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Zadanie klasyfikacji/dyskryminaciji - podstawowe ¢moga

Liniowa analiza dyskryminacyjna w ujeciu bayesowskim- klasyfikator Bayesa
| jego optymalnéc

Liniowa dyskryminacja Fishera
Zastosowanie ekonomiczne - przewidywanie zdainkredytowej

Zastosowanie biologiczne — przewidywanie typdzatywan biatek



Zadanie klasyfikacji
Rozpoznawanie = klasyfikacja = analiza dyskryminacyja

Klasyfikacja/analiza dyskryminacyjna - problem predykcji etykiety klasy
na podstawie obserwacji (wektora cech)

Klasyfikator Y — funkcja odwzorowujca
przestrzé E reprezentacji obiektow
w zbior decyzji (etykiet klasowych)

<

Y: E- I ={2,..,.}
przestrzé reprezentacji

W(X) prognoza etykiety klasowej wektore z obszarami decyzyjnymi

Wyrézniamy dwa etapy:

setap uczenia / budowy klasyfikatora— w ktorym znajdujemy reguty klasyfikacyjne
W oparciu o tak zwangbior uczacy

setap klasyfikacji / wykorzystania modelu— w ktorym dokonujemy klasyfikacji
zasadniczego zbioru obiektow, ktorych przyaatgc jest nam nieznana,
W oparciu o znalezione charakterystyki klas



Funkcje dyskryminacyjne klasyfikatora

Funkcja dyskryminacyjna g, k-tej klasy klasa
~funkcja charakterystyczn&-tego obszaru decyzyjnego T

gk (X) | gj (X) n
XtO,
j=1,..c,j#k

Klasyfikator Y
WX)=k jezeli [ 9%(¥)>9;(x

j=1,...c
J#£k

Salect max

Klasyfikator — funkcja/reguta decyzyjna



Podejgcie bayesowskie



Model probabilistyczny zadania klasyfikacji

Zbior obiektow dzieli st na klasy. Wartéci cech obiektow - realizacje wielowymiarowej
ciagte) zmiennej losowejX, ich klasy — realizacjdyskretnej zmiennej losowejY.
Wartasci numerow klas — losowane zgodniprawdopodobienstwami a priori klas:

P(j) jOlI={,...,c} i
Rozktad cech w klasigopisanegestoscia warunkowa klasyj: s WHAR $0%00
ah B ‘&'.:35
f(x[j)=f;(x) xOR', jOI ——» iy ™
klasaj | generator obserwacja x Klasvfikat _ _
" obserwadii " Klasytikator Klasyfikator przyporzadkowuje
obserwacjx numer klasy.
=) Pochga to za sabewentualn strate
obliczanie | polegajca na zaliczeniu obiektu do klasy
strat ) gdy jego prawdziwklas jest klasg
strata L 0< Lij < 00

Miara jakosci klasyfikatoraV jestzeczywisty poziom bédu:
e(W)=P(W(X)Z£Y)



Klasyfikator Bayesa (bayesowski)
Przypadek 2 klaS(X,Y) ~(u,r) R x| 0.1}

r - funkcja regres;ji, prawdopodobienstwo a posteriori:
[] r(X)=E(Y|X=xX)=1P¥=1|X=x)+0PY¥=0X=XF

xOD,, OR

=P(Y =1|X =x)

Z twierdzenia Bayesa mamy:
f(xX|Y=DP(Y =1) _
fXIY=DP¥ =)+ fX|[Y=0P¥=0)

r(x)=P(Y =1| X =x)=

f,(x)PQ)
f,(x)P(2)+ 1,(x)P(0)

Klasyfikator Bayesa:

( 1
po=tt 075 ey (= {1 P, (x)> P(0), )
0 pozatym 0 pozatym

Przypisuje obiekt x do klasy najbardziej prawdopodobnej



Klasyfikator Bayesa (bayesowski)

