RNDr. Marie Forbelska, Ph.D. 1

M7222 — 1. cVICENI : GLMO1a (Tozic Chemical Production Data)

Popis dat je v souboru toxic.txt, samotnd data jsou ulozena v souboru toxic.dat.
Nejprve nacteme popisny soubor pomoci pitkazu readLines (). Protoze je prikaz v zavorkéch,
ihned se zobrazi obsah souboru.

> fileTxt <- paste(data.library, "toxic.txt", sep = "")
> con <- file(fileTxt)
> (popis <- readLines(con))

[1] "Toxic Chemical Production Data"

[2] n n

[3] "Artificial data record the volume of a toxic chemical "
[4] "that is produced as a by-product in a certain industrial"
[6] "manufacturing process."

[6] nn

[7] "The file toxic.dat contains these variables:"

[8] nn

[9] "vOL The volume of toxic by-product produced (in litres)"
[10] "TEMP The temperature of the manufacturing process (in~oC)"
[11] "CAT The weight of catalyst (in kg)"

[12] "METHOD The method used to produce the chemical (qualitative)"

> close(con)

Nyni nacteme datovy soubor pomoci piikazu read.table(). Piikazem str() vypiSeme
strukturu datového ramce, piikazem head () se vypiSe prvnich Sest fadku.

> fileDat <- paste(data.library, "toxic.dat", sep = "")
> data <- read.table(fileDat, header = TRUE)
> str(data)

,data.frame,: 8 obs. of 4 variables:
$ VOL : int 30 39 26 36 22 18 32 26
$ TEMP : int 90 85 70 80 80 85 90 85
$ CAT :num 1.511.5212.512

$ METHOD: Factor w/ 2 levels "A","B": 11212212

> head(data)

VOL TEMP CAT METHOD

1 30 90 1.5 A
2 39 851.0 A
3 26 70 1.5 B
4 36 80 2.0 A
5 22 80 1.0 B
6 18 85 2.5 B
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Datovy soubor obsahuje 3 spojité proménné (VOL, TEMP , CAT) a jednu kategoridlni (METHOD).
Jako zavisle proménnou budeme dale uvazovat proménnou VOL. Na nasledujicich obrazcich
znazornimi vztah mezi zavisle proménnou a ostatnimi nezavisle proménnymi, pficemz graficky
rozli§ime, o kterou metodu jde.

Mame celou fadu moznosti, jak to provést. Nejprve pouzijeme piikaz plot() a volbou
parametru mfrow=c(1,2) u pitkazu par() jesté zaiidime, aby se oba dva grafy vykreslily
vedle sebe.

LA <- data$METHOD == "A"
LB <- data$METHOD == "B"
par (mfrow = c(1, 2))
plot(data$VOL ~ data$TEMP, type = "n", ylim = c(0, 50),
xlab = "Temperature (in~oC)", ylab = "Volume of toxic by-product”,
main = "Toxic Chemical Production Data")
> points(data$TEMP[LA], data$VOL[LA], pch = 21, col = "darkred",
bg = "red", cex = 1.5)
> points(data$TEMP[LB], data$VOL[LB], pch = 22, col = "darkgreen",
bg = "green", cex = 1.5)
> legend("bottomleft", paste("METHOD", c("A", "B")), col = c("darkred",
"darkgreen"), pch = 21:22, ncol = 2, cex = 1, pt.bg = c("red",
"green"), pt.cex = 1.5)
> plot(data$VOL ~ data$CAT, type = "n", ylim = c(0, 50),
xlab = "The weight of catalyst (in kg)", ylab = "Volume of toxic by-product",
main = popis[1])
> points(data$CAT[LA], data$VOL[LA], pch
bg = "red", cex = 1.5)
> points(data$CAT[LB], data$VOL[LB], pch
bg = "green", cex = 1.5)
> legend("bottomleft", paste("METHOD", c("A", "B")), col c("darkred",
"darkgreen"), pch = 21:22, ncol = 2, cex = 1, pt.bg = c("red",
"green"), pt.cex = 1.5)
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Obrézek 1: Dva bodové grafy vedle sebe pomoci ptikazu plot.
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S mnohem mensim tsilim dosdhneme néceho podobného tim, ze zvolime maticovy bodovy
graf, ktery ziskdme pomoci piitkazu pairs().

