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M7222 — 2. ¢VICEN] : GLMO02a
(Zotaveni v zdvislosti na zdvaznosti nemoci a ndvstévé nemocnice)

Nejprve nacteme vstupni data pomoci prikazu read.csv2() a podivame se na jejich struk-
turu pomoci piikazu str().

> fileDat <- paste(data.library, "InfectionSeverity.csv", sep = "")
> data <- read.csv2(fileDat, header = TRUE, sep = ";", dec = ".")
> str(data)

,data.frame,: 49 obs. of 3 variables:

$ Infection_Severity: num 9.3 18.2 22.7 32.9 38 39.9 44 44.9 46.8 47.7 ...
$ Treatment_Outcome : int 0000000000 ...

$ Hospital cint 3213121212

7 proménnych, které jsou kategoridlni, utvoiime pomoci piikazu factor () proménné typu
faktor.

> data$Treatment_Outcome <- factor(data$Treatment_Outcome, labels = c("survived",
”died H))
> data$Hospital <- factor(data$Hospital, labels = c("A", "B", "C"))

Data vykreslime

> plot(data$Infection_Severity, unclass(data$Treatment_Outcome) - 1, type = "p",
pch = unclass(data$Hospital), col = unclass(data$Hospital), cex = 1.5,
main = "Recovery as a Function of Illness Severity")

Recovery as a Function of lliness Severity
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Obrézek 1: Vykresleni dat pomoci piikazu plot.
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Protoze tento graf je malo srozumitelny, provedeme nejprve kategorizaci promeénné
Infection_Severitydo 10 subintervalu. Pak zjistime pocet osob, které prezily, popt. zemftely
v jednotlivych subintervalech, na zakladé toho odpovidajici relativni ¢etnosti zemtelych.

> breaks_f_sev <- seq(0, 170, length.out = 11)
> f_sev <- cut(data$Infection_Severity, breaks = breaks_f_sev)
> (TabSurvDied <- table(f_sev, data$Treatment_Outcome))

f_sev survived died
(0,171 1
(17,34]
(34,51]
(51,68]
(68,851
(85,1021
(102,119]
(119,136]
(136,153]
(153,170]

O OO O P+ OOwowWw
NP, PP ONEFR OO

> RelativDied <- TabSurvDied[, 2]/rowSums(TabSurvDied)
> (tab2 <- cbind(TabSurvDied, RelativDied))

survived died RelativDied

(0,171 1 0 0.0
(17,34] 3 0 0.0
(34,51] 9 1 0.1
(51,68] 3 2 0.4
(68,851 6 6 0.5
(85,1021 4 4 0.5
(102,119] 0 6 1.0
(119,136] 0 1 1.0
(136,153] 0 1 1.0
(153,170] 0 2 1.0

Ptedchozi graf nyni budeme modifikovat tak, abychom doplnili relativni ¢etnosti zemielych
v jednotlivych kategoriich

\%

delta2 <- 0.5 * diff(breaks_f_sev)[1]
N <- length(breaks_f_sev)
plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, type = "p", pch = 3, xlim = c(-10, 180), col = unclass(data$Hospital),
main = "Recovery as a Function of Illness Severity")
points(breaks_f_sev[1:(N - 1)] + delta2, tab2[, 3],
pch = 21, col = "darkred", cex = 2, bg = "red")
lines(breaks_f_sev, c(0, tab2[, 3]), type = "S")
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Recovery as a Function of lliness Severity

S 4 I+ H o re—e—e—e—
—
| [e¢]
T S
£
Qo
O
5
O o
N
c
[<3]
£
]
(3]
= Y
@ o
8
@
z
9]
8 o
S oS ]
=
]

o

2 + HHH

T T T I
0 50 100 150

data$infection_Severity

Obréazek 2: Vykresleni relativnich ¢etnosti zemftelych.

MODEL 1 - binarni regresni model s jedinou spojitou kovariatou
Infection_Severity

Za g volime nékterou z linkovacich funkci, takze dostavame

nx) = q(r(x)) = (13_1(7T(X)) probitovy model (1)
(%) = g2(m(x)) = log <1j§:&)) logisticky model (2)
n(x) = gs(m(x)) = log[— log(1—7(x))] komplementarn{ log-log model (3)

Nejprve zvolime kanonickou linkovaci funkci, takze dostaneme logisticky regresni model:

> ml.logit <- glm(Treatment_Outcome ~ Infection_Severity,
family = binomial(logit), data = data)
> summary (ml.logit)

Call:
glm(formula = Treatment_Outcome ~ Infection_Severity, family = binomial(logit),
data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-1.7891 -0.6459 -0.2365 0.7533 1.9474
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Coefficients:

Estimate Std. Error z value Pr(>lzl)
(Intercept) -4.64050 1.38335 -3.355 0.000795 *x*x
Infection_Severity 0.05921 0.01758 3.368 0.000756 **x*

Signif. codes: O ,**x, 0.001 ,**, 0.01 ,*, 0.05 ,., 0.1 , , 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 67.745 on 48 degrees of freedom
Residual deviance: 45.994 on 47 degrees of freedom
AIC: 49.994

Number of Fisher Scoring iterations: 5

Vidime, ze kovaridta Infection_Severity je v tomto modelu statisticky vyznamna.

