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Diskriminantanaliilis

Diskriminantanaluusi eesmargiks on objektide rihmitamine
nendel méddetud tunnuste alusel.

Seejuures on objektide klassidesse kuuluvus enne analuusi
teada (erinevalt peakomponent voi klasteranaluusist).
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Diskriminantanaliiiis

Fisheri lineaarne diskriminantanaliilis

Objektidel moodetud tunnuste alusel kostrueeritakse nn

diskremineeriv funktsioon, mis eristaks gruppe voimalikult selgelt:
d=Dby + biX; + byXy + ... + beX;

Naiteks

2,3x“jalgade pikkus“ + 6,7x“saba pikkus* - 2,8x“kere pikkus* + 5,1x“noka pikkus“

Kui saadud vaartus <10,2, siis on ilmselt tegu isase isendiga.

Bayesi diskriminantanaliiiis

Hinnatakse tunnuste vektori x tihedusfunktisoon f,(x) igas grupis t
ning arvutatakse iga objekti mingisse gruppi kuulumise téenaosus
Bayesi valemist kujul
P(t | X) = qt ft(X) ,
2.0 fuX)

misjarel maaratakse iga objekt tdenaoliseimasse gruppi (suurus g,

eelnevas valemis on objekti gruppi t kuulumise algtdenaosus).
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Diskriminantanaliiiis - ndide

Jaanika Hoimra

Morfomeetriliste tunnuste varieeruvuse soltuvus keskkonnatingimustes
kortslehe (Alchemilla L.) viiel mikroliigil eksperimendi tingimustes

Tabel 8. Klassifitseeriv diskriminantanaliiiis 18 tunnuse alusel (2001). Ridades on antud

empiiriliselt méaratud liigid ja tlpades prognoos.

% KAREDA- VAIKE TERAVA- KUUT
KARVANE HOLMINE
KAREDAKARVANE | 93.2 262 19 0 0
VAIKE 99.7 1 286 0 0
TERAVAHOLMINE | 91.5 0 0 259 24
KUUT 87.4 0 0 36 250
KOKKU 02,9 263 305 205 274
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Diskriminantanaliilis vs logistiline regressioon
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Logistilise regressioonanaliilisi tulemus: Toenaosus
nii mehed kui ka naised identifitseeritakse 6igesti 80%-lise
téenaosusega.

Et diskriminantanallis loeb objekti kuuluvaks suurima téenaosusega
gruppi, ei pruugi saadav klassifitseerimiseeskiri olla optimaalseim.

D]Skr]m]nantanalUUS] tulemus: Nunber of Observations and Percent Classified into SUGU
From SUGU 0 1 Total
meestest identifitseeritakse ° 02 L8 100 22
oigesti 59,1%, naistest 92,9%. . . s v
40.91 £9.09 100. 00
Total 48 16 64
75.00 25.00 100. 00
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| I | TUN T Tasiz 2. Resuls of canonical discriminant smalyses (CDA) of the aquatc and tervscial Babima characraristics measured m

[T I 1 1
Diskriminantanaluus, Verisbles in CDA * Al Selaction Al Selection T e

Prediction ahility of canomical varisbles u:cor:mgw the logw: aresion azalysis *
Sensitivity (%) 100. 47

..-d . R .t Specificiry (%) 9;5 727 55 758 é;g
nal e. annapJ o AUC 0.983 0918 0.892 0.838 0967 0900

