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Traditional electroencephalography

Electroencephalography was originally invented and is broadly used as a means to
study mechanisms by which human behavior is generated, in particular, for brain
diseases diagnosis.



New role of electroencephalography:
the basis of brain-computer interfaces

In the past decades, electroencephalography has become the basis of many brain-

computer interfaces, which decode neural response to different stimuli into
commands that, for instance, operate external devices like brain-driven artificial

limbs or invalid chairs.
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the basis of brain-computer interfaces




Our novel idea: EEG-based brain computer
Interface for outstanding X-ray mammologists

It is assumed that the person whose EEG is processed is an experienced
mammologist able to reliably distinguish between X-ray mammograms of women
with breast cancer and those of healthy women.

: F : ‘
‘xmt'-'

EEG registration in the process A target image: A non-target image:
of viewing by an expert of mammogram with mammogram without
rapidly changing pathology pathologies

mammaographic images



Our novel idea: EEG-based brain computer
Interface for outstanding X-ray mammologists

It is assumed that the person whose EEG is processed is an experienced

mammologist able to reliably distinguish between X-ray mammograms of women
with breast cancer and those of healthy women.

The aim is to essentially improve productivity of the rare pronounced experts by way
of, first, accelerating the screening of mammographic images up to ten pictures per
second, and, second, immediately detecting the eventual potentials evoked in the

expert’s EEG by a target (cancer) image among a crowd of non-target ones, before
the expert becomes aware of this fact.



Our novel idea: EEG-based brain computer
Interface for outstanding X-ray mammologists

It is assumed that the person whose EEG is processed is an experienced
mammologist able to reliably distinguish between X-ray mammograms of women
with breast cancer and those of healthy women.

A series of 11 mammograms is shown to the expert during 1100 ms (1.1 seconds)

Two classes of mammogram series

The target class The non-target class

The series contains one cancer mammogram No pathologies in the series

The aim: Finding discriminative features of the 66-channel EEG




Preprocessing of EEG fragments

Original fragment 1.1 seconds in length, time sampling 1.1 Khz, 1100 time samples

2"

Before preprocessing iy ,
x=(xeR,i=1,..,m)eR", m=1100 "L

.10'.‘ L.

0

20 -

. - . 10 F N i o AN TR
sliding window smoothing ol L \*J
. 0 AN Y/ o
x=(xeR,i=1..,m)eR", m=1100 AR
<10
2% 200 400 600 800 1000

11-fold decimation
X' :(XieR, i :1,...,n)eRm, n=100
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Examples of visual distinction between EEG
signals induced by watching of pathological and
normal mammograms

Averaged signals registered from several experts

Lead 1 Lead 3
12 12 L2
8 8 8 |
4 4 4
0 & 0 ofl
4 4 -
-8 - . .8 al— T
0 200 400 600 800 1000 0 200 400 600 800 1000 Vi 0. 400G S0 T1O00
time from start of demonstration, ms
Solid lines  — evoked potentials in EEG induced by cancer mammograms

Dashed lines — undisturbed EEG from normal mammograms



The combined feature vector for recognition of
Image series containing a pathology

Overall number of EEG leads k =1,...,K, K =66
each represented by a vector of m=100 sequentlal samples

o 1 20 30 40 s e 70 80 s 100
X = (Xgrom Xy ) ER™ =R

The entire feature vector x=(Xx,,...,X, )€ R™ =R*®
A huge dimension of the feature space!

The empirical data set

The training set of EEG fragments The test set
(x.€R*® y.), j=1..,N}, N =196
L | } o | N =558
y;=1 N,=98 target class (one cancer |mage In the series) N,=279, N =279
y;=—1 N_=98 non-target class (no cancer image

The size of the training set is quite moderate!
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Specificity of pattern recognition learning
In high-dimensional feature space
from relatively small training set

Empirical risk minimization

( 1\
<—Zq(yJ Z;)—>min(a,b),y,;=1 SVM N\ q 9
z —q' X, +b,acR" beR pattern recognition Yi= =

) ., Z;) =MaxX O,l— 7.
Q(yj )—“nk (loss) function q(yJ J) ( Yi J) ma 3

In our case, n=6600, N =196, n> N
Overfitting and low generalization performance are inevitable!

