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Analyza hlavnich komponent — opakovani |

* anglicky Principal component analysis (PCA)

* snaha redukovat pocet proménnych nalezenim novych latentnich
proménnych (hlavnich komponent) vysvétlujicich co nejvice variability
plvodnich proménnych

* nové proménné (y,, Y,) linedrni kombinaci plvodnich proménnych (x;, x,)
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Analyza hlavnich komponent — opakovani Il

e vstup do PCA?
— kovariancni matice
— matice korelacnich koeficient(
* hlavni komponenty odpovidaji cemu?

— souradnicim subjektl v novém prostoru s osami uréenymi vlastnimi
vektory kovariancni matice (Ci matice korelacnich koef.)

* variabilita vysvétlena prislusnou komponentou odpovida cemu?
— vlastnim Cislim
e vlastni vektory serazeny jak?

— podle vlastnich hodnot (sestupné) = vybrano prvnich m komponent
vycerpavajicich nejvice variability puvodnich dat

 predpoklady?

— kvantitativni proménné s normalnim rozdélenim
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Analyza hlavnich komponent — volba asociacni matice

* kovariancni (disperzni) matice — data centrovana (od kazdé priznakové
proménné odectena jeji stfredni hodnota) — zohlednovan rozptyl plvodnich
dat

 matice korelacnich koeficienti — data standardizovdna (odecteni
stfednich hodnot a podéleni smérodatnymi odchylkami)

plvodni data kovariancni matice matice korelac¢nich koeficient(
(odecten priumeér) (odecten primér a podéleni SD)
?Y

Y P

* kazdou upravou ptivodnich dat prichazime o urcitou informaci !!!

.y ‘. ’ v ’ ~ v P .._mu
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Analyza hlavnich komponent — postup

1. Volba asociac¢ni matice (kovarianéni m. nebo m. korelacnich koeficientu)

2. Vypocet vlastnich Cisel a vlastnich vektor( asocia¢ni matice:

— vlastni vektory definuji smér novych faktorovych os (hlavnich komponent)
v prostoru

— vlastni Cisla odrazeji variabilitu vysvétlenou prislusSnou komponentou

3. Serazeni vlastnich vektort podle hodnot jim odpovidajicich vlastnich Cisel
(sestupné)

4. Vybér prvnich m komponent vycerpavajicich nejvice variability plvodnich
dat



|dentifikace optimalniho poctu hlavnich komponent
pro dalsi analyzu

 pokud je cilem ordinac¢ni analyzy vizualizace dat, snazime se vybrat 2-3
komponenty

 pokud je cilem ordinacni analyzy vybér mensiho poctu dimenzi pro dalsi
analyzu, mlZeme ponechat vice komponent (napf. u analyzy obrazi MRI
je uspéchem redukce z milionu voxelt na desitky)

e kritéria pro vybér poctu komponent:

1. Kaiser Guttmanovo kritérium:

— pro dalSi analyzu jsou vybrany osy s vlastnim cislem >1 (pfi analyze matice
korelaCnich koeficientd) nebo vétsim nez primeérna hodnota vlastnich
Cisel (pfi analyze kovariancni matice)

— logika je vybirat osy, které prispivaji k vysvétleni variability dat vice, nez
pfipada rovnomeérnym rozdélenim variability
2. Sutinovy graf (scree plot)
— graficky nastroj hledajici zlom ve vztahu poctu os a vyCerpané variability

3. Sheppardlv diagram

— graficka analyza vztahu mezi vzdalenostmi objektl v plivodnim prostoru a

redukovaném prostoru o daném poctu dimenzi
IBA -%



Sutinovy graf (scree plot)

Eigenvalue
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Zlom ve vztahu mezi poctem vlastnich Cisel
a jimi vyCerpanou variabilitou — pro dalsi
analyzu pouzity prvni dvé faktorové osy

elation matrix

Active variables only
72.96%
22\85%
B67%
.52%
1 2 3 4 5

Eigenvalue number
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Sheppardiv diagram

