels of additive Gaussian noise. In accordance with our
observations in Figure 4, we see that increasing the standard deviation of additive Gaussian noise
leads to lower CFC detection rates. Likewise, we can confirm that increasing the PFA leads to
higher CFC detection rates. Note that the plot for PFA .2, Noise Std Dev 0 obscures the other plots
with Noise Std Dev 0, that is, all plots with no additive Gaussian noise (regardless of the PFA)
detect CFC at the maximum possible rate until 100% of the DCT coefficients are discarded.
It was expected that an increase in the amount of frequency truncation would lead to a decrease
in CFC detection rates due to information loss. On the contrary, the trends demonstrate the opposite
of this prediction. That is, we observe that as the amount of frequency truncation increases, there is
a corresponding monotonic increase in the CFC detection rate until 100% of the DCT coefficients
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Figure 4: CFC detection rate as a function of additive Gaussian noise.

are discarded, at which point the CFC detection rate bottoms out at 0% (as it must, regardless of
the particular combination of PFA and additive Gaussian noise).

Figure 5: CFC detection rate as a function of frequency truncation.

F.

Maximum CFC Detection Rates For Frequency Truncation

To inspect the maxima of these plots with greater precision, we increased the fidelity of the
results at high rates of frequency truncation. Figure 6 displays CFC detection rates for between
99.1% and 100% of DCT coefficients discarded in increments of 0.1% . Considering Figures 5
and 6 together, we see that frequency truncation using the DCT increases CFC detection rates for
noisy EEG signals by as much as 30% to 50% depending on the particular combination of PFA and
additive Gaussian noise. For example, the plot for PFA .001, Noise Std Dev 1 has a CFC detection
rate of approximately 0.4 or 40% for 0% of DCT coefficients discarded and a CFC detection rate
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of approximately 0.9 or 90% for 99.5% of DCT coefficients discarded, demonstrating an increase
in the CFC detection rate of around 0.5 or 50%.

Figure 6: CFC detection rate as a function of frequency truncation from 99.1% to 100% of DCT coefficients discarded.

While not all plots achieve a maximum at exactly the same truncation rate, we selected an appropriately representative truncation rate of 99.5% of coefficients discarded in the DCT for further
investigation. A Monte Carlo simulation of 10000 iterations was used to determine the indices of
the retained DCT coefficients at the truncation rate of 99.5% for each of the various levels of additive Gaussian noise. The results are displayed in Figure 7. Note that only those DCT coefficients
that were retained more than 1% of the time are considered in these graphs. It is clear that the
commonly retained DCT coefficients around indices 20 and 21 correspond to the low-frequency
theta rhythm centered at 10 Hz, and that the commonly retained DCT coefficients around index
216 correspond to the high-frequency high gamma oscillation centered at 108 Hz. The cases with
no additive Gaussian noise always retain the same DCT coefficients, while increasing the Gaussian
noise diversifies the distributions. However, observe that the distributions remain clustered around
the indices described above regardless of the amount of additive Gaussian noise in the synthesized
cross-frequency coupled EEG signals.
DISCUSSION
The data in Figure 7 suggest that the significant improvements in CFC detection rates at high
compression rates may be due to adaptive frequency-domain noise reduction. To gain further insight, Figure 8 displays the synthesized EEG signals in the time-domain with different levels of
additive Gaussian noise before and after frequency truncation at the truncation rate of 99.5% of
DCT coefficients. Note that the frequency-truncated cross-frequency coupled EEG signals approach a standard form, regardless of the additive Gaussian noise in the synthesized EEG signals.
This noise reduction allows one to visually detect the cross-frequency coupled nature of the synthesized EEG signals much more easily. Further, and more importantly, this noise reduction also
7

Figure 7: Indices of the DCT coefficients retained at truncation rate 99.5% for various levels of additive Gaussian
noise as determined by Monte Carlo simulations. Note the distribution around indices 20 and 21 corresponding to the
10 Hz low-frequency theta rhythm and the distribution around index 216 corresponding to the 108 Hz high-frequency
high gamma oscillation.

aids the CFC analysis and CFAR detection algorithms developed by [18] in properly identifying
instances of CFC.
The intersection of this adaptive frequency-domain noise reduction with cross-frequency coupling analysis has been sparsely explored, although the results appear promising. At least one other
study [19] has demonstrated improvements in CFC metrics via variable bandwidth filters for noise
reduction, although performance was not evaluated using CFAR detection.
CONCLUSIONS
In this paper, we have considered the effect that lossy frequency-domain compression has on
CFC analysis of EEG signals. In particular, we investigated the impact that the threshold coding
method for frequency truncation using the DCT has on the CFC analysis and CFAR detection
algorithms put forth by Creusere et al. [18]. We found that frequency truncation using the DCT
increases CFC detection rates for noisy EEG signals by as much as 30% to 50% depending on
the PFA and the additive Gaussian noise. Thus, lossy frequency-domain compression appears not
only tolerable for real-world EEG signals destined for CFC detection, but even favorable due to
the observed improvement in CFC detection capabilities. These results motivate utilization of the
compression scheme presented above for EEG datasets focused on CFC detection. Future work
includes investigating the effects of other lossy compression schemes on cross-frequency coupling
analysis of EEG signals.

8

Figure 8: Synthesized cross-frequency coupled EEG signals in the time-domain with different levels of additive
Gaussian noise (left) before and after frequency truncation at the truncation rate of 99.5% of DCT coefficients (right).
Note how the frequency-truncated cross-frequency coupled EEG signals approach a standard form as a result of the
adaptive frequency-domain noise reduction.
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