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Optimal Bin Number Selection for Mutual Information Calculation
Between EEG and Cardiorhythmogram Signals

In the present work the problem of optimal bin
number selection for equidistant Mutual Information
(Ml) estimator between electroencephalogram
(EEG) and cardiorhythmogram (CRG) is ad-
dressed. In the previously developed method the
bin number selected based on the finding an opti-
mal bin number on the M| values on the range of
bin numbers. With application to the real raw EEG
and CRG signals it was found that for closely
placed or symmetrical channels of EEG data the
method can be applied, and the true value of Ml
value can be found with proposed method. In ap-
plication to Ml calculation between raw EEG and
CRG signals that are not significantly coupled, true
Ml value cannot be estimated with proposed
method for small sample size. Reference 12, fig-
ures 4.

Keywords: mutual information, bins, sample size,
bin number, probability density estimation.

Abstract

Mutual information (Ml) is a measure of the
amount of information that one random variable
contains about another random variable. It is the
reduction in the uncertainty of one random variable
due to the knowledge of the other [1]. In order to
calculate the MI value between some datasets the
knowledge of probability distributions is needed.
Most frequently used estimators of probability
density function are based on histograms (with
fixed or adaptive bin size [6][5]), k-nearest
neighbors and kernels [2][8][11][10].

Histograms are used extensively as
nonparametric density estimators both to visualize
data and to obtain various parameters and
characteristics such as entropy, of the underlying
density. To estimate the probability distribution the
procedure of partitioning the variable values into

discrete bins is used to build histograms. Since
historgram-based estimator is used in Ml
calculation for finite discrete data series, one can
anticipate the dependence of calculated MI value
on the binning. The general idea is to choose a
number of bins sufficiently large to capture the ma-
jor features in the data while ignoring fine details
due to random sampling fluctuations’ [4]. But the
problem may arise since the accuracy and
precision of the probability distribution
approximation heavily influences the resulting Ml
value and may give spurious results.

In the paper [12] the MI between two jointly
correlated gaussian datasets was estimated for a
wide range of sample size/bin number pairs. In this
paper the goal of applying the proposed method on
real EEG and CRG signals is pursued. It should be
determined how the MI value depends on bin size
for real supposedly uncorrelated or somehow
coupled signals.

Mutual information

Mutual information is given by the formula:

i06Y) = 3, pr(x,y)log(%} (1)

where p(x,y) is the joint probability distribution
function (PDF) of random variables X and Y, and
p(x) and p(y) are the marginal probability distri-
bution functions of X and Y respectively (Fig. 1).
When X and Y are statistically independent
p(x.y)=p(x)p(y) and thus the value of log ex-
pression becomes zero as well as the overall MI. It
can be concluded that high valueof mutual informa-
tion between two signals represents a large reduc-

tion of uncertainty and zero value indicates the in-
dependence of random variables.
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Fig. 1. Marginal density functions of Gaussian dis-

tributed random variables X and Y and observa-
tions from the joint probability distribution (top,

sample size N = 108 ) are shown

Method for bin size selection

There are various different methods as well as
rules of thumb [9][3][7] that attempt to give the
optimal number of bins but usually the shape of the
underlying distribution of the data should be known
or there are some other limitations that restrict the
use of the method.

MI value heavily depends on both the bin size
and sample size [12], which could be arbitrary in
case of real life applications. Thus the natural
question arises about the optimal choice of one
parameter given the value of another.

To find the optimal bin number for getting the
most correct value of MI, we propose to use the
behavior of Ml dependence. The main idea of the
proposed technique to select the optimal bin
number for MI calculation is to choose the number
of bins from the range of bin numbers, for which Mi
does not change much. It is suggested that
selection of bin number in the range where change
in bin number would not cause the significant
change in MI. The algorithm of finding the optimal
bin number is

— Calculate difference quotient

MD(bin,):M fori=2. 1V
bin; .4 —bin; 100

— Find second order approximate of the MD us-
ing least-squares approximation
MD 55y =a-bin® +b-bin+c.

- Find the bin; where Ml starts to rise:
MD(bin;) >0 .

— Find tangent line to this point and its cross-
section with bin axes where MD(bin;)=0.

— Assume that the lower boundary of bin number
is represented by the found value of bin.

Ml calculation for real EEG and CRG signals

In the experiment simultaneously recorded EEG
and ECG signals of 16 healthy children during
sleep were chosen. EEGs were recorded from 19
scalp loci (Fp1, Fp2, F7, F3, Fz, F4, F8, T3, C3,
Cz, C4, T4, T5, P3, Pz, P4, T6, O1, O2) of the in-
ternational 10-20 system with reference to ipsilat-
eral ear. One ECG channel recorded from Il stan-
dard Einthoven's lead. ECGs were used for deriva-
tion of RR-intervals for further analysis. All signals
were recorded with 250 Hz sampling frequency.