Descripion of canonical diseriminan: funcrioa ch

Mean CDF (with larvae) 140 151 111 233 105
%, Mean CDF (without larvas) I e, 055 019 014 038 -029
o 8 Raw canonical coefficients ©
. i Type of water body
4 e g &l Mtuzaldepression 1749 - 0265 - 2851 -
S [=Ne] q Lake 2475 180 1096 - 1479 0.008
iy @ - = Man-made 0138 - o 1382 -
8 [&] - ;iv‘ Beaver poad - - - - o 1818
] [=] Meander 0 - -
& ; 8 = a Aquatic characteristics
o =Y <] Area (x10° : i
a =] =] -® Shallow area (x10) 1108 4103
Qo IE! e a Mainnm depth - !
| =] | Uncultivated area (x10) -5.960 - -
-] S o= N Aversge slope (x107) - 0486 0484
& g & - ™ Shadow (x107) - -
B - =] Sediment
3 A = Peat o7 .009
& meoH 5] Mud - 0349 0122 0038 -
! [ 5 Cley 1044 0556 1001 0643 0335
] == = 2 Send - 0521 0 -
R =8 o= Water
o E&e . 3505 1490 2862
g o b
+ £ = 7z % 2228 1409 1405
| a Be = o 1041 1274 0878
i b = e 0 o
g HEx B . -
ER N < e : : : P atee
& ] 4 ﬁ ] ~ 0208 - - - 0082 -
&' Hom 2 = st 0.0012 - - - 0010 0.0107
"‘9 k] ﬁ = : %) Habitat within 50 1 (presence)
m i josl - - Coniferous forest 0.3%0 - 0.163
=] - 2 b Deciduons forest 0178 0701 -0.200
g4 - :ﬁ’ ] 5 Bogs/swamps - - 0037
o Crop field 2204 1354 0394 -
g -
ga j o g < Vegsuble gardenfield 1034 1394 0938 1191
Eo b B m Gravel/sand pit 0.154 0.085 - - - -
E o I3 <IN = Mesdow/fan 1112 -0.586 -Los8 - 0611 0391
g‘ = O N o Presence of fish 1145 - -0.688 0872 1478 -L127
g =R H
é l 31 4~ %, * For different levels of categorical variables (“Type of water body,” “Sediment,” and “Water”) numerical dummy verisbles were used. For each
—- = o = comnry rwo anslyses were performad: first, all aquatic and temastrial characteristics observed were involved (“ALI™); second, only charactaristics
58 ] l-"-l “ showing :u,hz prediction ability (R*-2.5% ia univariare ANOVA performed by SAS procadure CANDISC) were considered (“Selection”)
B 28 ] Syanbol “-* denotes the characreriscics were not abserved o did not vary in specific counrries (“ALI), or did not sharw the predicrion sbility over
=] 5 Fed h:es;\m.: (“Selection”).
S =
= ensitivity and specificry indicats the proparion of wasr bodiss with and without Conmaon t Toad larvae predicted comectly
S & o= [ v ty and specificiry ind prop f u d c Spadsfoot Toad larvas predicted Ay by
ﬂég Q- & canonical varisble (the most optimal threshold sm and specificity was used), AUCHs
the area under the ROC—curve;
¥ =
T * Raw canonical cosfficients are of varisbles function; in case of dummy varizbles set of levels, they
[ = present the difference from the last level of present characteristic (these cosfficients must be interpreted in conjunction with mesn values of
miuy Jzm i g & gall | conomcal discrmmant fnctions in weter boies wih and wihout larvac). 1]
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Diskriminantanaliilis
Naabritel pohinev diskriminantanaliiiis
[k-Nearest Neighbour Classification]
Meetodi idee: otsitakse k antud vaatlusele koige sarnasemat
vaatlust ja lahterdatakse uus vaatlus sinna gruppi, kuhu kuulus
(kdige enam) temaga sarnaseid vaatluseid.
Tk
R-s: .
library(“class”) T = ca
knn(...) ? o P e ..':
g g e Zco e -.. ‘:
&% % :u:a . ‘ '.;
: P * & ‘e r.?%o
| Hme 1 : ) <‘ i ) ) Wy 1 11 AN | {0 L [ 1}
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Otsustuspuud (decision tree),
vahe spetsiifilisemalt ka

klassifitseerimis- ja

regressioonipuud
(CART, classification and regression tree)

Kujutavad enesest alternatiivi erinevatele mitmemaédétmelise
statistika meetoditele ja mudelitele - diskriminantanaliusile,
dispersioonanalliisile jm.