1 PO, (x)>P(O)T, x)

W.(X) =
+(%) {O poza tym

Przypadek wielu klas | ={1,2,...,C}

W.(x)=argmaxP ¥ =k X =x F argmak k( f), X

g (x) =P(i)F.(x) funkcja dyskryminacyjna i-tej klasy



Optymalnosé klasyfikatora Bayesa

Twierdzenie T1

Klasyfikator bayesowski jestptymalny, tj. jezeli W jest jakimkolwiek innym
klasyfikatorem, to:
e(Wy)=egW¥)

lub rownowanie

P(Wg(x) =Y) 2 P(¥(x) =Y)

e(W) =P(W(X)#Y) rzeczywisty poziomem bélu klasyfikatora



Klasyfikator Bayesa dla klas gaussowskich

Rozktady cech normalne

F(x]1)=1,(x)=

5
(Z)d,z p[ k—u ) (X,U.}

> macierz kowariancji M wektor wartdci srednich

g, (X) =In f (x)+In P(i) funkcja dyskryminacyjna i-tej klasy
0,(9 == (x=4) E (= 4) =5 |Z, |+ NP)

Macierze kowariancji w poszczegolnych klasachgsdentyczne:
2. =2 1=1,..C

1 _ :
g (X)= —E(X—M)TZ (X—44) +In P(i)
Uproszczenie poprzez eliminagzynnika X' = 'X statego dla kdej z klas:
1 _
— JTs-1 Ts-1 \
g (X)=X'2 M_Eﬂi 24 +InP(i) 0 %

Funkcje dyskryminacyjne - liniowe, powierzchnie rozdzelajace obszary decyzyjne
hiperptaszczyzny



Empiryczny klasyfikator gaussowski

w rzeczywistych warunkach najgziej nieznane,
MU, Zi zastpujemy jeestymatorami. Bayes ,plug-in” =
empiryczny klasyfikator Bayesa
Estymatory MNW:

o1&
A== _1;&,-

Srednia probkowa i

X i j-ty wektor/obserwacja z i-tej klasy
N, liczba obserwacji w i-tej klasie

Probkowa macierz kowarianciji

=8 = 20 R0, X

Estymacja parametréws uczenie klasyfikatoragaussowskiego
na podstawie zbioru ugzego (proby losowej)



Empiryczny klasyfikator gaussowski

Estymacja parametréws uczenie klasyfikatoragaussowskiego
na podstawie zbioru ugzego (proby losowej)

l estymatory

_1/\ 1 I\T

G, (x) =X/ —,u,Z L7 +1n P(i)

Funkcja dyskryminacyjna i-tej klasy empirycznego
klasyfikatora gaussowskiego



Podejcie fisherowskie



Fisherowska analiza dyskryminacyjna
Fisher’s Linear Discriminant Analysis (LDA)

Cel LDA —redukcja wymiarowsci przy zachowaniu mocy dyskryminacyjnej

Zbior ucacy (2-klasowy) wD-wymiarowej przestrzeni — celem jest znalezienie
kierunkua, tak by rzuty elementow z obu na ten kierunek:

y=a'Xx
byty maksymalnie rozdzielone (d=1)
A A
> >
X, X,

llustracja idei LDA dla 2-wymiarow (D=2), 2 klas



LDA dla wielu klas

Mamy: X =(X,,...,X,) d-wymiarowa zmienna losowa
G,....G, realizacje pochodzz c klas

2 EREEEY VD S ) Srodki i macierze kowariancji w klasach

c

ZAL O ZENIE: macierze kowariancji rowne i petnego rzdu

5, =5,=.=3_ =%

: . , B
Srednia ogodlna N—EZM
i=1

Mi edzygrupowa macierz kowariancji:

B=Y (4 -t~ '

Kombinacja liniowa Y=a X
(rzut na kierunek a)



LDAdla wielu klas
Y=a'X
E(Y) = a E(X|g)= a' U= LU, Wartas¢ oczekiwanai-tej klasy

Var(Y)=a'Cov(X)a=a'Za=0: Wariancja wewnatrzgrupowa
I 18 - 18 o
i, :_Z:Uiv :_Za U =a (_Z'ui) =a' 7  Srednia ogélna

C =1 Ci=1 C =1

lloraz: {variancja miedzygrupowa (suma kwadratow odlegtéci srodkow klas
od sredniej ogolnej)) / (wariancja Y):

C

C
Z('uiY — K )2 Z(aT:ui B aT/U)Z Mierzy zmienné¢ miedzygrupovy

= 2 == = = w relacji do wewatrzgrupowej
Oy aza
C
T — —\T
a - — - a
) (Zl(# ) (1 - ) j ' oBa o
a'>a 'S 3 Znajd takiea, ktore maksy-

malizuje iloraz



Probkowa wersja LDA

2, 4., B nieznane ---- konieczna estymacja ilorazu !
Probkowa miedzygrupowa macierz kowarianciji:

S, =20 (% ~R)(X -%)

Srednia probkowa

— 2% Sredni wektor w i-tej klasie
-~

n Liczba elementdéw w i-tej populacji

)ﬁj J-ty element wi-tej populacji



Probkowa wersja LDA

2, 4., B nieznane ---- konieczna estymacja ilorazu !