MI values were calculated using proposed
method for the range of bins from 2 to 80 and for
the range of sample sizes. The behavior of Ml val-
ues is illustrated for representational signals in Fig.
2-4.

Bin Mumber Samle Size
Fig. 2. Ml value dependence on bin number and
sample size between EEG Fp1 channel and EEG Fp2
channel signals

o6 Sample Size

Bin Murnber

Fig. 3. Ml value dependence on bin number and
sample size between EEG Fz channel and EEG Fp4
channel signals
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Fig. 4. Ml value dependence on bin number and
sample size between EEG Fz channel and CRG
signals

Discussion

As can be seen from the Fig. 4 for supposedly
uncoupled signals (raw CRG and Fz channel of
EEG) the dependence of MI value on selected bin
number differs from the coupled signals (raw
signals of EEG channels Fz-Fp4, Fp1-Fp2). For the
coupled signals (Fp1-Fp2 due to the symmetry of
brain activity and Fz-Fp4 due to the closely situated
electrodes) the true value of Ml can be found for
small sample size via proposed method as was
shown earlier [12] for correlated Gaussian signals.

Conclusions

In the paper the method of bin number
selection for mutual information calculation was
tested on real EEG and CRG signals. It was
shown that for coupled EEG signals the proposed
method can be used for small sample size. For the
case of non-correlated and supposedly uncoupled
signals the dependence of Ml value on bin number
for small sample sizes gives no possibility for using
the proposed method.
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Bubip onTumanbHOI KinbKocTi GiHIB ANA po3paxyHKy B3a€MHOI

iHdbopmauii mixx curHanamu EEI Ta kapaioputmorpamu

B pobomi po3anisiHymo memod 8U3Ha4YeHHs1 83aEMHOI iHGhopmauil O OYiHKU 83aEMO38 3Ky MiX cue-
Hanamu EEI ma kapdiopummoepamu. Y po3pobrieHomy memodi Kiribkicmb 6iHie eubupaembcsi 6a3yro4yuch
Ha 3Ha4YeHHsIX 83aeMHOI iHgbopmauii, SIKi pospaxosaHi Ha NPOMIXXKy 3HavyeHb biHig. [lpu 3acmocysaHHi Me-
mo0y Ao cueHanie EEI ma KPI" 6yno s3HalideHo, wio memod moxe bymu 3acmocogaHull rnpu aHari3i 83a-
EMO038’53Ky Mix cueHanamu EEI e kaHanax, wo pos3mauwosaHi nopsid abo cumempu4yHo, 32i0HO 3 cucme-
moro 10-20. [ns e3aemHoi iHghopmauii mixx cuesHanamu EEI ma KPI, wo noe’sasaHi y 3Ha4Ho MeHwWil Mmipi,
mMemod He Moxe bymu 3acmocosaHuli 0551 Masio2o obcsey esubipku. bion. 12, puc. 4.
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Bbi6op onTuManbHOro Konnyectsa 6MHOB ANA pacyeTa B3auMHOMU
nHcpopmauum mexay curHanamm A3l n KapauopuTMorpammsl

B pabome paccmompeH memod onpedesieHUss 83auMHolU UHgopmauyuu Ol OUEeHKU 83auMocessu
mex0y cueHanamu I3l u kapduopummozpammbi. B pazpabomaHHoM memode Kornudecmeo 6uHos8 ebibu-
paemcs Ha npomexxymke 3HadeHuli 6uHos. Npu npumeHeHuu memoda K cuzHanam O3l u KPI" 6bir10 Hal-
0eHo, Ymo memod mMoxem bbimb MPUMEHUM Mpu aHanu3e 83auMoCces3u MeoxXy cueHanamu O3 e kaHa-
f1iax, 4mo pacriosioXeHbl pssiOoM Uu CUMMeMmpPUYHO, 8 coomeemcmauu ¢ cucmemoul 10-20. [ns e3aum-
HoU uHghopmayuu mexoy cueHanamu O3 u KPI, ymo cesisaHbl 8 3Ha4YumesibHO MeHbwel Mepe, Memod
He Moxem rnpuMeHsimbCcs 07151 Maroao 3HavyeHust ebibopku. bnbn. 12, puc. 4.

KnroueBble cnoBa: 3KI, sapuabenbHocmb, 33I, e3aumHas uHgbopmayus, kapduopummozpamma.
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