Votavad arvesse nii seoste voimaliku mittelineaarsuse kui ka

interaktsioonid.
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° o Parents
Otsustuspuu (decision tree) Visiting
. Yes No
 Otsustuspuu on otsustusprotsessi
kujutav joonis. - Weather
» Matemaatiliselt on tegu sunny,”” Windy|  Rainy
prognoosimudeliga.
Play tennis Stay in
Rich Poor
Shopping Cinema
Watermelon
Apple
Grapefruit  Lemon Cherry Grape
T namonw aam amonw T 2am oy 10 ey e
[T TN || O T T Mo 1 || 00U (| | 1 || 0500 B S || 010 ||

Otsustuspuu (decision tree)

 Puu igas s6lmes e tipus (ingl. node) paikneb kusimus.

 Solmest lahknevad puu harud (branches), kusjuures igale
klisimuse vastusele vastab eraldi haru.

« Viimast tippu, kust edasi
harunemist enam ei toimu,
nimetatakse leheks
(leaf voi final node
voi terminal node).

Grapefruit Lemon

Cherry Grape
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rahaveod
OtS St S oodatav varus
Kavandh moik
u u p u u : . SOV OB OO 10000
[ 10000 40000
| 02
( Vaga edukas
. [ e 85000
Majanduses (turunduses | [ oo w0
& 00 | / 05
mt uhendatakse | Kaius ma trw wringuta/  Ecukas
| r & { 25000
N [ <5000 7000 T\ 40000 25000
otsustuspuu sageli If
. (f '\ Labikukkumine
kasumiga (vmt-ga I e — o
. If 6OD0D 75000
{ 08
Vaga edukas
3 r BODOK
\nm“l /100000 80000
| / 0z
| Kaivitus | Edukas
\ r O | 20000
Toimub uue toote arendus. Tooimise kaivituskulud on 15 000 kr, turu: I‘ /150000 36000 40000 20000
uuring maksab 5000 kr. Toenaosused toote mutgiedukuse kohta on | = / \ 0z
toodud alljargnevas tabelis ‘I Uuring positinne ’-' '\, Labikukkumine
- —————1 ! 80000
|Erinevate sindmuste tdengosused p | | Py— \"‘. e
Toote lima turu- | Turu-uuring | Turu-uuring | Tulu (raha- | \
modgiedukus | uuringuta annab annab woog), kr ‘I \
positiivse | negatiivse | '\ Kavand moik o 000
tulemuse | tulemuse | 10000 5000 )
Vaga edukas | 02 06| 01 100000| ‘I
Keskmine | 05 02| 03 40000] . / G
Labikukkumine 03 02| 06 -60000] M o Pt | eoom0
5000 17400 | /100000 80000
Eelmiste sedalaadsete toodete kogemus néitab: t6enaosus, et turu- | /
uuringu tulemus on positivne, on 0.4. Kui loobuda toote kaivitamisest \ o ! Eduas
Ja muda ideekavand maha, on voimalik saada selle eest 10 000 kr. | r | 20000
/o -1s000 3s000 "\ 40000 20000
Otsustamiseks kasutatav otsustamise puu on toodud lehel "Puu® / A\
Vaimalikud variandid \ / \ an
1. Mita ideekavand maha. Oodatav viartus 10 000 kr | Wuring negatine = \ Labikuklumine 0000
2. Kaivitada tootmine ilma turu-uuringuta. Ocdatav vaartus 7000 kr Bl 5000 \, 50000 80000 :
3. Tellida turu-uuring ja otsustada sis, kas toota voi mitte. Oodatav \
vaartus 17 400 kr \
'\ Kavandi motk
Soovitav valida 3. variant (suurima ocodatava vasriusega). [ — 5000
- 1 R 10000 5000
[ o mEuy ) ey e ey L amwew well
| |0 | ||| BTN I | | [ || VI (¢ ||| JVIN (N || 01} | L0 | T = m

Klassifitseerimis- ja regressioonipuu
(CART, Classification and Regression Tree)

o CART annab suhteliselt arusaadavad prognoosimise
eeskirjad ka siis, kui potentsiaalseid mojutegureid on palju
ning need on nii prognoositava suurusega kui ka omavahel
mittelineaarselt seotud.

