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Classification of patients in immunology

Collect the Cardio Immune Data for patients with Cardio-Vascular

Disease.
Classes — Patient

groups

Class lables “Al (operated group) " n A3
(risk group)”.

Objects —— Patients

Examined 14 patients in “Al" and 17
patients in“A3".

Features —— Markers

» Quality criterion: number of

misclassified patients

» Model: generalized linear

» Hypothesis: independed

20 biomarkers: K, L, K/M, L/M, K/N,
K/O, L/O, K/P, L/P,...

https://en.wikipedia.org/wiki/Blood _cell
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Design matrix, the patients and markers table, an example

Class | Patient | K L K/M L/M

Al Coo1 | 583 16.7 052 0.00

Al C004 | 40.2 6.0 NaN NaN

Al Co05 | 54.3 13.1 NaN NaN

Al Co08 | 487 9.8 0.05 0.02 etc
A3 023 |46.6 21.2 040 0.08

A3 026 50.7 26.2 0.12 0.00

A3 027 | 453 245 005 0.02

A3 D037 | 463 13.1 1.23 0.13

etc.

Can we show that these groups are significantly different using

these data?
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Problem statement

Consider a problem of classification.

1. We have two groups of patients.
2. Each group is labelled for a class.

3. Each patient is described by a set of markers.

We have to find a model which is based on measured data that
shows the groups are significantly different.

48 /59



Bias of expert: one-dimensional statistics

75 80 85 o 95 100 105 10 115
X, an ideal marker

Assume that two groups are separate if they accept the
null-hypothesis in one of the statistical tests.

Namely, Student t-test, Welch t-test or Mann-Whitney U-test.
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Real data: one-dim is impossible to use

p(x)

v’ It is very simple to visualize one-dimensional data.
V" One-dimensional statistics is well-developed and recognized.

% And give poor results if one deals with a complex problem.

\

Al
A3
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A classification rule in a decision tree
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if U/Y > 15.7 then A3 else (if K/Q < 12 then Al else A3)

v Different subsets of markers produce trees of different quality.
v One can use several trees to make a voting algorithm.
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Linear classification model

30

40

L/T/SA

The result of model selection (classify Al versus A3) are the
feature names and parameters of the machine learning model

9i = f(x;,w) = sign(w' x;— b) = sign([0.35, ,0.29]"x; —34.16). 1450



Each algorithm implies a hypothesis:

v

v

markers do not depend on each
other

objects can be separated by
hyperplane

objects can be mapped into a
separable space

classes are compact

marker space are complex

To interpret the results

Ll

decision trees,
linear classifier,
support vector machines,

radial basis functions,
voting algorithms.

we use the parametric algorithms. They are based on a

mathematical model and a set of parameters.
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Profs and coins

Decision tree

v uses several markers for classification; so, it makes less
mistakes,

V" helps to select the most informative markers,
V' can be used in a voting algorithm,

x assumes the markers do not depend on each other.

Linearity

However in this problem we are using the markers do depend on
each other. For example, three markers K, N and K/N are linear
dependent, since we assume

K/N =aK + (1—-a)N.
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Problem statement for machine learning

Formal problem statement, an analyst has to set
1) an algebraic structure for the dataset from measurements
2) a data generation hypothesis from 1)
3) a model, or a mixture from 2)
4) an error function (quality criteria with restrictions) from 2)
)

5) an optimization algorithm from 3) and 4)
The result of the model construction is a Cartesian product

{models x data sets x quality critea}.

Def: Big data rejects the i.i.d. (independent and identically
distributed random variables) data generation hypothesis from 2). It

requests a mixture model.
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The simplest problem statement in machine learning

T

(=X\2Vy S + w*) L W, x y S(wly,§)

~N 7

t i (x,¥)

f is the forecasting model,
S is the criterion,
T is an optimization algorithm,
W is some solution,
W = arg min S(w|y, f).

1These notations are equivalent: x;, x(i),i — x.

1x
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Onpenenenne 1. Illkasa . — ajrebpaundeckas crpykrypa |19| ¢ 3azannpiv nabopom ouepa-
it ¥ OTHONIEHNUI, YTOBJIETBOPSIONAas (PpHKCHPOBAHHOMY HA0OpY aKCHOM.

