1. Setting1(MCAR)

Under the MCAR missing mechanism, we respectively consider the calculation of multi-source functional principal component

score and canonical score of 2-source data (image and curve), as well as the corresponding classification evaluation index.

We have four main modules as follows:

setting_1_gamma(CCA): main program using the FR-CCA method in Setting 1 Case 1;

setting_1_gamma(PCA): main program using the FR-PCA method in Setting 1 Case 1;

setting_1_rho(CCA): main program using the FR-CCA method in Setting 1 Case 2;

setting_1_rho(PCA): main program using the FR-PCA method in Setting 1 Case 2.
The functions used in the main program are all listed after the four main programs.

#HHModule 1: setting_1_gamma(CCA) ###

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

M1<-25 ## The number of PC scores of x(1)

T1<-200 ## The number of sample point of curve x(1)

M2<-25 ## The number of PC scores of x(2)

T2<-200 ## The number of sample point of curve x(2)

k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper

k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper

## Regression coefficient vector

alpha1<-rep(0,10)

alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)

alpha3<-4*¢(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
gamma<-0.3 ## The coefficient in generating MFPC curves
miss_ratio<-0 ## Missing ratio .2 .6 .9

NN<-c()

NN[1]<-N*(1-miss_ratio)  ## The number of complete-data
NN[2]<-N*miss_ratio/2 ## The number of missing subjects in x(2)
NNI[3]<-N*miss_ratio/2 ## The number of missing subjects in X(1)
Iter.times<-100

setwd("C:/Users/pc/Desktop/Logistic/Setting1(MCAR)/")

B R R R
#HHHAE  Generating the eigenfunctions of setting 1 ##HH#HE
source("generate_eigenfunction_setting1.R")

temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)

t.1 <- temp1[[1]]

t.2 <- temp1[[2]]

phi.1 <- temp1[[3]]

phi.2 <- temp1[[4]]

t.1h <- temp1[[5]]

t.2h <- temp1[[6]]

#H#H##H#  The end of Generating the eigenfunctions of setting 1 ##H##H#H#
B R R R
HHHHEHAHE generating data HHHHHHEHHHHHAHHHHE
psi.1_std<-psi.2_std<-rho_std<-f.hat_com<-y<-x_std<-vector(list'Iter.times)
source("generate_data_setting1_gamma.R")

for (times in 1:lter.times){

temp1 <- generate_data_setting1_gamma(phi.1, phi.2, alpha1, alpha2, alpha3, sd, gamma)



rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]
psi.1_std[[times]] <- temp1[[4]]
psi.2_std[[times]] <- temp1[[5]]
}
H#HHHHEHHE The end of generating data ##Hi#HHH
MO0=10
B R R
HHHHHEHEHE missing rate = O HHHHHEHHHHHEHHHHEHE
source("MCCA.R")
for (times in 1:Iter.times){
temp2 <- MCCA(x_std[[times]], k1, k2, t.1h, t.2h)
f.hat_com[[times]]  <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){

temp5 <- Factor_regression_Ilmputed_CCA(f.hat_com[[times]], y[[times]][1:NN[1]])

Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com[times] <- temp5[[5]]

}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),mean(Precision_com),mean(Recall_com),mean(F1_com)),4)
print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHAHHI The end of missing rate = O #HHHHHEHHEHHHEHHHEE
# NN=c(60,270,270) # N=600,missing rate=0.9
# NN=c(30,135,135) # N=300,missing rate=0.9
MO0=10
B R R R R
HEHHAHHH MCCA_complete_data #HHHHEHHH
psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-f.hat_com<-vector('list',Iter.times )
source("MCCA_complete_data.R")
for (times in 1:lter.times){

same<-MCCA_complete_data(NN, N, T1, T2, x_std[[times]],t. 1h,t.2h)

psi.1.hat[[times]] <- same[[1]]
psi.2.hat[[times]] <- same[[2]]
x.1.score_NA[[times]] <- samel[3]]
x.2.score_NA[[times]] <- samel[4]]
f.hat_com|[[times]] <- same|[[5]]

}
#HEHHEHHA The end of MFPCA_complete_data ###HH#HHHHE
B R R R
H#i#HHHAHE Factor regression based on the CMI method ##H#HE#HHHE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-f.hat_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_CMI(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])

x.1.score.hat[[times]] <- temp1[[1]]



x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
f.hat_CMI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_CMiI[[times]][,1:M0], y[[times]])

Accuracy_CMI[times] <- temp3[[1]]
Precision_CMI[times] <- temp3[[2]]
Recall_CMI[times] <- temp3|[[3]]
F1_CMI[times] <- temp3[[4]]
AIC_CMI[times] <- temp3[[5]]

}
#HHHHAHH The end of factor regression based on the CMI method #iH#HHHEHE
B R AR R
HHHHAHHE Factor regression based on the MBI method ###HHHHEH#
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-f.hat_MBI<-vector('list'Iter.times)
source("Imputing_data_MBI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_MBI(NN, x_std[[times]], x.1.score_NAJ[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
f.hat_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_MBI[[times]][,1:MO0], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]
Recall_MBI[times] <- temp3[[3]]
F1_MBI[times] <- temp3[[4]]
AIC_MBI[times] <- temp3[[5]]

}
H#HHHHHAHE The end of factor regression based on the MBI method ##Ht#HHHHHE
#result----

result

x.1.score.hat[[times]],

x.1.score.hat[[times]],

<-

round(rbind(  c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMl))),
c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")
#Ht Module 2: setting_1_gamma(PCA) ###

library(stargazer)

library(funData)



library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

M1<-25 ## The number of PC scores of x(1)

T1<-200 ## The number of sample point of curve x(1)

M2<-25 ## The number of PC scores of x(2)

T2<-200 ## The number of sample point of curve x(2)

k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper
k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper
## Regression coefficient vector

alpha1<-rep(0,10)
alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*¢(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
gamma<-0.3 ## The coefficient in generating MFPC curves
miss_ratio<-0 ## Missing ratio .2 .6 .9

NN<-c()

NN[1]<-N*(1-miss_ratio)  ## The number of complete-data
NN[2]<-N*miss_ratio/2 ## The number of missing subjects in x(2)
NNI[3]<-N*miss_ratio/2 ## The number of missing subjects in X(1)
Iter.times<-300
setwd("C:/Users/pc/Desktop/Logistic/Setting1(MCAR)/")
B R R R R
#HHHHH#E Generating the eigenfunctions of setting 1 ##HHHH
source("generate_eigenfunction_setting1.R")
temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)
t.1 <- temp1[[1]]
t.2 <- temp1[[2]]
phi.1 <- temp1[[3]]
phi.2 <- temp1[[4]]
t.1h <- temp1[[5]]
t.2h <- temp1[[6]]
#HHHHH#  The end of Generating the eigenfunctions of setting 1 #H#HHH:
T A R R R R T
HHHHHAHE generating data HHHHHHHHHHHEHHHHEE
psi.1_std<-psi.2_std<-rho_std<-rho_std_com<-y<-x_std<-vector(list',Iter.times)
source("generate_data_setting1_gamma.R")
for (times in 1:lter.times){
temp1 <- generate_data_setting1_gamma(phi.1, phi.2, alpha1, alpha2, alpha3, sd, gamma)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]
psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <-temp1[[5]]
}
HiHHHAHH The end of generating data #HHHHHHHHEHHEHHHHHE
MO0=10
B R R R R R R R
HHHHHHHHHE missing rate = O #HHEHEHHHHHEHHHHEHE
source("MFPCA.R")

for (times in 1:lter.times){



temp2 <- MFPCA(x_std[[times]], k1, k2, t.1h, t.2h)

rho_std_com[[times]]  <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_PCA.R")
for (times in 1:Iter.times){

temp5 <- Factor_regression_Imputed_PCA(rho_std_com|[times]], y[[times]][1:NN[1]])

Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com]times] <- temp5[[4]]
AIC_com[times] <- temp5[[5]]

}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com)),4)

print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHAHHI The end of missing rate = O #HHHHHEHHEHHHHEHHHEE
# NN=c(60,270,270) # N=600,missing rate=0.9
# NN=c(30,135,135) # N=300,missing rate=0.9
MO0=10
B R R R R
HHHHHAHH# MFPCA_complete_data ##HH#HHHHE
psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-rho.hat_std_com<-vector('list',Iter.times )
source("MFPCA_complete_data.R")
for (times in 1:lter.times){

same<-MFPCA_complete_data(NN, N, T1, T2, x_std[[times]], t.1h, t.2h)

psi.1.hat[[times]] <- same][[1]]
psi.2.hat[[times]] <- same[[2]]
x.1.score_NA][[times]] <- samel[3]]
x.2.score_NA[[times]] <- samel[4]]

rho.hat_std_com[[times]]  <- same[[5]]
}
#HHHHEHHA The end of MFPCA_complete_data ##HH#H#HHHHE
B R R R
H#HEHHAHHE Factor regression based on the CMI method #Ht#HHHHEE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_CMI<-vector(list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_CMI(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_CMI[[times]]  <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_CMI[[times]], y[[times]])

x.1.score.hat[[times]],



Accuracy_CMI[times] <- temp3[[1]]

Precision_CMI[times] <- temp3[[2]]
Recall_CMlI[times] <- temp3[[3]]
F1_CMl[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]

}
H#HHHHAHH The end of factor regression based on the CMI method #HHHHEHE
B R R R
HHHHAHHE Factor regression based on the MBI method ###H#HHHEH
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_MBI<-vector('list',Iter.times)
source("Imputing_data_MBI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_MBI(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_MBI[[times]], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]
Recall_MBI[times] <- temp3[[3]]
F1_MBlI[times] <- temp3[[4]]
AIC_MBI[times] <- temp3[[5]]

}
H#HHHHHAHE The end of factor regression based on the MBI method ##Ht#HHHHHE
#result----

result <- round(rbind(

x.1.score.hat[[times]],

c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMI))),

c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")
#H#Module 3: setting_1_rho(CCA) ###

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

M1<-25 ## The number of PC scores of x(1)

T1<-200 ## The number of sample point of curve x(1)

M2<-25 ## The number of PC scores of x(2)

T2<-300 ## The number of sample point of curve x(2)

k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper
k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper

## Regression coefficient vector



alpha1<-rep(0,10)
alpha2<-2*c(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*c(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
rho_0<-0.4 ## The correlation among data sources

miss_ratio<-0 ## Missing ratio .2 .6 .9

NN<-c()

NN[1]<-N*(1-miss_ratio)  ## The number of complete-data
NN[2]<-N*miss_ratio/2 ## The number of missing subjects in x(2)
NN[3]<-N*miss_ratio/2 ## The number of missing subjects in X(1)
Iter.times<-300
setwd("C:/Users/pc/Desktop/Logistic/Setting1(MCAR)/")
B R R R R
#HH#H#  Generating the eigenfunctions of setting 1 ###HHH#
source("generate_eigenfunction_setting1.R")
temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)
t.1 <- temp1[[1]]
t.2 <- temp1[[2]]
phi.1 <- temp1[[3]]
phi.2 <- temp1[[4]]
t.1h <- temp1[[5]]
t.2h <- temp1[[6]]
#HHHHH#  The end of Generating the eigenfunctions of setting 1 #HHHH:
B R R R R
HHHHHHAHE generating data HHHEHHHHHHHAHHHHE
psi.1_std<-psi.2_std<-rho_std<-f.hat_com<-y<-x_std<-vector('list',Iter.times)
source("generate_data_setting1_rho.R")
for (times in 1:lter.times) {
temp1 <- generate_data_setting1_rho(rho_0, phi.1, phi.2, alpha1, alpha2, alpha3, sd)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]
psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <-temp1[[5]]
}
#iHHHAHH The end of generating data ###HEHHH
MO0=10
B R R R
HEHHEHHE missing rate = O #HHHHHHEHHEHHIHHHHE
source("MCCA.R")
for (times in 1:lter.times){
temp2 <- MCCA(x_std[[times]], k1, k2, t.1h, t.2h)
f.hat_com[[times]]  <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp5 <- Factor_regression_Imputed_CCA(f.hat_com[[times]][1:NN[1],1:M0], y[[times]][1:NN[1]])
Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]



AIC_com|[times] <- temp5[[5]]
}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),

mean(Precision_com),mean(Recall_com),mean(F1_com)),4)

print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHAHH The end of missing rate = O #HHHHHEHHEHHEHEHHHEE
# NN=c(60,270,270) # N=600,missing rate=0.9
# NN=c(30,135,135) # N=300,missing rate=0.9
M0=10
B R R
HEHHEHHE MCCA_complete_data #HHHHEHHE
psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-f.hat_com<-vector('list',Iter.times )
source("MCCA_complete_data.R")
for (times in 1:lter.times){

same<-MCCA_complete_data(NN, N, T1, T2, x_std[[times]],t. 1h,t.2h)

psi.1.hat[[times]] <- same][[1]]
psi.2.hat[[times]] <- same[[2]]
x.1.score_NA][[times]] <- samel[3]]
x.2.score_NA[[times]] <- samel[4]]
f.hat_com|[[times]] <- same|[[5]]

}
HHHHHAHH The end of MFPCA _complete_data #HHHHHHHE
B R R R R
HHHHAHHE Factor regression based on the CMI method #iHt#HHHHE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-f.hat_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_CMI(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
f.hat_CMI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_CMI[[times]][,1:M0], y[[times]])

Accuracy_CMil[times] <- temp3[[1]]
Precision_CMI[times] <- temp3[[2]]
Recall_CMiI[times] <- temp3[[3]]
F1_CMI[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]

}
H#i#H#HHHE The end of factor regression based on the CMI method ###HHHHHHE

B R R R R R R R
HHHHHHAHE Factor regression based on the MBI method #t#HE#HHHHE
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()

x.1.score.hat<-x.2.score.hat<-f.hat_MBI<-vector(list',Iter.times)

x.1.score.hat[[times]],



source("Imputing_data_MBI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_MBI(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
f.hat_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:Iter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_MBI[[times]][,1:MO0], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]
Recall_MBI[times] <- temp3[[3]]
F1_MBI[times] <- temp3[[4]]
AIC_MBI[times] <-temp3[[5]]

}
#HHHHAHH The end of factor regression based on the MBI method ###H#HHHHHE
#result----

result <- round(rbind(

x.1.score.hat[[times]],

c(mean(Accuracy_CMl),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMI))),

c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")

#HHt Module 4: setting_1_rho(PCA) ##H#

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

M1<-25 ## The number of PC scores of x(1)

T1<-200 ## The number of sample point of curve x(1)

M2<-25 ## The number of PC scores of x(2)

T2<-300 ## The number of sample point of curve x(2)

k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper
k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper

## Regression coefficient vector

alpha1<-rep(0,10)
alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*c(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
rho_0<-0.4 ## The correlation among data sources

miss_ratio<-0 ## Missing ratio .2 .6 .9

NN<-c()

NNI[1]<-N*(1-miss_ratio) ~ ## The number of complete-data
NN[2]<-N*miss_ratio/2 ## The number of missing subjects in x(2)
NN[3]<-N*miss_ratio/2 ## The number of missing subjects in X(1)



Iter.times<-300
setwd("C:/Users/pc/Desktop/Logistic/Setting1(MCAR)/")
B R R R R
#HHHAE  Generating the eigenfunctions of setting 1 ###H#H#HE
source("generate_eigenfunction_setting1.R")
temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)
t.1 <- temp1[[1]]
t.2 <- temp1[[2]]
phi.1 <- temp1[[3]]
phi.2 <- temp1[[4]]
t.1h <- temp1[[5]]
t.2h <- temp1[[6]]
#HHHHA#  The end of Generating the eigenfunctions of setting 1 ###H##H
B R R
HHHHHAHE generating data HHHEHHEHHHHHAHHHHEE
psi.1_std<-psi.2_std<-rho_std<-rho_std_com<-y<-x_std<-vector(list',Iter.times)
source("generate_data_setting1_rho.R")
for (times in 1:lter.times) {
temp1 <- generate_data_setting1_rho(rho_0, phi.1, phi.2, alpha1, alpha2, alpha3, sd)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]
psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <- temp1[[5]]
}
H#iHHHHHH The end of generating data ##H#HHHHHH
MO0=10
B R AR R
HEHHEHHEE missing rate = O #HHHHHHHEHHEHHIHHHHEE
source("MFPCA.R")
for (times in 1:lter.times){
temp2 <- MFPCA(x_std[[times]], k1, k2, t.1h, t.2h)
rho_std_com[[times]]  <-temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Ilmputed_PCA.R")
for (times in 1:lter.times){

temp5 <- Factor_regression_Imputed_PCA(rho_std_com|[times]], y[[times]][1:NN[1]])

Accuracy_com|[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com[times] <- temp5[[5]]

}

result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),mean(Precision_com),mean(Recall_com),mean(F1_com)),4)
print(result_com)

stargazer(result_com, title = "Evaluation", align = F, type = "latex")

HHHHHARAH# The end of missing rate = O #HHHHEHIHIHHHHHHIHHE

# NN=c(60,270,270) # N=600,missing rate=0.9

# NN=c(30,135,135) # N=300,missing rate=0.9

MO0=10

B R R R R R R

HHHHHAHHH# MFPCA_complete_data ##HH#HHHH



psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-rho.hat_std_com<-vector('list',Iter.times )
source("MFPCA_complete_data.R")
for (times in 1:Iter.times){

same<-MFPCA_complete_data(NN, N, T1, T2, x_std[[times]], t.1h, t.2h)

psi.1.hat[[times]] <- same[[1]]
psi.2.hat[[times]] <- same[[2]]
x.1.score_NA[[times]] <- samel[3]]
x.2.score_NA[[times]] <- same[[4]]

rho.hat_std_com[[times]]  <- same[[5]]
}
HHHHAHHA The end of MFPCA_complete_data ###HHHHHHE
B R R R
HHHHEHHE Factor regression based on the CMI method #iH#HHHHEE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_CMI(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_CMI[[times]]  <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_CMI[[times]], y[[times]])