Provedeme vykresleni vysledné logistické kiivky spolu s asymptotickymi intervaly spoleh-
livosti:

> predicted.logit <- predict(ml.logit, type = "link",
newdata = data, se = T)

> data$CI.lower.logit <- plogis(predicted.logit$fit -
1.96 * predicted.logit$se.fit)

> data$fitted.logit <- plogis(predicted.logit$fit)

> data$CI.higher.logit <- plogis(predicted.logit$fit +
1.96 * predicted.logit$se.fit)

> x <- c(data$Infection_Severity, rev(data$Infection_Severity))

> y <- c(data$CI.lower.logit, rev(data$CI.higher.logit))

> plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, type = "n", pch = 3, ylab = "Outcome", xlab = "Severity",
main = "Logistickd regrese")

> polygon(x, y, col = "gray85", border = "gray85")

> points(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, pch = 3, ylab = "Outcome", xlab = "Severity",
col = "gray35")

> lines(data$Infection_Severity, data$fitted.logit, col = "red",
lwd = 2)

> points(data$Infection_Severity, data$fitted.logit, col = "red")
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Obrazek 3: Logisticka regrese s intervaly spolehlivosti.

Podivejme se, jak dopadne probitovy regresni model s jedinou kovaridtou Infection_Severity,
to znamena musime zvolit misto kanonické linkovaci funkce jinou, a to probitovou linkovaci
funkci.

> ml.probit <- glm(Treatment_Outcome ~ Infection_Severity,
family = binomial(probit), data = data)
> summary (ml.probit)

Call:
glm(formula = Treatment_Qutcome ~ Infection_Severity, family = binomial (probit),
data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-1.7885 -0.6427 -0.1742 0.7577 1.9636

Coefficients:
Estimate Std. Error z value Pr(>l|z|)

(Intercept) -2.824141 0.763012 -3.701 0.000214 x*x*x*
Infection_Severity 0.036010 0.009699  3.713 0.000205 *x**
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.056 ,., 0.1, , 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 67.745 on 48 degrees of freedom
Residual deviance: 45.597 on 47 degrees of freedom

AIC: 49.597

Number of Fisher Scoring iterations: 6
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I v tomto modelu je kovariata Infection_Severity statisticky vyznamna.

Opét vykreslime vyslednou probitovou kfivku spolu s asymptotickymi intervaly spolehli-
vosti do grafu:

> predicted.probit <- predict(ml.probit, type = "link",
newdata = data, se = T)

> data$CI.lower.probit <- pnorm(predicted.probit$fit -
1.96 * predicted.probit$se.fit)

> data$fitted.probit <- pnorm(predicted.probit$fit)

> data$CI.higher.probit <- pnorm(predicted.probit$fit +
1.96 * predicted.probit$se.fit)

> x <- c(data$Infection_Severity, rev(data$Infection_Severity))

> y <= c(data$CI.lower.probit, rev(data$CI.higher.probit))

> plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, type = "n", pch = 3, ylab = "Outcome", xlab = "Severity",
main = "Probitovd regrese")

> polygon(x, y, col = "gray85", border = "gray85")

> points(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, pch = 3, ylab = "Outcome", xlab = "Severity",
col = "gray35")

> lines(data$Infection_Severity, data$fitted.probit, col = "darkgreen",

lwd = 2)
> points(data$Infection_Severity, data$fitted.probit,
col = "darkgreen")
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Obrazek 4: Probitova regrese s intervaly spolehlivosti.

Nakonec uvazujme posledni moznost, a to komplementarni log-log linkovaci funkci. GLM
model pro binarni proménnou budeme opét konstruovat pro jedinou kovaridtu Infection_Severity.

> mi.cloglog <- glm(Treatment_Outcome ~ Infection_Severity,
family = binomial(cloglog), data = data)
> summary (m1.cloglog)
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Call:
glm(formula = Treatment_Outcome ~ Infection_Severity, family = binomial(cloglog),
data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-1.7952 -0.6639 -0.3177 0.7782 1.8936

Coefficients:

Estimate Std. Error z value Pr(>lzl)
(Intercept) -3.74248 1.00860 -3.711 0.000207 x**x*
Infection_Severity 0.04153 0.01159 3.582 0.000341 x**x

Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.06 ,., 0.1, , 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 67.745 on 48 degrees of freedom
Residual deviance: 45.964 on 47 degrees of freedom
AIC: 49.964

Number of Fisher Scoring iterations: 6

I v tomto modelu je kovaridta Infection_Severity statisticky vyznamna.