Oupenenenne 2. Hommnaasnas mkata C — mikasia ¢ 3a1aHabIM Ha Heif OHHADHBIM OTHONIC-
HHeM paBeHCTBa:

L z=yVz#y;

2. 2y r=y=>y==z;

3. Ty, 2 x=yANy=2=>2=2,

e x,y,z — 00beKTHI, npegcrapaennsie B miate C: z,y, z € C.

Omnpenenenne 3. Ilopsiakopas mkaina QO — HOMHHAJIbHAS INKaJIa C 38 aHHBIM Ha Helf OHHAD-
HBIM OTHOIIE€HHEeM R, JJIsT KOTOPOT'O BBIIOJIHCHBI CeAyoIine cBoiicTBa:

1. xRz,
2. zRyNyRrx =z =y;
3. zRy NyRz = zRz;

e z,y,z € O.

Omnpenenenne 4. Jlunetinas mraia W — mopsakoBas mikaja ¢ OTHOHIEHHEM ITOJHOTO IO-
PAJKA 0 OHPCACACHHBIMH OHCPAIHAMHU CJIOXKCHUS U BbITHTAHUA.
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Vcnoeus [aycca-MapkoBa

Haxoxienne napaMeTpoB w JInHENRHON MoOjeIn TIpH TIPEJIIOJIOXKEHNT O HOPMAJIbHOM pac-
npesiesIeHnn 3aBHCUMOM IIEPEMEHHOU Yy 3aKJII0YaeTcsd B MUHUMH3AIUK €BKJIAIOBOM HODMBI

BEKTOpA PErPECCHOHHBIX OCTATKOB
S(w) = ly — Xw|* = ]
Ipenmonaraercs: BHIIOTHEHNE CJIEAYIOMIX YCIOBHIL:
1) He3aBHCHMBIE IEDEMEHHBIE X HE SIBJISIOTCS CJIyJailHBIMU BEJIMYMHAMY,

2) maremarudeckoe oxunanue E(e) =0,

3

=

nucnepens D(g) = 02 (yciioBue rOMOCKe[aCTUYHOCTH),
4) npu i # k Maremarndeckoe oxuzanue E(e;, ex) =0,

5) rank(X) =n < m.
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HeKTOpr 3a4a4” MallUMHHOTO O6yquMﬂ

3afaya OUEHKUN NapaMeTpoB MOoAeu,
3aja4a BbIOOpPa NPU3HAKOB UK OBBEKTOB BLIOOPKY,

3aja4a BbIbOpa MOAENN ONTUMAILHOW CIIOXKHOCTMH,

vVvYyy

3aja4a NoCTPoeHUsi 1 BbIbOpa CTPYKTYpbl MOZENN,
P 33pa4a NPOBEPKU rMNoTe3bl MOPOXKAEHNS AAHHbIX.

Mpegnonaraetcsi, 4to dyHkuns ownbkn S(w|D, f) 3apaHa ncxogs
n3

P rMnoTesbl NOPOXKAEHUS AAHHBIX,

> nnbo U3 NpakTUHECKUX COODpaKeHui.
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3afla4a HaxoXAeHUst Hanbosee NpPaBAONOA0DHbIX
napameTpoB

3agana Bbibopka D = {(x;, yi)}, i € Z, dyHKums owmnbkm
mMogenm S n mMogenb — napaMeTpUHecKoe CEMeNCTBO

yHkuuii f(w,x). TpebyeTcs HaiiTu Takue napameTpbl W MOAENH,
KOTOpble Dbl OCTaBASAAN MUHUMYM PYHKLMAN OIbKM

* = i D, f). 1
w" = arg min S(w|D, f) (1)

DyHKLMS OLWMBKN, OnpefeseHHast NOCPeACTBOM JorapudMUYecKoii
dbyHKuMn npasgonoaobus

S(w) =— In(p(D|w, f)),

obecneymnBaeT MakCUMMU3aUMIO NpaBaonoaobus napaMeTpos.
MapameTpebl, HallieHHbIE MUHUMU3aUMeD 3Tol yHKLMKU OWNBOK,
ByayT Ha3bIBaTbCA Hanbonee npasaonofobHbIMY.
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[MprvMepbl PyHKLMMU OWNDOKY B perpeccut U Kaaccudukaymm

Perpeccus

MvnoTesa nopoxaenus ganubix: y ~ N (f, ).
DyHKuMs owmnbkn:

S(w) = lly —flI3.

