Significant increase in complexity

and modest increase in accuracy

train
Logistic regression 53 08%
Neural network 59,85%
Regression forest 61,85%

Gradient boosting 63,58%

test

55,18%
57,04%
57,01%

58,31%

out-of-time Number of parameters

57,50% =1 2

58,27% ~ 2 ko
59,61% >1 Q00
59,50% » 1 0 009

.. it was a banking credit scoring model
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To start an applied project and

1. Project goal (the expected result of development)
main purpose of research

2. Project application (how the project result will be applied)
environment of measures and impacts

3. Historical data description (data formats and timing)
algebraic structures of data

4. Quality criteria (how the project quality is measured)
error function

5. Feasibility of the project (how to prove the project feasibility, list possible risks)
error analysis

How long the model lives after being put on operation? What replaces it after?
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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)

4) an error function (quality criteria with restrictions) from 2)

)
3) a model, or a mixture from 2)
)
5) an optimization algorithm from 3) and 4)

The result of the model construction is a Cartesian product

{models x datasets x quality criteria}.

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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Analyst creates an optimal model
for expert to put it to operation

Origins of quality criteria
1. Theory: statistical hypotheses of data generation, algebraic
structures of data, models of measurement

2. Computations: a criterion is useful to an optimisation
procedure

3. Deployment: revenue, loss, failure rate

Quality criteria
» Accuracy: MAPE, AUC, F1 score

> Stability: forecasting variance, failure rate, parameter variance

» Complexity: number of parameters, Kolmogorov complexity
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Source time series, one week

4

25
241 1
2.3r 1
2.2
2.1

2

Value

19
1.8

1.7

1.6

15 C L L L L 1 L L L
20 40 60 80 100 120 140 160
Hours
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The autoregressive matrix to forecast periodic time series

e There given the time series {s1,...,s;,...,s7_1}, the length
of a period is k.
e One must to forecast the next sample T.

e The autoregressive matrix:
— its i-th row is a period of samples,
— its j-th column is a phase of the period and
— they map into the time series sample number such
that (i — 1)k — 7; let mod L = 0;

ST ST-1 s ST—k+1
S(m-1)x  S(m—-1)k—1 -+ S(m—2)k+1
* =
(m+1)x(n+1) Snk Snk—1 coe Sp(k—1)+1
Sk Sk—1 .. 5

Vadim Strijov Model selection in the time series forecasting 6



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 Sn(k—1)+1
Sk Sk—1 .05
In a nutshell,

In terms of linear regression:

y = Xw,

T,T
Ym+1 = ST =W Xp1q.

Vadim Strijov Model selection in the time series forecasting 7



The autoregressive matrix, five week-ends

10

15

Days

25

30

35

. = _E

2 4 6 8 10 12 14 16 18 20 22 24
Hours
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The one-day forecast, an example

x 10*

2.3H — History |
—— Forecast

1.6 1

1.5y 1

Hours
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Select an accurate and stable set of features

Features X, ..., Xg are columns of the design matrix 3X6.
X

The sample contains multicollinear x;, x> and noisy xs, x¢ features,
columns of the design matrix X. One has to select two features from six.

Solution: x3, x4 are orthogonal; their linear combination fits y.

Katrutsa, Strijov. 2015. Stress-test procedure for feature selection //

Chemometrics
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The one-day forecast, an example

x 10*

2.3H — History |
—— Forecast

1.6 1

1.5y 1

Hours

Vadim Strijov Model selection in the time series forecasting 10



Bbibop ycToitunBoit 1 To4Hol mMoaenn

Bbibopka copepxuT MynbTUKOPPennpytoLime X, Xo 1
yCTO4UBbIE X5, X MPU3HAKN — CTOAOLbI MaTpuLbl
«obbekT-npusHaky X. Tpebyercs BbibpaTb 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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HeKTOpr 3a4a4” MallUMHHOTO O6yquMﬂ