Accuracy_CMil[times] <- temp3[[1]]
Precision_CMiI[times] <- temp3[[2]]
Recall_CMI[times] <- temp3[[3]]
F1_CMil[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]

}
H#HHHHHAHE The end of factor regression based on the CMI method ##HHHHHHE
T A R R R R T
H#HHHHHAHE Factor regression based on the MBI method #H##HE#HHHHE
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_MBI<-vector('list',Iter.times)
source("Imputing_data_MBI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_MBI(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_MBI[[times]] <- temp2[[1]]

x.1.score.hat[[times]],

x.1.score.hat[[times]],



source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_MBI[[times]], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]

Precision_MBI[times] <- temp3[[2]]

Recall_MBI[times] <- temp3[[3]]

F1_MBlI[times] <- temp3[[4]]

AIC_MBI[times] <- temp3[[5]]
}
HiHHHHHH The end of factor regression based on the MBI method ##HHHEHHEH
#result----

result <- round(rbind(
c(mean(Accuracy_CMl),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMI))),
c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)
print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")

Functions: all the functions used in the main program are listed below.
##t The function "Construct_factor_CCA" is used to construct canonical scores as factors. ###
Construct_factor_CCA = function(x_std, psi.1.hat, psi.2.hat, x.1.score_NA, x.2.score_NA){
### Calculate the estimate of x ###
score<-cbind(x.1.score_NA,x.2.score_NA)
z.hat<-t(score) %*% score /(N-1)
rho.hat_std_temp<-x.1.score_NA%*% eigen(z.hat)$vec[1:k1,1:(k1+k2)] + x.2.score_NA%*%
eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2)] ### Estimated MFPC scores with order N*(k1+k2) based on the correlation
matrix
x.hat_std<-rho.hat_std_temp %*% cbind(psi.1.hat,psi.2.hat)
rho.hat_std<-scale(rho.hat_std_temp)[,1:M0]
x_std[(sum(NN[1:2])+1):N,1:T1]<-x.hat_std[(sum(NN[1:2])+1):N,1:T1]
_std[(NN[1]+1):sum(NN[1:2]),(T1+1):(T1+T2)]<-x.hat_std[(NN[1]+1):sum(NN[1:2]),(T1+1):(T1+T2)]
### Construct canonical scores as factor ###
Z1 = x.1.score_NA
Z2 = x.2.score_NA
Omegal = Z1%*%solve(t(Z1)%*%Z1)%*%t(Z1)
Omega2 = Z2%*%solve(t(Z2)%*%Z2)%* %t(Z2)
evd = eigen(Omega1 + Omega2)
f.hat = evd$vectors[,1:M0]
return(list(f.hat, x_std))
}
##Ht The function "Construct_factor_PCA" is used to construct multi-source functional principal component scores as factors.
HH
Construct_factor_PCA = function(x_std, psi.1.hat, psi.2.hat, x.1.score_NA, x.2.score_NA){

x

score<-cbind(x.1.score_NA,x.2.score_NA)

z.hat<-t(score) %*% score /(N-1)

rho.hat_std_temp<-x.1.score_NA%*% eigen(z.hat)$vec[1:k1,1:(k1+k2)] + x.2.score_NA%*%
eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2)] ### Estimated MFPC scores with order N*(k1+k2) based on the correlation
matrix

x.hat_std<-rho.hat_std_temp %*% cbind(psi.1.hat,psi.2.hat)

rho.hat_std<-scale(rho.hat_std_temp)[,1:M0]

x_std[(sum(NN[1:2])+1):N,1:T1]<-x.hat_std[(sum(NN[1:2])+1):N,1:T1]
X_sStd[(NN[1]+1):sum(NN[1:2]),(T1+1):(T1+T2)]<-x.hat_std[(NN[1]+1):sum(NN[1:2]),(T1+1):(T1+T2)]

return(list(rho.hat_std, x_std))



#### Function "Factor_regression_Imputed_CCA" was used to build Logistic regression model with canonical scores as factors.
HHE
Factor_regression_Imputed_CCA<-function(f, y){

data = data.frame(cbind(f[,1:M0]), y)

data$y = factor(data$y)

mult.model = multinom(y ~ .-1, data = data, MaxNWts = 10000)

predlab = predict(mult.model, newdata = data, type = "class")

summary = multiClassSummary(

data.frame(obs = data$y, pred = predlab), lev = levels(data$y))

Accuracy = summary[1]

F1 = summary[3]

Precision = summary[8]

Recall = summary[9]

AIC = mult.model$AIC

return(list(Accuracy, Precision, Recall, F1, AIC))
}
### Function "Factor_regression_Imputed_PCA" was used to build Logistic regression model with multi-source functional
principal component scores as factors. ###
Factor_regression_Imputed_PCA<-function(rho.hat_std, y)X

data = data.frame(cbind(rho.hat_std[,1:MQ]), y)

data$y = factor(data$y)

mult.model = multinom(y ~ .-1, data = data, MaxNWts = 10000)

predlab = predict(mult.model, newdata = data, type = "class")

summary = multiClassSummary(

data.frame(obs = data$y, pred = predlab), lev = levels(data$y))

Accuracy = summary[1]

F1 = summary[3]

Precision = summary[8]

Recall = summary[9]

AIC = mult.model$AIC

return(list(Accuracy, Precision, Recall, F1, AIC))
}
### The function "generate_data_setting1_gamma" generates data under Setting1: Case 1. ###
generate_data_setting1_gamma<-function(phi.1, phi.2, alpha1, alpha2, alpha3, sd, gamma){

psi.1 <- phi.1*sqrt(gamma) ## (M11* M12) * (T11 * T12) tensor

psi.2 <- phi.2*sqgrt(1-gamma) ## M2 * T2 matrix

## Generating the 2-source functional data ##

rho = apply(matrix(1:M2,nrow=M2,ncol=1), 1, function(x){return(rnorm(N,0,(exp(-(1+x)/2))"0.5))}) ### Multivariate
Functional PC scores matrix with order N*M2 based on Covariance matrix

x.1 =rho %*% psi.1 #N * T1 matrix of 1st data source: Image x(1)
x.2 =rho %*% psi.2 #N* T2 matrix of 2nd data source: curve x(2)
x = cbind(x.1,x.2) #N * (T1+T2) matrix of 2-source data x

## The end of Generating the 2-source functional data ##

rho_std = scale(rho)

p.1=exp(rho_std[,1:M]%*% alpha1)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p.2 = exp(rho_std[,1:M]%*% alpha2)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p.3 = exp(rho_std[,1:M]%*% alpha3)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p.0 = cbind(p.1, p.2, p.3)

y=c()

for(i in 1:N){



y0 = which.max(rmultinom(1, size = 1, prob = p.0[i,]))
y=c(y,y0)
}
return(list(rho_std, x, y, psi.1, psi.2))
}
##### The function "generate_data_setting1_rho" generates data under Setting1: Case 2. ###
generate_data_setting1_rho<-function(rho_0, phi.1, phi.2, alpha1, alpha2, alpha3, sd){
# generating the covariance-variance matrix of two data sources.
sigma<-matrix(NA,M1+M2,M1+M2)
sigma[1:M1,1:M1]<-diag(exp(-(2:(M1+1))/2))
sigma[(M1+1):(M1+M2),(M1+1):(M1+M2)]<-diag(exp(-(2:(M2+1))/2))
R<-matrix(0,M1,M2)
for (iin 1:M1){
for (j in 1:M2){
R[i,j]<-rho_0*(abs(i-j)+1)

}

sigma[1:M1,(M1+1):(M1+M2)]<-sigma[1:M1,1:M1]*0.5 %*% R %*% sigma[(M1+1):(M1+M2),(M1+1):(M1+M2)]*0.5
sigma[(M1+1):(M1+M2),1:M1]<-t(sigma[1:M1,(M1+1):(M1+M2)])

rr2<-eigen(sigma%*%sigma)

sigma0.5<-rr2$vectors %*%diag(rr2$values*(0.5))%* %t(rr2$vectors)

# The end of generating the covariance-variance matrix of two data sources.

## Generating the 2-source functional data ###HH#H#

ksi<-mvrnorm(N,rep(0,M1+M2),sigma0.5)  # ksi is an N*(M1+M2) matrix

ksi.1<-ksi[,1:M1] # The PC socres of x.1

ksi.2<-ksi[,(M1+1):(M1+M2)] # The PC socres of x.2

x.1<-ksi.1 %*% phi.1

X.2<-ksi.2 %*% phi.2

Z<-t(ksi) %*% ksi/(N-1)

psi.1<-t(eigen(Z)$vec[1:M1,]) %*% phi.1 # MFPC curves of order (M1+M2)*T1

psi.2<-t(eigen(Z)$vec[(M1+1):(M1+M2),]) %*%phi.2  # MFPC curves of order (M1+M2)*T2

rho<-ksi.1 %*% eigen(Z)$vec[1:M1,1:(M1+M2)] + ksi.2 %*% eigen(Z)$vec[(M1+1):(M1+M2),1:(M1+M2)] # MFPC scores
matrix with order N*(M1+M2)

x<-rho %*% cbind(psi.1,psi.2)

## The end of Generating the 2-source functional data ###H#H#HH#H#

rho_std = scale(rho)

p.1 = exp(rho_std[,1:M]%*% alpha1)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p.2 = exp(rho_std[,1:M]%*% alpha2)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p.3 = exp(rho_std[,1:M]%*% alpha3)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p = cbind(p.1, p.2, p.3)

y=c()

for(i in 1:N){

y0 = which.max(rmultinom(1, size = 1, prob = p[i,]))
y=c(y,y0)

}

return(list(rho_std, x, y, psi.1, psi.2))
}
##Ht The function "generate_eigenfunction_setting1" generates eigenfunctions under Setting1. ###
generate_eigenfunction_setting1<-function(N, M1, T1, M2, T2){



fai.1<-eFun(seq(0,4,length.out = T1), M = M1, type = "Fourier") # the first one is the Fourier basis defined on the interval
[0.4]
fai.2<-eFun(seq(-1,1,length.out = T2), M = M2, type = "Wiener") # the second one is the Wiener basis defined on the
interval [-1,1]
t.1<-fai.1@argvals[[1]]
t.1h<-t.1[T1]-t.1[1]
t.2<-fai.2@argvals[[1]]
t.2h<-t.2[T2)-t.2[1]
phi.1<-fai.1@X # phi.1is an M1*T1 matrix
phi.2<-fai.2@X # phi.2 is an M2*T2 matrix
return(list(t.1, t.2, phi.1, phi.2, t.1h, t.2h))
}
##Ht The function "Imputing_data_CMI" is using the conditional mean imputation method for univariate principal component
scores. #Ht
Imputing_data_CMI<-function(NN, x_std, x.1.score_NA, x.2.score_NA){
x.2.score_NA[!lcomplete.cases(x.2.score_NA),] = mean(na.omit(x.2.score_NA))
x.1.score_NA[lcomplete.cases(x.1.score_NA),] = mean(na.omit(x.1.score_NA))
n_iter =10
for(j in 1:n_iter)
{
x.2.score.hat = matrix(0,NN[2],k2)
for (i in 1:k2) {
fit = Im(x.2.score_NA[,i]~., data = as.data.frame(x.1.score_NA))
x.2.score.hat[,i] = cbind(rep(1,NN[2]),x.1.score_NA[(NN[1]+1):sum(NN[1:2]),])%*%fit$coefficients
}
x.2.score_NA[(NN[1]+1):sum(NN[1:2]),] = x.2.score.hat
x.1.score.hat = matrix(0,NN[3],k1)
for (i in 1:k1) {
fit = Im(x.1.score_NA,i]~., data = as.data.frame(x.2.score_NA))
x.1.score.hat[,i] = cbind(rep(1,NN[3]),x.2.score_NA[(sum(NN[1:2])+1):N,])%*%fit$coefficients
}
x.1.score_NA[(sum(NN[1:2])+1):N,] = x.1.score.hat
}
return(list(x.1.score_NA, x.2.score_NA))
}
##H# The function "Imputing_data_MBI" is using the multiple block-wise imputation method for univariate principal component
scores. #H#
Imputing_data_MBI<-function(NN, x_std, x.1.score_NA, x.2.score_NA){
x.2.score.hat = matrix(0,NN[2],k2)
for (i in 1:k2) {
fit = Im(x.2.score_NA[1:NN[1],i]~., data = as.data.frame(x.1.score_NA[1:NN[1],]))
x.2.score.hat[,i] = cbind(rep(1,NN[2]),x.1.score_NA[(NN[1]+1):sum(NN[1:2]),]) %*%fit$coefficients
}
x.2.score_NA[(NN[1]+1):sum(NN[1:2]),] = x.2.score.hat
x.1.score.hat = matrix(0,NN[3],k1)
for (iin 1:k1) {
fit = Im(x.1.score_NA[1:NN[1],i]~., data = as.data.frame(x.2.score_NA[1:NN[1],]))
x.1.score.hat[,i] = cbind(rep(1,NN[3]),x.2.score_NA[(sum(NN[1:2])+1):N,])%*%fitScoefficients
}
x.1.score_NA[(sum(NN[1:2])+1):N,] = x.1.score.hat
return(list(x.1.score_NA, x.2.score_NA))
}

#Ht Function "MCCA" is used to conduct multi-set canonical correlation analysis on all data and construct canonical scores.



HHE

MCCA <- function(x_co, k1, k2, t.1h, t.2h){
R R
###H Computing the FPC scores and curves for each data source by SVD method ###HHHHHHHEHHHE

s1<-svd(x_co[,1:T1)/sqrt(N) ) ## SVD for x.1 on the all data

phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5) ## The univariate FPC curves of x.1 with order k1*T1

x.1.score<-x_co[,1:T1] %*% t(phi.1.hat) * (t.1h/T1) ## The univariate FPC scores of x.1 with order N*k1

s2<-svd(x_col[,(T1+1):(T1+T2))/sqrt(N) ) ## SVD for x.2 on the all data

phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5) ## The univariate FPC curves of x.2 with
orderk2*T2

x.2.score<-x_co[,(T1+1):(T1+T2)] %*% t(phi.2.hat) * (t.2h/T2) ## The univariate FPC score of x.2 with order
N*k2

####H The end of Computing the FPC scores and curves for each data source by SVD method #HHHHEHHHHHHHE

R R R

#HHHH# Computing the Canonical scores #HHHHHHEHEHHE

Z1 =x.1.score

Z2 = x.2.score

Omegal = Z1%*%solve(t(Z1)%*%Z1)%*%t(Z1)

Omega2 = Z2%*%solve(t(Z2)%* %Z2)%*%t(Z2)

evd = eigen(Omega1 + Omega2)

f.hat = evd$vectors[,1:M0]

#H#H#HThe end of Computing the Canonical scores #HHHHHHEHHIHEE

return(list(f.hat))
}
##Ht Function "MCCA_complete_data" is used to conduct multi-set canonical correlation analysis on complete data and
construct canonical scores. ###
MCCA_complete_data<-function(NN, N, T1, T2, x_std, t.1h, t.2h){

#HHHH# Computing the FPC scores and curves for each data source by SVD method #HHHHEHHHEHEHE

s1<-svd(x_std[1:sum(NN[1:2]),1:T1]/sqrt(sum(NNI[1:2]))) ## SVD for x.1 on the observed data

phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5) ## The univariate FPC curves of x.1 with order k1*T1

x.1.score<-x_std[1:sum(NN[1:2]),1:T1] %*% t(phi.1.hat) * (t.1h/T1) ## The univariate FPC scores of x.1 with order
(N1+N2)*k1

x.1.score_NA<-matrix(NA,N,k1)

x.1.score_NA[1:sum(NN[1:2]),]<- x.1.score

s2<-svd(x_std[c(1:NN[1],(sum(NN[1:2])+1):N),(T1+1):(T1+T2)]/sqrt(N-NN[2])) ## SVD for x.2 on the observed data

phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5) ## The univariate FPC curves of x.2 with order k2*T2

x.2.score<-x_std[c(1:NN[1],(sum(NN[1:2])+1):N),(T1+1):(T1+T2)] %*% t(phi.2.hat) * (t.2h/T2) ## The univariate FPC
score of x.2 with order (N-N2)*k2

x.2.score_NA<-matrix(NA,N,k2)

x.2.score_NA[1:NN[1],]<- x.2.score[1:NN[1],]

x.2.score_NA[(sum(NN[1:2])+1):N,]<- x.2.score[(NN[1]+1):(NN[1]+NN[3]),]

#HHHHE The end of Computing the FPC scores and curves for each data source by SVD method ##HHHHHHEHEHHE

score<-cbind(x.1.score[1:NN[1],],x.2.score[1:NN[1],]) ## N1*(k1+k2)

z.hat<-t(score) %*% score /(NN[1]-1)

psi.1.hat<-t(eigen(z.hat)$vec[1:k1,1:(k1+k2)]) %*% phi.1.hat ## The estimated Multivariate FPC eigenfunctions of x.1
with order (k1+k2)*T1

psi.2.hat<-t(eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2)]) %*% phi.2.hat ## The estimated Multivariate FPC eigenfunctions
of x.2 with order (k1+k2)*T2

H#HiHEHHEH The Canonical scores of x.1 and x.2 on the complete-data ###H#HEHHH#

Z1 = x.1.score[1:NN[1],]

Z2 = x.2.score[1:NN[1],]

Omegal = Z1%*%solve(t(Z1)%*%Z1)%*%t(Z1)