Knaccudukauyus

lvnoTesa nopoxgernst gauubix: y ~ B(f,1 — f).
PyHKUMS OLNBKN:

S(w) = yilnf(wx)i + (1= y;) In(1 = F(w'x);).

i€l
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Source time series, one week

x 10"

2.5
2.4r 1
2.3r 1
2.2
2.1

2

Value

20 40 60 80 100 120 140 160
Hours

Vadim Strijov Model selection in the time series forecasting 5



The autoregressive matrix, five week-ends

25

30

35

. = _E

2 4 6 8 10 12 14 16 18 20 22 24
Hours

Vadim Strijov Model selection in the time series forecasting 8



The autoregressive matrix and the linear model

ST ST-1 cee ST—k+1
S(m-1)k | S(m—=1)k—1 -+ S(m—2)k+1
* p—
(m+1)x(n+1)
Snk Snk—1 <o Sp(k—1)+1
Sk Sk—1 .05
In a nutshell,

In terms of linear regression:

y = Xw,

T,T
Ym+1 = ST =W Xp1 9.

Vadim Strijov Model selection in the time series forecasting 7



Bbibop ycToitunBoit 1 To4Hol mMoaenn

Bbibopka copepxuT MynbTUKOPPennpytoLime X, Xo 1
yCTO4UBbIE X5, X MPU3HAKN — CTOAOLbI MaTpuLbl
«obbekT-npusHaky X. Tpebyercs BbibpaTh ABa NpusHaka U3
LecTn.

TOYHOCTb N YCTOMYUBOCTL NPU 3a4aHHOW CNOXHOCTY

Pewenue: x3, X4 — Habop opTOroHasbHbIX NPU3HAKOB C
HAUMEHBLUNM 3Ha4YeHneM PyHKLUN ownbKn.
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Configurations of design space

y y

X2

X3 X1

Adequate random

X1 y

Adequate redundant Adequate correlated

Katrutsa, Strijov. 2017. Comprehensive study of feature selection methods
to solve multicollinearity problem // Expert Systems with Applications
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3asava Bbibopa onTuManbHOro Habopa NpusHakos

» 3apgana ebibopka D = {(x;, i)}, i € Z.

> 3apaHo ciyyaiiHoe pa3bueHne MHOXKECTBO NHOEKCOB
anemenTOB Bblbopkn Z = L LI C.

> MHOXeCTBO HE3aBUCUMbIX MEPEMEHHBIX X = [X1,..., X}, ..., Xn)
npouHaekcmposaro j € J = {1,..., n}.
> 3ajaHo MHOXeCTBO Mogeneii-npeteHaeHTos § = {f(w,x)}.

» Mogenb — napameTpryeckoe CeMeRCTBoO
dbymkumnii f(w,x) = u(wTx), rae i — dyrkums cessm (8
cnyyae perpeccum i = id, B ciydae knaccudpmkaumm
I = Trep(—):

» CrtpykTypa mogenn f4 3apgaHa MHoxecTBoM ungekcos A C 7
1 O3HAYaeT BKAKOYEHNE NepemMeHHbIX X 4. MHave,
NCMONB3YIOTCS TOILKO MPU3HAKM-CTONBLbLI MaTpuLbl X
C MHAEKCAMN 13 MHoxecTBa A.

> 3apaHa cyHKUMs owmnbkn S.
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3asava Bbibopa onTuManbHOro Habopa NpusHakos

TpebyeTca HaliTn Takoe nogMHoxecTBo nHaekcos A C 7, koTopoe
Bbl [OCTABASNO MUHUMYM PYHKLMM

" = in S(falw*, D
A" = arg min S(fa|w”, Dc)

Ha pa3bueHun Bbibopku D, onpeaeneHHOM MHOXECTBOM
nugekcos C.

Mpn aTom napameTpbl W* MOAENUN OO/KHBI AOCTABAATE MUHUMYM
dyHKUMN
N )
w* = arg min S(w|D., f
g min (w|Dg, f4)

Ha pa3bneHun BLIOOPKU, ONpeaeseHHOM MHOXeCTBOM L.
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Convey your message to the audience

You walk in the street.

Which poster do you pick?
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