Vsimnéme si déle, jak jednoduse lze diky volbé pch=21 (vyplnény znak) a predevsim
s vyuzitim volby bg=as.numeric(data$METHOD) barevné odlisit obé dvé metody.

> pairs(VOL ~ TEMP + CAT, data = data, pch = 21, bg = as.numeric(data$METHOD),
cex = 1.5, main = popis[1])
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Obrazek 2: Maticové bodové grafy pomoci piikazu pairs.
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Bodovy graf muzeme ziskat také pomoci grafu z knihovny lattice, napiiklad diky ptrikazu
splom().

Chceme-li pridat legendu (volby parametru u key), je tfeba oSettit, aby se tiskly stejné
symboly ve stejych barvach jak v legendé tak v jednotlivych panelech.

library(lattice)
trellis.par.set(col.whitebg())
super.sym <- trellis.par.get ("superpose.symbol")
super.sym$pch <- c(21, 22)
super.sym$cex <- rep(1.5, length(super.sym$pch))
graf <- splom(~data[1:3], groups = METHOD, data = data,
pch = c(21, 22), cex = 1.5, bg = c(1, 2), panel = panel.superpose,
as.table = T, key = list(title = popis[1], columns = 2,
cex = 1.5, points = Rows(super.sym, 1:2), text = list(paste("METHOD",
c("A", "B")))))
> print(graf)
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Obrazek 3: Maticové bodové grafy pomoci piikazu splom z knihovny lattice.
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ANALYZA ROZPTYLU proménné VOL vzhledem k metodé A a B

Dtive nez se pustime do vytvareni regresniho modelu, je tfeba ovérit homogenitu rozptylu
u obou metod, coz lze provést napiiklad pomoci piikazu boxplot () takto:

Opét mame celou fadu moznosti.

> boxplot(VOL ~ METHOD, data = data, ylab = "Volume of toxic by-product",

names = paste("METHOD=", levels(data$METHOD), sep = ""))
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Obrazek 4: Krabickovy graf pro VOL dle metod pomoci piikazu boxplot.
Dalsi moznosti je pouzit jednoduchy piikaz plot (), ktery podle typu proménnych VOL
(numerickd proménnd) a METHOD (proménnd typu faktor) vytvori krabickovy graf.

> plot(data$VOL ~ data$METHOD, main = popis[1], horizontal = TRUE,
ylab = substr(popis[9], 9, nchar(popis[9])), xlab = "Methods",
col = "steelbluel")
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Obrazek 5: Krabickovy graf pro VOL dle metod pomoci ptikazu plot.
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ANALYZA ROZPTYLU pomoci piikazu 1m()

Uvazujme ANOVAI model | Y, = pj +ejr = p+oj +ejl kdej=1,...,a, k=1,...,n;.
Diky ptikazu

> summary(data)

VOL TEMP CAT METHOD
Min. :18.00 Min. :70.00 Min. :1.000 A:4
1st Qu.:25.00 1st Qu.:80.00 1st Qu.:1.000 B:4
Median :28.00 Median :85.00 Median :1.500
Mean :28.62 Mean :83.12 Mean :1.562
3rd Qu.:33.00 3rd Qu.:86.25 3rd Qu.:2.000
Max. :39.00 Max. :90.00 Max. :2.500

vidime, ze jde o model s vyvazenym planem (balanced design), ve kterém je a=2,n1 =ng=4.

K ovéreni predpokladu homoskedasticity muzeme vyuzit napiiklad Bartletuv test.

> bartlett.test(VOL ~ METHOD, data = data)

Bartlett test of homogeneity of variances

data: VOL by METHOD
Bartlett,s K-squared = 0.0068, df = 1, p-value = 0.9345

To, co naznacovaly boxploty, ukéazal i vysledek Bartletova testu. Protoze p—hodnota neni
mensi nez 0.05, rozdilnost v rozptylech jednotlivych metod se nepotvrdila. Muzeme tedy
uvazovat klasicky regresni model.