Omega2 = Z2%*%solve(t(Z2)%* %Z2)%* %t(Z2)



evd = eigen(Omegal + Omega?2)
f_com = evd$vectors[,1:M0]
return(list(psi.1.hat,psi.2.hat,x.1.score_NA x.2.score_NA,f_com))
}
##H# Function "MFPCA" is used to conduct multi-source functional principal component analysis on all data and construct
multi-source principal component scores. ###
MFPCA <- function(x_co, k1, k2, t.1h, t.2h){
R R R
###H Computing the FPC scores and curves for each data source by SVD method ###HHHHHHEHHHE

s1<-svd(x_co[,1:T1)/sqrt(N) ) ## SVD for x.1 on the all data

phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5) ## The univariate FPC curves of x.1 with order k1*T1

x.1.score<-x_co[,1:T1] %*% t(phi.1.hat) * (t.1h/T1) ## The univariate FPC scores of x.1 with order N*k1

s2<-svd(x_co[,(T1+1):(T1+T2)]/sqrt(N) ) ## SVD for x.2 on the all data

phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5) ## The univariate FPC curves of x.2 with
orderk2*T2

x.2.score<-x_co[,(T1+1):(T1+T2)] %*% t(phi.2.hat) * (t.2h/T2) ## The univariate FPC score of x.2 with order
N*k2

#H##H The end of Computing the FPC scores and curves for each data source by SVD method ##HHHHHHHHHHE
R R R R
#H#H#H Computing the Multi-source FPC scores and curves by the method in Ma's paper###iHHHHHEH#

score<-cbind(x.1.score,x.2.score)
z.hat<-t(score) %*% score /(N-1)

psi.1.hat<-t(eigen(z.hat)$vec[1:k1,1:(k1+k2)]) %*% phi.1.hat ## The estimated Multivariate FPC
eigenfunctions of x.1 with order (k1+k2)*T1
psi.2.hat<-t(eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2)]) %*% phi.2.hat ## The estimated Multivariate FPC

eigenfunctions of x.2 with order (k1+k2)*T2
rho_std_temp<-x.1.score%*% eigen(z.hat)$vec[1:k1,1:(k1+k2)] + x.2.score %*% eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2)]
## The estimated multivariate FPC scores with order N*(k1+k2) of the complete-data
rho_std<-scale(rho_std_temp)[,1:M0]
#H#H#HThe end of Computing the Multi-source FPC scores and curves by the method in Ma's paper#HHiHHH#HHEH
HHHH A A T
return(list(rho_std, psi.1.hat, psi.2.hat))
}
## Function "MFPCA_complete_data" is used to conduct multi-source functional principal component analysis on complete
data and construct multi-source principal component scores. ###
MFPCA_complete_data<-function(NN, N, T1, T2, x_std, t.1h, t.2h){
#H##H Computing the FPC scores and curves for each data source by SVD method ###HHHH#HEHHEE
s1<-svd(x_std[1:sum(NN[1:2]),1:T1]/sqrt(sum(NN[1:2]))) ### SVD for x.1 on the observed data
phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5) ## The univariate FPC curves of x.1 with order k1*T1
x.1.score<-x_std[1:sum(NN[1:2]),1:T1] %*% t(phi.1.hat) * (t.1h/T1) ## The univariate FPC scores of x.1 with order
(N1+N2)*k1
x.1.score_NA<-matrix(NA,N,k1)
x.1.score_NA[1:sum(NN[1:2]),]<- x.1.score
s2<-svd(x_std[c(1:NN[1],(sum(NN[1:2])+1):N),(T1+1):(T1+T2)]/sqrt(N-NN[2])) ## SVD for x.2 on the observed data
phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5) ## The univariate FPC curves of x.2 with order k2*T2
x.2.score<-x_std[c(1:NN[1],(sum(NN[1:2])+1):N),(T1+1):(T1+T2)] %*% t(phi.2.hat) * (t.2h/T2) ## The univariate FPC
score of x.2 with order (N-N2)*k2
x.2.score_NA<-matrix(NA,N,k2)
x.2.score_NA[1:NN[1],]<- x.2.score[1:NN[1],]
x.2.score_NA[(sum(NN[1:2])+1):N,]<- x.2.score[(NN[1]+1):(NN[1]+NN[3]),]
##H#HH# The end of Computing the FPC scores and curves for each data source by SVD method ##HHHHHHHIEHHE
HHHHHRHEH The multivariate FPCA of x.1 and x.2 on the complete-data #HHHHEH



score<-cbind(x.1.score[1:NN[1],],x.2.score[1:NN[1],]) ## N1*(k1+k2)
z.hat<-t(score) %*% score /(NN[1]-1)
psi.1.hat<-t(eigen(z.hat)$vec[1:k1,1:(k1+k2)]) %*% phi.1.hat ## The estimated Multivariate FPC eigenfunctions of x.1
with order (k1+k2)*T1
psi.2.hat<-t(eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2)]) %*% phi.2.hat ## The estimated Multivariate FPC eigenfunctions
of x.2 with order (k1+k2)*T2
rho.hat_std_com_t<-x.1.score[1:NN[1],]%*% eigen(z.hat)$vec[1:k1,1:(k1+k2)] + x.2.score[1:NN[1],] %*%
eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2)] # The estimated multivariate FPC scores with order N1*(k1+k2) of the
complete-data
rho.hat_std_com<-scale(rho.hat_std_com_t)[,1:M0]
return(list(psi.1.hat,psi.2.hat,x.1.score_NA,x.2.score_NA,rho.hat_std_com))
}
2. Setting1(MNAR)
Under the MNAR missing mechanism, we respectively consider the calculation of multi-source functional principal component
score and canonical score of 2-source data (image and curve), as well as the corresponding classification evaluation index. “N”
represents the sample size.
We have four main modules as follows:
"setting_1_gamma(CCA)" represents the main program using the FR-CCA method in Setting 1: Case 1;
"setting_1_gamma(PCA)" represents the main program using the FR-PCA method in Setting 1: Case 1;
"setting_1_rho(CCA)" represents the main program using the FR-CCA method in Setting 1: Case 2;
"setting_1_rho(PCA)" represents the main program using the FR-PCA method in Setting 1: Case 2.
#HHt Module 1: setting_1_gamma(CCA) ###
library(stargazer)
library(funData)
library(caret)
library(MASS)
library(nnet)
N<-300 ## The sample size
M1<-25 ## The number of PC scores of x(1)
T1<-200 ## The number of sample point of curve x(1)
M2<-25 ## The number of PC scores of x(2)
T2<-200 ## The number of sample point of curve x(2)
k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper
k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper
## Regression coefficient vector
alpha1<-rep(0,10)
alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*c(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
gamma<-0.3 ## The coefficient in generating MFPC curves

## miss_ratio<-0 ##

gam1.1 =rep(1, (T1+T2))

gam1.2 = gam1.3 = rep(0, (T1+T2))
gam2.1 =rep(1, (T1+T2))

gam2.2 = gam2.3 = rep(0, (T1+T2))
gam3.1 =rep(1, (T1+T2))

gam3.2 = gam3.3 = rep(0, (T1+T2))
## miss_ratio<-0.2 ##

gam1.1 =rep(1, (T1+T2))

gam1.2 = gam1.3 = rep(7/51, (T1+T2))
gam2.1 =rep(1, (T1+T2))

gam2.2 = gam2.3 = rep(1/18, (T1+T2))



gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(7/51, (T1+T2))
## miss_ratio<-0.6 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(21/23, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(3/14, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(21/23, (T1+T2))
## miss_ratio<-0.9 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(63/4, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(9/22, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(63/4, (T1+T2))
Iter.times<-300
setwd("C:/Users/pc/Desktop/Logistic/Setting1(MNAR)/")
B R AR R
#HHHHAE  Generating the eigenfunctions of setting 1 ###H#H#HE
source("generate_eigenfunction_setting1.R")
temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)
t.1 <- temp1[[1]]
t.2 <- temp1[[2]]
phi.1 <- temp1[[3]]
phi.2 <- temp1[[4]]
t.1h <- temp1[[5]]
t.2h <- temp1[[6]]
#HHHHA#  The end of Generating the eigenfunctions of setting 1 ###H##H
HHHHHHAHE generating data HHHEHHHHHHHHAHHHHE
psi.1_std<-psi.2_std<-rho_std<-f.hat_com<-y<-x_std<-vector('list',Iter.times)
source("generate_data_setting1_gamma.R")
for (times in 1:lter.times){
temp1 <- generate_data_setting1_gamma(phi.1, phi.2, alpha1, alpha2, alpha3, sd, gamma)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]
psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <-temp1[[5]]
}
H#H#H#HAHE The end of generating data ##HHHHHH
HHHHHHHE generating missing pattern #HHHHHHHHHHHHHEHHHET
source("generate_missing_pattern.R")
for (times in 1:lter.times){

temp2 <- generate_missing_pattern(rho_std[[times]], x_std[[times]], y[[times]])

NN <- temp2[[1]]

rho_std[[times]] <- temp2[[2]]

x_std[[times]] <- temp2[[3]]

y[ltimes]] <- temp2[[4]]
}
HiHHHHHH The end of generating missing pattern ##Ht#H#HHH
MO0=10

HHHHHHHRHE missing rate = O #HHEHEHHHHHEHHHEHE



source("MCCA.R")
for (times in 1:lter.times){
temp2 <- MCCA(x_std[[times]], k1, k2, t.1h, t.2h)
f.hat_com[[times]] <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_CCA.R")
for (times in 1:Iter.times){
temp5 <- Factor_regression_Imputed_CCA(f.hat_com][[times]][1:NN[1],1:M0], y[[times]][1:NN[1]])
Accuracy_com[times] <- temp5[[1]]

Precision_com[times] <- temp5[[2]]
Recall_com[times] <- temp5[[3]]
F1_comtimes] <- temp5[[4]]
AIC_com[times] <- temp5][[5]]

}

result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com)),4)

print(result_com)

stargazer(result_com, title = "Evaluation”, align = F, type = "latex")

HHHHAHH The end of missing rate = O #HHHHHEHHEHHHHEHHHEE

MO0=10

HHHHAHHH MCCA_complete_data #HHHHHHHH

psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-f.hat_com<-vector('list',Iter.times )

source("MCCA _complete_data.R")

for (times in 1:lter.times){

same<-MCCA_complete_data(NN, N, T1, T2, x_std[[times]],t.1h,t.2h)

psi.1.hat[[times]] <- same[[1]]
psi.2.hat[[times]] <- same[[2]]
x.1.score_NA[[times]] <- samel[3]]
x.2.score_NA[[times]] <- samel[4]]
f.hat_com|[[times]] <- same|[[5]]

}
H#HHHHHAHH# The end of MFPCA_complete_data #HHHHHHHE
HEHHAEHHE Factor regression based on the CMI method ##Ht#HHHHEE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-f.hat_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_CMI(NN, y[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
f.hat_CMI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_CMI[[times]][,1:M0], y[[times]])
Accuracy_CMI[times] <- temp3[[1]]
Precision_CMI[times] <- temp3[[2]]

x.1.score.hat[[times]],



Recall_CMlI[times] <- temp3[[3]]
F1_CMI[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]
}
HiHHHHHH The end of factor regression based on the CMI method #####HHE#H
B R R R
HHHHAHHE Factor regression based on the MBI method ###HHHHEHE
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-f.hat_MBI<-vector('list'Iter.times)
source("Imputing_data_MBI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_MBI(NN, y[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
f.hat_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_MBI[[times]][,1:MO0], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]

Recall_MBI[times] <- temp3[[3]]
F1_MBI[times] <- temp3[[4]]
AIC_MBI[times] <- temp3[[5]]

}
#HEHHAEHH The end of factor regression based on the MBI method ###HHHEHHE
#result----

result <- round(rbind(

x.1.score.hat[[times]],

c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMI))),

c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")
#HModule 2: setting_1_gamma(PCA) ###

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

M1<-25 ## The number of PC scores of x(1)

T1<-200 ## The number of sample point of curve x(1)

M2<-25 ## The number of PC scores of x(2)

T2<-200 ## The number of sample point of curve x(2)

k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper
k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper

## Regression coefficient vector

alpha1<-rep(0,10)
alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)



alpha3<-4*¢(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
gamma<-0.3 ## The coefficient in generating MFPC curves

## miss_ratio<-0 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 =rep(0, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(0, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(0, (T1+T2))
## miss_ratio<-0.2 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(7/51, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(1/18, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(7/51, (T1+T2))
## miss_ratio<-0.6 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(21/23, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(3/14, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(21/23, (T1+T2))
## miss_ratio<-0.9 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(63/4, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(9/22, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(63/4, (T1+T2))
Iter.times<-300
setwd("C:/Users/pc/Desktop/Logistic/Setting1(MNAR)/")
B R R R
H#HHHHAE  Generating the eigenfunctions of setting 1 ###H#H#HE
source("generate_eigenfunction_setting1.R")
temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)
t.1 <- temp1[[1]]
t.2 <- temp1[[2]]
phi.1 <- temp1[[3]]
phi.2 <- temp1[[4]]
t.1h <- temp1[[5]]
t.2h <- temp1[[6]]
#HHHHA#  The end of Generating the eigenfunctions of setting 1 ###H#H#H#
B R R R
HHHHHAHE generating data HHHHHHEHHHHHAHHHHE
psi.1_std<-psi.2_std<-rho_std<-rho_std_com<-y<-x_std<-vector('list',Iter.times)
source("generate_data_setting1_gamma.R")
for (times in 1:lter.times){
temp1 <- generate_data_setting1_gamma(phi.1, phi.2, alpha1, alpha2, alpha3, sd, gamma)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]



y[[times]] <- temp1[[3]]

psi.1_std[[times]] <-temp1[[4]]

psi.2_std[[times]] <- temp1[[5]]
}
H#iHHHHAHE The end of generating data #HHHHH
B R R R
HHHHEHHE generating missing pattern #HHHHHHHEHHHHEHIHHE
source("generate_missing_pattern.R")
for (times in 1:lter.times){

temp2 <- generate_missing_pattern(rho_std[[times]], x_std[[times]], y[[times]])

NN <-temp2[[1]]

rho_std[[times]]  <- temp2[[2]]

x_std[[times]] <- temp2[[3]]

y([times]] <- temp2[[4]]
}
#HHHHEHHE The end of generating missing pattern ###HHHHH
MO0=10

B R R R R
HHHHHHHHHE missing rate = O #HHHHHHHHHHHHHHHEHE
source("MFPCA.R")
for (times in 1:lter.times){
temp2 <- MFPCA(x_std[[times]], k1, k2, t.1h, t.2h)
rho_std_com|[[times]]  <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){
temp5 <- Factor_regression_Ilmputed_PCA(rho_std_com|[times]], y[[times]][1:NN[1]])

Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com[times] <- temp5[[5]]

}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com)),4)

print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHHAAH The end of missing rate = O HHHHHEHIHHEHHHHHHIHHE
MO0=10
T A R R R R T
HHHHHAHH# MFPCA_complete_data ##HH#HHHHE
psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-rho.hat_std_com<-vector('list'Iter.times )
source("MFPCA_complete_data.R")
for (times in 1:lter.times){

same<-MFPCA_complete_data(NN, N, T1, T2, x_std[[times]], t.1h, t.2h)

psi.1.hat[[times]] <- same[[1]]
psi.2.hat[[times]] <- same([[2]]
x.1.score_NA[[times]] <- samel[3]]
x.2.score_NA[[times]] <- same[[4]]

rho.hat_std_com[[times]] <- same[[5]]

}
HHHHHAHHH# The end of MFPCA_complete_data #HHHEHHE



B R R R R R R
HHHHAHHE Factor regression based on the CMI method #i#HHHHEE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_CMlI<-vector(list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:Iter.times){
temp1 <- Imputing_data_CMI(NN, y[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_PCA.R")
for (times in 1:Iter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_CMI[[times]]  <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_CMI[[times]], y[[times]])

Accuracy_CMil[times] <- temp3[[1]]
Precision_CMI[times] <- temp3[[2]]
Recall_CMiI[times] <- temp3[[3]]
F1_CMI[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]

}
H#HHHHHAH The end of factor regression based on the CMI method ##HHHHHHE
B R R R
H#HHHHHAHE Factor regression based on the MBI method #H##HE#HHHHE
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_MBI<-vector('list',Iter.times)
source("Imputing_data_MBI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_MBI(NN, y[[times]], x.1.score_NA][times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Ilmputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_MBI[[times]], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]
Recall_MBI[times] <- temp3[[3]]
F1_MBI[times] <- temp3[[4]]
AIC_MBI[times] <- temp3[[5]]

}
H#i#HHHHHE The end of factor regression based on the MBI method ##H##H#HHHHE
#result----

x.1.score.hat[[times]],

x.1.score.hat[[times]],



result <- round(rbind(
c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMIl))),

c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")

#HH# Module 3: setting_1_rho(CCA) ###

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

M1<-25 ## The number of PC scores of x(1)

T1<-200 ## The number of sample point of curve x(1)

M2<-25 ## The number of PC scores of x(2)

T2<-300 ## The number of sample point of curve x(2)

k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper

k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper

## Regression coefficient vector

alpha1<-rep(0,10)

alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)

alpha3<-4*c(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
rho_0<-0.4 ## The correlation among data sources

## miss_ratio<-0 ##

gam1.1 =rep(1, (T1+T2))

gam1.2 = gam1.3 = rep(0, (T1+T2))
gam2.1 =rep(1, (T1+T2))

gam2.2 = gam2.3 = rep(0, (T1+T2))
gam3.1 =rep(1, (T1+T2))

gam3.2 = gam3.3 = rep(0, (T1+T2))
## miss_ratio<-0.2 ##

gam1.1 =rep(1, (T1+T2))

gam1.2 = gam1.3 = rep(7/51, (T1+T2))
gam2.1 =rep(1, (T1+T2))

gam2.2 = gam2.3 = rep(1/18, (T1+T2))
gam3.1 =rep(1, (T1+T2))

gam3.2 = gam3.3 = rep(7/51, (T1+T2))
## miss_ratio<-0.6 ##

gam1.1 =rep(1, (T1+T2))

gam1.2 = gam1.3 = rep(21/23, (T1+T2))
gam2.1 =rep(1, (T1+T2))

gam2.2 = gam2.3 = rep(3/14, (T1+T2))
gam3.1 =rep(1, (T1+T2))

gam3.2 = gam3.3 = rep(21/23, (T1+T2))
## miss_ratio<-0.9 ##

gam1.1 =rep(1, (T1+T2))

gam1.2 = gam1.3 = rep(63/4, (T1+T2))
gam2.1 =rep(1, (T1+T2))

gam2.2 = gam2.3 = rep(9/22, (T1+T2))
gam3.1 =rep(1, (T1+T2))

gam3.2 = gam3.3 = rep(63/4, (T1+T2))