Vztahuje vzdalenosti v prostoru plvodnich proménnych ke vzdalenostem v prostoru vytvoreném PCA

Je treba brat ohled na typ PCA (korelace vs. kovariance)

Obecna metoda uréeni optimalniho poctu dimenzi v ordinacni analyze (tfeba respektovat pouzitou

asociacni metriku)

Kosatce

NAMAN

F1234

0T

AL AN U

Za optimalni z hlediska
zachovani vzdalenosti
objektl lze povazovat
dvé nebo tfi dimenze

Pri pouziti vSech dimenzi
jsou vzdalenosti
perfektné zachovany
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PCA — 1. priklad

data:
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PCA — priklad — reseni v softwaru Statistica |

» vykresleni datového souboru véetné textovych popisku:
Graphs — Scatterplot — zvolit proménné (vyska jako X, vaha jako Y) — OK —
vypnout zatrzeni ,Fit type” Linear — na zalozce Options 1 zatrhnout
,Display case labels” — Case labels ze Spreadsheet zménit na Variable a
vybrat proménnou id — OK
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PCA — priklad — reseni v softwaru Statistica Il

Vypocet PCA — postup:

» Statistics — Mult/Exploratory — Principal Components & Classification —
zvolit proménné jako “Variables for analysis” , na zaloZzce Advanced zvolit
,Correlations” nebo “Covariances” — OK

» zalozka Descriptives — ,,Covariance matrix”“

e zalozka Variables:
— “Eigenvectors” (vlastni vektory), “Eigenvalues” (vlastni Cisla véetné procenta
vycerpané variability), “Scree plot” (sutinovy graf)
— “Factor & variable correlations” (korelace novych faktorovych os s puvodnimi
proménnymi)

— “Factor coordinates of variables” jsou souradnice vlastnich vektora, kterym
odpovida graf “Plot var. factor coordinates, 2D” (¢im mensi Uhel svird ptivodni
proménna s novou faktorovou osou, tim vétsi vztah ma nova faktorova osa s
plvodni proménnou)

 zalozka Cases:

— ,Factor coordinates of cases” (souradnice dat v novém prostoru — data jsou
centrovana), ,Plot case factor coordinates, 2D“ (vykresleni dat)

W ‘:_N 7
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PCA — priklad 2 — reSeni v softwaru Statistica |

e Zadani: Provedte PCA na objemech 6 mozkovych struktur u 833 subjektu.

« ReSeni: Statistics — Mult/Exploratory — Principal Components &
Classification
PrincipalCnmpDnentsand Classification Analysis: Data_neuro | | &2 |
Quick  Advanced | QK

Cancel

@ Variables:

Warables for analysis: 2328

vybrat proménné mmmp

(& Options -

Supplementary varables:  none
~ Open Data
Warable with active cases: none

il

SELECT

Grouping varable (abeling); none CRGES
Analysis based on Compute varances MD deletion
) @ Casewise
@ Comelations @) as 55/N-1) -
Mean
) Covarances “las 55/N ~ substitution

7

zvolit, zda se ma pocitat
kovariancni Ci korelacni

matice

s Lo . PN _.._"ILI
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PCA — priklad 2 — reSeni v softwaru Statistica I

Ho. of active wars:& No. of supplementary wvars:0
Mo. of active cases: 833 HNo. of supplementary cases: 0
Eigenvalues: 403&667. 139075. T0201.0 41844.2 40420.0
B2

