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Abstract—We exploit directed information to examine the
causal relationship between EEG data in response to audio
stimulus. Specifically, we conduct experiments wherein the EEG
activity of subjects is recorded as they listen to audio with time-
varying audio quality between two different levels. Different
types of directed information measures are then used to quantify
the information flow between EEG sensors, which are grouped
into different regions of interest over the cortex. Further, we
determine the analytical relationship between these different
directional measures and compare how well they are able to
distinguish between the perceived audio quality.

I. INTRODUCTION

Brain processing in general is a multistage process that
results in the activation and hierarchical interaction of several
different regions in the brain. Understanding the dynamics of
brain functioning requires the investigation of the information
flow over this cortical network and studying the interaction
and connectivity between different areas of the brain. Further,
sensory and motor information in the brain is represented and
manipulated in the form of neural activity. This superposition
of electrical activity patterns can be recorded via electrodes on
the scalp and is termed as electroencephalography (EEG). In
the following, we exploit directed information (DI) measures
to examine the causal information flow between EEG sensors
on the scalp in response to an external audio stimulus of the
human test subject.

The current state-of-the-art approach to subjective au-
dio quality testing, Multi Stimulus with Hidden Anchor
(MUSHRA) [1], has human participants assign a single
quality-rating score to each test sequence. Such testing suffers
from a subject-based bias towards cultural factors in the
local testing environment and can be highly variable. Instead
of using EEG measurements we can directly capture and
analyze the brainwave response patterns that depend only
on the perceived variation in signal quality. For example,
[2] investigates the use of a time-space-frequency analysis to
identify features in EEG brainwave responses corresponding
to time-varying audio quality. Also in [3] the authors use linear
discriminant analysis classifiers to extract features from EEG
for classifying noise detection in audio signals.

Information theory provides a stochastic framework which
is well suited to characterize and model EEG responses [4]–
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[9]. Specifically, there has been a growing interest in using
DI measures to analyze EEG data. In [10] the authors use
DI to identify the causal relation between EEG signals and
later extend this approach to estimate the number [11] and
location [12] of the EEG sources. Similarly, [13] applies DI to
evaluate emotional elicitation in subjects. Also, [14] reviews
and demonstrates the merits of using transfer entropy (TE)
among other causal information measures to study effective
connectivity between EEG data. To the best of our knowledge
however, this is the first time that a DI-based characterization
is used in conjunction with EEG measurements to quantify
human perception of audio quality. Further, we determine
the analytical relationship between multivariate DI measures
and TE, and compare how well these measures are able to
distinguish between the perceived audio quality.

II. EXPERIMENT

In the conducted experiment the EEG response activity
of human test subjects was recorded as they listened to a
variety of audio test-sequences. The quality of the stimulus
test-sequences varied with time between two different levels
— ‘high’ quality and ‘distorted’ quality.

All audio test sequences were created from three funda-
mentally different base-sequences sampled at a ‘high’ quality
of 44.1 kHz, with a precision of 16 bits per sample. Two
different types of distortions were considered for our analysis,
scalar quantization and frequency band truncation. The test
sequence for a specific trial was created by selecting one of
the two distortion types and applying it to the original base
sequence in a time-varying pattern of non-overlapping five
second blocks. Here, we employ the same test sequences and
distortion quality levels as in [15]. Multiple of such trials
were conducted for each subject by choosing all possible
combinations of sequences, distortion types, and time-varying
patterns.

The trials were conducted in a room specifically built for
recording EEGs with a RF shielded testing chamber. We
employed an ActiveTwo Biosemi EEG system, which captures
data on 128 spatial channels, sampled at 256 Hz. To better
manage the large amount of collected data while effectively
mapping the activity across different regions of the brain,
we group the 128 electrodes of the EEG-system into specific
regions of interest (ROI) as shown in Fig. 1.
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Fig. 1: The 128 electrodes are grouped into eight regions of interest
(ROI) to effectively cover the different cortical regions (lobes) of
the brain. The arrows illustrate the direction and transmission of
information in between the ROIs. For example, shown above is the
interaction between the temporal lobes (ROIs 5 and 7) and the pre-
frontal cortex (ROI 2).

In our earlier work [16] we demonstrated that the EEG
output of an ROI, where every electrode in a given ROI is
considered an independent realization of the same random
process, converges to a Gaussian distribution with zero mean.
The intuition here is that the potential recorded at the EEG
electrode at any given time-instant can be considered as the
superposition of responses of a large number of neurons.
Thus, the distribution of a sufficiently high number of these
trials taken at different time instances converges to a Gaussian
distribution as a result of the Central Limit Theorem.