Iter.times<-300
setwd("C:/Users/pc/Desktop/Logistic/Setting1(MNAR)/")
B R R R R
#HHHAE  Generating the eigenfunctions of setting 1 ###H#H#HE
source("generate_eigenfunction_setting1.R")
temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)
t.1 <- temp1[[1]]
t.2 <- temp1[[2]]
phi.1 <- temp1[[3]]
phi.2 <- temp1[[4]]
t.1h <- temp1[[5]]
t.2h <- temp1[[6]]
#HHHHA#  The end of Generating the eigenfunctions of setting 1 ###H##H
B R R R R
HHHHHHAHE generating data HHHEHHHHHHHAHHHHHE
psi.1_std<-psi.2_std<-rho_std<-f.hat_com<-y<-x_std<-vector('list',lter.times)
source("generate_data_setting1_rho.R")
for (times in 1:lter.times) {
temp1 <- generate_data_setting1_rho(rho_0, phi.1, phi.2, alpha1, alpha2, alpha3, sd)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]
psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <- temp1[[5]]
}
H#iHHHHHH The end of generating data ###HEHHHH
B R R R R
HHHHHHAHE generating missing pattern HHHHHHIHHHHHHHHHHHE
source("generate_missing_pattern.R")
for (times in 1:lter.times){
temp2 <- generate_missing_pattern(rho_std[[times]], x_std[[times]], y[[times]])
NN <- temp2[[1]]
rho_std[[times]] <- temp2[[2]]

x_std[[times]] <- temp2[[3]]

yl[times]] <- temp2[[4]]
}
H#HHHHHAHE The end of generating missing pattern #Ht#HHHHE
MO0=10

B R AR R
HEHHEHHE missing rate = O #HHHHHHEHHEHHIHHHHE
source("MCCA.R")
for (times in 1:lter.times){
temp2 <- MCCA(x_std[[times]], k1, k2, t.1h, t.2h)
f.hat_com[[times]] <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp5 <- Factor_regression_Imputed_CCA(f.hat_com[[times]][1:NN[1],1:M0], y[[times]][1:NN[1]])
Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]

F1_com]times] <- temp5[[4]]



AIC_com|[times] <- temp5[[5]]
}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(na.omit(F1_com))),4)
print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHAHH The end of missing rate = O #HHHHHEHHEHHHEHHHEE
MO0=10
B R R
HEHHEHHH MCCA_complete_data #HHHHEHHE
psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-f.hat_com<-vector('list',Iter.times )
source("MCCA_complete_data.R")
for (times in 1:lter.times){

same<-MCCA_complete_data(NN, N, T1, T2, x_std[[times]],t.1h,t.2h)

psi.1.hat[[times]] <- same[[1]]
psi.2.hat[[times]] <- same[[2]]
x.1.score_NA[[times]] <- samel[3]]
x.2.score_NA[[times]] <- samel[4]]
f.hat_com|[times]] <- same[[5]]

}
HHHHHAHH The end of MFPCA_complete_data #HHHHHHHE
B R R R R
H#HHHHHAHE Factor regression based on the CMI method ##H#HEHHHE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-f.hat_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_CMI(NN, y[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
f.hat_CMI[[times]] <- temp2[[1]]
}
source("Factor_regression_Ilmputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_CMI[[times]][,1:M0], y[[times]])

Accuracy_CMil[times] <- temp3[[1]]
Precision_CMI[times] <- temp3[[2]]
Recall_CMiI[times] <- temp3[[3]]
F1_CMI[times] <- temp3[[4]]
AIC_CMI[times] <- temp3[[5]]

}

H#i#H#HHH The end of factor regression based on the CMI method ###HHHHHHE
B R R
H##HHHAHE Factor regression based on the MBI method ###H##H#H##
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-f.hat_MBI<-vector(list',Iter.times)
source("Imputing_data_MBI.R")

for (times in 1:lter.times){

x.1.score.hat[[times]],



temp1 <- Imputing_data_MBI(NN, y[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])

x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_CCA.R")

for (times in 1:lter.times){

temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],

x.2.score.hat[[times]])
f.hat_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:Iter.times){
temp3 <- Factor_regression_Imputed_CCA(f.hat_MBI|[[times]][,1:M0], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]

Recall_MBI[times] <- temp3[[3]]
F1_MBlI[times] <- temp3[[4]]
AIC_MBI[times] <- temp3[[5]]

}
#HHHHAHHE The end of factor regression based on the MBI method ###H#HHEHHE
#result----

result <- round(rbind(

x.1.score.hat[[times]],

c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMI))),

c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")

#HHt Module 4: setting_1_rho(PCA) ##H#

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

M1<-25 ## The number of PC scores of x(1)

T1<-200 ## The number of sample point of curve x(1)

M2<-25 ## The number of PC scores of x(2)

T2<-300 ## The number of sample point of curve x(2)

k1<-10 ## The number of truncated PC scores of x(1) in Ma's paper
k2<-10 ## The number of truncated PC scores of x(2) in Ma's paper
## Regression coefficient vector

alpha1<-rep(0,10)
alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*c(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd<-0.2 ## The standard deviation of error in the regression model
rho_0<-0.4 ## The correlation among data sources

## miss_ratio<-0 ##

gam1.1 =rep(1, (T1+T2))

gam1.2 = gam1.3 = rep(0, (T1+T2))
gam2.1 =rep(1, (T1+T2))

gam2.2 = gam2.3 = rep(0, (T1+T2))
gam3.1 =rep(1, (T1+T2))

gam3.2 = gam3.3 = rep(0, (T1+T2))



## miss_ratio<-0.2 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(7/51, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(1/18, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(7/51, (T1+T2))
## miss_ratio<-0.6 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(21/23, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(3/14, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(21/23, (T1+T2))
## miss_ratio<-0.9 ##
gam1.1 =rep(1, (T1+T2))
gam1.2 = gam1.3 = rep(63/4, (T1+T2))
gam2.1 =rep(1, (T1+T2))
gam2.2 = gam2.3 = rep(9/22, (T1+T2))
gam3.1 =rep(1, (T1+T2))
gam3.2 = gam3.3 = rep(63/4, (T1+T2))
Iter.times<-300
setwd("C:/Users/pc/Desktop/Logistic/Setting1(MNAR)/")
B R AR R
#HHHAE  Generating the eigenfunctions of setting 1 ###H#H#H
source("generate_eigenfunction_setting1.R")
temp1 <- generate_eigenfunction_setting1(N, M1, T1, M2, T2)
t.1 <- temp1[[1]]
t.2 <- temp1[[2]]
phi.1 <- temp1[[3]]
phi.2 <- temp1[[4]]
t.1h <- temp1[[5]]
t.2h <- temp1[[6]]
#HHHHEH#  The end of Generating the eigenfunctions of setting 1 ###H##H
B R R R
HEHHHHHE generating data #HHHEHHEHHHEHEHHEE
psi.1_std<-psi.2_std<-rho_std<-rho_std_com<-y<-x_std<-vector('list',Iter.times)
source("generate_data_setting1_rho.R")
for (times in 1:lter.times) {
temp1 <- generate_data_setting1_rho(rho_0, phi.1, phi.2, alpha1, alpha2, alpha3, sd)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
ylltimes]] <-temp1[[3]]
psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <-temp1[[5]]
}
H#iHHHHAHE The end of generating data #HHHHHH
B R R R
HHH#HHHAHE generating missing pattern #HHHHHHEHEHHHHHHHEHHE
source("generate_missing_pattern.R")
for (times in 1:lter.times){
temp2 <- generate_missing_pattern(rho_std[[times]], x_std[[times]], y[[times]])
NN <- temp2[[1]]



rho_std[[times]] <- temp2[[2]]

x_std[[times]] <- temp2[[3]]

y[[times]] <- temp2[[4]]
}
H#HHHHHAHE The end of generating missing pattern #Ht#H##HH
MO0=10

B R R
HHHHHHHEHE missing rate = O #HHHHHHHHHHHEHHHHEHE
source("MFPCA.R")
for (times in 1:lter.times){
temp2 <- MFPCA(x_std[[times]], k1, k2, t.1h, t.2h)
rho_std_com[[times]]  <-temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){

temp5 <- Factor_regression_Ilmputed_PCA(rho_std_com|[times]], y[[times]][1:NN[1]])

Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com[times] <- temp5[[5]]

}

result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com)),4)

print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHHARH The end of missing rate = O #HHHHEHHHEHHHHHHHIHHE
MO0=10
B R R R R
HEHHAHHA MFPCA_complete_data ###HHi#HHH#
psi.1.hat<-psi.2.hat<-x.1.score_NA<-x.2.score_NA<-rho.hat_std_com<-vector('list'Iter.times )
source("MFPCA_complete_data.R")
for (times in 1:lter.times){

same<-MFPCA_complete_data(NN, N, T1, T2, x_std[[times]], t.1h, t.2h)

psi.1.hat[[times]] <- same[[1]]
psi.2.hat[[times]] <- same[[2]]
x.1.score_NA[[times]] <- samel[3]]
x.2.score_NA[[times]] <- samel[4]]

rho.hat_std_com[[times]]  <- same[[5]]
}
HHHHHAHH# The end of MFPCA_complete_data #HHHHHHHE
T A R R R R T
HHHHHHAHE Factor regression based on the CMI method ##t#HHHHHE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_CMI(NN, y[[times]], x.1.score_NA[[times]], x.2.score_NA][[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}

source("Construct_factor_PCA.R")



for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_CMI[[times]]  <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_CMI[[times]], y[[times]])

Accuracy_CMil[times] <- temp3[[1]]
Precision_CMI[times] <- temp3[[2]]
Recall_CMI[times] <- temp3[[3]]
F1_CMItimes] <- temp3[[4]]
AIC_CMI[times] <- temp3[[5]]

}
HiHHHHHH The end of factor regression based on the CMI method ##H###HH#H
B R R
H#HHHHHAHE Factor regression based on the MBI method #H##HE#HHHHE
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-rho.hat_std_MBI<-vector('list',Iter.times)
source("Imputing_data_MBI.R")
for (times in 1:lter.times){
temp1 <- Imputing_data_MBI(NN, y[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],
x.2.score.hat[[times]])
rho.hat_std_MBI[[times]]  <- temp2[[1]]
}
source("Factor_regression_Ilmputed_PCA.R")
for (times in 1:lter.times){

temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_MBI[[times]], y[[times]])

Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]
Recall_MBI[times] <- temp3[[3]]
F1_MBI[times] <- temp3[[4]]
AIC_MBI[times] <- temp3[[5]]

}
#HHHHAHH The end of factor regression based on the MBI method ###HHHEHHE
#result----

result <- round(rbind(

x.1.score.hat[[times]],

x.1.score.hat[[times]],

c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(na.omit(F1_CMI))),
c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(na.omit(F1_MBI)))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")

Functions: the following is the function "generate_missing_pattern" used in the main program. The rest of the functions used

are the same as in Setting1(MCAR).

##Ht The function "generate_missing_pattern" means to generate data according to the missing data mechanism of MNAR.

HE
generate_missing_pattern<-function(rho, x, y){
id1 = which(y == 1)



id2 = which(y == 2)
id3 = which(y == 3)
x.1=x[,1:T1]
x.2 = x[,(T1+1):(T1+T2)]
# Divide the missing block wheny = 1 ##
g1.1 =x.1[id1,]%*%gam1.1[1:T1J/T1 + x.2[id1,]%*%gam1.1[(T1+1):(T1+T2))/T2
g1.2 = x.1[id1,]%*%gam1.2[1:T1J/T1 + x.2[id1,]%*%gam1.2[(T1+1):(T1+T2)}/T2
91.3 = x.1[id1,]%*%gam1.3[1:T1J/T1 + x.2[id1,]%*%gam1.3[(T1+1):(T1+T2))/T2
p1.1=g1.1/(g1.1+g1.2+g1.3)
p1.2=9g1.2/(g1.1+g1.2+g1.3)
p1.3=91.3/(g1.1+g1.2+g1.3)
p1 = cbind(p1.1, p1.2, p1.3)
miss.1 = ¢()
for(i in 1:length(id1)){
miss0.1 = which.max(rmultinom(1, size = 1, prob = p1[i,]))
miss.1 = c(miss.1, miss0.1)
}
id1.1 = which(miss.1 == 1)
id1.2 = which(miss.1 == 2)
id1.3 = which(miss.1 == 3)
## The end of dividing the missing block wheny = 1 ##
## Divide the missing block wheny = 2 ##
92.1 = x.1[id2,]%*%gam2.1[1:T1J/T1 + x.2[id2,]%*%gam2.1[(T1+1):(T1+T2)])/T2
92.2 = x.1[id2,]%*%gam2.2[1: T1)/T1 + x.2[id2,]%*%gam2.2[(T1+1):(T1+T2)])/T2
92.3 = x.1[id2,]%*%gam2.3[1:T1)/T1 + x.2[id2,]%*%gam2.3[(T1+1):(T1+T2)/T2
p2.1 =g2.1/(92.1+g2.2+g2.3)
p2.2 =g2.2/(92.1+g2.2+g2.3)
p2.3 = g2.3/(g2.1+g2.2+g2.3)
p2 = cbind(p2.1, p2.2, p2.3)
miss.2 = ¢()
for(i in 1:length(id2)){
miss0.2 = which.max(rmultinom(1, size = 1, prob = p2[i,]))
miss.2 = ¢(miss.2, miss0.2)
}
id2.1 = which(miss.2 == 1)
id2.2 = which(miss.2 == 2)
id2.3 = which(miss.2 == 3)
## The end of dividing the missing block when y = 2 ##
## Divide the missing block wheny = 3 ##
93.1 = x.1[id3,]%*%gam3.1[1:T1)/T1 + x.2[id3,]%*%gam3.1[(T1+1):(T1+T2)/T2
93.2 = x.1[id3,]%*%gam3.2[1:T1)/T1 + x.2[id3,]%*%gam3.2[(T1+1):(T1+T2)/T2
93.3 = x.1[id3,]%*%gam3.3[1: T1}/T1 + x.2[id3,]%*%gam3.3[(T1+1):(T1+T2)])/T2
p3.1=9g3.1/(g3.1+g3.2+g3.3)
p3.2 =g3.2/(g3.1+g3.2+g3.3)
p3.3 =g3.3/(g3.1+g3.2+g3.3)
p3 = cbind(p3.1, p3.2, p3.3)
miss.3 = ¢()
for(i in 1:length(id3)){
miss0.3 = which.max(rmultinom(1, size = 1, prob = p3][i,]))
miss.3 = c(miss.3, miss0.3)
}
id3.1 = which(miss.3 == 1)
id3.2 = which(miss.3 == 2)



id3.3 = which(miss.3 == 3)

## The end of dividing the missing block when y = 3 ##
# Divide the missing block ##

id.1 = c(id1[id1.1], id2[id2.1], id3[id3.1])

id.2 = ¢(id1[id1.2], id2[id2.2], id3[id3.2])

id.3 = c(id1[id1.3], id2[id2.3], id3[id3.3])

NN = ()

NN[1] = length(id.1)

NN[2] = length(id.2)

NN[3] = length(id.3)

y.new = c(y[id.1], y[id.2], y[id.3])

x.new = rbind(x[id.1,], x[id.2,], x[id.3,])
rho.new = rbind(rholid.1,], rho[id.2,], rho[id.3,])
## The end of dividing the missing block ##

return(list(NN, rho.new, x.new, y.new))

3. Setting 2(MCAR)

Under the MCAR missing mechanism, we respectively consider the calculation of multi-source functional principal component

score and canonical score of 3-source data (image, curve, curve), as well as the corresponding classification evaluation index.
We have two main modules as follows:

"setting_2(CCA)" represents the main program using the FR-CCA method in Setting 2;

"setting_2(PCA)" represents the main program using the FR-PCA method in Setting 2.

The functions used in the main program are all listed after the four main programs.