Stejné jako v predchozich piipadech vykreslime vyslednou kiivku spolu s asymptotickymi
intervaly spolehlivosti:

> Icloglog <- function(x) return(l - exp(-exp(x)))

> predicted.cloglog <- predict(ml.cloglog, type = "link",
newdata = data, se = T)

> data$CI.lower.cloglog <- Icloglog(predicted.cloglog$fit -
1.96 * predicted.cloglog$se.fit)

> data$fitted.cloglog <- Icloglog(predicted.cloglog$fit)

> data$CI.higher.cloglog <- Icloglog(predicted.cloglog$fit +
1.96 * predicted.cloglog$se.fit)

> x <- c(data$Infection_Severity, rev(data$Infection_Severity))

> y <- c(data$CI.lower.cloglog, rev(data$CI.higher.cloglog))

> plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, type = "n", pch = 3, ylab = "Outcome", xlab = "Severity",
main = "Bindrni regrese cloglog linkovaci funkci")

> polygon(x, y, col = "gray85", border = "gray85")

> points(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, pch = 3, ylab = "Outcome", xlab = "Severity",
col = "gray35")

> lines(data$Infection_Severity, data$fitted.cloglog,
col = "dodgerblue", lwd = 2)

> points(data$Infection_Severity, data$fitted.cloglog,
col = "dodgerblue")
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Obrazek 5: Binarni regrese s komplementarni log-log linkovaci funkei s intervaly spolehlivosti.

Nyni zakreslime vSechny kfivky do jediného grafu a aby byl vysledny graf kvalitnéjsi,

nepouzijeme piedchozi odhady s 49 body, ale sit’ pro x—ové hodnoty zjemnime.

vV VvV Vv Vv

xx <- seq(0, 170, length.out = 200)
yy.logit <- predict(ml.logit, list(Infection_Severity = xx),

type = "response")

yy.probit <- predict(ml.probit, list(Infection_Severity = xx),
type = "response")

yy.cloglog <- predict(ml.cloglog, list(Infection_Severity = xx),
type = "response")

plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, pch = 3, ylab = "Outcome", xlab = "Severity",
main "Logistickd, probitovd a cloglog regrese'")

lines(xx, yy.logit, col = "red", lwd = 2)

lines(xx, yy.probit, col = "darkgreen", lwd = 2)

lines(xx, yy.cloglog, col = "dodgerblue", lwd = 2)

legend (100, 0.5, bty = "n", col = c("red", "darkgreen",
"dodgerblue"), 1ty = c(1, 1, 1), 1lwd = c(2, 2, 2),
legend = c("logisticka krivka", "probitova krivka",

"clog-log krivka"))
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Logisticka, probitovéa a cloglog regrese
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Obrazek 6: Porovnani vsech binarnich regresi.

Vhodny model se pokusime vybrat na zakladé analyzy rezidui.

> par(mfrow = c(1, 3))

> plot(ml.logit, which = 2, cex = 0.75)
> plot(ml.probit, which = 2, cex = 0.75)
> plot(ml.cloglog, which = 2, cex = 0.75)
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Obrazek 7: Srovnani logistické, probitové a clolog regrese pomoci Q-Q grafu.

Na zékladé téchto grafi nejsme schopni rozhodnout, ktery model je nejvhodnéjsi. Pro
binarni vystupy vSak mame k dispozici velmi u¢inny graficky néastroj, ktery se nazyva ROC
krivky.
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PozNAMKY K ROC ANALYZE VZTAHUJICI SE K BINARNI REGRESI

Klasickda ROC kfivka je definovana pro binarni klasifika¢ni pravidla, tj. pro pravidla
jejichz vystupem jsou pouze dvé kategorie (t¥idy, populace).

Zkratka ROC je odvozena od slov Receiver Operating Characteristic, nebot’ se puvodné
vyuzivala jako operacéni charakteristika radiolokatoru.

Binarni klasifika¢ni pravidlo je pfedpis urcujici, zda jedinec ¢i objekt popsany po-
moci jednorozmérného nebo i vicerozmérného statistického znaku patii do jedné ze dvou
rozlisitelnych t¥id nebo populaci. Vystupem klasifika¢niho pravidla je tedy oznaceni jisté
ttidy, populace ¢i kategorie, napf. . zdravy, nemocny;

. prospél, neprospél.
Jde o kvalitativni proménnou, ktera se obycejné koduje ¢isly, napt. 0 a 1.

V piipadé bindrni regrese méame k dispozici (proi=1,...,n):
Y; bindrni proménné nabyvajicich hodnot {0,1}
x; = (Ti1y ..., Tim)"  nezavisle proménné - jednorozmérny ¢i vicerozmérny znak

charakterizujici jedince
Pomoci GLM modelu s vhodnou linkovaci funkci g ziskdme odhady

7 = 7(x3) = ¢ (X Bage) proi=1,...,n,
které lze v prostiedi R ziskat napiiklad ptrikazem fitted(model).