» Rakendamine on lihtne - vaja vaid Uhte prognoositavat,
ukskoik kas diskreetset (kategoorilist) voi pidevat naitajat, ja
potentsiaalseid riskifaktoreid, mis voivad samuti olla nii
pidevad kui ka diskreetsed.

« Paindlik - puuduvad eeldused selle kohta, kuidas
potentsiaalsed riskifaktorid peaksid prognoositavat naitajat
mojutama.

» Ebaolulised riskifaktorid jaetakse automaatselt korvale.

I | 0110 T | [ AN | |0 | 11T (I 11000 T O | 00 I | | I ey el
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Naide.

USA demokraatliku partei
esinumbri valimiste
otsustuspuu maakondade
andmete alusel 2008. aastal
(Amanada Cox, New York Times).

|'|'|l|\ || T ] |'||l I ml” Lo T T T o T TIETT T TR T o T “'lh l‘ T m
Decision Tree: The Obama-Clinton Divide
Klassifitseerimis- —
N
L
p u u w e bl
educated populations.
Senator Hillary Rodham
Clinton has a commanding
lead in less-educated
for a more detailed split.
, et P——
Prognoositav naitaja st e o &
ol L
on kategooriline. £ l s | Obama v
383 to 70.
4 And is the high school
‘C::: ::‘-M graduation rate higher
704 to 89. SO SE paromer.

185 to 36.

I:\M‘.MB«:‘I{MM l(ov"ybaﬂv‘7 201 to 83.
ves | vo
Bl |8
Clinton wins. Obama wins
these counties these counties
48 to 13. 56 to 35.
NN 1 1101 O 11T IO S T 1 1 S mmo . sy g 1]
[T T T T G T T T T Lattindo ¢ 38,455
T
Regressioonipuu
Longitude [ -121.655 Latitude [< 39.355
173 1132
PrOgnOOSitaV naitaja Latitude |< 37 925 Latitude | 34 675
on arvuline (pidev). 1248 1210
13 Longitude < -118.315 Longitude [ -120.275
g -
175 1128
Longitude [c -117 545
@ 3
2 Latitude [< 33.725 Latitude| < 33.59
3 Longitude[< 11633
E 1254 1214 11.63
o 1209 11.16
require(tree) # vajalik pakett ‘tree’
treefit = tree(log(MedianHouseValue) ~ Longitude+Latitude, data=calif)
3 plot(treefit)
text(treefit,cex=0.75)
; : : : : price.deciles = quantile(calif§MedianHouseValue,0:10/10)
124 122 120 118 116 114 cutprices = cut(calif{MedianHouseValue,price.deciles,include.lowest=TRUE)
plot(calif§Longitude,calif$Latitude,col=grey(10:2/11)[cut.prices],pch=20,
Longitude _n) D " ") o "
- ki xlab="Longitude",ylab="Latitude")
http:/Avww.stat.cmu.edu/~cshalizi/350/lectures/22/lecture-22.pdf partition.tree(treefit ordvars=c "Loni]itude",”Latitude")ladd=TRUE)
I | [y I [ I | [ | 10 ¢ | 100 T U1 mue AN | {000 I | 1]
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Detailsemad otsused

o Mitmeks voib tipp jaguneda igal sammul - kas lubada vaid
kaheks jagunemisi?
o Klassikaliselt kaheks - iga enam kui kaheks jagunemine on
esitatav mitme Uksteisele jargneva kaheks jagunemisena!
« Millise riskifaktori kohta ,,kusida“ jargmisena e. kuidas
hinnata jagunemise headust?

o Klassifitseerimise puhul oigesti klassifitseeritud vaartuste
osakaalu alusel.

o Vaartuste prognoosimise (regressioonipuu) puhul
prognoosivea alusel.