Chceme-li vytvorit ANOVA1 model a vypsat vysledky, v jazyce R piseme

> m.Ilm <- Im(VOL ~ METHOD, data = data)
> summary (m.1lm)

Call:
Im(formula = VOL ~ METHOD, data = data)

Residuals:
Min 1Q Median 3Q Max
-5.000 -2.750 0.375 3.000 4.750

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 34.250 1.966 17.422 2.29e-06 **x*
METHODB -11.250 2.780 -4.047 0.00675 =
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

Residual standard error: 3.932 on 6 degrees of freedom
Multiple R-squared: 0.7318, Adjusted R-squared: 0.6871
F-statistic: 16.37 on 1 and 6 DF, p-value: 0.006752
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Dtive nez budeme interpretovat vysledky, pro spravné pochopeni kédovani jednotlivych
urovni pouzijeme piikaz, pomoci kterého vypiSeme matici planu

> model.matrix(m.1m) [, ]

(Intercept) METHODB
1

0 N O Ok W N -
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Jeste vypiSeme vstupni data

> data

VOL TEMP CAT METHOD

1 30 90 1.5 A
2 39 851.0 A
3 26 701.5 B
4 36 80 2.0 A
5 22 80 1.0 B
6 18 85 2.5 B
7 32 90 1.0 A
8 26 85 2.0 B

a vidime, Ze matice planu je plné hodnosti (model neni preparametrizovany). Toho bylo do-
sazeno tim, ze se polozilo a; = 0, takze hodnota (Intercept) je odhadem stiedni hodnoty
pro metodu A a hodnota METHODB je rozdilem mezi stfedni hodnotou pro metodu A a stfedni
hodnotou pro metodu B. Protoze p—hodnota pro testovani hypotézy Hg : «s = 0 je mensi
nez 0.05, hodnoty proménné VOL se pro obé dvé metody vyznamneé lisi.

Klasickou ANOVA tabulku dostaneme pomoci piiklazu

> anova(m.1lm)

Analysis of Variance Table

Response: VOL

Df Sum Sq Mean Sq F value Pr(>F)
METHOD 1 2563.12 253.125 16.375 0.006752 x**
Residuals 6 92.75 15.458

Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

Pomoci piikazu plot() dostaneme implicitné 4 grafy, které se tykaji analyzy reziduji.
Budeme-li chtit vSechny grafy, pouzijeme volbu which



> par (mfrow

c(3, 2))

> plot(m.lm, which = 1:6)

Residuals

IStandardized residuals|

Standardized residuals

-4 -2

-6

00 02 04 06 08 1.0 1.2

0.5 05 10 15

-15

MT7222 Zobecnéné linedrni modely (GLMO01a)

Residuals vs Fitted Normal Q-Q
[Te} B
20 = 7] 20
7] 0w o |
o t_g — o .o
° 2 3 °.
= .
_ g |
o % g
_ g .o
bl — .
o 2 = .
_ n
10 1 .
Og ol
| S Jos.
T T T T T T [ T T T T T T
24 26 28 30 32 34 -15 -10 -05 0.0 0.5 1.0 15
Fitted values Theoretical Quantiles
Scale-Location < Cook’s distance
{ o6 20 (=] o
10
2
T ™
Q -
[0} © 1
_ o =
o 8
R N
o X%
4
o
- e}
o < |
o
. o ] | ‘
T T T T T T e T T T T T T T T
24 26 28 30 32 34 1 2 3 4 5 6 7 8
Fitted values Obs. number
Constant Leverage:
Residuals vs Factor Levels Cook’s dist vs Leverage h;/(1-h;)
16 1.4 1.2
- o2 K K o oo
™ / / 4 g
— o o 7] VA4 4 .
® ’ / 4 . 1
_ ° 8 , ’ , 7 . ’
I v, s 0.8
» N v s L7 -
. —_— T © ;7 s - P
| o % I/ // , 4 / P e . _ -
) 8 « /,’/’,’ .7 P o U
| o 7] /,//// ’,’ ="
/ - -
01 ///:///// /, _ -~ - -6 0.4
7 o© o |2zl o= o0.2
T © T
METHOD :
B A 0.2
Factor Level Combinations Leverage hj

Obrazek 6: Analyza

rezidui pomoci ptikazu plot.
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ANALYZA ROZPTYLU pomoci prikazu glm()

Protoze normalni rozdéleni je regularni rozdéleni exponencidlniho typu, podivame se, jaké
vysledky dostaneme, pouzijeme-li GLM model.