III. DIRECTED INFORMATION MEASURES

Given two interacting random processes, DI measures allow
us to quantize the causality and the direction of information
transmitted between one random process to another. In the fol-
lowing, we will consider three different DI measures presented
in the literature.

Notation: X = Xn is is a vector of n random variables (r.v.)
[X1, X2, . . . , Xn], with realizations xn = [x1, x2, . . . , xn].
Such a random vector in the following represents a sampled
EEG signal. Also, H(X) is the entropy of the r.v. X , and
I(X;Y ) is the mutual information between X and Y .

A. Transfer entropy

TE was first introduced by [17] to analyze information flow
over a bi-directional channel, and later formally defined by
[18]. It evaluates the deviation of the observed data from a
model, assuming the following joint Markov property

p(Yn|Y n−1Xn−1) = p(Yn|Y n−1). (1)

The above equation is satisfied when the transition probabil-
ities of the process Y is independent of X. TE measures

the deviation from this condition using the Kullback-Leibler
divergence and is defined as

TE(X→ Y) ≡ TE(Xn−1 → Y n)

= E

[
log

p(Yn|Y n−1Xn−1)

p(Yn|Y n−1)

]
= H(Yn|Y n−1)−H(Yn|Y n−1Xn−1). (2)

Also, we know that the entropy of a k-dimensional multivariate
Gaussian distribution with probability density p(z1 . . . zk) is

H(Z1 . . . Zk) =
1

2
log (2πe)k|C(Z1 . . . Zk)|, (3)

where C is the covariance matrix and | · | is the determinant of
the matrix. As indicated above, the random vectors Xn and
Y n are jointly Gaussian and therefore the TE can be reduced
to

TE(X→ Y) =
1

2
log
|C(Y n)| · |C(Y n−1Xn−1)|
|C(Y n−1)| · |C(Y nXn−1)|

. (4)

B. Massey’s directed information

DI as proposed by Massey [19] is an extension of Shan-
non’s mutual information to quantify information flow on a
communication channel with feedback. It is defined as the
total information transmitted between n past samples of X
and the current sample of Y,

DI1(X→ Y) ≡ DI1(XN → Y N )

= H(Y N )−H(Y N ||XN ) (5)

=

N∑
n=1

I(Xn;Yn|Y n−1), (6)

where, H(XN ||Y N ) =
N∑

n=1
H(Xn|Xn−1Y n) is the uncer-

tainty of XN causally conditioned on Y N . Again, if the
random vectors Xn and Y n are Gaussian then this measure
can be conveniently expressed as

DI1(X→ Y) =
1

2

N∑
n=1

log
|C(Xn)| · |C(Xn−1Y n)|
|C(Xn−1)| · |C(XnY n)|

. (7)

C. Kamitake’s directed information

Another useful measure of DI is defined by Kamitake in
[20] and given as

DI2(X→ Y) =

N∑
n=1

I(Xn;Y
N
n+1|Xn−1Y n) (8)

=H(Y N
n+1|Xn−1Y n)−H(Y N

n+1|XnY n). (9)

We notice that this measure is different from Massey’s DI in
that it measures the influence of the the current sample of X
on the future samples of Y. For the Gaussian case DI2 can
be written as

DI2(X→ Y)=
1

2

N∑
n=1

log
|C(Xn−1Y N )| · |C(XnY n)|
|C(Xn−1Y n)| · |C(XnY N )|

. (10)



IV. A CUT-SET BOUND APPROACH

A. Information transfer over the brain as a MAC with feed-
back

Consider a multiterminal communication network where
several senders transmit information to only one receiver
node via a multiple access channel (MAC). We assume the
MAC has a feedback link so the users see the previous
outputs of the channel and can use these to choose subsequent
channel inputs. This model can be considered analogous to the
transmission of information flow over the cortical network,
with two or more ROIs (the “senders”) being the nodes all
communicating to another ROI (the “receiver”).

