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Abstract

In this paper, machine learning methods for longitudinal data and survival data modeling, replace
the longitudinal sub-model linear random effects model; survival sub-model still uses Cox propor-
tional hazards model. Compared with the traditional method, the residuals plots of survival sub-
model diagnose modeling methods in line with theoretical results and the residuals of the longi-
tudinal sub models are more dispersed than the linear mixed model.
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Table 1. The part results of joint model
1 KEBEBEBMAER

Longitudinal Process Event Process
AR Intercept obstime Obstimexdrugdd] drugdd! Assoct (m,(t))
E3 U 7.2203 -0.1917 0.0116 0.3348 -0.2875
P {H 0.0001 0.0001 0.7014 0.0324 0.0001
Table 2. The result of Shapiro test
5% 2. Shapiro IEASHAIGEER
Shapiro-Wilk normality test
data W statistics value P-value
resimefit 0.94619 22x107%
Table 3. The results of the regressions of longitudinal submodel
7z 3. YEIFREGEIFHEER
WAREA R Bagging FEATLARA AR 7% SCREIA) AL
NMSE 0.1641386 0.2963151 0.7226739 0.1559414 0.2361392

Table 4. The results

=4 #ER
HlL#e# 2] 5 Cox LBl fi fats 2L ) B A A5 A
A drugddl m, (t)
FHUE 0.23238 —0.20830
P{H 0.0187 2x107
Table 5. The tests of Cox model
3% 5. Cox HRRIELS
WA Likelihood ratio test Wald test Score (logrank) test
it EAd 208.9 144.8 165.1
P 1H 0 0 0
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Figure 1. Normal QQ plot of residuals
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Figure 2. The plot of residuals and the fitted values of the linear mixed-effect model and kknn
method
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Figure 3. The residuals plot of the linear mixed-effect model and kknn method
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Figure 4. The comparison plot of two methods
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library(JM)

w=aids[,-¢(10,11,12)]

attach(w)

HHHHHHHHHHH R L 5071

A ) TR

Imefit=Ime(CD4~obstime +obstime:drug,random=~obstime| patient,data=w)
(NMSE=mean((w$CD4-predict (Imefit,data=w))"2)/mean((w$CD4-mean(w $CD4))"2))
summary(Imefit)

A T

coxfit=coxph(Surv (Time,death)~drug,data=aids.id,x=T)

summary(coxfit)

HHHEHHHHHIL 5 BT

jointfit=jointModel (Imefit,coxfit,timeVar="obstime",method ="piecewise-PH-aGH")
summary(jointfit)

it ) TR PR 22 QQ 18 [ Shapiro 46
resimefit=residuals(Imefit)

ggnorm(resimefit)

qgline(resimefit)

shapiro.test(resimefit)

HHHHHHHHHHH L 25 27 ) 71

HHHHHHEH T ISR B )

library(rpart.plot)

cfl=rpart(CD4~.,data=w)
(NMSE=mean((w$CD4-predict(cfl,data=w))"2)/mean((w$CD4-mean(w$CD4))"2))
HHHHHE##Bagging (7119

library(ipred)

set.seed(110)

cf2=bagging(CD4~.,data=w,coob=T,control=rpart.control(xval=10))
(NMSE=mean((w$CD4-predict(cf2,data=w))"2)/mean((w$CD4-mean(w$CD4))"2))
LR AR (513

library(randomForest)

set.seed(110)

cf3=randomForest(CD4~.,data=w[,-1],importance=T,proximity=T)
(NMSE=mean((w$CD4-predict(cf3,data=w[,-1]))"2)/mean((w$CD4-mean(w$CD4))"2))
HHHHHHH 0T T 2

library(kknn)

set.seed(110)

cf4=kknn(CD4~. train=w,test=w)
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cfafit=cf4$fit
(NMSE=mean((w$CD4-cf4fit)*2)/mean((w$CD4-mean(w$CD4))"2))
SRR I L

library(rminer)

set.seed(110)

cf5=fit(CD4~.,w,model="svm")

y=predict(cf5,w)
(NMSE=mean((w$CD4-y)"2)/mean((w$CD4-mean(w$CD4))"2))
T T

library(survival)

sf=coxph(Surv(Time,death)~drug+cf4fit,w)

summary(sf)

BN )35 3 Tk 22 00 T

par(mfrow=c(1,2))

HHHHHL 47 21 J7 15 kknn

reskknn=w$CD4-cf4fit

plotResid=function(x,y,col.loess="black",...){

plot(x,y,...)

lines(lowess(x,y),col=col.loess,lwd=2)
abline(h=0,lty=3,col="grey",lwd=2)}
plotResid(cf4fit,reskknn,xlab="kknn fitted value",ylab="kknn residuals")
TR O RS A

fitvalue=fitted (Imefit)

plotResid(fitvalue,resimefit,xlab="Ime fitted value",ylab="Ime residuals")
plot(reskknn,ylim=c(-15,15))

abline(h=8);abline(h=-8);abline(h=-6)

plot(resimefit,ylim=c(-15,15))

abline(h=8);abline(h=-8)

HHHHHHHEHEHE A AT 0 R 22 LA

par(mfrow=c(2,2))

KON 7

es=residuals(sf,"martingale",collapes=T)

esl=death-es#CoxSnell % %

aa=Surv(esl,death)

sfit=survfit(aa~1)

plot(sfit,mark.time=F,xlab="kknn Cox-Snell Residuals",ylab="kknn survival probability",main="K-M of
Cox-Snell Residuals of kknn™)
curve(exp(-x),from=0,to=max(w$Time),add=T,col="grey62",Iwd=2)
sfitl=survfit(aa~drug)

plot(sfitl,mark.time=F,xlab="kknn Cox-Snell Residuals",ylab="kknn survival probability",main="K-M of
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Cox-Snell Residuals vs drug of kknn")

curve(exp(-x),from=0,to=max(w$Time),add=T,col="grey62",lwd=2)

AR 5 N

resCS=residuals(jointfit,process="Event" type= "CoxSnell")

sfit3=survfit(Surv(resCS,death) ~ 1, data = aids.id)

plot(sfit3,mark.time=F,xlab="JM Cox-Snell Residuals",ylab="JM survival probability",main="K-M of
Cox-Snell Residuals of JIM")

curve(exp(-x),from=0,to=max(w$Time),add=T,col="grey62",Iwd=2)

sfitd=survfit(Surv(resCS,death) ~ drug, data = aids.id)

plot(sfit4,mark.time=F,xlab="JM Cox-Snell Residuals",ylab="JM survival probability”,main="K-M of
Cox-Snell Residuals vs drug of IM")

curve(exp(-x),from=0,to=max(w$Time),add=T,col="grey62",lwd=2)
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