Number of factors El@ Quality of representation: 1000 %

Quick I‘v‘ariables] Cases] Descriptives] Cancel

Eutl Factor coordinates of variables Plotvar. factor coordinates, 2D E Options -

F Plot case factor coordinates, 2D EI:E By Group

Kovariance promeénnych s
novymi osami

Scree plot

ariables, baaec%datinns (Data_neuro)
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Factor®oordinates of th
Variable Factor 1 | Factor,?”| Factor3 | Factor4 | Fadteg5 | Factor 6
Hippocampus_volume (mm3) 22 52921 -331.381 12,852 -24.8013 -62.17 -56,1444
Amygdala volume (mm3) -19.8762 139,756 25334 601821 1741211
Thalamus_volume (mm3) -37,303 -261,504 20,9163 4,3841 .
Pallidum wolume {(mm3) -20,863 27,707 1845947 -73,9145 34,4372 Vlastni ¢isla
Putamen_volume {mm3) \ -86,934 16,376 -h55188 -27 4129 166,7655
Mucl _caud volume (mm3) 634.4294 -18,367 2,210 1,977 1,7198 2,9028 Eigenvalues of covariance ma
Active variables only
Factor coordinates of cases, based on covariances (Data_neuro) Eigenvalue % Total
Case Factor 1 | Factor? | Factor3 | Factor4 | Factor5 | Factor 6 Value number variance
1 | -541.681 -322,060 90,545 94,2300 -249.661 -27,353 1 | 403677.01  55.45440
Souradnice |2 -306,11)  -A08,246 423531 -204,078 40,695 148339 |2 1390671 1910409
. . 3 218,03 473,620 -192.820 -163.206 -82,362 128,077 |3 702002 9,64363
SUbJEktU V |4 -492,70  -535,503 267,883 -14,278 56,033 -351386 |4 41840,7 574779
novém b -346.39 -240.774 312983 106,921 -5,006 32,832 5 404211 B.BR2TT
B -123.100  -749 883 315,002 -241 681 63,288 46,083 B 32737.9 4,49732
prostoru |7 117978 76,816 150,773 321,967 -182.452 162,240
B -321.21 -8.941 255 254 1561.791 -36.504 192.658

MU



PCA — priklad 2 — reseni v softwaru Statistica Il

N/

Normalizace vlastnich vektoru:

- zkopirovat do Excelu (,,Copy with headers”)

- pouZiti vzorce: =B3/ODMOCNINA(SUMA.CTVERCU(BS$3:BS$8))

= = R = B R R SRR R

Bi=E e
Bw Mo
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Factor coordinates of the variables, based on correlations (Data_neuro

Wariahle Factor 1 Factor 2 | Factor 3 | Factord | Factor & | Factor 6
Hippocamy -22.5292  -331,381 12,852 -249019 -621764 -56,1444
Amygdala -19,8762 139,756 25334 60,1821 1741211 20,4766
Thalamus | 06573 -37,303 -261,504 20,9163 43841 12,7030
Pallidum_y -f,6336  -20,868 27,707 1845947 -739145 34 4372
Putamen_y -14,6603  -86,934 15,376 -55 5188 -27 4129 166,7655
Mucl_caud 634,4294  -18,367 2,210 1,9177 1,719  2,9026
-0,035459125 -0,88862 0,048506 -0,12174 -0,30926 -0,3103
-0,031283533  -0,27477 0,095616 0,294217 0,860059 011317
0,001035499 -0,10003 -0,98698 0,102255 0,021806 0,070207
-0,01201473 -0,055%96 0,104572 0,902443 -0,36704 0,190328
-0,023074151  -0,23312 0,053032 -0,27142 -0,13635 0,921681
0,938542011 -0,04325 0,008341 0,00937> 0,008554 0,016042
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PCA — priklad 2 — reseni v softwaru Statistica IV

Zalozka Variables:

Factor & variable correlations

Plot var. factor coordinates, 2D

Factor-variable correlations (factor loadings), Projection of the variables on the factor-plane { 1x 2)
\ariable Factor 1 Factor2 | Factor3 | 500
Hippocampus volume (mm3) | -0.0655500  -0.964150 0,037394
Amygdala volume (mm3) -0,084808  -0.596314  0.108095 7907
Thalamus_volume (mm3) 0,002480  -0,140537  -0,985620 600 |
Pallidum_volume (mm3) -0,037255 -0,101845 0,135217 s00 |
Putamen volume (mm3) -0,073621  -0,436566 0,077214
Mucl_caud volume {(mm3) 0,999556  -0,028938 0,003482 400 r
§ 300
E 200
Z vysledkl vyplyva, Ze: 5 100f
, . , = =T TR Nucl_caud_volume (mm3)
- 1. hlavni komponenta je nevice " Putarien voltime (mm3)
s . Arﬁﬂghala_v ume (mma3) ]
korelovana s objemem Nucleus caudatus ool ] |
7 . 4 |
- 2. hlavni komponenta je korelovana s Hipphpus yolume (mms3)
objemem hipokampu a také s objemem 400 }
amygdaly a putamenu -500