In [21] it is shown that the capacity region for a MAC
with feedback can be lower bounded using DI in a form
similar to the standard cut-set bound for the MAC [22] for
the case without feedback. In order to state the capacity
region for the MAC with feedback, we first extend our DI
expression to account for the causal influence of additional
random processes.
Definition 1. Multivariate Massey DI is defined as the in-
formation flowing from X to Y causally conditioned on the
sequence Z as

DI1(X→ Y||Z) = H(Y N ||ZN )−H(Y N ||XNZN )

=

N∑
n=1

I(Xn;Yn|Y n−1Zn−1). (11)

Now consider the two user discrete memoryless MAC with
feedback, channel inputs XN and Y N , and channel output ZN

as shown in Fig. 2. The cut-set based bound for this channel
can be given as follows [21]

R1 ≤
1

N
DI1(XN → ZN ||Y N ), (12)

R2 ≤
1

N
DI1(Y N → ZN ||XN ), (13)

R1 +R2 ≤
1

N
DI1(XN , Y N → ZN ), (14)

for all

p(xn, yn|xn−1, yn−1, zn−1) = p(xn|xn−1, zn−1)

· p(yn|yn−1, zn−1). (15)

Note that for N → ∞ the equality condition in (12)-(14)
represents the capacity region for the MAC with feedback.

We now aim to apply these results to our cortical region
model in Fig. 1, where the quantities AN , BN , CN and DN ,
resp., represent random vectors describing the sampled output
of the EEG signals in each region. However, note that these
random vectors are very likely correlated, and most certainly
the cortical network is not memoryless. Further, we do not
know whether the distribution of these source signals match
the capacity achieving distribution of the underlying multiple
access communication channel. The rate-bounds in (12)-(14)
are therefore not a valid bound on the capacity region of the
information transfer between the ROI. However, our interest

here is not to calculate the capacity but rather to analyze the
nature of causal information flow over the cortical network in
response to external stimulus. Therefore, the equations on the
right-hand side of (12)-(14) provide us with a useful measure
for calculating the multivariate directional information flow
between the different interacting ROIs.
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Fig. 2: Cut-set region graph: Information transfer over the ROIs is
considered equivalent to a MAC with feedback. In the figure shown
above, A is the receiver (output), B is the sender (input), C and D
represent the side information (inputs) available at the receiver.

B. Relationship between different measures

Similar to DI1 TE can be extended for the case of analyz-
ing the information transfer between three or more random
processes [14].
Definition 2. Multivariate TE can be defined as follows

TE(X→ Y|Z) = E

[
log

p(Yn|Y n−1Xn−1Zn−1)

p(Yn|Y n−1)Zn−1

]
(16)

= I(Xn−1;Yn|Y n−1Zn−1). (17)

Proposition 1. The relation between multivariate DI1 and
multivariate TE is given by

DI1(XN → Y N ||ZN )=

N∑
n=1

{
TE(Xn−1 → Y n|Zn)

+ I(Xn;Yn|Xn−1Y n−1Zn−1)
}

(18)

Proof. Using the chain rule of mutual information along with
(8) we obtain

I(Xn;Yn|Y n−1Zn−1) = TE(Xn−1 → Y n|Zn−1)

+ I(Xn;Yn|Xn−1Y n−1Zn−1). (19)

Substituting the above equation in (11) directly yields the
desired result. We observe that the DI is a sum over the TE
and an additional term describing the conditional instantaneous
information between Xn and Yn. �

Kamitake’s DI expression can also be extended to the
multivariate case.
Definition 3. Multivariate Kamitake information is defined as

DI2(X→Y||Z)=
N∑

n=1

I(Xn;Y
N
n+1|Xn−1, Y n, Zn−1). (20)

We would like to note here that even though the multivariate
case for DI2 has been earlier explored by [10], the authors use



an incorrect expansion to calculate the measure, resulting in an
expression valid only if the time series is i.i.d. In all other cases
their result constitutes only a lower bound. Further, the relation
between Kamitake’s DI and Massey’s DI has previously been
discussed in [23], [24]. We extend this to the multivariate case,
Proposition 2. The relation between multivariate DI1 and
multivariate DI2 is given by

DI2(Y → X||Z) + DI1(X→ Y||Z)
= DI2(X→ Y||Z) + DI1(Y → X||Z). (21)

Proof. Rewriting (20) in terms of entropy we get

DI2(Y → X||Z) =
N∑

n=1

[
H(XN

n+1|Y n−1XnZn−1)

− H(XN
n+1|Y nXnZn−1)

]
=

N∑
n=1

[
H(XN |Y n−1Zn−1)−H(Xn|Y n−1Zn−1)

− H(XN |Y nZn−1) +H(Xn|Y nZn−1)
]

=

N∑
n=1

I(XN ;Yn|Y n−1Zn−1)− DI1(X→ Y||Z).