##H Module 1: setting_2(CCA) ###

library(stargazer)

library(funData)
library(caret)
library(MASS)
library(nnet)
N<-300

## The sample size

T11<-100 ## Image x(1): the sample number of x-axis

T12<-50 ## Image x(1): the sample number of y-axis

T1<-T11*T12 ## The number of sample point of Image x(1)

M11<-5 ## The number of PC scores of x(1) along x-axis

M12<-5 ## The number of PC scores of x(1) along y-axis
M1<-M11*M12 ## The number of PC scores of x(1)

T2<-200 ## The number of sample point of Image x(2)

M2<-25 ## The number of PC scores of x(2)

T3<-200 ## The number of sample point of Image x(3)

M3<-25 ## The number of PC scores of x(3)

k1=10 ## The number of truncated PC scores of x(1) in Ma's paper
k2=10 ## The number of truncated PC scores of x(2) in Ma's paper
k3=10 ## The number of truncated PC scores of x(3) in Ma's paper

gamma1<-0.3

gamma2<-0.3

## The coefficient in generating MFPC curves

## Regression coefficient vector

alpha1<-rep(0,10)

alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*c(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1)

sd<-0.2

## The number of mulrivariate truncated PC scores in Happ's paper

## The standard deviation of error in the regression model



miss_ratio<-0 ## Missing ratio .2 .6 .9

NN<-array()

NNI[1]<-N*(1-miss_ratio) ## The number of complete-data

NN[2:7]<-N*miss_ratio/6 ## The number of missing subjects

Iter.times<-300

setwd("C:/Users/pc/Desktop/Logistic/Setting2(MCAR)/")

B R R
#H#HHH# Generating the eigenfunctions of setting 3 ##HHHH
source("generate_eigenfunction_setting2.R")

temp1 <- generate_eigenfunction_setting2(N, M11, T11, M12, T12, M2, T2, M3, T3)

t.11 <- temp1[[1]]
t.12 <- temp1[[2]]
t.2 <- temp1[[3]]
t.3 <- temp1[[4]]
phi.1 <- temp1[[5]]
phi.2 <- temp1[[6]]
phi.3 <- temp1[[7]]
t.1h <- temp1[[8]]
t.2h <- temp1[[9]]
t.3h <- temp1[[10]]

#HHHHH#  The end of Generating the eigenfunctions of setting 3 ##H#H#H#H:
B R R R R
HHHHHHAHE generating data HHHEHHHHHHHHAHHHHE
psi.1_std<-psi.2_std<-psi.3_std<-rho_std<-f.hat_com<-y<-x_std<-vector('list'Iter.times)
source("generate_data_setting2.R")
for (times in 1:lter.times) {

temp1 <- generate_data_setting2(phi.1, phi.2, phi.3, alpha1, alpha2, alpha3, sd, gamma1, gamma2)

rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]

psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <-temp1[[5]]
psi.3_std[[times]] <-temp1[[6]]
}
H#HHHHHAHE The end of generating data #HHHEH
MO0=10
B R R R
HEHHEHHE missing rate = O #HHHHHHEHHEHHIHHHHE
source("MCCA_setting2.R")
for (times in 1:lter.times){
temp2 <- MCCA_setting2(x_std[[times]], k1, k2, k3, t.1h, t.2h, t.3h)
f.hat_com[[times]]  <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Ilmputed_CCA.R")
for (times in 1:lter.times){
temp5 <- Factor_regression_Imputed_CCA(f.hat_com[[times]][1:NN[1],1:M0], alpha2, alpha3, y[[times]][1:NN[1]])

Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com|times] <- temp5[[5]]



result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com)),6)
print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHHAAH The end of missing rate = O HHHHHHHIHHEHHHHHHHHE
# NN=c(30,45,45,45,45,45,45) # N=300,missing rate=0.9
# NN=c(60,90,90,90,90,90,90) # N=600,missing rate=0.9
MO0=10
B R R R
HEHHEHHH MCCA_complete_data #HHHHEHHE
psi.1.hat<-psi.2.hat<-psi.3.hat<-
x.1.score<-x.2.score<-x.3.score<-
X.1.score_NA<-x.2.score_NA<-x.3.score_NA<-
f.hat_com<-vector('list',Iter.times )
source("MCCA _complete_data_setting2.R")
for (times in 1:lter.times){
same<-MCCA_complete_data_setting2(NN, N, T1, T2, T3, x_std[[times]], t.1h, t.2h, t.3h)

psi.1.hat[[times]] <-same[[1]]

psi.2.hat[[times]] <-same[[2]]
psi.3.hat[[times]] <-same[[3]]
x.1.score_NA][[times]] <-same[[4]]
x.2.score_NA[[times]] <-same[[5]]
x.3.score_NA[[times]] <-same[[6]]
x.1.score[[times]] <-same[[7]]
x.2.score[[times]] <-same[[8]]
x.3.score[[times]] <-same[[9]]
f.hat_com|[[times]] <-same[[10]]

}
HHHHEHHA The end of MCCA_complete_data ##HHHEHHE
B R R R R
H#HHHHAHHE Factor regression based on the CMI method #iHE#HHHHEE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-x.3.score.hat<-f.hat_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI_setting2.R")
for (times in 1:lter.times) {
temp1 <- Imputing_data_CMI_setting2(NN, x_std[[times]], x.1.score[[times]], x.2.score[[times]], x.3.score[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],psi.3.hat[[times]],
x.1.score.hat[[times]], x.2.score.hat[[times]], x.3.score.hat[[times]])
f.hat_CMI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(Re(f.hat_CMI[[times]][,1:MQ]), alpha2, alpha3, y[[times]])

Accuracy_CMI[times] <- temp3[[1]]
Precision_CMI[times] <- temp3[[2]]
Recall_CMiI[times] <- temp3[[3]]

F1_CMiftimes] <- temp3[[4]]



AIC_CMl[times] <- temp3[[5]]
}
HiHHHHHH The end of factor regression based on the CMI method ####H#HHE#H
B R R R
HiHHHHHH Factor regression based on the MBI method ###H#HHE#H
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-x.3.score.hat<-f.hat_MBI<-vector('list',Iter.times)
source("Imputing_data_MBI_setting2.R")
for (times in 1:lter.times) {
temp1 <- Imputing_data_MBI_setting2(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]],
x.3.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],psi.3.hat[[times]],
x.1.score.hat[[times]], x.2.score.hat[[times]], x.3.score.hat[[times]])
f.hat_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(Re(f.hat_MBI[[times]][,1:M0]), alpha2, alpha3, y[[times]])

Accuracy_MBI[times] <- temp3[[1]]

Precision_MBI[times] <- temp3[[2]]

Recall_MBI[times] <- temp3[[3]]

F1_MBI[times] <- temp3[[4]]

AIC_MBI[times] <- temp3[[5]]
}
#HHHHAEHH The end of factor regression based on the MBI method ###HHHHHHE
#result----

result <- round(rbind(
c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(F1_CMIl)),
c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(F1_MBlI))),4)

print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")

#HHt Module 2: setting_2(PCA) #t

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

T11<-100 ## Image x(1): the sample number of x-axis
T12<-50 ## Image x(1): the sample number of y-axis
T1<-T11*T12 ## The number of sample point of Image x(1)
M11<-5 ## The number of PC scores of x(1) along x-axis
M12<-5 ## The number of PC scores of x(1) along y-axis
M1<-M11*M12 ## The number of PC scores of x(1)

T2<-200 ## The number of sample point of Image x(2)
M2<-25 ## The number of PC scores of x(2)

T3<-200 ## The number of sample point of Image x(3)



M3<-25 ## The number of PC scores of x(3)

k1=10 ## The number of truncated PC scores of x(1) in Ma's paper
k2=10 ## The number of truncated PC scores of x(2) in Ma's paper
k3=10 ## The number of truncated PC scores of x(3) in Ma's paper
gamma1<-0.3 ## The coefficient in generating MFPC curves

gamma2<-0.3

## Regression coefficient vector

alpha1<-rep(0,10)
alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*¢(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1) ## The number of mulrivariate truncated PC scores
sd <-0.2 ## The standard deviation of error in the regression model
miss_ratio<-0 ## Missing ratio .2 .6 .9

NN<-array()

NNI[1]<-N*(1-miss_ratio) ## The number of complete-data

NN[2:7]<-N*miss_ratio/6 ## The number of missing subjects

Iter.times<-300

setwd("C:/Users/pc/Desktop/Logistic/Setting2(MCAR)/")

B R AR R
#HHHAE  Generating the eigenfunctions of setting 3 ##HH#HE
source("generate_eigenfunction_setting2.R")

temp1 <- generate_eigenfunction_setting2(N, M11, T11, M12, T12, M2, T2, M3, T3)

t.11 <- temp1[[1]]
t.12 <- temp1[[2]]
t.2 <- temp1[[3]]
t.3 <- temp1[[4]]
phi.1 <- temp1[[5]]
phi.2 <- temp1[[6]]
phi.3 <- temp1[[7]]
t.1h <- temp1[[8]]
t.2h <- temp1[[9]]
t.3h <- temp1[[10]]

#HHHHH#  The end of Generating the eigenfunctions of setting 3 #HHHH:
T A R R R R T
HHHHHAHE generating data HHHHHHHHHHHHHHHEE
psi.1_std<-psi.2_std<-psi.3_std<-rho_std<-rho_std_com<-y<-x_std<-vector('list',Iter.times)
source("generate_data_setting2.R")
for (times in 1:lter.times) {
temp1 <- generate_data_setting2(phi.1, phi.2, phi.3, alpha1, alpha2, alpha3, sd, gamma1, gamma2)
rho_std[[times]] <- temp1[[1]]
x_std[[times]] <- temp1[[2]]
y[[times]] <- temp1[[3]]
psi.1_std[[times]] <-temp1[[4]]
psi.2_std[[times]] <-temp1[[5]]
psi.3_std[[times]] <- temp1[[6]]
}
H#iHHHHAHE The end of generating data #HHHHHH
MO0=10
B R R R R R R R
HHHHHHHR missing rate = O #HHHHEHHHHHAHHHHEHE
source("MFPCA_setting2.R")
for (times in 1:lter.times){
temp2 <- MFPCA_setting2(x_std[[times]], k1, k2, k3, t.1h, t.2h, t.3h)



rho_std_com[[times]]  <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-mse_alpha2<-mse_alpha3<-array()
alpha2.hat<-alpha3.hat<-vector(llist',Iter.times )
source("Factor_regression_Imputed_PCA.R")
for (times in 1:Iter.times){

temp5 <- Factor_regression_Imputed_PCA(rho_std_com[[times]], alpha2, alpha3, y[[times]][1:NN[1]])

Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com|[times] <- temp5[[5]]
alpha2.hat[[times]] <- temp5[[6]]
alpha3.hat[[times]] <- temp5[[7]]
mse_alpha2[times] <- temp5[[8]]
mse_alpha3[times] <- temp5[[9]]

}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com),
mean(mse_alpha2),sd(mse_alpha2),
mean(mse_alpha3),sd(mse_alpha3)),6)
print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHHARH The end of missing rate = O HHHHHEHHHEHHHHHHHHHE
# NN=c(30,45,45,45,45,45,45) # N=300,missing rate=0.9
# NN=c(60,90,90,90,90,90,90) # N=600,missing rate=0.9
MO0=10
B R AR R
HHHHAHH MFPCA_complete_data ###HHiHHH#
psi.1.hat<-psi.2.hat<-psi.3.hat<-
x.1.score<-x.2.score<-x.3.score<-
X.1.score_NA<-x.2.score_NA<-x.3.score_NA<-
rho.hat_std_com<-vector('list',Iter.times )
source("MFPCA_complete_data_setting2.R")
for (times in 1:lter.times){
same<-MFPCA_complete_data_setting2(NN, N, T1, T2, T3, x_std[[times]], t.1h, t.2h, t.3h)

psi.1.hat[[times]] <-same[[1]]

psi.2.hat[[times]] <-same[[2]]

psi.3.hat[[times]] <-same[[3]]

x.1.score_NA[[times]] <-same[[4]]
x.2.score_NA[[times]] <-same[[5]]
x.3.score_NA[[times]] <-same[[6]]
x.1.score[[times]] <-same[[7]]
x.2.score[[times]] <-same[[8]]
x.3.score[[times]] <-same[[9]]

rho.hat_std_com([[times]]  <-same[[10]]
}
HHHHHAHHH# The end of MFPCA_complete_data #HHHEHHHE
B R R R R R R R
H#i#HHHAHE Factor regression based on the CMI method ##H#HE#HHHE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-
mse_alpha2_CMI<-mse_alpha3_CMI<-array()

x.1.score.hat<-x.2.score.hat<-x.3.score.hat<-rho.hat_std_CMiI<-



alpha2.hat_CMI<-alpha3.hat_CMI<-vector('list'Iter.times )
source("Imputing_data_CMI_setting2.R")
for (times in 1:lter.times) {
temp1 <- Imputing_data_CMI_setting2(NN, x_std[[times]], x.1.score[[times]], x.2.score[[times]], x.3.score[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]
}
source("Construct_factor_PCA.R")
for (times in 1:Iter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]], psi.3.hat[[times]], x.1.score.hat[[times]],
x.2.score.hat[[times]], x.3.score.hat[[times]])
rho.hat_std_CMI[[times]]  <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_CMI[[times]], alpha2, alpha3, y[[times]])
Accuracy_CMil[times] <- temp3[[1]]

Precision_CMI[times] <- temp3[[2]]
Recall_CMiI[times] <- temp3[[3]]
F1_CMI[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]

alpha2.hat_CMI[[times]] <- temp3[[6]]
alpha3.hat_CMI[[times]] <- temp3[[7]]
mse_alpha2_CMI[times] <- temp3[[8]]
mse_alpha3_CMI[times] <- temp3[[9]]
}
H#HHHHHAH The end of factor regression based on the CMI method #HHEHHHHE
B R R R
H#HHHHHAHE Factor regression based on the MBI method #Hi#HE#HHHHE
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-
mse_alpha2_MBI<-mse_alpha3_MBl<-array()
x.1.score.hat<-x.2.score.hat<-x.3.score.hat<-rho.hat_std_MBI<-
alpha2.hat_MBI<-alpha3.hat_MBI<-vector(list',Iter.times)
source("Imputing_data_MBI_setting2.R")
for (times in 1:lter.times) {
temp1 <- Imputing_data_MBI_setting2(NN, x_std[[times]], x.1.score_NA[[times]], x.2.score_NA[[times]],
x.3.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]], psi.3.hat[[times]], x.1.score.hat[[times]],
x.2.score.hat[[times]], x.3.score.hat[[times]])
rho.hat_std_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_MBI[[times]], alpha2, alpha3, y[[times]])
Accuracy_MBI[times] <- temp3[[1]]
Precision_MBI[times] <- temp3[[2]]



Recall_MBI[times] <- temp3[[3]]

F1_MBI[times] <- temp3[[4]]

AIC_MBI[times] <- temp3|[[3]]

alpha2.hat_MBI[[times]] <- temp3[[6]]

alpha3.hat_MBI[[times]] <- temp3[[7]]

mse_alpha2_MBI[times] <- temp3[[8]]

mse_alpha3_MBI[times] <- temp3[[9]]
}
H#HHHHAHH The end of factor regression based on the MBI method ##HH#HHEHHE
#result----
result <- round(rbind(
c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(F1_CMI),
mean(mse_alpha2_CMI),sd(mse_alpha2_CMI),mean(mse_alpha3_CMI),sd(mse_alpha3_CMI)),
c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(F1_MBI),
mean(mse_alpha2_MBI),sd(mse_alpha2_MBI),mean(mse_alpha3_MBI),sd(mse_alpha3_MBI))),4)
print(result)

stargazer(result, title = "Evaluation”, align = F, type = "latex")

Functions: all the functions used in the main program are listed below.
##H# The function "Construct_factor_CCA" is used to construct canonical scores as factors. ##H#
Construct_factor_CCA = function(x_std, psi.1.hat, psi.2.hat, psi.3.hat,
x.1.score_NA, x.2.score_NA, x.3.score_NA){
score<-cbind(x.1.score_NA, x.2.score_NA, x.3.score_NA)
z.hat<-t(score) %*% score /(N-1)
rho.hat_std_temp<-x.1.score_NA%*% eigen(z.hat)$vec[1:k1,1:(k1+k2+k3)] +
x.2.score_NA%*% eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2+k3)] +
x.3.score_NA%*% eigen(z.hat)$vec[(k1+k2+1):(k1+k2+k3),1:(k1+k2+k3)] # Estimated MFPC scores with order
N*(k1+k2+k3) based on the correlation matrix
x.hat_std<-rho.hat_std_temp %*% cbind(psi.1.hat,psi.2.hat,psi.3.hat)
rho.hat_std<-scale(rho.hat_std_temp)[,1:M0]
x_std[c((sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:7])),1: T1]<-
x.hat_std[c((sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:7])),1:T1]

x_std[c((sum(NNI[1:2])+1):sum(NNI[1:3]),(sum(NN[1:4])+1):sum(NN[1:5]),(sum(NN[1:6])+1):sum(NN[1:71)),(T1+1):(T1+T2)]<-

x.hat_std[c((sum(NN[1:2])+1):sum(NN[1:3]),(sSum(NN[1:4])+1):sum(NN[1:5]),(sum(NN[1:6])+1):sum(NN[1:7])),(T1+1):(T1+T2)]
x_std[c((NN[1]+1):sum(NN[1:2]),(sum(NN[1:4])+1):sum(NN[1:6])),(T1+T2+1):(T1+T2+T3)]<-
x.hat_std[c((NN[1]+1):sum(NN[1:2]),(sum(NN[1:4])+1):sum(NN[1:6])),(T1+T2+1):(T1+T2+T3)]
Z1 = x.1.score_NA
Z2 = x.2.score_NA
Z3 = x.3.score_NA
Omegal = Z1%*%solve(t(Z1)%*%Z1)%*%t(Z1)
Omega2 = Z2%*%solve(t(Z2)%* %Z2)%*%t(Z2)
Omega3 = Z3%*%solve(t(Z3)%* %Z3)%*%t(Z3)
evd = eigen(Omega1 + Omega2 + Omega?2)
f.hat = evd$vectors[,1:M0]
return(list(f.hat, x_std))
}
##Ht The function "Construct_factor_PCA" is used to construct multi-source functional principal component scores as factors.
HE
Construct_factor_PCA = function(x_std, psi.1.hat, psi.2.hat, psi.3.hat,
x.1.score_NA, x.2.score_NA, x.3.score_NA){

score<-cbind(x.1.score_NA, x.2.score_NA, x.3.score_NA)



z.hat<-t(score) %*% score /(N-1)
rho.hat_std_temp<-x.1.score_NA%*% eigen(z.hat)$vec[1:k1,1:(k1+k2+k3)] +
x.2.score_NA%*% eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2+k3)] +
x.3.score_NA%*% eigen(z.hat)$vec[(k1+k2+1):(k1+k2+k3),1:(k1+k2+k3)] # Estimated MFPC scores with order
N*(k1+k2+k3) based on the correlation matrix
x.hat_std<-rho.hat_std_temp %*% cbind(psi.1.hat,psi.2.hat,psi.3.hat)
rho.hat_std<-scale(rho.hat_std_temp)[,1:M0]

x_std[c((sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:7])),1: T1]<-
x.hat_std[c((sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:7])),1:T1]

x_std[c((sum(NN[1:2])+1):sum(NN[1:3]),(sum(NN[1:4])+1):sum(NN[1:5]),(sum(NN[1:6])+1):sum(NN[1:7])),(T1+1):(T1+T2)]<-
x.hat_std[c((sum(NN[1:2])+1):sum(NN[1:3]),(sum(NN[1:4])+1):sum(NN[1:5]),(sum(NN[1:6])+1):sum(NN[1:7])),(T1+1):(T1+T2)]
x_std[c((NN[1]+1):sum(NN[1:2]),(sum(NN[1:4])+1):sum(NN[1:6])),(T1+T2+1):(T1+T2+T3)]<-x.hat_std[c((NN[1]+1):sum(NN[1:
2]),(sum(NN[1:4])+1):sum(NN[1:6])),(T1+T2+1):(T1+T2+T3)]
return(list(rho.hat_std, x_std))
}
#H#4t Function "Factor_regression_Imputed_CCA" was used to build Logistic regression model with canonical scores as factors.
#HHE
Factor_regression_lmputed_CCA<-function(f, alpha2, alpha3, y){
data = data.frame(cbind(f[,1:M0]), y)
data$y = factor(data$y)
mult.model = multinom(y ~ .-1, data = data, MaxNWts = 10000)
predlab = predict(mult.model, newdata = data, type = "class")
summary = multiClassSummary(
data.frame(obs = data$y, pred = predlab), lev = levels(data$y))
alpha2.hat = abs(summary(mult.model)$coefficients[1,])
alpha3.hat = abs(summary(mult.model)$coefficients[2,])
mse_alpha2 = mean(na.omit((alpha2-alpha2.hat[1:M]))"2)
mse_alpha3 = mean(na.omit((alpha3-alpha3.hat[1:M]))*2)
Accuracy = summary[1]
F1 = summary[3]
Precision = summary[8]
Recall = summary[9]
AIC = mult.model$AIC
return(list(Accuracy, Precision, Recall, F1, AIC,
alpha2.hat, alpha3.hat, mse_alpha2, mse_alpha3))
}
### Function "Factor_regression_Imputed_PCA" was used to build Logistic regression model with multi-source functional
principal component scores as factors. ###
Factor_regression_lmputed_PCA<-function(rho.hat_std, alpha2, alpha3, y){
data = data.frame(cbind(rho.hat_std[,1:MQ]), y)
data$y = factor(data$y)
mult.model = multinom(y ~ .-1, data = data, MaxNWts = 10000)
predlab = predict(mult.model, newdata = data, type = "class")
summary = multiClassSummary(
data.frame(obs = data$y, pred = predlab), lev = levels(data$y))
alpha2.hat = abs(summary(mult.model)$coefficients[1,])
alpha3.hat = abs(summary(mult.model)$coefficients[2,])
mse_alpha2 = mean(na.omit((alpha2-alpha2.hat[1:M]))"2)
mse_alpha3 = mean(na.omit((alpha3-alpha3.hat[1:M]))*2)
Accuracy = summary[1]