Pak se jako klasifikator pouziva nasledujici klasifika¢ni pravidlo:

P =

% 1 aposteriorni pravdépodobnost 7(x;) > ¢, obvykle se voli ¢ = 0.5,
0 jinak.
Bod [c] se nazyva délicim ¢i kritickym bodem (decision limit, cutoff point, threshold).
Pii hodnoceni tispésnosti konkrétniho binarniho klasifika¢niho pravidla (které je spojeno
s presné danym délicim bodem) se vychazi z nésledujici kontingenéni tabulky, nazyvané
téz matice zamén ¢i konfusni matice.

KONTINGENCNI TABULKA

SKUTECNA KLASIFIKOVANA KATEGORIE
KATEGORIE 0 (NEGATIVNT) 1 (POZITIVNT)
spravné negativni | nesprdvné pozitivni
0 (NEGATIVNI) specificita chyba 1. druhu

o ]
nesprdvné negativni | sprdvné pozitivni
1 (POZITIVNI) chyba 2. druhu senzitivita

1-8

v/

pod kontrolou velikost vybrané chyby.

Binarni klasifikaéni pravidlo (také se mu v diagnostice fikd diagnosticky test ¢i
testové kritérium) je ndhodnou veli¢inou, kterd v nasem piipadé nabyva spojitych hodnot
mezi nulou a jednickou. Ozna¢me ji naptiklad symbolem 7.
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Daéle ozna¢me symbolem 2y nahodnou veli¢inu 7' za podminky, Ze jedinec ve skutecnosti
patii do skupiny [0 (undiseased population), obdobné oznaé¢me symbolem 7; ndhodnou ve-
licinu T za podminky, Ze jedinec ve skuteénosti patii do skupiny 1 (diseased population).

Prislusné hustoty a distribuéni funkce ozna¢me symboly | fo, £o a f1, Fi .

Daéle budeme predpokladat, ze vyssi hodnoty kritéria T vedou k vyssi pravdépodobnosti
vyskytu néjaké zkoumané nemoci (tj. k vyssi pravdépodobnosti, Ze jedinec patii do populace
1, tedy je pozitivni).

Pak pro Ve plati  FP(c)=P(Ty > c¢) =1— Fy(c) (false positive=1-specificity)
TP(c)=P(T1 > c¢) =1—- Fi(c) (true positive=sensitivity)
a ROC kiivku tvoii dvojice bodu: (FP(c),TP(c)) = (1 — Fo(c),1 — Fi(c))
— —

xT

Yy
nebo-li ROC(p) =1 — Fi(F; (1 - p)) 0<p<l1.

Na nasledujicich grafech vidime nézorné, jak se konstruuje ROC kiivka pro ménici se
délici bod. V tomto piipadé metoda 2 predstavuje populaci s indexem 0.

A B

metoda 2 metoda 1 metoda 2 metoda 1

senzitivita
Yg= 0.96743

senzitivita 1-specificita

1-specificita
= y,= 0.98742 x,=0.07074

X, 0.14326

C,= 2 Cy= —0.66667
R(p)
C 1
metoda 2 metoda 1 A
0.9fC
1-specificita senzitivita
X= 0.030408 s 0.92608 08
0.7
0.6
$
&)
o 0.5 &
c.= 0.66667 0.4
0.3
D
metoda 2 metoda 1
0.2
1-specificita senzitivita
%= 0.011323 y,= 0.85296 0.1
O L L L L
0 0.2 0.4 0.6 0.8 1
p

osa z  pravdépodobnost chybné klasifikovanych
jako pozitvni ( tzv. I-specificita)

osa y pravdépodobnost spravné klasifikovanych

D jako pozitvni (senzitivita testu)
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Klasifikaéni pravidlo je o to presnéjsi, ¢im vice se ROC kiivka pfimyka k levého hornimu

bodu (0,1).

Velmi dulezitou charakteristikou je také plocha pod ROC kiivkou

1
AUC = [ ROC(p)dp  (Area Under the ROC Curve).
0

Jestlize kovaridty charakterizované vektorem x nemaji vliv na klasifikaci do dvou ttid, pak
hodnota AUC bude 0.5. Cim vhodnéjsi kovarigty byly zvoleny, tim vice se hodnota AUC blizi
k jedné.

Protoze skutecné rozdéleni klasifikacniho kritéria nezndame, musime ROC kiivku néjak
odhadnout. Pouzivd se celd fada piistupu:

. parametricky predpokladajici napiiklad normalitu testového kritéria
. neparametricky neznamé podminéné distribuéni funkce se odhaduji

napiiklad pomoci jadrovych odhadu.

Nejcastéji se vsak pouziva neparametricky pristup zalozeny na empirickych distribuc-
nich funkcich. V tom piipadé ma odhadnutd ROC kiivka schodovity tvar.

V prostiedi R existuje celd fada baliku, které dokazi vykreslit ROC kiivku a vypocitat
AUC hodnotu. Nejprve si ukdzeme grafy ziskané z knihovy epicalc.