Probkowa wewmtrzgrupowa macierz kowariancji

Z(n -5 =23 (% %) (x -x)

=1 j=1

a' B,a a'Sa
probkowy odpowiednik: aT SNa

a'>a



Liniowa Analiza Dyskryminacyjna (LDA) Fishera
Twierdzenie 1

-1
NiechA, >...> A >0?  niezerowychwartosci wiasnych SN SD

V; >...>Vs  odpowiadajcewektory wiasnewyskalowane tak, by:
L V'S, v=1
Wektor a maksymalizujcy iloraz:

a'Sa a {Z”i(x—f)(X—Y) }a

I TR R

Jestdany jakoa, =V, , kontynuujc, & = Vi przy warunku
Cov(vg X,v' X)=0 i<k maksymalizuje iloraz (1).

V, X tok-ta zmienna dyskryminacyjna

(*) mozna pokazaz prawd. 1:s<min (c-1, d)



Fisherowska analiza dyskryminacyjna

Umozliwia redukcj ¢ wymiarowosci !!!

Mozna pokazé, ze z prawdopodobfstwem 1:

ssmin(c—1, d)

d - wymiarowa¢ wejsciowej przestrzeni
c- liczba klas

Prawdziwa wart& s-— liczba efektywnych kierunkow jest trudna do zdefivania

Testy statystycznaNilk’s lambda) dla testowania
istotnasci zmiennych dyskryminacyjnych !



Klasyfikator Fishera

Nowa obserwacja przypisywana jest do klasys,  $lje
D,(xX)=min D, (x)
]=1,...C
gdzie

D2(x) =IV (x= )TV (x= )] 2109 71, = > (y, ~ 1) ~2log 7
V=(v,..v,) dxs -

H jy, I-ta sktadowarodka j-tej grupy w nowej przestrzeni dyskrymina@fjn

odlegtai¢ euklidesowa odrodka j-tej grupy wnowej przestrzeni dyskryminacyjnej

COV(\/T X)=1 kiergnki wyznaczajce nowy przestrzé dyskryminacyjma
sa nieskorelowane



Podegcie Fukunagi

Rozwigzanie problemu optymalizacyjnego:

Jeu (A) =tr((AS,A") " (AS,AY))
przy warunku A’ A=

A — macierz przeksztatcenia
rownowane jest znalezieniu takich ktore spetniay

Sa=ySa y#0

Uogolnione zagadnienie wiasne

K. Fukunaga.(1990)ntroduction to statistical pattern recognition. New York, Academic Press.



ZASTOSOWANIA



Ocena zdolndci kredytowej przedsigbiorstw

- metody klasyczne: opisowe, punktowe, mieszane
- metody nieklasyczne: proste iztozone (metoda dyskryminacyjng

Parametry metod ztonych mog by¢ okreslane drog analizy systematycznej
badz tez zaproponowane przez ekspertow zapgonygh se analiz ryzyka kredytowego.



HETEROSCEDASTIC DISCRIMINANT ANALYSIS
COMBINED WITH FEATURE SELECTION

FOR CREDIT SCORING
K. Stgpor, T. Smolarczyk, P. Fabian

STATISTICSIN TRANS TION new series, June 2016
Vol. 17, No. 2, pp. 1-16



Our CS model architecture

Input feature space
FTF ftrain set, validation set, test set] WFTPH

Feature subset
selection

[ Feature ranking ]

'

[ Selection the top

best features

-

—» Feature extraction ]4—

Variable impnrtann:e]

K.Stagpor, T. Smolarczyk, P. Fabian:
Heter oscedastic discriminant analysis combined

discrin'“n ator with feature selection for credit scoring.