> m.glm <- glm(VOL ~ METHOD, data = data, family = gaussian)
> summary (m.glm)

Call:
glm(formula = VOL ~ METHOD, family = gaussian, data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-5.000 -2.750 0.375 3.000 4.750

Coefficients:
Estimate Std. Error t value Pr(>|tl)
(Intercept) 34.250 1.966 17.422 2.29e-06 **x*
METHODB -11.250 2.780 -4.047 0.00675 =
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

(Dispersion parameter for gaussian family taken to be 15.45833)
Null deviance: 345.88 on 7 degrees of freedom
Residual deviance: 92.75 on 6 degrees of freedom

AIC: 48.307

Number of Fisher Scoring iterations: 2

> anova(m.glm, test = "F")

Analysis of Deviance Table
Model: gaussian, link: identity
Response: VOL

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev F Pr(>F)
NULL 7 345.88
METHOD 1 253.12 6 92.75 16.375 0.006752 *x*
Signif. codes: O ,*xx, 0.001 ,**, 0.01 ,*, 0.05 ,., 0.1, , 1

Ihned vidime, ze vysledky jsou stejné.
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ANALYZA KOVARIANCE

Nyni se budeme snazit vySetfit, zda na hodnoty proménné VOL (The volume of toxic by-
product produced (in litres)) nemaji vliv kromé metody (coz je proménnd METDHOD — typu
faktor) také dalsi kovariaty.

Uvazujme nejprve proménnou TEMP ( The temperature of the manufacturing process (in°C)).
Pomoci pitkazu xyplot () z knihovny lattice muzeme vytvorit velmi uziteé¢ny graf. Volbou
type=c("p","r") dosahneme toho, ze v kazdém panelu je kromé bodu vykreslena také re-
gresni primka.

> print(xyplot(VOL ~ TEMP | METHOD, data, type = c("p", "r")))
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Obréazek 7: Pro kazdou metodu zvlast’ je vykreslen bodovy graf (VOL vs TEMP) spolu s regresni pifmkou
pomoci piikazu xyplot z knihovny lattice.

Z grafu je patrné, ze piimky maji rozdilny prusecik i smérnici, proto uvazujme nasledujici

GLM model s formuli ve tvaru VOL ~ METHOD * TEMP. Opét vypiSeme matici planu, vysledky
a ANOVA tabulku devianci.

> mTemp.glm <- glm(VOL ~ METHOD * TEMP, data, family = gaussian)
> model.matrix(mTemp.glm) [, ]

(Intercept) METHODB TEMP METHODB:TEMP

1 1 0 90 0
2 1 0 85 0
3 1 1 70 70
4 1 0 80 0
5 1 1 80 80
6 1 1 85 85
7 1 0 90 0
8 1 1 85 85
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> summary (mTemp.glm)

Call:
glm(formula = VOL ~ METHOD * TEMP, family = gaussian, data = data)

Deviance Residuals:

1 2 3 4 5 6
-2.000e+00  4.000e+00  3.333e-01 -2.000e+00 -1.000e+00 -3.667e+00
7 8

2.132e-14  4.333e+00

Coefficients:
Estimate Std. Error t value Pr(>|tl|)
(Intercept) 86.0000 39.4273 2.181 0.0946 .

METHODB -41.6667 46.5795 -0.895 0.4216
TEMP -0.6000 0.4566 -1.314 0.2591
METHODB : TEMP 0.3333 0.5514 0.605 0.5781
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

(Dispersion parameter for gaussian family taken to be 14.33333)
Null deviance: 345.875 on 7 degrees of freedom
Residual deviance: 57.333 on 4 degrees of freedom

AIC: 48.459

Number of Fisher Scoring iterations: 2

Tentokrat prestaly byt vyznamné vSechny parametry (viz p—hodnoty Pr(>|t|)) pro jed-
notlivé koeficienty. Pri interpretaci téchto vysledku, musime mit stdle na paméti, ze mame
velmi mélo pozorovani.