> library(epicalc)
> par(mfrow = c(1, 3), mar = ¢c(5, 5, 3, 0) + 0.1)
> grafl <- lroc(ml.logit, title = TRUE, auc.coords = c(0.05,

0.1), cex = 1.5, cex.main = 1.25)

> graf2 <- lroc(ml.probit, title = TRUE, auc.coords = c(0.05,
0.1), cex = 1.5, cex.main = 1.25)

> graf3 <- lroc(ml.cloglog, title = TRUE, auc.coords = c(0.05,
0.1), cex = 1.5, cex.main = 1.25)

Treatment_Outcome ~ Infection_Severity Treatment_Outcome ~ Infection_Severity Treatment_Outcome ~ Infection_Severity
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Obrazek 8: Porovnani ROC kiivek a hodnot AUC pro logistickou, probitovou a cloglog bindrni
regresi (pomoci piikazu lroc z knihovny epicalc).

7 vyslednych grafu je patrné, ze ani v ROC kfivce, ani v AUC hodnoté se metody nelisi.
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Jesteé si ukazeme, jaky typ grafu pro ROC krivku nabizi knihovna verification. V tomto
piipadé vedle empirického odhadu lze ziskat také ROC kiivku, kterda se z vychozich dat
odhadne za ptredpokladu, ze Ty i 77 maji normélni rozdéleni.

> library(verification)

> par(mfrow = c¢(1, 3), mar = ¢(5, 5, 3, 0) + 0.1)

> binvar <- unclass(data$Treatment_Outcome) - 1

> T <- fitted(ml.logit)

> AUC <- roc.area(binvar, T)

> auc.txt <- paste("AUC=", round(AUC$A, 3), " (p.value=", round(AUC$p.value,
6), ")", sep = "")

> roc.plot(binvar, T, binormal = T, plot = "both")

> text (0.2, 0.1, auc.txt, adj = c(0, 0), cex = 1.25)

> T <- fitted(ml.probit)

> AUC <- roc.area(binvar, T)

> auc.txt <- paste("AUC=", round(AUC$A, 3), " (p.value=", round(AUC$p.value,
6), ")", sep = "")

> roc.plot(binvar, T, binormal = T, plot = "both")

> text (0.2, 0.1, auc.txt, adj = c(0, 0), cex = 1.25)

> T <- fitted(ml.cloglog)

> AUC <- roc.area(binvar, T)

> auc.txt <- paste("AUC=", round(AUC$A, 3), " (p.value=", round(AUC$p.value,
6), ")", sep = "")

> roc.plot(binvar, T, binormal = T, plot = "both")

> text (0.2, 0.1, auc.txt, adj = c(0, 0), cex = 1.25)
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Obréazek 9: Porovnani ROC kiivek a hodnot AUC pro logistickou, probitovou a cloglog bindrni
regresi (pomoci piikazu roc.area a roc.plot z knihovny verification).

P-hodnota v zavorce u AUC hodnoty se vztahuje k testovani hypotézy Hy: AUC = 0.5.
Vidime, ze tuto hypotézu zamitdme, coz zna¢i ze proménnad Infection_Severity ma vy-
znamny vliv na pireziti.
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Podivejme se, jak dopadly konfusni matice pro jednotlivé binarni modely

> fitY.logit <- factor(fitted(ml.logit) > 0.5, labels = c("pred.survived",
"pred.died"))
> table(data$Treatment_Outcome, fitY.logit)

fitY.logit

pred.survived pred.died
survived 20 6
died 8 15

> fitY.probit <- factor(fitted(ml.probit) > 0.5, labels = c("pred.survived",
"pred.died"))
> table(data$Treatment_Outcome, fitY.probit)

fitY.probit

pred.survived pred.died
survived 20 6
died 8 15

> fitY.cloglog <- factor(fitted(ml.cloglog) > 0.5, labels = c("pred.survived",
"pred.died"))
> table(data$Treatment_Outcome, fitY.cloglog)

fitY.cloglog

pred.survived pred.died
survived 21 5
died 9 14

Vidime, ze konfusni matice jsou vSechny stejné. Ukazeme si déle, jak lze misto absolutnich
cetnosti ziskat relativni ¢etnosti. Nejprve pro celou tabulku

> prop.table(table(data$Treatment_Outcome, fitY.logit))

fitY.logit

pred.survived pred.died
survived 0.4081633 0.1224490
died 0.1632653 0.3061224

Relativni ¢etnosti podle fadku dostaneme piikazem

> prop.table(table(data$Treatment_Outcome, fitY.probit), 1)

fitY.probit

pred.survived pred.died
survived 0.7692308 0.2307692
died 0.3478261 0.6521739
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A nakonec relativni ¢etnosti podle sloupcu dostaneme takto

> prop.table(table(data$Treatment_Outcome, fitY.cloglog), 2)

fitY.cloglog

pred.survived pred.died
survived 0.7000000 0.2631579
died 0.3000000 0.7368421

Mnohem vice moznosti mame, pokud pouzijeme piikaz CrossTable () z knihovny gmodels.