STATISTICS IN TRANSITION New Series,
Fisher Classifier June 2016, v. 17. Nr 2, pp. 1-16.
26

[validation set]




Credit Scoring model overview

V]

-

Feature selection

e SFFS
e CFS
e Fisher Score
¢ MRMR

e GRASP

e Memetic

e Tabu

laq

Feature extraction

* FDA

* Heteroscedastic
extension of
FDA
(FDA_Cher)

(0D

Classification

e Fisher classifier
— nearest mean
in new
discriminant
space




Problem of discrimination between good and bad clis

40_x2
»
Q
[
[ ]
D'o..
o'
0% a
&
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.“9
o
2
¥
[a]
[a]
Q

d0_x1

Fig. 1. Illustration of the poor separability of the credit data. Partial least squares was used to transform data for 100 good cases (black) and 100 bad cases
(white) selected randomly from the data into two factors given as the x and y axis of the graph.



German credit dataset

Attribute Description Values

1. Status of exssting checking | All: .. < 0DM
account Al12:0<=_. < 200 DM
(qualitative) Al13: == 200 DM /salary

assignments for at least 1 vear
Al4 : no checking account

2. Duration 1 month
{numerical)
3. Credit history A30 : no credits granted/all credits paid
(qualitative) back duly
A31 : all credits at this bank paid back
duly
A32 : exasting credits paid back duly until
now
A33 : delay mn paving off in the past
A34 - cnitical account/other credits
existing (not at this bank)
4. Purpose A40 : car (new)
{qualitative) A41 : car {used)

A42 : furniture/equipment
A43 - radio/television
A44 : domestic appliances
A45 : repairs

A46 - education

A47 : (vacation - does not exist?)
A48 : retratning U ' H
A49 - business

A410 : others

Machine Learning Repository



German credit dataset

5. Credit amount
{numerical)
6. Savings account/bonds A61 - .= 100 DM
{qualitative) A62: 100<= < 500 DM
A63: 500 <= __ < 1000 DM
Ab4: .. »= 1000 DM
ABL - srebraarnd e carmams asamand
7. Present employment since | A71 : unemployed
{qualitative) AT72: .. <1 year
A73:1 == __ <4 vyears
A74:4 <= <7 years
ATS: . == 7 vyears
8. Instalment rate in
percentage of disposable
mcome
(numerical)
9. Personal status and sex A91 :male : divorced/separated
(qualitative) A92 - female : divorced/separated/married
A93 :male :single
A94 - male : marmed/widowed
A9S : female : single
10. Other debtors / guarantors A101 : none
(qualitative) A102 : co-applicant U H
A103 : guarantor
11. Present restdence since
(numerical) Machine Learning Repository

Nominal features were replaced by a number of pifeatures representing every possibility.



12. Property Al121 : real estate
{qualitative) Al122 :ifnot A121 : building society
savings agreement/life insurance
A123 s 1fnot A121/A122 : car or other,
not 1 attribute 6
Al124 : unknown / no property
13. Age m vears
(numerical)
14. Other instalment plans Al41 : bank
(qualitative) A142 : stores
Al43 :none
15, Housing Al51 :rent
{qualitative) Al52 :own
A153 : for free
16. Number of existing credits
at this bank
{numerical)
17. Job A171 : unemploved/ unskilled - non-
(qualitative) resident
A172 : unshklled - resident
A173 : skilled emplovee / official
Al174 : management/ self-emploved/lghly
qualified emplovee/ officer
18. Number of people being
liable to provide
maintenance
(numerical)
19. Telephone Al91 : none
(qualitative) A192 : yes, registered under the
Ccustomer s name
20. Foreign worker A201 : yes
{qualitative) A202 :no

German credit dataset

UCI x>

Machine Learning Repository



Heteroscedastic Discriminant Analysis

The concept of Directed Distance Matrices (DDM)

If there is discriminatory information present because of the heteroscedasticity of the data, then this should
become apparent in the DDM 111

This extra distance because of the heteroscedasticity, is, in general, in different directions than the
eigenvector v, which separates the means and so DDM should have more than one nonzero eigenvalues 1!