Regularization — a way of enhancing the generalization performance
Our proposal' Combination of two novel Kinds of regularization functions

2ulal, |a, n
aZ(a a,)’ +YZ(““J|ra| :aLﬁj lelq(yJ a'x. +b)—>m|n(aeR beR)

Smoothness Selective ridge Link fUﬂCthﬂ
regularization regularization in our case, SVM
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Two novel kinds of regularization functions
ocZ(a a_)’ +y2(2“|a| af< j Zq(yj,a X. +b)—>m|n(aeR” beR)

w+al,la>u) 4
Smooth_ness_ Selective ridge Link fUﬂCthﬂ
regularization regularization In our case, SVM

Smoothness regularization

! The greater o,
aZ(ai—a, 2o (EP'Q) the closer to each other become coefficients (a,---a,),

Sm:oothness parameter 0<a.<oo | the more similar will be influence of features (x;---x; )

Selective (sparse) ridge regularization

Z”: 2ulal, lal<u s min The greater p,
-~ u’+a’,|al>p (ay---a,) the greater number of coefficients become zero a.=0,

Selectivity parameter 0 < < oo | the greater number of features x; are suppressed

To learn how to solve such problems jointly, please attend our talk tomorrow at 4 p.m.

“Linear complexity algorithms for high dimensional SVM and regression problems
with smart sparse regularization”
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Two novel kinds of regularization functions
ocZ(a a_)’ +y2(2“|a| af< j Zq(yj,a X. +b)—>m|n(aeR” beR)

w+al,la>u) 4
Smooth_ness_ Selective ridge Link fUﬂCthﬂ
regularization regularization In our case, SVM

Smoothness regularization
n

Z(a_a )2 —> min The greater o,
* = (a---a,) the closer to each other become coefficients (a,---a,),

Smoothness parameter 0<o <o the more similar will be influence of features (X1 . -Xn)

Selective (sparse) ridge regularization

Z”: 2ulal, lal<u s min The greater p,
-~ u’+a’,|al>p (ay---a,) the greater number of coefficients become zero a.=0,

Selectivity parameter 0 < < oo | the greater number of features x; are suppressed

In this talk, we consider a simplified technique. The idea is to apply these
regularlzatlons In turn, first smoothness, then selectivity.




The regularized Support Vector Machine (SVM) )
for two-class recognition of evoked potentials in EEG

The classical SVM

yzn: ai2+ZN: max(O, 1-y, (aij+b))—>min (a,b)
i=2 j=1



The regularized Support Vector Machine (SVM) )
for two-class recognition of evoked potentials in EEG

The classical SVM

[ n N
YD a’+> 8, —»min(a,b,3,,...8,) Equivalent formulation
i ' (V. Vapnik, C. Cortes, 1995)

N\




The regularized Support Vector Machine (SVM) )
for two-class recognition of evoked potentials in EEG

The classical SVM

[ n N

YD a’+> 8, —»min(a,b,3,,...8,) Equivalent formulation
=2 Al _ (V. Vapnik, C. Cortes, 1995)

\yj(a X;+b)>1-6,,6,20, j =1,...,,N

is applied separately twice to the EEG signals in each of 66 leads, a,x, ; e R™,

k=1...,66, within the bounds of the training set j=1,...,196,
obtained by 11-fold decimation, first, from the original EEG signals, and then from
the smoothed ones.