-100 0 100 200 300 400 500 600 700 3500
Factor 1: 55 45%

MU
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PCA — priklad 2 — reSeni v softwaru SPSS

e Zadani: Provedte PCA na objemech 6 mozkovych struktur u 833 subjektu.
« Reseni: SPSS: Analyze — Dimension Reduction — Factor...
- zalozka Extraction:

volba metody (ponechat Principal components)

- volba Correlation matrix ¢i Covariance matrix (pozor, Correlation matrix je
defaultni! tzn. pfepnout na Covariance matrix)

- moznost zatrhnout vykresleni Scree plotu

- volba, kolik hlavnich komponent se vytvori (pfepnout na Fixed number... a
zvolit 6, kdyZ mam 6 vstupnich proménnych)

- zalozka Rotation — ponecham zatrzené ,None“

- zalozka Scores... — zatrhnout ,Save as variable” a pripadné i zatrhnout
,Display factor score coefficient matrix“

W ‘:_N 7
IBA lw



PCA — priklad 2 — reSeni v softwaru SPSS

Vlastni Cisla Sutinovy graf
Total Variance Explained Scree Plot
Initial Eigenvalues?®

Component Total % of Variance  Cumulative % e
Faw 1 403676,975 56,454 56,454 2 o

2 139067,087 19104 74,558 E»,

3 70200,250 9644 34,202

4 41840,703 5,748 89,950

5 40421,085 5,663 95,603 , —

i 32737942 4 487 100,000 1 2 3 P 5 6

Component Number
Matice vlastnich vektor( * Component Matrix® Souradnice subjektl v novém prostoru
Raw (jsou standardizované)
Component
1 2 3 4 5 g
- & FAC1 1| £ FAC2 1| £ FACI 1| & FACA 1| & FACS 1| & FACE 1
Hippocampus_volume -22,529 331,381 -12,852 -24.802 -6217E -A6,144
(mm3) 85256 86362 34174 46067 -1.24179 15117
Amygdala_volume (mma3) -19,876 139,756 -25,334 60,182 174121 20,477 - 48179 1.36289 -1.59851 -.99769 -.20191 -§1984
Thalamus_valume 658 37,303 261,504 20,916 4384 12,703 34317 1,27004 72775 - 79788 - 40966 70786
3

] - 77548 1,43599 -1,01106 -,36313 - 27870 -1,94204
Pallidum_volume (mm3) -7,634 20,868  -27,707 184,585  -73,014 34,437 “E4519 SA565 418128 5T 02450 18146
Putamen_volume (mm3) -14 660 86,934 -15,376 -h5 518 -27.413 166,766 19375 201086 1 18890 418152 11479 _9E469
Mucl_caud_volume 34,429 18,367 2,210 1,918 1,720 2,903 R e R— -
(mma3)

Extraction Method: Principal Component Analysis.
a. 6 components extracted.

MU
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PCA — priklad 2 — reseni v softwaru R

Zadani: Provedte PCA na objemech 6 mozkovych struktur u 833 subjekt.
Reseni:

library(readxl)

data <- read_excel('Data_neuro.xlsx',sheet="data")

data <- data[,24:29] # vyber 6 promennych s objemy mozkovych struktur

pca <- prcomp(data) # vypocet PCA s kovariancni matici; tzn. pouzito defaulni
center=TRUE a scale=FALSE; pro m. korel. koef. — prcomp(data,scale=TRUE)
pcaSSdev"Z # vlastni cisla }El?c:ggggg?é? 139067.09 70200.25 41840.70 40421.08
pcaSrotation # vlastni vektory (ve sloupcich, serazene podle vlastnich cisel)