- Voimalikud on erinevad teisendused toodud suurustest -
mitmesugused nn mudeli sobivuse/mittesobivuse

[T NI 1 T 1 M T W 1 N | | 011 I || 1} MrT 1 monnm = m

karakteristikud.
R LY ML 1K 1T A1 ITHTN 10 1 ([T | 10T T
[T I 1T T 1 | W Mo 1 ] | | LU T o — N

Detailsemad otsused
« Millal peatuda - kuulutada ,,tipp/solm“ ,leheks“?
o Kui solme kuuluvate vaatluste arv on vaiksem edasiseks

jagamiseks mottetuna tunduvast arvust (R-i funktsioonil
‘rpart’ vaikimisi 20).

o Kui uue jagunemise lisandumine ei suurenda puu (mudeli)
prognoosivoimet piisaval maaral (R-i funktsioonil ‘rpart’
klassifitseerimispuu korral 0,01 ehk 1%).

« Kuidas liiga suurt puud ,tagasi l6igata“ (karpida, ingl.
prune)?

« Kuidas toimida puuduvate andmete / mura esinemisel?

ey 11000 [ 1 {000 T T | 1T [T iy ey el
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Klassifitseerimispuu naide: Jégi jt, 2016

Yes

e
Mode 7 (n=2:

Node 8 (n = 23) Node 9 (n=313)
1 1 1
0.8 08 08
08 06 06
04 04 04 il
02 02 02
0 0 0
Other Pertussis Other Pertussis OtherPertussis Other Pertussis Other Pertussis

Figure 3: Classification tree of clinical characteristics as paroxysms. inspiratory whoop.
posttussive emesis, apnoea and fever to predict the disease type on adult patients. The
minimum splitting criteria was set as univariate p<0.1 and for each final nede the distnbution
of patients according to their diagnosis is presented.

AN | 1 | | 1 [ el | eun | 100 A 0 | 0 1 AN | {0 L [ 1}
[T I 1 Tnm 1 T WET 1 e T NI | | U100 (J O | | 01 NN | | 1 I | | 01010 (Il ||
Regressioonipuu ndide: Veromann jt, 2016

{1}
Country
p<0.001

EST

45648 >456468

Green_area
p=0.086

£1533 >1.533 £71.535 >71535
Bordering
p=0.11
cT HL, WL
/7
Node 3 (n = 34) Ny 4) Node 8 (n = 109) Node 10 (n =158 Node 13 (n = 24) Node 14 (n=12) Node1S(n=7)

° .
—_ 8

= & N =

gl 1] 2] [2

Figure 3. Classification tree of country (Estonia and Switzerland) and landscape parameters (percentage of permanent grassland, green area and agricultural
land, WOSR, bordering type and distance from border) to predict the parasitism rate of larvae caught with funnels. To discover also less important but

potentially interesting differences the minimum splitting criteria was set as univariate p<0.3. For each final node the box plot of parasitism rate is presented
(the scale of y-axis is 0-100%).

I | 0110 T | [ AN | |0 | 11T (I 11000 T O | 00 I | | I A | 001 T |1}
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Osavahimruutude regressioon- ja

korrelatsioonanaliiiis

(Partial Least Square Regression and Corelation, Reduced
Rank Regression, Principal Component Regression, ...)

Kanooniline korrelatsioonanaliiiis
(canonical correlation analysis)

Koinertsusanaliiiis
(coinertia analysis)

1T iy | 110 ey | e [ [} ey ey =
[T TN W M 1 | | | I ] | I | M 1 T T M - m
Erinevad lahenemised mitme tabeli
koosanaliiiisil

» Peakomponentide regressioon (principal components
regression, PCR)

» Osavahimruutude korrelatsioon- ja regressioonanaliils (partial
least squares correlation/regression, PLSC),

kanooniline korrelatsioonanaluis (canonical correlation),
koinertsusanallus (co-inertia analysis)

» Reduced rank regression (RRR) 1

34

a4

83

-3

-5 -3 o 3 &
Joonis: SAS Online Doc

[T | TR 1| 11T (I 170 X _ 1
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Osavahimruutude korrelatsioon