Rearranging yields

DI2(Y → X||Z) + DI1(X→ Y||Z)

=

N∑
n=1

I(XN ;Yn|Y n−1Zn−1)

(a)
=

N∑
n=1

N∑
i=1

I(Xi;Yn|Xi−1Y n−1Zn−1)

(b)
=

N∑
n=1

I(Y N ;Xn|Xn−1Zn−1)

= DI2(X→ Y||Z) + DI1(Y → X||Z), (22)

where (a) follows by using the chain rule, and (b) from
interchanging the order of summation. �

V. ANALYZING REAL EEG BRAIN DATA

In order to compare and examine the effectiveness of each
of these directional measures we apply them to the collected
experimental EEG data. We begin by both selecting a source
region and a destination region which correspond to the ran-
dom processes X and Y, respectively. All the other remaining
regions are considered to represent the side information Z.
For our analysis here, we separately extract the EEG response
sections for each of the two audio quality levels and calculate
the DI measures individually for each of them. This allows us
to compare the differences in the information flow in between
the brain regions for the case where the subject listened to
good quality audio as opposed to the case where the subject
listened to bad quality audio. Also for the purposes of this
analysis we only select a subset of 8 subjects who provide
the largest mutual information values on the event related

potential (ERP) channel connecting the audio stimulus and
the quantized EEG sensor outputs (see [16] for details).

Also, since we know that the interacting random processes
are Gaussian, we can directly calculate the information mea-
sures via (4), (7), and (10) by estimating the corresponding
covariance matrices. We assume stationarity of the observed
EEG signal and extract 125 ms long samples (N = 32 points)
to create the sample covariance matrix. The samples are
extracted from all trials across all subjects for different test
sequences and distortion types.

Our choice of source and destination ROIs here is closely
based on the direction and order of the auditory sensing
pathway in the brain. The primary auditory cortex (PAC)
located in the left and right temporal lobes is the first region
of the cerebral cortex to receive auditory input. The higher
executive functions and subjective responses are a result of the
information exchange between the PAC and the other cortical
regions, predominantly including the prefrontal cortex.

A. Directional information results

Fig. 3 illustrates multivariate Massey DI1 calculated for
four different ROIs for a second of EEG trial data. The plot
shows DI calculated separately for both the audio qualities.
The results indicate a notable difference between the amount
of information flow for good and distorted audio. In particular,
there appears to be a higher amount of information flow
between the regions when the subject listened to distorted
quality audio. This strongly indicates an increase in brain
activity, possibly as a result of paying increased attention to
identify the drop in audio quality. We also note that in Fig. 3
in one or more cases of ROI pairs a sharp distinction in the
behavior of the information flow at around the 400-500 ms
mark can be observed. This coincides with the P300 ERP [25]
that marks a subject’s detection and preliminary reaction to a
stimulus.
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Fig. 3: Multivariate Massey DI

Similarly, Fig. 4 plots multivariate Kamitake DI2 for the
same four regions and a second of trial data. The results show
that the causal connectivity between the regions as revealed
by DI2 is very similar to that of DI1. As before, the amount
of information flow in general is higher for distorted audio
quality, and the P300 ERP event is observed as well. This
similarity between the performances of the two DI measures
can can be explained by Proposition 2 which shows that the



total flow of information between two random sequences is
the same for both measures. Therefore both the directional
and temporal behavior of the information flow between the
regions is similar for both measures. Finally, Fig. 5 shows
the multivariate TE results for the same regions. We notice
that, unlike DI, TE performs rather poorly and that there is
not a substantial amount of difference in the TE between the
two audio qualities. This is due to the fact, as indicated in
Proposition 1, that TE is not calculated over all N samples and
therefore contains only a fraction (≈ 1

N ) of the information
measured by DI, in addition to the absence of the instantaneous
mutual information term on the right-hand side of (18).
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Fig. 4: Multivariate Kamitake DI
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Fig. 5: Multivariate transfer entropy
VI. CONCLUSION

We presented a novel method to assess changes in perceived
audio quality by directly measuring the EEG response of
human subjects listening to time varying distorted audio. In
particular, we used DI measures to analyze the casual flow of
information between EEG sensors grouped into ROIs over the
cortex. Further, we considered the information flow between
the ROIs analogous to a MAC with feedback where several
senders transmit to only one receiver. We also examined the
relationship between two commonly used DI measures and TE,
and compared their performance as to how well they are able
to distinguish between the perceived audio quality. The results
demonstrate that typically a change of the information flow
between different brain regions occurs as the subject listens to
different audio qualities.
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