> anova(mTemp.glm, test = "F")
Analysis of Deviance Table
Model: gaussian, link: identity
Response: VOL

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev F Pr(>F)
NULL 7 345.88
METHOD 1 253.125 6 92.75 17.6599 0.01367 *
TEMP 1 30.179 5 62.57 2.1055 0.22039
METHOD:TEMP 1 5.238 4 57.33 0.3654 0.57811

Signif. codes: O ,*xx, 0.001 ,**, 0.01 ,*, 0.05 ,., 0.1, , 1

Kdyz se divame na tabulku ANOVA, ktera nabizi analyzu devianci, vidime, Ze podstat-
ného snizeni devianci se dosédhlo pridanim proménné METHOD, pak jiz snizovani stagnuje. I kdyz
tomu bodovy graf pomoci xyplot () nenasvédcuje, vyzkousejme jednodussi model, ktery pred-
poklada stejnou smérnici regresni piimky pro obé metody.
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> mTemp2.glm <- glm(VOL ~ METHOD + TEMP, data, family = gaussian)
> model.matrix (mTemp2.glm) [, ]

(Intercept) METHODB TEMP

1 1 0 90
2 1 0 85
3 1 1 70
4 1 0 80
5 1 1 80
6 1 1 85
7 1 0 90
8 1 1 85

> summary (mTemp2.glm)

Call:
glm(formula = VOL ~ METHOD + TEMP, family = gaussian, data = data)

Deviance Residuals:
1 2 3 4 5 6 7 8
-2.8571 4.2857 -0.7143 -0.5714 -1.0000 -3.1429 -0.8571 4.8571

Coefficients:
Estimate Std. Error t value Pr(>|tl)
(Intercept) 66.2857 20.7052 3.201 0.02396 *

METHODB -13.5714 2.9141 -4.657 0.00555 *x*
TEMP -0.3714 0.2392 -1.553 0.18115
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

(Dispersion parameter for gaussian family taken to be 12.51429)
Null deviance: 345.875 on 7 degrees of freedom
Residual deviance: 62.571 on 5 degrees of freedom

AIC: 47.158

Number of Fisher Scoring iterations: 2

Nyni se koeficient METHOD stava vyznamnym, ale vyznamnost TEMP se neprokazala. Dale
zjistéme, zda jednodussi model prilis nezvysil devianci.

> anova(mTemp.glm, mTemp2.glm, test = "F")

Analysis of Deviance Table

Model 1: VOL ~ METHOD * TEMP
Model 2: VOL ~ METHOD + TEMP

Resid. Df Resid. Dev Df Deviance F Pr(>F)
1 4 57.333
2 5 62.571 -1 -5.2381 0.3654 0.5781

Z vysledku je patrné, ze vyznamné zhorseni modelu se neprokézalo (viz p—~hodnota Pr (>F)).
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Nyni se budeme vénovat dalsi proménné, a to CAT (The weight of catalyst (in kg)) Opét
pomoci pitkazu xyplot() z knihovny lattice vykreslime regresni piimky pro jednotlivé
metody.

> print(xyplot(VOL ~ CAT | METHOD, data, type = c("p", "r")))
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Obrazek 8: Pro kazdou metodu zvlast’ je vykreslen bodovy graf (VOL vs CAT) spolu s regresni pifmkou
pomoci pfikazu xyplot z knihovny lattice.

Vidime, ze piimky maji rozdilny prusecik i smérnici, proto vytvorme GLM model s formuli
VOL ~ METHOD * CAT.

> mCat.glm <- glm(VOL ~ METHOD * CAT, data, family = gaussian)
> model.matrix(mCat.glm) [, ]

(Intercept) METHODB CAT METHODB:CAT

1 1 01.5 0.0
2 1 01.0 0.0
3 1 11.5 1.5
4 1 0 2.0 0.0
5 1 11.0 1.0
6 1 12.5 2.5
7 1 01.0 0.0
8 1 12.0 2.0

> summary (mCat.glm)

Call:
glm(formula = VOL ~ METHOD * CAT, family = gaussian, data = data)

Deviance Residuals:
1 2 3 4 5 6 7 8
-4.182 4.545 2.400 2.091 -2.800 -3.200 -2.455 3.600
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Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept) 35.0000 8.0006 4.375 0.0119 =*
METHODB -7.8000 11.0280 -0.707 0.5184
CAT -0.5455 5.5709 -0.098 0.9267
METHODB:CAT -1.8545 6.9357 -0.267 0.8024
Signif. codes: O ,*xx, 0.001 ,**, 0.01 ,*, 0.05 ,., 0.1, , 1

(Dispersion parameter for gaussian family taken to be 21.33636)
Null deviance: 345.875 on 7 degrees of freedom
Residual deviance: 85.345 on 4 degrees of freedom

AIC: 51.641

Number of Fisher Scoring iterations: 2

Tentokrat kromé pruseciku prestaly byt vyznamné vSechny parametry (viz p—hodnoty
Pr(>|tl])) pro jednotlivé koeficienty.