(partial least square correlation, PLSC)
Naide: Isabel Diaz-Forero jt, 2012

NIBumb09
=
B
#
= |
W' PArLandR250 | |
o * ParlgndRs00 PArtandR1400 | ! | SRBUMbOS®
T it T S | | sRBUMb0g
2 PArLandR2000 ¥ | . ! !
& | =
o P}::umSEKREJ B
z . = RELMbOS®
g o ! SRBumbOZ® =
w W) — i
g T O - ¥ SRBuMbOS* S AR prehwREY
& ARE&LMNRJED}J e H 5 PhiezdowsR500
3 . . ot
B AREA_MNRSOD . # | .
3 bodc . i PArlandRS0Q| .
= AREA_MNR2O00 PbrushwR1000 = .
§ P P N g PArlandR250,
v PbrushwRzsg| PBrushwR500 H !
S aRea_mnrodo
B AREA_MNR100D
(a) T AREA_MNRSOD
First singular vector [10.6% of X, 80.5% of Y yiaumbos L=
£
NIBumb0g8

ICH
Z

First singular vector {10.6% of X, 80.5% of Y}

(Y T [ 4 [ AN | [ I 0T [’ AN | [0 TN I [ 0 Y T [ [ [ 0

[T I 1 T 1 T~ 1INl T w1 ™ I 1T UEm T Anm 1 W
PLSC naide: Isabel Diaz-Forero jt, 2012
o

o
ﬂzh
o 11T — Al III. 1 T 1Y 1 -

e I
03 I

u ‘ £D_Land

First right singular ve ctor (10.6%)

=]

==

=

[_|

|

[ |

=

First left singular vector

Prmesdove | PAdsnd | PHumSst | Phrushw

€
c]
- ShFawps |
h [

sHDI

AREA_MN

“ il III I
H_m mfl [] Aia m, mu

Second right singular vector {33.5%)
£
=
=
=
[~

Secondleft singular ve ctor

Pmezdous | Parand | PHumSst | Porishw

o
o St |
[T

Prorest

£D_Land

SHDI | AREA_MIN

gular vector (15.8%)

o II I I I
01
all III I III In m P
L] Il-ll

© sReuma® | Kisume g
AN 110 T 11 T T | 1 B N L et M e I B IR S e |

Tanel Kaart 11



Mitmemootmelise statistka koolitus

EMU, jaanuar 2016

2012 (left column of figures) and 2013 (right
column of figures). The lengths and directions of
arrows in first and second rows of figures denote the
weights of initial variables concerning the first two
factors (describing 51.3% and 31.6%, and 82.6%
and 14.8% of overall covariance between landscape
parameters and four wader species in 2012 and
2013, respectively). The last row of figures
represents the concordance between landscape
parameters and breeding of four wader species: the
beginning and end of arrows denote the relative
location of meadows according to their landscape
parameters and number of breeding waders,
respectively; the numerical measure of concordance

Dist. bush. (mean)

Ared

I || 1 | 00 T P T ‘ G T m
i o 06 s 06 o 06
PLSC naide: 504 5 o £ 0s
T 02 %02 T 02 m
1 E o igytgytr+Em| m . ! £ 0 S
Harro jt, 2014 g i I £ o
% % .04 § 04 B 04
1 " 06 & 06 J E 06
= W s OB B
- P E 8 3 fIE % 3 R
$ T 5 & 3T 3 £ & 5 3 b §
> £ %%z £45 3 3 £ ¢ 3 3
g EE 33 £ 233 £33
g I 87 ¢ 8 7z i
E (v (=] [v)
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£ ElE
P mE E
(5 ] S5 E 3
T B = Ew By £
£ 3 E sz =8 H
3 B & S -5 H
¢ & ] £% ik
EENE I bt En 5 z
i E i <= ze
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Figure 3. Results of co-inertia analysis of landscape :
parameters and breeding of four wader species in Wr Dist. bush nath 12l
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is given by RV-coefficient, which p-value is
evaluated by permutation test. RV=0.34, p=0.011 RV=0.45, p=0.002
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