> library(gmodels)
> CrossTable(table(data$Treatment_Outcome, fitY.cloglog), prop.r = T,
prop.c = T, prop.t = T, prop.chisq = F)

Cell Contents

N |

N / Row Total |

N / Col Total |

N / Table Total |
|

Total Observations in Table: 49

| fitY.cloglog

| pred.survived | pred.died | Row Total |

| | -
survived | 21 | 5 | 26 |
| 0.808 | 0.192 | 0.531 |
| 0.700 | 0.263 | |
| 0.429 | 0.102 | |
————————————— e ] et
died | 9 | 14 | 23 |
| 0.391 | 0.609 | 0.469 |
| 0.300 | 0.737 | |
| 0.184 | 0.286 | |
————————————— e ] R
Column Total | 30 | 19 | 49 |
| 0.612 | 0.388 | |

| |

Nyni se vratime k bindrni regresi a zjistime, zda se model nezlepsi, jestlize pridame dalsi
vysvétlujici proménnou, a to proménnou Hospital.
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MODEL 2 - binarni regresni model s jedinou spojitou proménnou
Infection_Severity a kategoridlni proménnou Hospital

Zatneme s modelem, ve kterém budeme uvazovat i interakce mezi proménnymi
Infection_Severity a Hospital. Nejprve zvolime kanonickou linkovaci funkci.

> m2a.logit <- glm(Treatment_Outcome ~ Infection_Severity x*
Hospital, family = binomial(logit), data = data)
> summary(m2a.logit)

Call:
glm(formula = Treatment_Qutcome ~ Infection_Severity * Hospital,
family = binomial(logit), data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-2.2565 -0.4597 -0.1565 0.3539 2.0989

Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) -5.664355 2.803449 -2.020 0.0433 *
Infection_Severity 0.055830 0.032493 1.718 0.0858 .
HospitalB -0.012466  3.989376 -0.003 0.9975
HospitalC 2.817310 3.600700 0.782  0.4340
Infection_Severity:HospitalB 0.012591 0.049197 0.256  0.7980
Infection_Severity:HospitalC 0.006657 0.046875 0.142 0.8871
Signif. codes: O ,**x, 0.001 ,*x, 0.01 ,*, 0.05 ,., 0.1, , 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 67.745 on 48 degrees of freedom
Residual deviance: 34.676 on 43 degrees of freedom
AIC: 46.676

Number of Fisher Scoring iterations: 6

Vidime, ze vyznamnost jednotlivych proménnych se vyrazné zhorsila, proto uvazujme
jednodussi model bez interakci

> m2b.logit <- glm(Treatment_Outcome ~ Infection_Severity +
Hospital, family = binomial(logit), data = data)
> summary(m2b.logit)

Call:
glm(formula = Treatment_Qutcome ~ Infection_Severity + Hospital,
family = binomial(logit), data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-2.2528 -0.4932 -0.1835 0.3643 2.1508

Coefficients:
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Estimate Std. Error z value Pr(>|zl)

(Intercept) -6.18858 1.81807 -3.404 0.000664 x*x*x*
Infection_Severity 0.06209 0.01985  3.128 0.001760 **
HospitalB 0.98306 1.01251 0.971 0.331595

HospitalC 3.36626 1.20231 2.800 0.005113 *x*

Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.056 ,., 0.1, , 1
(Dispersion parameter for binomial family taken to be 1)

Null deviance: 67.745 on 48 degrees of freedom
Residual deviance: 34.742 on 45 degrees of freedom
AIC: 42.742

Number of Fisher Scoring iterations: 6

Jesté zkontrolujme, zda nedoslo k vyraznému zhorseni tohoto modelu oproti predchozimu

> anova(m2a.logit, m2b.logit, test = "Chisq")

Analysis of Deviance Table

Model 1: Treatment_Outcome ~ Infection_Severity * Hospital

Model 2: Treatment_Outcome ~ Infection_Severity + Hospital
Resid. Df Resid. Dev Df Deviance P(>|Chil)

1 43 34.676

2 45 34.742 -2 -0.066078 0.9675

Protoze P-hodnota neni mensi nez 0.05, vypusténim interakei nedoslo k vyraznému zhor-
Seni modelu.

Provedeme vykresleni vyslednych logistickych kiivek pro jednotlivé nemocnice.

> plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, type = "p", pch = 3, xlim = c(-10, 180), col = unclass(data$Hospital),
ylab = "QOutcome", xlab = "Severity", main = "Logistic curves")
> points(data$Infection_Severity, fitted(m2b.logit), col = unclass(data$Hospital))
> xx <- seq(0, 170, length.out = 200)
> yA.logit <- predict(m2b.logit, list(Infection_Severity = xx,
Hospital = factor(rep("A", 200))), type = "response")
> lines(xx, yA.logit, col =1, lwd = 2)
> yB.logit <- predict(m2b.logit, list(Infection_Severity = xx,
Hospital = factor(rep("B", 200))), type = "response")
> lines(xx, yB.logit, col = 2, lwd = 2)
> yC.logit <- predict(m2b.logit, list(Infection_Severity = xx,
Hospital = factor(rep("C", 200))), type = "response")
> lines(xx, yC.logit, col = 3, lwd = 2)
> legend (100, 0.3, bty = "n", col = c(1, 2, 3), 1ty = c(1,
1, 1), 1wd = c(2, 2, 2), legend = c("Hospital A", "Hospital B",
"Hospital C"))
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Obrazek 10: Logistické kiivky pro jednotlivé nemocnice.