> anova(mCat.glm, test = "F")

Analysis of Deviance Table
Model: gaussian, link: identity
Response: VOL

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev F Pr(>F)
NULL 7 345.88
METHOD 1 253.125 6 92.75 11.8635 0.02619 *
CAT 1 5.879 5 86.87 0.2755 0.62739
METHOD:CAT 1 1.526 4 85.35 0.0715 0.80239

Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

7 analyzy devianci vyplyva, ze pouze pridanim proménné METHOD doslo k podstatnému
snizeni devianci. Proto opét uvazujme jednodussi model se stejnou smérnici obou regresnich
primek.

> mCat2.glm <- glm(VOL ~ METHOD + CAT, data, family = gaussian)
> model.matrix(mCat2.glm) [, ]

(Intercept) METHODB CAT

1 1 01.5
2 1 01.0
3 1 11.5
4 1 0 2.0
5 1 11.0
6 1 1 2.5
7 1 01.0
8 1 12.0
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> summary(mCat2.glm)

Call:
glm(formula = VOL ~ METHOD + CAT, family = gaussian, data = data)

Deviance Residuals:
1 2 3 4 5 6 7 8
-4.032 4.097 2.565 2.839 -2.306 -3.694 -2.903 3.435

Coefficients:
Estimate Std. Error t value Pr(>|tl)
(Intercept) 36.645 4.615 7.941 0.00051 *x*x
METHODB -10.597 3.154 -3.360 0.02011 *
CAT -1.742 2.995 -0.582 0.58601
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

(Dispersion parameter for gaussian family taken to be 17.37419)
Null deviance: 345.875 on 7 degrees of freedom
Residual deviance: 86.871 on 5 degrees of freedom

AIC: 49.783

Number of Fisher Scoring iterations: 2

Ted’ se koeficient METHOD stava vyznamnym, ale vyznamnost CAT se neprokézala. Jesté
zjistéme, zda jednodussi model ptilis nezvysil devianci.

> anova(mCat.glm, mCat2.glm, test = "F")

Analysis of Deviance Table

Model 1: VOL ~ METHOD * CAT
Model 2: VOL ~ METHOD + CAT

Resid. Df Resid. Dev Df Deviance F Pr(oF)
1 4 85.345
2 5 86.871 -1 -1.5255 0.0715 0.8024

Z vysledku je patrné, ze vyznamné zhorseni modelu se neprokézalo (viz p~hodnota Pr (>F)).

Na zavér jesté prozkoumejme, jak dopadne model, kdyz budeme uvazovat obé kovariaty.

> mTempCat.glm <- glm(VOL ~ METHOD * (TEMP + CAT), data, family = gaussian)
> model.matrix(mTempCat.glm) [, ]

(Intercept) METHODB TEMP CAT METHODB:TEMP METHODB:CAT

1 1 0 90 1.5 0 0.0
2 1 0 851.0 0 0.0
3 1 1 70 1.5 70 1.5
4 1 0 80 2.0 0 0.0
5 1 1 80 1.0 80 1.0
6 1 1 85 2.5 85 2.5
7 1 0 90 1.0 0 0.0
8 1 1 85 2.0 85 2.0
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> summary (mTempCat.glm)

Call:
glm(formula = VOL ~ METHOD * (TEMP + CAT), family = gaussian,
data = data)

Deviance Residuals:
1 2 3 4 5 6 7 8
0.6667 0.6667 0.6190 -0.3333 -1.8571 -3.0952 -1.0000 4.3333

Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept) 136.3333 61.8279 2.205 0.158

METHODB -94.5714 68.2295 -1.386 0.300
TEMP -1.0667 0.6464 -1.650 0.241
CAT -7.3333 6.4644 -1.134 0.374
METHODB:TEMP  0.8571 0.7620 1.125 0.378
METHODB: CAT 6.1905 7.8311  0.791 0.512

(Dispersion parameter for gaussian family taken to be 17.09524)
Null deviance: 345.875 on 7 degrees of freedom
Residual deviance: 34.190 on 2 degrees of freedom