The specific DDM is based on the Chernoff distance between two normally distributed densities:

dist — Cher(d,,d,) = —1ogf df(x)di " *(x)dx «a € (0,1)

1 1
Sc =S5"2(my —my)(my —my)TS 2 +

(logS — p,log$S; — p,logsS,) DDM

P1P2
Trace(S;) = dist — Cher

Sg is replaced by S; in optimization process

Loog, Duin, Non-iterative heteroscedastic linear dimension reduction for two-class data: from Fisher to Chernoff. Proc. 4th Int,
Workshop S+55PR, 508-517



Chernoff criterion

Heteroscedastic Discriminant Analysis

1 1 1 1
_ ,45% p, log (5w2515w2) +p; log (Swzszswz) 5% AT)
w P1P2 o

Jc(4) = tr ((ASWAT)lA (m; —my)(my —my)TAT

This is maximized by determining an eigenvalue decomposition of:

1 1 1 1
—1 % p1log (‘SWZSJ-SWZ) + p2log (SWESESWZ)
W\ T oW P1P2 :

1
2
w

and taking the rows of the transform L to equal d eigenvectors corresponding to the d largest

eigenvalues



Feature selection

Fisher Score

* Fisher Score algorithm is designed to find subset of features that will
maximize the distance between instances from different classes and,
at the same time, minimize the distances within the same class

* n; is the number of instances of class

* i; and o; is the mean and variance of class j, an_(ﬂj —u)
corresponding to the r-th feature F o= il
* i and o are the mean and variance of the iﬂ_al

whole dataset respectively =



Attribute importance analysis
Wrapper feature selection frequency

* Attribute 1 - status of existing checking account (as in filter)
* Attribute 2 - duration in month

* Attribute 3 - credit history

* Attribute 5 - savings account / bond

* Attribute 22 — job (unemployed/ unskilled)

Algorithm \ Attribute 1 2 3 4 5 6 7 8 9 1011 12| 13 14/ 15 16 1?13 192&_._21 22 23 24
Average FDA m 7 50 27 51 36 23 19 24 30 17 9 13 130 1 0 ¢ 5 11 1 9 11
Average FDA_Cher 69 51 66 56 47 50 57 60 59 51 43 51 57 57 56 a4 61 55 64 37 41 44
Average All 59 39 59 46 35 34 41 45 38 30 28 32 29 29 28 25 32 31 38 19 25 28




Algorithm

\ dataset Accuracy rate (%)

Std.

Avg.
All
30.20% 0.42%

Fisher | 66.10%
) 2.33%

2.95%

61.10% 3.25%

Experimental Results

Number of
selected
features

Median

24

3

i

10

Accuracy rate (%)
Avg. 5td.
70.00% 3.16%
74.00% 4.00%

3.56%
74.80% 4.34%
69.00% 4.85%
69.20% 5.63%
69.40% 5.82%
70.60% 5.58%

1 The best number of directions selected from tests on (1,5)

Number of
selected
features

Median

24

22

18

23

11

14

Number of
directions!

Accuracy rate (%)
Avg. Std.
69.40% 3.63%
73.40% A4.27%
74.90% 2.42%
72.60% 5.87%
67.60% 7.11%
68.90% 5.38%
67.40% 5.62%
69.40% 4.50%

MNumber of
selected
features

Median

24

20

17

16

10

11

23



Classification of protein interactions
based on sparse discriminant analysis and energetic features

JB Katarzyna Stapor and Piotr Fabian
cal University, Faculty of Computer Science, Gliwice, Poland




LDA in HDLSS - problems

Whenthe number of variables exeeds the sample sigee. iInHDLSS settings),
the within-class covariance matrix ssmgular and the classical LDA breaks down.

Different methods have been proposed but they sufferdata piling problem

Sparsification is needed !!!!

Cptimal Projection

oAl

lJ-\'I
o\
LB ,#4_

Linear SvM, C = 1000, dimension = 50 mst J@

T T T T T T T T T _ III |
o2k "'.p-"‘ |

o2 & | |

i
2

" .

ok %Illl [
oAb / ﬁ'?&:r III I',
L[ I \ \

t, '
a ___.--J:_'_,_ T £ ] 1
°u B T e
I:———-?D\-—D ————— - ————— ‘-FE _-_— -
° D.E!"”r ” Extd Projection
o0

|
\

&

E +

Toy exampleillustratingdata piling

for SVM

SVM direction — solid line

Optimal direction — dashed line

In many applications of SVM in HDLSS
large portion of data — support vectors !
Projecting them on the normal SVM hyper
plane —-many of the projections

are identical —which we calldata
pilling

It indicatesinfluence of noiseand causes
overfitting — high out-of-sample
clasification error !