= pcalrotation

32737.94

PC1 PC2 PC3 PC4 PC5 PC6
Hippocampus_volume (mm3) -0.035459125 0.88861834 -0.048506362 0.121740139 0.3209258675 -0.31029927
Aamygdala_volume (mm3) -0.031283533 0. 37476563 -0.095616471 -0.294217081 -0. 866059128 0.11317002
Thalamus_volume (mm3) 0.001035499 0.10003061 O0.986981343 -0.102255212 -0.021806247 0.07020677
Pallidum_volume (mm3) -0.012014730 0.05596007 -0.104571564 -0.902442907 0.367642426 0.19032801
Putamen_volume (mm3) -0.023074151 0,23311937 -0.058031628 0.271419287 0.12634B8899 0,92168098
Nucl_caud_voTlume (mm3) 0.998542011 0.04925323 -0.008340823 -0.009374972 -0.008553979 0.01604185
pcaSx # hlavni komponenty (tj. souradnice subjektu v novem prostoru)
> pcasx
PC1 PC2 PC3 PC4 PC5 PC6
[1,] -5.416758e+02 322.0603857 90. 54458062 -94.2298142 249.66114452 -27.3528609
[2,] -3.061072e+02 508.2458732 -423.53056436 204.0784644 40.59484197 -148. 3389455
[3,] 2.180346e+02 473.6196500 192.81995921 163.2061839 82.36173899 128.0769292
[4,] -4.927048e+02 535.5032528 -267.B88B271465 74,2783108 36.03257012 -351. 3861289
[5,] -3.463904e+02 240.7736931 -312.98274680 106.9214737 5.00591406 32.8322655
Koritakova: Vicerozmérné metody - cviceni fB.A_ [w 18



PCA — priklad 2 — reseni v Matlabu

e Zadani: Provedte PCA na objemech 6 mozkovych struktur u 833 subjektu.
* Regent:
[num, txt, raw] = xlsread('Data_neuro.xlsx',1);

data = num(:,23:28); % vyber 6 promennych s objemy mozkovych struktur
[coeff,score,latent] = pca(data);

v . . o 7 . 7 o s V7
Souradnice subjektu v novém prostoru Matice vlastnich vektoru Vlastni Cisla
score coeff latent
[ 8336 double ] G double [ 6l double
1 2 3 4 5 ] 1 2 3 4 5 [ 1
1 -541.6758) 3220004 905446 942298 -2496611 -27.3529 1 -0.0355 08886 -0.0485 -01217 -0.3093 -0.3103 1 4.0368e+05
2 -306.1072| 5082458 -423.5306 -204.0785 -405048 -148.3389 2 -00313 03748 -0.0955 02942 08661 01132 2 1.3907e+05
3 2180346 47361596 1928200 -163.2062 -82.3617 128.0759 3 00010 01000 08870 01023 00218 00702 3 7.0200e+04
4 -492.7048| 5355033 -267.8827 -74.2783| -56.0326 -351.3861 4 -00120 0.05800 -01046 09024 -03676 01903 4 415841 e+04
5 -346.3904 | 2407737 -312.9827 -106.9215 -5.0059) 328323 5 -00231 02331 -0.05800 -0.2714 -01363 059217 5 40421 e+04
[ -123.1009| 7498831 -315.0017 -241.6806) 632878 -46.0834 6 09985 0.0493 -0.0083 00094 00086 00160 [ 3.2738e+04
7 -11798e+03| 708158 -150.7726 3219671 -1824523 162.2400
B -321.2074 89410 -255.2537 151.7913| -36.5035 192.6580 vlastnl' ve ktor isou ve
g -345.8090 4641571 -374.4555  11.8603 -5.8649) 915828 Y]

10 -14653e+03 697.7425 -380.2003 267.2337 -19.2383 -81.4055 sloupcich (jsou sefazené

, . T odle vlastnich Cisel
hlavni komponenty jsou ve sloupcich (jsou P )

sefazené podle vlastnich cCisel);
v fadcich Jsou SUbJekty Koritakova: Vicerozmérné metody - cviceni fB.lT IMJ 19