AIC: 48.323

Number of Fisher Scoring iterations: 2

> anova(mTempCat.glm, test = "F")

Analysis of Deviance Table
Model: gaussian, link: identity
Response: VOL

Terms added sequentially (first to last)

Df Deviance Resid. Df Resid. Dev F Pr(>F)
NULL 7 345.88
METHOD 1 253.125 6 92.75 14.8068 0.06138 .
TEMP 1 30.179 5 62.57 1.7653 0.31528
CAT 1 2.590 4 59.98 0.1515 0.73462
METHOD:TEMP 1 15.108 3 44 .87 0.8838 0.44641
METHOD: CAT 1 10.683 2 34.19 0.6249 0.51208
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1

Tentokrat prestaly byt vyznamné vSechny parametry. Vzhledem k tomu, ze médme 8 pozo-
rovani a 6 neznamych parametru, hned si uvédomime, ze jsme to se slozitosti modelu pfehnali.

7 predchozi analyzy je vidét, jak mnoho kroku i pro tak jednoducha data jsme museli
provést pii hledani optimalniho modelu, a to nam potfad neni jasné, ktery model by byl
nejvhodnéjsi.
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V jazyku R je nastésti k dispozici stepwise procedura (piikaz step()), pomoci které lze
model nalézt automaticky. Déje se tak pomoci AIC kritéria (Akaikeovo informacnd kritérium),
které je vypocteno na zakladé deviace a poétu regresorti. Cim je nizsf hodnota AIC, tim je
model vhodnéjsi.

Nejprve vytvorime nulovy model pomoci formule VOL ~ 1.

> summary (mNULL <- glm(VOL ~ 1, data, family = gaussian))

Call:
glm(formula = VOL ~ 1, family = gaussian, data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-10.625 -3.625 -0.625 4.375 10.375

Coefficients:
Estimate Std. Error t value Pr(>|t])
(Intercept)  28.625 2.485 11.52 8.37e-06 *x*x
Signif. codes: O ,*xx, 0.001 ,**, 0.01 ,*, 0.05 ,., 0.1, , 1

(Dispersion parameter for gaussian family taken to be 49.41071)

Null deviance: 345.88 on 7 degrees of freedom
Residual deviance: 345.88 on 7 degrees of freedom
AIC: 56.836

Number of Fisher Scoring iterations: 2

V piikazu step() uvedeme vedle nulového modelu i nejbohatsi model, ktery chceme uva-
zovat. Pokud neuvedeme jinak, stepwise procedura bude na zakladé AIC kritéria pridavat a
ubirat proménné tak dlouho, dokud dalsi zména nepfinese zlepseni AIC kritéria. Kazdy krok
je komentovan.

> s0m0 <- step(mNULL, scope = "METHOD * (TEMP + CAT))

Start: AIC=56.84
VoL ~ 1

Df Deviance AIC
+ METHOD 1 92.75 48.307
<none> 345.88 56.836
+ CAT 1 282.99 57.231
+ TEMP 1 334.00 58.557

Step: AIC=48.31
VOL ~ METHOD

Df Deviance AIC
+ TEMP 1 62.57 47.158
<none> 92.75 48.307
+ CAT 1 86.87 49.783
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- METHOD 1  345.88 56.836

Step: AIC=47.16
VOL ~ METHOD + TEMP

Df Deviance AIC

<none> 62.57 47.158
- TEMP 1 92.75 48.307
+ METHOD:TEMP 1 57.33 48.459
+ CAT 1 59.98 48.820
- METHOD 1 334.00 58.557

Vsimnéme si, ze jednou z moznych zmén je také zadna zména, oznaceno <none>, to zna-
mena, ze jde o porovnani se soucasnym stavem.

V prvnim kroku lze proménné pouze pridavat a je vidét, ze pouze pridanim proménné
METHQD se kritérium AIC zlepsilo. Dostali jsme model s formuli VOL ~ METHOD.

V druhém kroku lze priddvat i odebirat proménné (tedy jednu proménnou METHOD). Uka-
zuje se, ze pouze pridanim proménné TEMP se AIC kritérium zlepsi. Vysledkem tohoto kroku
je model s formuli VOL ~ METHOD + TEMP.

Ve tretim kroku opét lze ubirat a priddvat proménné. Ale ukdze se, Ze zadna zména

/////

VOL = METHOD + TEMP.