Regularized sparse LDA (rSLDA) —link of generalized eigenvalue problem

Theorem to regression
S, - positive definite matrix. S, =R, R, its Cholesky decompositior
H, kxp matrix.

Vi....V, - ecigenvectors of SyS; corresponding to the ¢ largest

eigenvalues 4 2..24, (g<min(p.k-1))

A =[G ], B=[f,....,] S5 =uS,B

solution to the following problem: /
_ : B, =V

k q j
- -T T T
win Y |RTH,, - AB"H,,| +22 5] (S,)5,
’ i=1 Jj=l1
subjectto A" A=1,, . 2>0
where:

It first relates the dl_scrlmlnant_ H, = J; (¥ —%)" i-th row of the matrix:
vector to a regression coefficient ' .
vector bytransforming the H, = (ﬁ(fl —X), ....ﬂ(ﬂ —T)) .

generalized eigenvalue problem

. e® vector of ones with length n._ .
to a regression type problem < :

Then ﬁJ Jj=1...q . span the same linear spaceas V,. j=1...q.



The Lasso* -- sparsity and penalized regression

Lasso for linear models
B(A) = argming(n—[|[Y — X382+ A |IB]1 )

~» convex optimization problem L, penalty function

» Lasso does variable selection | yi1ances thét of the model
some of the 3;(A) = 0 with its complexity
(because of “/4-geometry”)

The largerd thenore sparsethe final solutions

Sparsity is important forpredictive accuracyandinterpretation of the final model

* R. TibshiraniRegression shrinkage and selection via the lasso. J. Royal Statistical Society, B,
58, 267-288, 1996.



r'SLDA algorithm ----- regularization and optimization
for extraction of discriminant vectors /5,

the first ¢ sparse discrinunant directions 4....S3, are defined as the
solutions to the following optimization problem:

(s, )_{ ‘ﬁ; + iflu “'3.? Hl
p j=1

min k |R7H,, —ABTHE,_.-HL + i_i B | S, +¥

J=l

P, L SV Loyt - el , S e :
subject to 4"4=1,,. where B=[f,....4,]. || is the 1-norm of the vector
S, . the same A 1s used for all ¢ directions. different 4 s are allowed to

penalize different discriminant directions.
y - regularization parameter

The above probem can be numerically solved by alterring optimization
over A and B

* Qiao Z., Zhou L., Huang J. (2009parse linear discriminant analysis with applications to
high dimensional low sample size data. IAENG Int. Journal of Applied Mathematics, 39, 1.



r'SLDA algorithm ----- regularization and optimization
for extraction of discriminant vectors /5,

min EHE H, —AB Hh‘

+AT,U|S +v ) ‘ﬁnt l.r“ﬁH
_ j-1

Jj=1

Producing sparse discriminant vectors in HDLSS:

1) as in the Lasso by addirg penalty todliyective function
In the regression problensgarsity)

2) To stabilize the solution (singularity & adding positive
multiple of identity matrixspecial regularization)



1. Form the matrices from the input data:

[ ™ {-1_-1}]" \
e . .
e (%) ) Regularized
ey s o sparse LDA
H, = (& ~%),...fn, &, - %)
b ( | k k ) (rSLDA)
2. Compute upper ftriangular matrix R, from the Cholesky algorlthm*

decomposition of:
o +yMI | such that | s, +y

(s,) . |
75 =RR,
p

/

3. Solve the ¢ independent optimization problems
ngn B B, — 25" W B, +A||B,| i=1..q

where
e _ (H, | < B | H aR‘Ilaj |
(n+plp ._ \/YI RH ‘ }rl:_ir+_p:|>11 b ,_ 0

4. Compute SVD:

R, (HzH;)B=UDV' andlet A=UV"
5. Repeat steps 3 and 4 until converges.

* Qiao Z., Zhou L., Huang J. (2009parse linear discriminant analysis with applications to
high dimensional low sample size data. IAENG Int. Journal of Applied Mathematics, 39, 1.