F1 = summary[3]



Precision = summary[8]

Recall = summary[9]

AIC = mult.model$AIC

return(list(Accuracy, Precision, Recall, F1, AIC,

alpha2.hat, alpha3.hat, mse_alpha2, mse_alpha3))

}
#H4t The function " generate_data_setting2" generates data under Setting2. ##H#
generate_data_setting2<-function(phi.1,phi.2,phi.3,alpha1,alpha2,alpha3,sd,gamma1,gamma2){

dim(phi.1)<-c((M11*M12),(T11*T12)) ## Transfoming the tensor into matrix
psi.1 <- phi.1*sqrt(1-gamma1-gamma2) ##H (M11* M12) * (T11 * T12) tensor
psi.2 <- phi.2*sqrt(gamma1) #HH M2 * T2 matrix
psi.3 <- phi.3*sqrt(gamma2) ##H# M3 * T3 matrix

rho<-apply(matrix(1:M2,nrow=M2,ncol=1), 1,
function(x){return(rnorm(N,0,(exp(-(1+x)/2))*0.5))})

x.1<-rho %*% psi.1 ## N * T1 matrix of 1st data source: Image x(1)
X.2<-rho %*% psi.2 ## N * T2 matrix of 2nd data source: curve x(2)
x.3<-rho %*% psi.3 ## N * T3 matrix of 3rd data source: curve x(3)
x<-cbind(x.1,x.2,x.3) ## N * (T1+4T2+T3) matrix of 3-source data x

rho_std = scale(rho)

p1 = exp(rho_std[,1:M]%*% alpha1)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p2 = exp(rho_std[,1:M]%*% alpha2)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p3 = exp(rho_std[,1:M]%*% alpha3)/(exp(rho_std[,1:M]%*% alpha1)+exp(rho_std[,1:M]%*% alpha2)+exp(rho_std[,1:M]%*%
alpha3))

p = cbind(p1, p2, p3)

y=c()

for(i in 1:N){
y0 = which.max(rmultinom(1, size = 1, prob = p][i,]))
y=c(y,y0)

}

return(list(rho_std, x, y, psi.1, psi.2, psi.3))

}
##Ht The function "generate_eigenfunction_setting2" generates eigenfunctions under Setting2. ##H#
generate_eigenfunction_setting2<-function(N, M11, T11, M12, T12, M2, T2, M3, T3){
tensor.product<-function(V,W){
V.W<-array(0,dim=c(nrow(V@X)*nrow(W@X), ncol(V@X), ncol(W@X)))
for (i in 1:nrow(V@X)) {
for (j in 1:nrow(W@X)) {
V.W[(i-1)*nrow(V@X)+j,,]<-V@XI[i,] %*% t(W@XI[j,])

}

return(V.W)
}
# Fourier basis
V<-eFun(seq(0,1,length.out = T11), M = M11, type = "Fourier")  # T11 * M11 matrix
W<-eFun(seq(0,0.5,length.out = T12), M = M12, type = "Fourier") # T12 * M12 matrix
phi.1<-tensor.product(V, W)  #M11* M12) * T11 * T12 tensor
t.11<-seq(0,1,length.out = T11)
t.12<-seq(0,0.5,length.out = T12)
t.1h<-(t 11 [T11]-L11[1])*(t.12[T12]-t.12[1])

fai.2<-eFun(seq(-1,1,length.out = T2), M = M2, type = "Poly")



t.2<-fai.2@argvals[[1]]
t.2h<-t.2[T2]-t.2[1]
phi.2<-fai.2@X # phi.2 is an M2*T2 matrix

fai.3<-eFun(seq(0,2,length.out = T3), M = M3, type = "Fourier")
t.3<-fai.2@argvals[[1]]
t.3h<-t.3[T3]-t.3[1]
phi.3<-fai.3@X # phi.3 is an M3*T3 matrix
return(list(t.11, t.12, t.2, t.3, phi.1, phi.2, phi.3, t.1h, t.2h, t.3h))
}
#Ht The function "Imputing_data_CMI_setting2" is using the conditional mean imputation method for univariate principal
component scores. ###
Imputing_data_CMI_setting2<-function(NN, x_std, x.1.score, x.2.score, x.3.score){
x.3.score.hat<-t(cov(x.3.score[1:NN[1],],cbind(x.1.score[1:NN[1],],x.2.score[1:NN[1],])) %*%

solve(var(cbind(x.1.score[1:NN[1],],x.2.score[1:NN[11,]))) %*%
t(cbind(x.1.score[(NN[1]+1):sum(NN[1:2]),],x.2.score[(NN[1]+1):sum(NNI[1:2]),])))
x.2.score.hat<-t(cov(x.2.score[1:NN[1],],cbind(x.1.score[1:NN[1],],x.3.score[1:NN[1],])) %*%

solve(var(cbind(x.1.score[1:NN[1],],x.3.score[1:NN[11,]))) %*%
t(cbind(x.1.score[(sum(NN[1:2])+1):sum(NN[1:3]),],x.3.score[(NN[1]+1):(NN[1]+NNI[3]),])))
x.1.score.hat<-t(cov(x.1.score[1:NN[1],],cbind(x.2.score[1:NN[1],],x.3.score[1:NN[1],])) %*%
solve(var(cbind(x.2.score[1:NN[1],],x.3.score[1:NN[11,]))) %*%
t(cbind(x.2.score[(sum(NN[1:2])+1):(sum(NN[1:2])+NN[4]),],x.3.score[(NN[1]+NN[3]+1):(NN[1]+sum(NN[3:41)),])))

x.23.score.hat<-t(cov(cbind(x.2.score[1:NN[1],],x.3.score[1:NN[1],]),x.1.score[1:NN[1],]) %*%
solve(var(x.1.score[1:NN[1],])) %*% t(x.1.score[(sum(NN[1:3])+1):(sum(NN[1:3])+NN[5]),]))
x.13.score.hat<-t(cov(cbind(x.1.score[1:NN[1],],x.3.score[1:NN[1],]),x.2.score[1:NN[1],]) %*%

solve(var(x.2.score[1:NN[1],])) %*%

t(x.2.score[(sum(NN[1:2])+NN[4]+1):(sum(NN[1:2])+NN[4]+NN[6]),]))
x.12.score.hat<-t(cov(cbind(x.1.score[1:NN[1],],x.2.score[1:NN[1],]),x.3.score[1:NN[1],]) %*%
solve(var(x.3.score[1:NN[1],])) %*%

t(x.3.score[(NN[1]+sum(NN[3:4])+1):(NN[1]+sum(NN[3:4])+NN[7]),]))
x.1.score_NA<-rbind(x.1.score[1:sum(NN[1:3]),],x.1.score.hat,x.1.score[(sum(NN[1:3])+1):(sum(NN[1:3])+NN[5]),],x.13.score.
hat[,1:k1],x.12.score.hat[,1:k1])
x.2.score_NA<-rbind(x.2.score[1:sum(NN[1:2]),],x.2.score.hat,x.2.score[(sum(NN[1:2])+1):(sum(NN[1:2])+NN[4]),],x.23.score.
hat[,1:k2],

x.2.score[(sum(NN[1:2])+NN[4]+1):(sum(NN[1:2])+NN[4]+NN[6]),],x. 12.score.hat[,(k2+1):(k1+k2)])x.3.score_NA<-rbind(x.3.sc
ore[1:NN[1],],x.3.score.hat,x.3.score[(NN[1]+1):(NN[1]+sum(NN[3:4])),],x.23.score.hat[,(k2+1):(k2+k3)],x.13.score.hat[,(k1+1)
:(k1+k3)],x.3.score[(NN[1]+sum(NN[3:4])+1):(NN[1]+sum(NN[3:4])+NN[7]),])

n_iter=5
for(j in 1:n_iter)
{
x.3.score.hat<-t(cov(x.3.score_NA,cbind(x.1.score_NA,x.2.score_NA)) %*%
solve(var(cbind(x.1.score_NA,x.2.score_NA))) %*% t(cbind(x.1.score_NA,x.2.score_NA)[(NN[1]+1):sum(NN[1:2]),]))
x.2.score.hat<-t(cov(x.2.score_NA,cbind(x.1.score_NA,x.3.score_NA)) %*%
solve(var(cbind(x.1.score_NA,x.3.score_NA))) %*%
t(cbind(x.1.score_NA,x.3.score_NA)[(sum(NN[1:2])+1):sum(NN[1:3]),]))
x.1.score.hat<-t(cov(x.1.score_NA,cbind(x.2.score_NA,x.3.score_NA)) %*%
solve(var(cbind(x.2.score_NA, x.3.score_NA))) %*%
t(cbind(x.2.score_NA x.3.score_NA)[(sum(NN[1:3])+1):sum(NN[1:4]),]))
x.23.score.hat<-t(cov(cbind(x.2.score_NA,x.3.score_NA),x.1.score_NA) %*%
solve(var(x.1.score_NA)) %*%
t(x.1.score_NA[(sum(NN[1:4])+1):sum(NN[1:5]),]))

x.13.score.hat<-t(cov(cbind(x.1.score_NA,x.3.score_NA),x.2.score_NA) %*%



solve(var(x.2.score_NA)) %*%
t(x.2.score_NA[(sum(NN[1:5])+1):sum(NN[1:6]),]))
x.12.score.hat<-t(cov(cbind(x.1.score_NA x.2.score_NA),x.3.score_NA) %*%
solve(var(x.3.score_NA)) %*%
t(x.3.score_NA[(sum(NN[1:6])+1):sum(NN[1:7]),]))
x.1.score_NA<-rbind(x.1.score[1:sum(NN[1:3]),],
x.1.score.hat,
x.1.score[(sum(NN[1:3])+1):(sum(NN[1:3])+NN[5]),],
x.13.score.hat[,1:k1],
x.12.score.hat[,1:k1])
x.2.score_NA<-rbind(x.2.score[1:sum(NN[1:2]),],
x.2.score.hat,
x.2.score[(sum(NN[1:2])+1):(sum(NN[1:2])+NN[4]),],
x.23.score.hat[,1:k2],
x.2.score[(sum(NN[1:2])+NN[4]+1):(sum(NN[1:2])+NN[4]+NN[6]),],
x.12.score.hat[,(k2+1):(k1+k2)])
x.3.score_NA<-rbind(x.3.score[1:NN[1],],
x.3.score.hat,
x.3.score[(NN[1]+1):(NN[1]+sum(NN[3:4])).],
x.23.score.hat[,(k2+1):(k2+k3)],
x.13.score.hat[,(k1+1):(k1+k3)],
x.3.score[(NN[1]+sum(NN[3:4])+1):(NN[1]+sum(NN[3:4])+NN[7]),])
}
return(list(x.1.score_NA, x.2.score_NA, x.3.score_NA))
}
### The function "Imputing_data_MBI_setting2" is using the multiple block-wise imputation method for univariate principal
component scores. ##H#
Imputing_data_MBI_setting2<-function(NN, x_std, x.1.score_NA, x.2.score_NA, x.3.score_NA)
#iH# X_{m(2)} = X_{2,3} ##t#
x.3.score.hat1 = matrix(0,NN[2] ,k3)
for(i in 1:k3){
fit = Im(x.3.score_NA[1:NN[11,i]~.,
data = as.data.frame(cbind(x.1.score_NA[1:NN[1],],x.2.score_NA[1:NN[1],])))
x.3.score.hat1[,i] =
cbind(rep(1,NN[2]),x.1.score_NA[(NN[1]+1):sum(NN[1:2]),],x.2.score_NA[(NN[1]+1):sum(NN[1:2]),])%* %fitcoefficients
}
x.3.score.hat2 = matrix(0,NN[2],k3)
for(i in 1:k3){
fit = Im(cbind(x.3.score_NA[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:3])),i])~.,
data = as.data.frame(cbind(x.1.score_NA[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:3])).])))
x.3.score.hat2[,i] = cbind(rep(1,NN[2]),x.1.score_NA[(NN[1]+1):sum(NN[1:2]),]) %*%fitScoefficients
}
x.3.score.hat3 = matrix(0,NN[2],k3)
for(i in 1:k3){
fit = Im(cbind(x.3.score_NA[c(1:NN[1],(sum(NN[1:3])+1):sum(NN[1:4])),i])~.,
data = as.data.frame(cbind(x.2.score_NA[c(1:NN[1],(sum(NN[1:3])+1):sum(NN[1:4])).])))
x.3.score.hat3][,i] = cbind(rep(1,NN[2]),x.2.score_NA[(NN[1]+1):sum(NN[1:2]),]) %* %fitScoefficients
}
x.3.score_NA[(NN[1]+1):sum(NN[1:2]),] =

(x.3.score.hat1 + x.3.score.hat2 + x.3.score.hat3) / 3

#iH# X_{m(3)} = X_{3,2} ###
x.2.score.hat1 = matrix(0,NN[3],k2)



for(i in 1:k2){
fit = Im(x.2.score_NA[1:NN[11],i]~.,
data = as.data.frame(cbind(x.1.score_NA[1:NN[1],],x.3.score_NA[1:NN[1],])))
x.2.score.hat1[,i] =
cbind(rep(1,NN[3]),x.1.score_NA[(sum(NN[1:2])+1):sum(NN[1:3]),],x.3.score_NA[(sum(NN[1:2])+1):sum(NN[1:3]),])%* %fit$co
efficients
}
x.2.score.hat2 = matrix(0,NN[3],k2)
for(i in 1:k2){
fit = Im(cbind(x.2.score_NA[1:sum(NN[1:2]),i])~.,
data = as.data.frame(cbind(x.1.score_NA[1:sum(NN[1:2]),])))
x.2.score.hat2[,i] = cbind(rep(1,NN[3]),x.1.score_NA[(sum(NN[1:2])+1):sum(NN[1:3]),])%* %fit$coefficients
}
x.2.score.hat3 = matrix(0,NN[3],k2)
for(i in 1:k2){
fit = Im(cbind(x.2.score_NA[c(1:NN[1],(sum(NN[1:3])+1):sum(NN[1:4])),i])~.,
data = as.data.frame(cbind(x.3.score_NA[c(1:NN[1],(sum(NN[1:3])+1):sum(NN[1:4])),])))
x.2.score.hat3][,i] = cbind(rep(1,NN[3]),x.3.score_NA[(sum(NN[1:2])+1):sum(NN[1:3]),])%* %fit$coefficients
}
x.2.score_NA[(sum(NN[1:2])+1):sum(NN[1:3]),] =
(x.2.score.hat1 + x.2.score.hat2 + x.2.score.hat3) / 3
#iHE X_{m(4)} = X_{4,1} #it#
x.1.score.hat1 = matrix(0,NN[4] k1)
for(i in 1:k1){
fit = Im(x.1.score_NA[1:NN[11,i]~.,
data = as.data.frame(cbind(x.2.score_NA[1:NN[1],],x.3.score_NA[1:NN[1],])))
x.1.score.hat1[,i] =
cbind(rep(1,NN[4]),x.2.score_NA[(sum(NN[1:3])+1):sum(NN[1:4]),],x.3.score_NA[(sum(NN[1:3])+1):sum(NN[1:4]),]) %* %fitco
efficients
}
x.1.score.hat2 = matrix(0,NN[4],k1)
for(i in 1:k1){
fit = Im(cbind(x.1.score_NA[1:sum(NN[1:2]),i])~.,
data = as.data.frame(cbind(x.2.score_NA[1:sum(NN[1:2]),])))
x.1.score.hat2[,i] = cbind(rep(1,NN[4]),x.2.score_NA[(sum(NN[1:3])+1):sum(NN[1:4]),]) %*%fit$coefficients
}
x.1.score.hat3 = matrix(0,NN[4] k1)
for(i in 1:k1){
fit = Im(cbind(x.1.score_NA[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:3])),i])~.,
data = as.data.frame(cbind(x.3.score_NA[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:3])),]1)))
x.1.score.hat3][,i] = cbind(rep(1,NN[4]),x.3.score_NA[(sum(NN[1:3])+1):sum(NN[1:4]),])%* %fit$coefficients
}
x.1.score.hat =
t(cov(x.1.score_NA[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:3])),],cbind(x.3.score_NA[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:3
M) %*%
solve(var(cbind(x.3.score_NA[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:3])),]))) %*%
t(cbind(x.3.score_NA[(sum(NN[1:3])+1):sum(NN[1:4]),])))
x.1.score_NA[(sum(NN[1:3])+1):sum(NN[1:4]),] =
(x.1.score.hat1 + x.1.score.hat2 + x.1.score.hat3) / 3
### X_{m(5)} = X_{5,2} and x_{5,3} ###
x.23.score.hat = matrix(0,NN[5],(k2+k3))
for(i in 1:k2){
fit = Im(cbind(x.2.score_NA[1:NN[1],i])~.,



data = as.data.frame(cbind(x.1.score_NA[1:NN[1],])))
x.23.score.hat[,i] = cbind(rep(1,NN[5]),x.1.score_NA[(sum(NN[1:4])+1):sum(NN[1:5]),])%* %fitcoefficients
}
for(i in 1:k3){
fit = Im(cbind(x.3.score_NA[1:NN[1],i])~.,
data = as.data.frame(cbind(x.1.score_NA[1:NN[1],])))
x.23.score.hat[,(k2+i)] = cbind(rep(1,NN[5]),x.1.score_NA[(sum(NN[1:4])+1):sum(NN[1:5]),])%*%fit$coefficients