Pro tento model opét provedeme grafickou analyzu rezidui a vykreslime ROC kiivku.

> plot(m2b.logit, which = 2, cex = 0.75)
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glm(Treatment_Outcome ~ Infection_Severity + Hospital)

Obrazek 11: Q-Q graf rezidui modelu 2b s logit linkovaci funkei.

library(verification)

par(mar = c¢(5, 5, 3, 0) + 0.1)

binvar <- unclass(data$Treatment_Outcome) - 1

T <- fitted(m2b.logit)

AUC <- roc.area(binvar, T)

auc.txt <- paste("AUC=", round(AUC$A, 3), " (p.value=", round(AUC$p.value,
8), ")", sep = "")
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> roc.plot(binvar, T, binormal = T, plot = "both")
> text (0.2, 0.1, auc.txt, adj = c(0, 0), cex = 1.25)

ROC Curve

1.0

Hit Rate
0.4

0.2

AUC=0.926 (p.value=1e-08)

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Alarm Rate

Obrazek 12: ROC kiivka a hodnota AUC pro logistickou binarni regresi - MODEL 2B (po-
moci piikazi roc.area a roc.plot z knihovny verification).

Vidime, ze pfidanim dalsi proménné se hodnota AUC z 0.846 zvedla na 0.926. Nezapome-
neme také na konfusni matici:

> library(gmodels)

> fitY.logit <- factor(fitted(m2b.logit) > 0.5, labels = c("pred.survived",
"pred.died"))

> CrossTable(table(data$Treatment_Outcome, fitY.cloglog), prop.r = T,
prop.c = T, prop.t = T, prop.chisq = F)

Cell Contents

N

N / Row Total
N / Col Total
N / Table Total

Total Observations in Table: 49

| fitY.cloglog

| pred.survived | pred.died | Row Total |
————————————— |- e
survived | 21 | 5 | 26 |
| 0.808 | 0.192 | 0.531 |
| 0.700 | 0.263 | |
[ 0.429 | 0.102 | [

| |
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died | 9 | 14 | 23 |
| 0.391 | 0.609 | 0.469 |
| 0.300 | 0.737 | |
| 0.184 | 0.286 | |
————————————— e ] Rttt
Column Total | 30 | 19 | 49 |
| 0.612 | 0.388 | |

| |

Pro tplnost spocitejme Model 2b pro zbyvajici dvé linkovaci funkce. Vypocteme model,
do jednoho grafu zakreslime vysledné kiivky pro vSechny nemocnice, provedeme grafickou
analyzu rezidui, vytvorime ROC kfivku a nakonec vypocteme konfusni matici.

> m2b.probit <- glm(Treatment_Outcome ~ Infection_Severity +
Hospital, family = binomial(probit), data = data)
> summary (m2b.probit)

Call:
glm(formula = Treatment_Qutcome ~ Infection_Severity + Hospital,
family = binomial(probit), data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-2.2245 -0.4837 -0.1249 0.3579 2.1404

Coefficients:

Estimate Std. Error z value Pr(>lzl)
(Intercept) -3.61785 0.95185 -3.801 0.000144 *x*x*
Infection_Severity 0.03655 0.01058 3.454 0.000552 **x*
HospitalB 0.53274 0.57472 0.927 0.353948
HospitalC 1.88787 0.64180 2.942 0.003266 *x*
Signif. codes: O ,*xx, 0.001 ,**x, 0.01 ,*, 0.056 ,., 0.1, , 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 67.745 on 48 degrees of freedom
Residual deviance: 34.511 on 45 degrees of freedom
AIC: 42.511

Number of Fisher Scoring iterations: 7

> m2b.cloglog <- glm(Treatment_Outcome ~ Infection_Severity +
Hospital, family = binomial(cloglog), data = data)
> summary (m2b.cloglog)

Call:
glm(formula = Treatment_Qutcome ~ Infection_Severity + Hospital,
family = binomial(cloglog), data = data)

Deviance Residuals:
Min 1Q Median 3Q Max
-2.2131 -0.5651 -0.2920 0.3321 2.0368
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Coefficients:

Estimate Std. Error z value Pr(>|zl)
(Intercept) -4.59689 1.23198 -3.731 0.000191 x*x*x*
Infection_Severity 0.04039 0.012568  3.210 0.001329 *x*
HospitalB 0.70634 0.75040 0.941 0.346561
HospitalC 2.05929 0.73198 2.813 0.004903 xx
Signif. codes: O ,**x, 0.001 ,*x, 0.01 ,*, 0.05 ,., 0.1, , 1

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 67.745 on 48 degrees of freedom
Residual deviance: 35.482 on 45 degrees of freedom
AIC: 43.482

