Dynamic prediction on Patients-reported outcomes (PRO) and mortality 
Brief summary: this study looks at if patients’ PROs longitudinal changes associated with mortality rate, we are comparing the following models: 
· joint modeling, 
· time-varying Cox, 
· landmark prediction

Modeling strategy 1: Joint modeling 
Allowing for considering these two processes simultaneously (the event time distribution and longitudinal PROs data)  

R codes script:
## JM package 
### data input is long format 
### survival part needs wide format 
dp.cox <- UniqueVariables(long, var.col=3:24,id.col = 1) 
 
### survival part --- Cox regression 
coxfit <- coxph(Surv(surv_time,death) ~ varlist, data, x=TRUE)
## check PH assumption 
cox.zph(coxfit, transform=rank)
### longitudinal part ---linear mixed effect model 
lmfit <- lme( Y ~ varlist, random = ,data, na.action = na.exclude) 

### joint modeling method other options : "Cox-PH-GH", "Cox-PH-aGH", "spline-##PH-aGH", etc. 
##detailed can be found at JM documents
jointfit<-jointModel(lmfit,coxfit,timeVar = "time", method = "piecewise-PH-aGH")
 
####time-dependent AUC #####
aucJM(jointfit,data,idVarID', Tstart =365, Thoriz =2550)
aucJM(jointfit,data,idVar, Tstart =730, Thoriz =2550)
 
Modeling strategy 2: the Landmark approach 
· Consider the response at fixed time point (landmark)
· Remove patients with event (or censored) before landmark from analysis
R codes script:
## generate Subsets (landmark datasets) from long format 
LM1 <- cutLM(long, outcome=list(time, status),LM=1, horizon, 
             covs=list(fixed=varlist, varyiny_var),
             format="long",id="id", rtime="time")

##c-index
cindex(Surv(time, death) ~ varlist, data=LM1)

Modeling strategy 3 time-varying Cox (consider PROs as a time-varying covariate)
R codes script:

#time-varying
cindex(Surv(start, stop, censor)~ varlist, data=long) 

Modeling strategy 4: combine 2 and 3
### LANDmark + Time-Varying 
Tv_lm<- subset(long, ID %in% LM$ID)
cindex(Surv(start, stop, censor)~ varlist, data=tv_LM)