}

x.2.score_NA[(sum(NN[1:4])+1):sum(NNI[1:5]),] = x.23.score.hat[,1:k2]

x.3.score_NA[(sum(NN[1:4])+1):sum(NN[1:5]),] = x.23.score.hat[,(k2+1):(k2+k3)]

#i# X_{m(6)} = X_{6,1} and x_{6,3} ###

x.13.score.hat = matrix(0,NN[6],(k1+k3))

for(i in 1:k1){

fit = Im(cbind(x.1.score_NA[1:NN[1],i])~.,
data = as.data.frame(cbind(x.2.score_NA[1:NN[1],])))
x.13.score.hat[,i] = cbind(rep(1,NN[6]),x.2.score_NA[(sum(NN[1:5])+1):sum(NN[1:6]),])%* %fitcoefficients
}
for(i in 1:k3){
fit = Im(cbind(x.3.score_NA[1:NN[1],i])~.,
data = as.data.frame(cbind(x.2.score_NA[1:NN[1],])))
x.13.score.hat[,(k1+i)] = cbind(rep(1,NN[6]),x.2.score_NA[(sum(NN[1:5])+1):sum(NN[1:6]),])%* %fitcoefficients

}

x.1.score_NA[(sum(NN[1:5])+1):sum(NN[1:6]),] = x.13.score.hat[,1:k1]

x.3.score_NA[(sum(NN[1:5])+1):sum(NN[1:6]),] = x.13.score.hat[,(k1+1):(k1+k3)]

#i# X _{m(7)} = X _{7,1} and x_{7,2} ###

x.12.score.hat = matrix(0,NN[7],(k1+k2))

for(i in 1:k1){

fit = Im(cbind(x.1.score_NA[1:NN[1],i])~.,
data = as.data.frame(cbind(x.3.score_NA[1:NN[1],])))
x.12.score.hatl,i] = cbind(rep(1,NN[7]),x.3.score_NA[(sum(NN[1:6])+1):sum(NN[1:7]),]) %*%fit$coefficients
}
for(i in 1:k2){
fit = Im(cbind(x.2.score_NA[1:NN[1],i])~.,
data = as.data.frame(cbind(x.3.score_NA[1:NN[1],])))
x.12.score.hat[,(k1+i)] = cbind(rep(1,NN[7]),x.3.score_NA[(sum(NN[1:6])+1):sum(NN[1:7]),]) %*%fit$coefficients

}

x.1.score_NA[(sum(NN[1:6])+1):sum(NN[1:7]),] = x.12.score.hat[,1:k1]

x.2.score_NA[(sum(NN[1:6])+1):sum(NN[1:7]),] = x.12.score.hat[,(k1+1):(k1+k2)]

return(list(x.1.score_NA, x.2.score_NA, x.3.score_NA))

}

##Ht Function "MCCA_complete_data_setting2" is used to conduct multi-set canonical correlation analysis on complete data
and construct canonical scores. ##H#

MCCA_complete_data_setting2<-function(NN, N, T1, T2, T3, x_std, t.1h, t.2h, t.3h){

#HHHH Computing the FPC scores and curves for each data source by SVD method #HHHEHEHEHHE
s1<-svd(x_std[c(1:sum(NN[1:3]),(sum(NN[1:4])+1):sum(NN[1:5])),1: T1)/sqrt(sum(NN[c(1:3,5)]))) ## SVD for x.1 on the
observed data NN[1,2,3,5]

phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5) ## The univariate FPC
curves of x.1 with order k1*T1

x.1.score<-x_std[c(1:sum(NN[1:3]),(sum(NN[1:4])+1):sum(NN[1:5])),1:T1] %*% t(phi.1.hat) * (t.1h/T1)## The univariate
FPC scores of x.1

x.1.score_NA <- matrix(NA,N,k1)

x.1.score_NA[1:sum(NN[1:3]),] <- x.1.score[1:sum(NN[1:3]),]

x.1.score_NA[(sum(NN[1:4])+1):(sum(NN[1:5])),] <- x.1.score[(sum(NN[1:3])+1):(sum(NN[1:3])+NN[5]),]



s2<-svd(x_std[c(1:sum(NN[1:2]),(sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:6])),(T1+1):(T1+T2)]/sqrt((sum(
NN[c(1:2,4,6)]))))## SVD for x.2 on the observed data NN[1,2,4,6]

phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5) ## The univariate FPC curves of x.2 with order
k2*T2
x.2.score<-x_std[c(1:sum(NN[1:2]),(sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:6])),(T1+1):(T1+T2)]  %*%
t(phi.2.hat) * (t.2h/T2) #The univariate FPCA of x.2

x.2.score_NA <- matrix(NA, N, k2)

x.2.score_NA[1:sum(NN[1:2]),] <- x.2.score[1:sum(NN[1:2]),]

x.2.score_NA[(sum(NN[1:3])+1):(sum(NN[1:4])),] <- x.2.score[(sum(NN[1:2])+1):(sum(NN[1:2])+NN[4]),]

x.2.score_NA[(sum(NN[1:5])+1):(sum(NN[1:6])),] <- x.2.score[(sum(NN[1:2])+NN[4]+1):(sum(NN[1:2])+NN[4]+NNI[6]),]
s3<-svd(x_std[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:4]),(sum(NN[1:6])+1):sum(NN[1:7])),(T1+T2+1):(T1+T2+T3)}/sqrt((NN[1
]+sum(NN[3:4])+NN[7])))## SVD for x.3 on the observed data NN[1,3,4,7]

phi.3.hat<-t(s3$v[,1:k3]) * (t.3n/T3)*(-0.5) ## The univariate FPC curves of x.3 with order
k3*T3
x.3.score<-x_std[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:4]),(sum(NN[1:6])+1):sum(NN[1:7])),(T1+T2+1):(T1+T2+T3)] %*%
t(phi.3.hat) * (t.3h/T3) #The univariate FPCA of x.3

x.3.score_NA <- matrix(NA, N, k3)

x.3.score_NA[1:NN[1],] <- x.3.score[1:NN[1],]

x.3.score_NA[(sum(NN[1:2])+1):(sum(NN[1:4])),] <- x.3.score[(NN[1]+1):(NN[1]+sum(NN[3:4])),]

x.3.score_NA[(sum(NN[1:6])+1):(sum(NN[1:7])),] <- x.3.score[(NN[1]+sum(NN[3:4])+1):(NN[1]+sum(NN[3:4])+NN[7]),]

#HHHH The end of Computing the FPC scores and curves for each data source by SVD method ##HHHHHHHHEHHE

HHiHHHHAH The multivariate FPCA of x.1,x.2 and x.3 on the complete-data ##HH#HHHHE

score<-cbind(x.1.score[1:NN[1],],x.2.score[1:NN[1],],x.3.score[1:NN[1],]) ##  N1*(k1+k2+k3)

z.hat<-t(score) %*% score /(NN[1]-1)

psi.1.hat<-t(eigen(z.hat)$vec[1:k1,1:(k1+k2+k3)]) %*% phi.1.hat ## The estimated Multivariate FPC
eigenfunctions of x.1 with order (k1+k2+k3)*T1
psi.2.hat<-t(eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2+k3)]) %*% phi.2.hat ## The estimated Multivariate FPC

eigenfunctions of x.1 with order (k1+k2+k3)*T2
psi.3.hat<-t(eigen(z.hat)$vec[(k1+k2+1):(k1+k2+k3),1:(k1+k2+k3)]) %*% phi.3.hat ## The estimated Multivariate FPC
eigenfunctions of x.1 with order (k1+k2+k3)*T3

HHiHHHHEH The multivariate FPCA of x.1 and x.2 on the complete-data ###H#HHHHH#
Z1 =x.1.score[1:NN[1],]
Z2 = x.2.score[1:NN[1],]
Z3 = x.3.score[1:NN[1],]
Omegal = Z1%*%solve(t(Z1)%*%Z1)%*%t(Z1)
Omega2 = Z22%*%solve(t(Z2)%*%Z2)%* %t(Z2)
Omega3 = Z3%*%solve(t(Z3)%*%Z3)%*%t(Z3)
evd = eigen(Omegal + Omega2 + Omega3)
f.hat = evd$vectors[,1:M0]
return(list(psi.1.hat,psi.2.hat,psi.3.hat,
x.1.score_NA x.2.score_NA, x.3.score_NA,
x.1.score,x.2.score,x.3.score,f.hat))
}
#HHt Function "MCCA_setting2" is used to conduct multi-set canonical correlation analysis on all data and construct canonical
scores. #Ht
MCCA _setting2 <- function(x, k1, k2, k3, t.1h, t.2h, t.3h){
R R R
###HH# Computing the FPC scores and curves for each data source by SVD method ##HHHHHIEHEHHE
s1<-svd(x[,1:T1]/sqrt(N))
phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5)
x.1.score<-x[,1:T1] %*% t(phi.1.hat) * (t.1h/T1) #The univariate FPCA of x.1
s2<-svd(x[,(T1+1):(T1+T2)}/sqrt(N))



phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5)

x.2.score<-x[,(T1+1):(T1+T2)] %*% t(phi.2.hat) * (.2h/T2) #The univariate FPCA of x.2

s3<-svd(x[,(T1+T2+1):(T1+T2+T3)]/sqrt(N))

phi.3.hat<-t(s3$v[,1:k3]) * (t.3h/T3)*(-0.5)

x.3.score<-x[,(T1+T2+1):(T1+T2+T3)] %*% t(phi.3.hat) * (t.3h/T3) #The univariate FPCA of x.3

##### The end of Computing the FPC scores and curves for each data source by SVD method #HHEHHEHHHHHEH

R

R R R

###H Computing the Canonical scores #HHHHHHHEHHHE

Z1 =x.1.score

Z2 = x.2.score

Z3 = x.3.score

Omegal = Z1%*%ginv(t(Z1)%*%Z1)%*%t(Z1)

Omega2 = Z2%*%ginv(t(Z2)%*%Z2)%*%t(Z2)

Omega3 = Z3%*%ginv(t(Z3)%*%Z3)%*%t(Z3)

evd = eigen(Omega1 + Omega2 + Omega3)

f.hat = evd$vectors[,1:M0]

#H#H#HThe end of Computing the Canonical scores #HH#HHHHHHIHHE

R R R

return(list(f.hat))

}

##Ht Function "MFPCA_complete_data_setting2" is used to conduct multi-source functional principal component analysis on
complete data and construct multi-source principal component scores. ###

MFPCA_complete_data_setting2<-function(NN, N, T1, T2, T3, x_std, t.1h, t.2h, t.3h){

###H Computing the FPC scores and curves for each data source by SVD method ###HHHHH#HEHHE
s1<-svd(x_std[c(1:5sum(NN[1:3]),(sum(NN[1:4])+1):sum(NN[1:5])),1:T1])/sqrt(sum(NN[c(1:3,5)]))) ## SVD for x.1 on the
observed data NN[1,2,3,5]

phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5) ## The univariate FPC
curves of x.1 with order k1*T1

x.1.score<-x_std[c(1:sum(NN[1:3]),(sum(NN[1:4])+1):sum(NN[1:5])),1:T1] %*% t(phi.1.hat) * (t.1h/T1)}## The univariate
FPC scores of x.1

x.1.score_NA <- matrix(NA,N,k1)

x.1.score_NA[1:sum(NN[1:3]),] <- x.1.score[1:sum(NN[1:3]),]

x.1.score_NA[(sum(NN[1:4])+1):(sum(NN[1:5])),] <- x.1.score[(sum(NN[1:3])+1):(sum(NN[1:3])+NN[5]),]
s2<-svd(x_std[c(1:sum(NN[1:2]),(sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:6])),(T1+1):(T1+T2)]/sqrt((sum(
NN[c(1:2,4,6)]))))## SVD for x.2 on the observed data NN[1,2,4,6]

phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5) ## The univariate FPC curves of x.2 with order
k2*T2

x.2.score<-x_std[c(1:sum(NN[1:2]),(sum(NN[1:3])+1):sum(NN[1:4]),(sum(NN[1:5])+1):sum(NN[1:6])),(T1+1):(T1+T2)] %*%
t(phi.2.hat) * (t.2h/T2) #The univariate FPCA of x.2

x.2.score_NA <- matrix(NA, N, k2)

x.2.score_NA[1:sum(NN[1:2]),] <- x.2.score[1:sum(NN[1:2]),]

x.2.score_NA[(sum(NN[1:3])+1):(sum(NN[1:4])),] <- x.2.score[(sum(NN[1:2])+1):(sum(NN[1:2])+NN[4]),]

x.2.score_NA[(sum(NN[1:5])+1):(sum(NN[1:6])),] <- x.2.score[(sum(NN[1:2])+NN[4]+1):(sum(NN[1:2])+NN[4]+NN[6]),]
s3<-svd(x_std[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:4]),(sum(NN[1:6])+1):sum(NN[1:7])),(T1+T2+1):(T1+T2+T3)}/sqrt((NN[1
]+sum(NN[3:4])+NN[7])))## SVD for x.3 on the observed data NN[1,3,4,7]

phi.3.hat<-t(s3$v[,1:k3]) * (t.3h/T3)*(-0.5) ## The univariate FPC curves of x.3 with order
k3*T3
x.3.score<-x_std[c(1:NN[1],(sum(NN[1:2])+1):sum(NN[1:4]),(sum(NN[1:6])+1):sum(NN[1:7])),(T1+T2+1):(T1+T2+T3)]  %*%
t(phi.3.hat) * (t.3h/T3) #The univariate FPCA of x.3

x.3.score_NA <- matrix(NA, N, k3)

x.3.score_NA[1:NN[1],] <- x.3.score[1:NN[1],]

x.3.score_NA[(sum(NN[1:2])+1):(sum(NN[1:4])),] <- x.3.score[(NN[1]+1):(NN[1]+sum(NN[3:4])),]



x.3.score_NA[(sum(NN[1:6])+1):(sum(NN[1:7])),] <- x.3.score[(NN[1]+sum(NN[3:4])+1):(NN[1]+sum(NN[3:4])+NN[7]),]
####H The end of Computing the FPC scores and curves for each data source by SVD method #HHHEHHHHHHHE
HiHHHHEH The multivariate FPCA of x.1,x.2 and x.3 on the complete-data ###HHHEHH
score<-cbind(x.1.score[1:NN[1],],x.2.score[1:NN[1],],x.3.score[1:NN[1],]) #  N1*(k1+k2+k3)

z.hat<-t(score) %*% score /(NN[1]-1)

psi.1.hat<-t(eigen(z.hat)$vec[1:k1,1:(k1+k2+k3)]) %*% phi.1.hat ## The estimated Multivariate FPC
eigenfunctions of x.1 with order (k1+k2+k3)*T1
psi.2.hat<-t(eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2+k3)]) %*% phi.2.hat ## The estimated Multivariate FPC