N\
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for two-class recognition of evoked potentials in EEG

The classical SVM

[ n N

YD a’+> 8, —»min(a,b,3,,...8,) Equivalent formulation
=2 Al _ (V. Vapnik, C. Cortes, 1995)

\yj(a X;+b)>1-6,,6,20, j =1,...,,N

is applied separately twice to the EEG signals in each of 66 leads, a,x, ; e R™,

k=1...,66, within the bounds of the training set j=1,...,196,
obtained by 11-fold decimation, first, from the original EEG signals, and then from
the smoothed ones.

N\

Remember:
The training set of EEG fragments The test set
(x.eR*,y.), j=1..,N}, N=196
1 | | o | N =558
y;=1 N;=98 target class (one cancer Image in the series) N,=279, N =279
y;=—1 N_=98 non-target class (no cancer image
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Remember: Preprocessing of EEG fragments

Before preprocessing
X = (XieR, i :1,...,m)eRm, m=1100

After sliding window smoothing
X:(XieR, i :l,...,m)e]Rm, m=1100

0 200 400 600 800 1000

11-fold decimation
X' :(XieR, i :1,...,n)eRm, n=100




The regularized Support Vector Machine (SVM) 20
for two-class recognition of evoked potentials in EEG

The classical SVM

[ n N

Y ai+y 8, —»min(ack",b,5, .....5, ) Equivalent formulation
=2 _ (V. Vapnik, C. Cortes, 1995)

y;(@ x;+0)=1-6;,8,20, J=1..,N

is applied separately twice to the EEG signals in each of 66 leads, a,x, ; e R™,

k=1...,66, within the bounds of the training set j=1,...,196,
obtained by 11-fold decimation, first, from the original EEG signals, and then from
the smoothed ones.

N




The regularized Support Vector Machine (SVM) i
for two-class recognition of evoked potentials in EEG

The classical SVM

Za +Z6 —min(acR",b,3,.,....8 ) Equivalent formulation
(V. Vapnik, C. Cortes, 1995)
y(ax+b)188 >0, j=1...,N

is applied separately twice to the EEG signals in each of 66 leads, a,x, ; e R™,

k=1...,66, within the bounds of the training set j=1,...,196,

obtained by 11-fold decimation, first, from the original EEG signals, and then from
the smoothed ones. In our experiments, we put y <1, i.e., y>0 but y —> 0.

N

We computed ROC curves (Receiver Operating Characteristic) and the
respective values of the AUC criterion (Area Under Curve) for each of 2x66
results of training (non-smoothed, smoothed), and, in addition, for 2 results
(non-smoothed, smoothed), obtained from the concatenation xeR*® of all the

66 EEG fragments as a joint signal of length n=6600=100x 66.
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ROC curves
of the training results
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Electrode

1 AUC=0,6985
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ROC curves
of the training results
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Electrode

2 AUC=0,6611
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ROC curves
of the training results
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Electrode

3 AUC=0,6901
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ROC curves
of the training results

T T
0.4 0.6
False positive rate

4  AUC=0,689
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ROC curves
of the training results

T T
0.4 0.6
False positive rate

5 AUC=0,6167
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ROC curves
of the training results

T T
0.4 0.6
False positive rate

6 AUC=0,6806
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ROC curves
of the training results
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ROC curves
of the training results

:
0.4
eeeeeeeeeeeeeeeee

Electrode 37 AUC=0,8451

~ As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammograms.
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ROC curves
of the training results

As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammograms. _ _ :

The joint EEG signal xeR*® as concatenation of all the 66 leads yields

AUC=0,815, smaiier than the AUC values at the best of the single electrodes.
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ROC curves
of the training results

eeeeeeeeeeeeeeeee

Electrode 37 |AUC=0,8451

As we see, the AUC values of the training result quite low. This means that no
single electrode provides a sufficiently reli ecognition of pathologies in
mammograms. _ _ _

The joint EEG signa ° as concatenation of all the 66 leads yields

AUC=0,815, smaller than the AUC values at the best of the single electrodes.
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ROC curves
of the training results

As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammaograms. _ _ _

The joint EEG signal xeR*® as concatenation of all the 66 leads yields

AUC=0,815, smaiier than the AUC values at the best of the single electrodes.
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ROC curves
of the training results

Electrode 37 AUC=0,8451

As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammograms.