Number of Fisher Scoring iterations: 7

> par(mfrow = c¢(1, 2), mar = ¢(5, 5, 3, 0) + 0.1)
xx <- seq(0, 170, length.out = 200)
> yA.probit <- predict(m2b.probit, list(Infection_Severity
Hospital = factor(rep("A", 200))), type = "response")
> yB.probit <- predict(m2b.probit, list(Infection_Severity = xx,
Hospital = factor(rep("B", 200))), type = "response")
> yC.probit <- predict(m2b.probit, list(Infection_Severity = xx,
Hospital = factor(rep("C", 200))), type = "response")
> plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, type = "p", pch = 3, xlim = c(-10, 180), col = unclass(data$Hospital),
ylab = "QOutcome", xlab = "Severity", main = "Probit curves")
points(data$Infection_Severity, fitted(m2b.probit), col = unclass(data$Hospital))
lines(xx, yA.probit, col = 1, lwd = 2)
lines(xx, yB.probit, col = 2, lwd = 2)
lines(xx, yC.probit, col = 3, lwd = 2)
legend (100, 0.3, bty = "n", col = c(1, 2, 3), 1ty = c(1,
1, 1), 1wd = c¢(2, 2, 2), legend = c("Hospital A", "Hospital B",
"Hospital C"))
> plot(data$Infection_Severity, unclass(data$Treatment_Outcome) -
1, type = "p", pch = 3, xlim = c(-10, 180), col = unclass(data$Hospital),
ylab = "Outcome", xlab = "Severity", main = "cloglog curves")
> points(data$Infection_Severity, fitted(m2b.cloglog), col = unclass(data$Hospital))
> yA.cloglog <- predict(m2b.cloglog, list(Infection_Severity = xx,
Hospital = factor(rep("A", 200))), type = "response")
> yB.cloglog <- predict(m2b.cloglog, list(Infection_Severity = xx,
Hospital = factor(rep("B", 200))), type = "response")
> yC.cloglog <- predict(m2b.cloglog, list(Infection_Severity = xx,
Hospital = factor(rep("C", 200))), type = "response")
lines(xx, yA.cloglog, col = 1, lwd = 2)
lines(xx, yB.cloglog, col = 2, lwd = 2)
lines(xx, yC.cloglog, col = 3, lwd = 2)
legend (100, 0.3, bty = "n", col = c(1, 2, 3), 1ty = c(1,
1, 1), 1wd = c(2, 2, 2), legend = c("Hospital A", "Hospital B",
"Hospital C"))
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Obrazek 13: Vysledné kiivky: probit a komplementarni loglog
> par(mfrow = c(1, 2))
> binvar <- unclass(data$Treatment_Outcome) - 1
> T <- fitted(m2b.probit)
> AUC <- roc.area(binvar, T)
> auc.txt <- paste("AUC=", round(AUC$A, 3), " (p.value=", round(AUC$p.value,

vV V. Vv Vv Vv

\%

Hit Rate

8) H) n sep = ll”)

roc.plot(binvar, T, binormal = T, plot = "both")

text (0.2, 0.1, auc.txt, adj = c(0, 0), cex = 1.25)

T <- fitted(m2b.cloglog)

AUC <- roc.area(binvar, T)

auc.txt <- paste("AUC=", round(AUC$A, 3), " (p.value=", round(AUC$p.value,
8) H) n sep = ll”)

roc.plot(binvar, T, binormal = T, plot = "both")

text (0.2, 0.1, auc.txt, adj = c(0, 0), cex = 1.25)
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Obrazek 14: ROC kiivky pro modely s probit a komplementarni loglog linkovaci funkeci
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> par(mfrow = c(1, 2), mar = ¢(5, 5, 3, 0) + 0.1)
cex = 0.75)

> plot(m2b.probit, which = 2,

> plot(m2b.cloglog, which = 2, cex = 0.75)
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Obrazek 15: Q-Q grafy rezidui modelu 2b s linkovacimi funkcemi probit a cloglog.

> library(gmodels)

> fitY.probit <- factor(fitted(m2b.probit) > 0.5, labels = c("pred.survived",

"pred.died"))

> CrossTable(table(data$Treatment_Outcome, fitY.cloglog), prop.r

prop.c = T, prop.t = T, prop.chisq = F)

Cell Contents

N

N / Row Total
N / Col Total
N / Table Total

Total Observations in Table: 49

| fitY.cloglog
| pred.survived

pred.died |

Row Total |

T’
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> fitY.cloglog <- factor(fitted(m2b.cloglog) > 0.5, labels = c("pred.survived",

"pred.died"))

> CrossTable(table(data$Treatment_Outcome, fitY.cloglog), prop.r = T,
prop.c = T, prop.t = T, prop.chisq = F)

Cell Contents

N |

N / Row Total |
N / Col Total |
N / Table Total |

Total Observations in Table: 49

| fitY.cloglog
| pred.survived

pred.died

Row Total |