From chromosomes to proteins

genome

Lhrﬂmmumm
oA - - genEs ----—- -
Genes contain
instructions
for malking
proteins

or in complexes o™
perform many cellular
fumctions




PROTEINS

Proteins aréarge biomoleculedound in all organisms
andform the very basis of life

Proteins aréong polypeptide chainsconsisting ofamino acid residues
connected by peptide bonds

Struktura pierwszorzedowa
selrsencia aminobowasdw

Proteingperform many functions within living
organisms

catalyzing metabolic reactions :
DNA replication %
responding to stimuli j‘
transporting molecules from one 5

location to another e e (4 =&

regularmss podsirukiury

Basics ofprotein structure:
- Primary structure

- Secondary structure

Struktura trzeciorzedowa
Irddfweyrmiarcrwa strukbura

- Tertiary structure

Struktura cEwwartorzgod e
komEp oksy podjednostek

- Quaternary structure



Primary structure — the protein sequence

Co0-
AmIno acids- the building blocks of proteins ‘
H,N » H
20 amino acids with different characteristics: I
small, large, polar, charged, hydrophobic, ...... s
H?
CO0- ‘
CH,
CO0- ) ‘
H.N C H
. S
H. N C E o, ‘
Side CH,
chains .
Glveine @ Methionine
Y : (hydrophobic)
(hydrophilic) Phenylalanine
(aromatic)
' GGU
The genetic codeeach amino acid is coded | 2°¢ | ciycine
by 3 nucleotides (codon) | GGG




Protein-protein interaction

Protein—protein interactions (PPIs) refer tophysical contacts
established between two or more proteins as a @shikbchemical
events and/or electrostatic forces

Examples of PPI

Signal transduction
Transport across membranes
Cell metabolism

Muscle contraction




Protein-protein interaction

Homo-oligomers / hetero-oligomers
constituted by only one type/distinct of protein subun

Non-obligate / Obligate protein complex

Can form stable crystal structure of its own (withany

other associated proteim) vivo/ can't be found to create a crystal structure
alone, but can be found as a part of a protein cexnwhich creates

a stable crystal structure.

Transient vs permanent/stable protein complex
form and break down transientlyvivo, whereas permanent complexes
have a relatively long half-life.

Typically, the obligate interactions(protein-protein interactions
In an obligate complexgre permanent

whereas non-obligate interactions have been foube to

either permanent or transient.



Protein force fields

Force field - functional form and parameter sets used to calcutatpdtential
energyof a system of atoms or coarse-grained particles in mi@emechanics
and molecular dynamics simulations.

The parameters of the energy functions can be de&freen experimental work and
guantum mechanical calculations.

"All-atom" force fields provide parameters for every typetohain a system.
"Coarse-grained potentials, frequently used in simulations oftpmos provide even
more crude representations for increased computdtedficiency.

Thebasic functional form of potential energyincludes:

. bonded termsfor interactions of atoms that are linked by covalemtds
. nonbonded("noncovalent") terms that describe the long-rarigetmstatic and

van der Waals forces:

Hydrophobic effect is roughly
proportional to surface area

Continuum solvent model

E total = E_bonded + E_nonbonded




Protein force fields

E total = E_bonded + E_nonbonded

E bonded = E _bond + E_angle + E_dihedral

E_nonbonded = E_elektrostatic + E_van-der-Vaals

The nonbonded forces are only applied to atom paiiasatgul
by at least three bonds



A general framework used to predict PPI types

PDB - creating PPI dataset

(energetic) feature extraction using FastContact
feature selection viaparse rLDA

classification (nearest mean)

evaluation and analysis



Variable selection via sparse rLDA

sparsification

1_5)(10

Components of a vectorf, obtained by

0.5/ rSLDA algorithm sorted in ascending order (].|)

OD 100 200 300

m --- the number of significant variables involved in&@pgng the
discriminant direction

Varying values of m --- only them maximum values of the coordinates of
the vector g are left, the rest is zeroed.

Only these m values are used to project 282-dimeabkiattor of
samples form protein dataset onto a one-dimensgpsie.



Experimental results

Theerror rate grows rapidly and then decreases with the risenpfip tom=28
(error = ~25% +5) - classifier performance ~75% £5

Then, for bigger values of, almost a constant error rate was observed.

28 input variables “selected” by the rslda algorithmtheemost significant
for classification:

Among these 28 featuresl3 are from the receptor residues contributing

to the desolvation free energybut these are not from the beginning

of the above list !.

In each of the 7 groups of energetic features — f@aiures with extreme

(min or max)contribution to the energy are always selected.

The features from thigeginning of the listare thosdrom the receptor residues
contributing to the electrostatics energy.

Electrostatic energy is the most important in the préiction
of obligate/non-obligate protein-protein interactians !!!