The joint EEG signal xeR*® as concatenation of all the 66 leads yields
AUC=0,815, smaiier than the AUC values at the best of the single electrodes.

This fact witnesses of a deep overfitting: n=6600 > N =196.
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ROC curves
of the training results

As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammograms. _ | _

The joint EEG signal xeR*® as concatenation of all the 66 leads yields
AUC=0,815, smaiier than the AUC values at the best of the single electrodes.

This fact witnesses of a deep overfitting: n=6600 > N =196.

Then, we chose 7 electrodes, for whicn the individual training had showed
the best recognition quality in the test set of 558 EEG fragments.
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ROC curves
of the training results

: .
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Electrode 37 AUC=0,8451

As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammaograms. ]

The joint EEG signal xeR*® as concatenation of all the 66 leads yields
AUC=0,815, smaiier than the AUC values at the best of the single electrodes.

This fact witnesses of a deep overfitting: n=6600 > N =196.

Then, we chose 7 electrodes, for whicn the individual training had showed
the best recognition quality In the test set of 558 EEG fragments. The joint EEG
signal xeR™™=R" as concatenation of the signals at electrodes 27, 28, 30,

33, 37, 42, 53 yields AUC=0,9026, much better than at the single electrodes.
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ROC curves
of the training results

: .
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eeeeeeeeeeeeeeeee

Electrode 37 AUC=0,8451

~ As we see, the AUC values of the training results are quite lgw. This means that no
single electrode provides a sufficiently reliable recognition ofpathologies in

mammograms. _ _ _
The joint EEG signal xeR*® as concatenation of all the 66 leads yields

AUC=0,815, smaiier than the AUC values at thé best of the single electrodes.
This fact witnesses of a deep overfitting:~ n=6600 > N =196.
Then, we chose 7 electrodes, for whieh the individual training had showed
the best recognition quality In the testSet of 558 EEG fragments. The joint EEG
signal xeR™™=R" as concatengtion of the signals at electrodes 27, 28, 30,

33, 37, 42, 53 yields AUC=0,9026, much better than at the single electrodes.
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ROC curves
of the training results

: .
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Electrode 37 AUC=0,8451

As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammaograms. ]

The joint EEG signal xeR*® as concatenation of all the 66 leads yields
AUC=0,815, smaiier than the AUC values at the best of the single electrodes.

This fact witnesses of a deep overfitting: n=6600 > N =196.

Then, we chose 7 electrodes, for whicn the individual training had showed
the best recognition quality In the test set of 558 EEG fragments. The joint EEG
signal xeR™™=R" as concatenation of the signals at electrodes 27, 28, 30,

33, 37, 42, 53 yields AUC=0,9026, much better than at the single electrodes.
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ROC curves
of the training results

: .
0.4 0.6
eeeeeeeeeeeeeeeee

Electrode 37 AUC=0,8451

~ As we see, the AUC values of the training results are quite low. This means that no
single electrode provides a sufficiently reliable recognition of pathologies in
mammaograms.

The joint EEG signal xeR*® as concatenation of all the 66 leads yields

AUC=0,815, smaiier than the AUC values at the best of the single electrodes.

This fact witnesses of a deep overfitting: n=6600 > N =196.

Then, we chose 7 electrodes, for whicn the individual training had showed
the best recognition quality In the test set of 558 EEG fragments. The joint EEG
signal xeR™™=R" as concatenation of the signals at electrodes 27, 28, 30,
33, 37, 42, 53 yields AUC=0,9026, much better than at the single electrodes.

Thus, overfitting can be essentially relieved by eliminating low-informative
electrodes and, thereby, reducing the dimension of the feature space.