» 3ajava OUeHKM NapameTpoB MOAEH,

> 3ajaya Bbibopa NpU3HaAKOB UAN 0OBEKTOB BbIOOPKM,

> 3aja4a BbLIbOPa MOAENN ONTUMASIBHON CAOXHOCTH,

> 3aJa4a NOCTPOEHUs1 1 BbIbOpa CTPYKTYpbl Mogenu,

> 33/1a4a NPOBEPKN FMNOTE3bl NOPOXKAEHUS JaHHbIX.
Mpegnonaraetcs, 4to dyHkunst ownbkn S(w|D, f) 3agana ncxogs
n3

> rUNOTE3bl NOPOXKAEHUS AAHHBIX,

> nubo U3 NpakTUYECKUX COObpakeHuii.
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3afla4a HaxoXAeHUst Hanbosee NpPaBAONOA0DHbIX
napameTpoB

3apana Beibopka D = {(x;,yi)}, i € Z, dyHKums owmbku

Mogenm S n mMogenb — napaMeTpuHeckoe CEMencTBO

dyHkumii f(w, x). Tpebyercs HaiiTu Takue napameTpsl W MOZENN,
KOTOpble Bbl LOCTABNSAAN MUHUMYM (PYHKUMMU OLINOKM

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

PyHKums owmnbkn, onpeaeneHHas NoCpeacTBOM NorapndMnyeckoi
yHKuMM npaegonoaobus

S(w) =— In(p(D]w7 f))7

obecneymeaeT MakCUMU3aLUMIO NMPaBAONOLOOUS NapamMeTpos.
MapameTpsbl, HaligeHHbIE MUHUMU3aLMER 3TON DYHKLUNM OWNBOK,
ByayT Ha3bIBaTLCS Hanbosiee NpaBLONOACOHBIMM.
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[MprvMepbl PyHKLMMU OWNDOKY B perpeccut U Kaaccudukaymm

Perpeccus

MvnoTesa nopoxaenus fanubix: y ~ N (f,1).
DyHKuMs owmnbkn:

S(w) = [ly — fII3.

Knaccudukauyus

lvnoTesa nopoxgennsi fanubix: y ~ B(f,1 — f).
PyHKUMS OLNBKN:

Sw) = yilnf(w'x); + (1 - y)In(1 - f(w'x);).

i€eZ
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3asava Bbibopa onTuManbHOro Habopa NpusHakos

» 3apaHa Bbibopka D = {(x;,y;)}, i € Z.

» 3agaHo ciyyvaiiHoe pa3bueHne MHOXECTBO WHAEKCOB
anemeHTOB BbIbopku Z = L LIC.

> MHOXeCTBO HE3aBUCUMBIX MEPEMEHHBIX X = [X1,...,Xj, ..., Xn]
npouHgekcmposaro j € J = {1,..., n}.

> 3afaHo MHOXeECTBO MoAeseii-npeteHaeHToB § = {f(w,x)}.

» Mogenb — napameTpuyeckoe ceMeircTeo
dbyrkumii f(w,x) = u(w'x), rae g — dbyHkuns ceasn (s
cnydae perpeccum i = id, B ciydae knaccudpmkauum
i = Trapowr)

» CrpykTypa mopenu f4 3apgaHa MHoxecTBoM uHgekcos A C T
1 O3HAYaET BKJKOYEHNE NnepeMeHHbIX X 4. VHauve,
NCMOJIb3YIOTCS TOJIbKO MPU3HAKM-CTONbLbI MaTpubl X
C MHAEKCaMM U3 MHoxecTga A.

» 3agaHa dyHKuus owmnbku 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(fqlw*, D
A arg;‘nglil7 (f4)w*, De)

Ha pa3bueHun Bbibopku D, onpeaeneHHOM MHOXECTBOM
nugekcos C.

MNpun 3TomM napameTpbl W* MoAenu JOMXKHbI JOCTABAATb MUHUMYM
dyHKUMN

w’ = arg min S(w|Dg, f4)

Ha pa3bneHun BLIOOPKU, ONpeaeseHHOM MHOXeCTBOM L.
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