Feature-selective Support Vector Machine (SVM) )
for two-class recognition of evoked potentials in EEG

Remember: Up to now we applied the classical SVM

N

(V. Vapnik, C. Cortes, 1995)

iI=2 j=1
y,(@x,+b)>1-5,,5,20, j=1..,N, y <1
x;€R", n=700 — concatenation of 7 EEGs from 7 individually best electrodes
27, 28, 30, 33, 37, 42, 53.



Feature-selective Support Vector Machine (SVM) ’
for two-class recognition of evoked potentials in EEG

Remember: Up to now we applied the classical SVM

Za +ZS —min(aeR",b,5, ....5, )

y(ax+b)168 >0, j=1,...,N, yx1

X;€R", n=700 — concatenation of 7 EEGs from 7 individually best electrodes
27, 28, 30, 33, 37, 42, 53.

(V. Vapnik, C. Cortes, 1995)

N

Now we apply the feature selective-SVM
[ &(2ulallalkp) & . (A. Tatarchuk, 2008)
SR +» 8. —>min(asR",b,5,,...,0 . ity supervisi
@(uz cata pp) 2 O Min(aeR 0.3,,.8, ) oy g
y;(@'%;+0)>1-5,,8,20, j=1,...,N, y <1 ector Machines, Proc. ICPR, 2008,
x;€R", n=1300 — concatenation of 13 EEGs from 7 individually best and
5 individually worst electrodes 16, 26, 27, 28, 30, 33, 34, 37, 39, 42, 46, 53, 60.

N




Feature-selective Support Vector Machine (SVM) )
for two-class recognition of evoked potentials in EEG

[ &(2ulallalkp) & . (B. Tatarchuk, 2008)
VZ( 2 | 2 | +26j —min (&ER” 1 b’ 81 """ 0 N ) Tatarchuk, et al. Selectivity supervision
i1 \ M + ai 1 | a'i |> H j=1 inbcorfnbining pa(;t(le(rn-relcoglnition modalities
. ture- - tive S t
y, @', +b)21-8,8 20, j=1...N, y <1 e e Spne
x;€R", n=1300 — concatenation of 13 EEGs from 7 individually best and

5 individually worst electrodes 16, 26, 27, 28, 30, 33, 34, 37, 39, 42, 46, 53, 60.




Feature-selective Support Vector Machine (SVM) )
for two-class recognition of evoked potentials in EEG

( 2u|a | la |<p) & . i C. Tatarchuk, 2008
YZ( +26j —min (aER ’b’81 """ 0 N ) Tagarchuk, et al. Selectivity super?/ision

-1 H + a | a |> H j=1 in combining pattern-recognition modalities
. by feature- and kernel-selective Support
yj (a Xj +b) >1— 81- : 81- _O, ] = 1..., N, V<L 1 Vector Machines. Proc. ICPR, 2008.
S
Selectivity un=0 CAUC = 0.928

1
Ilﬂ_

" Selectivity n=0.1  ayc = 0.931

T
4]

Selectivity n=0.2 AUC =0.932

-:| IO | T Y O Y M

‘Selectivity n=0.3 AUC =0.934

S NI mObwEn o miw Hiliw B El

“Selectivity n=0.35 AUC =0.936

Sl W I (N N NN .

(Selectivity n=0.4  auc =0.935

S T | ) o L . )
T T

A | |
1 |

16 26 27 28 30 33 34 37 39 42 46 53 60
(0.51) (0.50) (D.829) (0.835) (0.825) (0.852) (0.49) (0.845) (0.74) (0.867) (0.767) (0.785) (0.747)
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Conclusions

The aim of this study is to essentially improve the productivity of rare pronounced
experts by way of,

first, accelerating the screening of mammographic images up to ten pictures per
second, and,

second, immediately detecting the eventual potentials evoked in the expert’s EEG by
a target (cancer) image among a crowd of non-target ones before the expert becomes
aware of this fact.
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Thank you!

Questions?