eigenfunctions of x.1 with order (k1+k2+k3)*T2
psi.3.hat<-t(eigen(z.hat)$vec[(k1+k2+1):(k1+k2+k3),1:(k1+k2+k3)]) %*% phi.3.hat ## The estimated Multivariate FPC
eigenfunctions of x.1 with order (k1+k2+k3)*T3
rho.hat_std_com_t<-x.1.score[1:NN[1],]%*% eigen(z.hat)$vec[1:k1,1:(k1+k2+k3)] +
x.2.score[1:NN[1],] %*% eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2+k3)] +
x.3.score[1:NN[1],] %*% eigen(z.hat)$vec[(k1+k2+1):(k1+k2+k3),1:(k1+k2+k3)|# The estimated
multivariate FPC scores of the complete-data
rho.hat_std_com<-scale(rho.hat_std_com_t)[,1:M0]
return(list(psi.1.hat,psi.2.hat,psi.3.hat,
x.1.score_NA x.2.score_NA,x.3.score_NA,
x.1.score,x.2.score,x.3.score,rho.hat_std_com))
}
### Function "MFPCA_setting2" is used to conduct multi-source functional principal component analysis on all data and
construct multi-source principal component scores. ##H#
MFPCA_setting2 <- function(x_co, k1, k2, k3, t.1h, t.2h, t.3h){
R R R
###H Computing the FPC scores and curves for each data source by SVD method ###HHHHEHEHHE
s1<-svd(x_co[,1:T1]/sqrt(N))
phi.1.hat<-t(s1$v[,1:k1]) * (t.1h/T1)*(-0.5)
x.1.score<-x_co[,1:T1] %*% t(phi.1.hat) * (t.1h/T1) #The univariate FPCA of x.1
s2<-svd(x_co[,(T1+1):(T1+T2)]/sqrt(N))
phi.2.hat<-t(s2$v[,1:k2]) * (t.2h/T2)*(-0.5)
x.2.score<-x_co[,(T1+1):(T1+T2)] %*% t(phi.2.hat) * (t.2h/T2) #The univariate FPCA of x.2
s3<-svd(x_co[,(T1+T2+1):(T1+T2+T3))/sqrt(N))
phi.3.hat<-t(s3$v[,1:k3]) * (t.3h/T3)*(-0.5)
x.3.score<-x_co[,(T1+T2+1):(T1+T2+T3)] %*% t(phi.3.hat) * (t.3h/T3) #The univariate FPCA of x.3
#HHHHE The end of Computing the FPC scores and curves for each data source by SVD method #HHHHHHHHEHEE
HHHH R A A R
R R T
#H#HH Computing the Multi-source FPC scores and curves by the method in Ma's paper###iHHHHEH#
score<-cbind(x.1.score,x.2.score,x.3.score)
z.hat<-t(score) %*% score /(NN[1]-1)
psi.hat.1<-t(eigen(z.hat)$vec[1:k1,1:(k1+k2+k3)]) %*% phi.1.hat ## The estimated Multivariate FPC eigenfunctions of x.1
with order (k1+k2+k3)*T1
psi.hat.2<-t(eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2+k3)]) %*% phi.2.hat### The estimated Multivariate FPC
eigenfunctions of x.2 with order (k1+k2+k3)*T2
psi.hat.3<-t(eigen(z.hat)$vec[(k1+k2+1):(k1+k2+k3),1:(k1+k2+k3)]) %*% phi.3.hat## The estimated Multivariate FPC
eigenfunctions of x.3 with order (k1+k2+k3)*T3
rho_std_temp<-x.1.score%*% eigen(z.hat)$vec[1:k1,1:(k1+k2+k3)] +
x.2.score %*% eigen(z.hat)$vec[(k1+1):(k1+k2),1:(k1+k2+k3)] +
x.3.score %*% eigen(z.hat)$vec[(k1+k2+1):(k1+k2+k3),1:(k1+k2+k3)]
## The estimated multivariate FPC scores with order N*(k1+k2+k3) of the complete-data
rho_std<-scale(rho_std_temp)[,1:M0]
#HHHH#The end of Computing the Multi-source FPC scores and curves by the method in Ma's paper#iHiHtHHiHH
R R R



return(list(rho_std, psi.hat.1, psi.hat.2, psi.hat.3))
}
4, Setting2(MNAR)
Under the MNAR missing mechanism, we respectively consider the calculation of multi-source functional principal component
score and canonical score of 3-source data (image, curve, curve), as well as the corresponding classification evaluation index.
“N” represents the sample size.
We have two main modules as follows:
"setting_2(CCA)" represents the main program using the FR-CCA method in Setting 2;
"setting_2(PCA)" represents the main program using the FR-PCA method in Setting 2.
The functions used in the main program are all listed after the four main programs.
#HHE Module 1: setting_2(CCA) ###

library(stargazer)

library(funData)

library(caret)

library(MASS)

library(nnet)

N<-300 ## The sample size

T11<-100 ## Image x(1): the sample number of x-axis

T12<-50 ## Image x(1): the sample number of y-axis

T1<-T11*T12 ## The number of sample point of Image x(1)

M11<-5 ## The number of PC scores of x(1) along x-axis

M12<-5 ## The number of PC scores of x(1) along y-axis
M1<-M11*M12 ## The number of PC scores of x(1)

T2<-200 ## The number of sample point of Image x(2)

M2<-25 ## The number of PC scores of x(2)

T3<-200 ## The number of sample point of Image x(3)

M3<-25 ## The number of PC scores of x(3)

k1=10 ## The number of truncated PC scores of x(1) in Ma's paper
k2=10 ## The number of truncated PC scores of x(2) in Ma's paper
k3=10 ## The number of truncated PC scores of x(3) in Ma's paper

gamma1i<-0.3

gamma2<-0.3

## The coefficient in generating MFPC curves

## Regression coefficient vector

alpha1<-rep(0,10)

alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*¢(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)

M<-length(alpha1)

sd <-0.2

## The number of mulrivariate truncated PC scores in Happ's paper

## The standard deviation of error in the regression model

## miss_ratio<-0 ##

gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(0, (T1+T2+T3))
gam2.1 =rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(0, (T1+T2+T3))
gam3.1 = rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(0, (T1+T2+T3))
## miss_ratio<-0.2 ##

gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(7/153, (T1+T2+T3))

gam2.1 = rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(1/54, (T1+T2+T3))

gam3.1 =rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(7/153, (T1+T2+T3))

## miss_ratio<-0.6 ##



gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(7/23, (T1+T2+T3))
gam2.1 =rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(1/14, (T1+T2+T3))
gam3.1 =rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(7/23, (T1+T2+T3))
## miss_ratio<-0.9 ##

gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(21/4, (T1+T2+T3))
gam2.1 =rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(3/22, (T1+T2+T3))
gam3.1 =rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(21/4, (T1+T2+T3))
Iter.times<-300

setwd("C:/Users/pc/Desktop/Logistic/Setting2(MNAR)/")

B R R
#HHHHH#E Generating the eigenfunctions of setting 3 ##HHHH
source("generate_eigenfunction_setting2.R")

temp1 <- generate_eigenfunction_setting2(N, M11, T11, M12, T12, M2, T2, M3, T3)
t.11 <- temp1[[1]]

t.12 <- temp1[[2]]
t.2 <- temp1[[3]]
t.3 <- temp1[[4]]
phi.1 <- temp1[[5]]
phi.2 <- temp1[[6]]
phi.3 <- temp1[[7]]
t.1h <- temp1[[8]]
t.2h <- temp1[[9]]
t.3h <- temp1[[10]]

#HHHHH#  The end of Generating the eigenfunctions of setting 3 ##H#H#HHE
T A R R R R T
HEHHEHHE generating data #HHHEHHEHHEHHHEHHEE
psi.1_std<-psi.2_std<-psi.3_std<-rho_std<-f.hat_com<-y<-x_std<-vector(list'Iter.times)
source("generate_data_setting2.R")
for (times in 1:lter.times) {

temp1 <- generate_data_setting2(phi.1, phi.2, phi.3, alpha1, alpha2, alpha3, sd, gamma1, gamma2)

rho_std[[times]] <- temp1[[1]]

x_std[[times]] <- temp1[[2]]

y[[times]] <- temp1[[3]]

psi.1_std[[times]] <-temp1[[4]]

psi.2_std[[times]] <-temp1[[5]]

psi.3_std[[times]] <-temp1[[6]]
}
H#iHHHHHH The end of generating data ###HEHHH
T A R R R R T
HHHHHAHE generating missing pattern #HHHHEHIHHEHHHHHHHEHHE
source("generate_missing_pattern.R")
for (times in 1:lter.times){

temp2 <- generate_missing_pattern(rho_std[[times]], x_std[[times]], y[[times]])

NN <- temp2[[1]]

rho_std[[times]] <- temp2[[2]]

x_std[[times]] <- temp2[[3]]

y[[times]] <- temp2[[4]]



}
#HHHHEHHE The end of generating missing pattern ###HH{#HH

M0=10
B R R
HHHHHHHEHE missing rate = O #HHHHHHHHHEHEHHEHHEHE
source("MCCA _setting2.R")
for (times in 1:lter.times){
temp2 <- MCCA _setting2(x_std[[times]], k1, k2, k3, t.1h, t.2h, t.3h)
f.hat_com[[times]] <- temp2[[1]]
}
Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-array()
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp5 <- Factor_regression_Imputed_CCA(f.hat_com[[times]][1:NN[1],1:M0], alpha2, alpha3, y[[times]][1:NN[1]])
Accuracy_com[times] <- temp5[[1]]

Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com[times] <- temp5[[5]]

}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com)),6)
print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HEHHAHHI The end of missing rate = O #HHHHHEHHEHHIHHHHEHHE
MO0=10
B R R R
HHHHHHHH# MCCA _complete_data #H#HiHIHHE
psi.1.hat<-psi.2.hat<-psi.3.hat<-
x.1.score<-x.2.score<-x.3.score<-
X.1.score_NA<-x.2.score_NA<-x.3.score_NA<-
f.hat_com<-vector('list',Iter.times )
source("MCCA _complete_data_setting2.R")
for (times in 1:lter.times){
same<-MCCA_complete_data_setting2(NN, N, T1, T2, T3, x_std[[times]], t.1h, t.2h, t.3h)

psi.1.hat[[times]] <-same[[1]]

psi.2.hat[[times]] <-same[[2]]
psi.3.hat[[times]] <-same[[3]]
x.1.score_NA[[times]] <-same[[4]]
x.2.score_NA[[times]] <-same[[5]]
x.3.score_NA[[times]] <-same[[6]]
x.1.score[[times]] <-same[[7]]
x.2.score[[times]] <-same[[8]]
x.3.score[[times]] <-same[[9]]
f.hat_com|[[times]] <-same[[10]]

}
HEHHEHHA The end of MCCA_complete_data ##HHHHEHHE

B R R R
H##HHHAHE Factor regression based on the CMI method ###H####HE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-array()
x.1.score.hat<-x.2.score.hat<-x.3.score.hat<-f.hat_CMI<-vector('list',Iter.times)
source("Imputing_data_CMI_setting2.R")

for (times in 1:lter.times) {



temp1 <- Imputing_data_CMI_setting2(NN, y[[times]], x.1.score[[times]], x.2.score[[times]], x.3.score[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]

}

source("Construct_factor_CCA.R")

for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],psi.3.hat[[times]],

x.1.score.hat[[times]], x.2.score.hat[[times]], x.3.score.hat[[times]])

f.hat_CMI[[times]] <- temp2[[1]]

}

source("Factor_regression_Imputed_CCA.R")

for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(Re(f.hat_CMI[[times]][,1:M0]), alpha2, alpha3, y[[times]])
Accuracy_CMI[times] <- temp3[[1]]

Precision_CMI[times] <- temp3[[2]]
Recall_CMI[times] <- temp3[[3]]
F1_CMil[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]

}
H#HHHHHAH The end of factor regression based on the CMI method ##HHEHHHE
B R R R
H#HHHHHAHE Factor regression based on the MBI method #H##HE#HHEHE
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-array()
x.1.score.hat<-x.2.score.hat<-x.3.score.hat<-f.hat_MBI<-vector('list',Iter.times)
source("Imputing_data_MBI_setting2.R")
for (times in 1:lter.times) {
temp1 <- Imputing_data_MBI_setting2(NN, y[[times]], x.1.score_NA][[times]], x.2.score_NA[[times]], x.3.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]
}
source("Construct_factor_CCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_CCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]],psi.3.hat[[times]],
x.1.score.hat[[times]], x.2.score.hat[[times]], x.3.score.hat[[times]])
f.hat_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_CCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_CCA(Re(f.hat_MBI[[times]][,1:M0]), alpha2, alpha3, y[[times]])
Accuracy_MBI[times] <- temp3[[1]]

Precision_MBI[times] <- temp3[[2]]

Recall_MBI[times] <- temp3[[3]]

F1_MBlI[times] <- temp3[[4]]

AIC_MBI[times] <- temp3[[5]]
}
H#HHHHHAHE The end of factor regression based on the MBI method ##Ht#HHHHHE
#result----

result <- round(rbind(
c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(F1_CMlI)),
c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(F1_MBI))),4)
print(result)



stargazer(result, title = "Evaluation”,
#HHt Module 2: setting_2(PCA) #Ht
library(stargazer)

align = F, type = "latex")

library(funData)
library(caret)
library(MASS)
library(nnet)
N<-300

## The sample size

T11<-100 ## Image x(1): the sample number of x-axis

T12<-50 ## Image x(1): the sample number of y-axis

T1<-T11*T12 ## The number of sample point of Image x(1)

M11<-5 ## The number of PC scores of x(1) along x-axis

M12<-5 ## The number of PC scores of x(1) along y-axis
M1<-M11*M12 ## The number of PC scores of x(1)

T2<-200 ## The number of sample point of Image x(2)

M2<-25 ## The number of PC scores of x(2)

T3<-200 ## The number of sample point of Image x(3)

M3<-25 ## The number of PC scores of x(3)

k1=10 ## The number of truncated PC scores of x(1) in Ma's paper
k2=10 ## The number of truncated PC scores of x(2) in Ma's paper
k3=10 ## The number of truncated PC scores of x(3) in Ma's paper

gamma1<-0.3

## The coefficient in generating MFPC curves

gammaz2<-0.3

## Regression coefficient vector

alpha1<-rep(0,10)
alpha2<-2*¢(0.972,0.734,0.691,0.541,0.480,0.424,0.331,0.271,0.123,0.0405)
alpha3<-4*c(0.934,0.903,0.815,0.604,0.517,0.447,0.392,0.370,0.345,0.3)
M<-length(alpha1)
sd <-0.2

## miss_ratio<-0 ##
gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(0, (T1+T2+T3))
gam2.1 =rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(0, (T1+T2+T3))
gam3.1 = rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(0, (T1+T2+T3))

## miss_ratio<-0.2 ##

gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(7/153, (T1+T2+T3))
gam2.1 =rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(1/54, (T1+T2+T3))
gam3.1 = rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(7/153, (T1+T2+T3))
## miss_ratio<-0.6 ##

gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(7/23, (T1+T2+T3))
gam2.1 = rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(1/14, (T1+T2+T3))
gam3.1 = rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(7/23, (T1+T2+T3))
## miss_ratio<-0.9 ##

gam1.1 =rep(1, (T1+T2+T3))

gam1.2 = gam1.3 = gam1.4 = gam1.5 = gam1.6 = gam1.7 = rep(21/4, (T1+T2+T3))

## The number of mulrivariate truncated PC scores in Happ's paper

## The standard deviation of error in the regression model



gam2.1 = rep(1, (T1+T2+T3))

gam2.2 = gam2.3 = gam2.4 = gam2.5 = gam2.6 = gam2.7 = rep(3/22, (T1+T2+T3))
gam3.1 =rep(1, (T1+T2+T3))

gam3.2 = gam3.3 = gam3.4 = gam3.5 = gam3.6 = gam3.7 = rep(21/4, (T1+T2+T3))
Iter.times<-300

setwd("C:/Users/pc/Desktop/Logistic/Setting2(MNAR)/")

B R R
#HH#H#  Generating the eigenfunctions of setting 3 ###HHH#
source("generate_eigenfunction_setting2.R")

temp1 <- generate_eigenfunction_setting2(N, M11, T11, M12, T12, M2, T2, M3, T3)

t.11 <- temp1[[1]]
t.12 <- temp1[[2]]
t.2 <- temp1[[3]]
t.3 <- temp1[[4]]
phi.1 <- temp1[[5]]
phi.2 <- temp1[[6]]
phi.3 <- temp1[[7]]
t.1h <- temp1[[8]]
t.2h <- temp1[[9]]
t.3h <- temp1[[10]]

#HHHHH#  The end of Generating the eigenfunctions of setting 3 ##H#H#HHE
B R R R
HHHHHHAHE generating data HHHEHHHHHHHHAHHHHE
psi.1_std<-psi.2_std<-psi.3_std<-rho_std<-rho_std_com<-y<-x_std<-vector('list',Iter.times)
source("generate_data_setting2.R")
for (times in 1:lter.times) {

temp1 <- generate_data_setting2(phi.1, phi.2, phi.3, alpha1, alpha2, alpha3, sd, gamma1, gamma2)

rho_std[[times]] <- temp1[[1]]

x_std[[times]] <- temp1[[2]]

yl[times]] <- temp1[[3]]

psi.1_std[[times]] <-temp1[[4]]

psi.2_std[[times]] <-temp1[[5]]

psi.3_std[[times]] <-temp1[[6]]
}
H#HHHHHAHE The end of generating data #HHHEH
T A R R R R T
HHHHHHAHE generating missing pattern #HHHHEHHHIHHHHHHHHHE
source("generate_missing_pattern.R")
for (times in 1:lter.times){

temp2 <- generate_missing_pattern(rho_std[[times]], x_std[[times]], y[[times]])

NN <- temp2[[1]]

rho_std[[times]] <- temp2[[2]]

x_std[[times]] <- temp2[[3]]

yl[times]] <- temp2[[4]]
}
HHHHHAHE The end of generating missing pattern #HH#HHH
MO0=10

B R R
HHHHHHHR missing rate = O #HHHHEHHHHHAHHHHEHE
source("MFPCA_setting2.R")
for (times in 1:lter.times){
temp2 <- MFPCA_setting2(x_std[[times]], k1, k2, k3, t.1h, t.2h, t.3h)
rho_std_com[[times]]  <-temp2[[1]]



}

Accuracy_com<-Precision_com<-Recall_com<-F1_com<-AlC_com<-mse_alpha2<-mse_alpha3<-array()
alpha2.hat<-alpha3.hat<-vector('list'Iter.times )

source("Factor_regression_Imputed_PCA.R")

for (times in 1:Iter.times){

temp5 <- Factor_regression_Imputed_PCA(rho_std_com|[[times]], alpha2, alpha3, y[[times]][1:NN[1]])

Accuracy_com[times] <- temp5[[1]]
Precision_com[times] <- temp5[[2]]
Recall_coml[times] <- temp5[[3]]
F1_com[times] <- temp5[[4]]
AIC_com[times] <- temp5[[5]]
alpha2.hat[[times]] <- temp5[[6]]
alpha3.hat[[times]] <- temp5[[7]]
mse_alpha2[times] <- temp5[[8]]
mse_alpha3[times] <- temp5[[9]]

}
result_com <- round(c(mean(Accuracy_com),sd(Accuracy_com),
mean(Precision_com),mean(Recall_com),mean(F1_com),
mean(mse_alpha2),sd(mse_alpha2),
mean(mse_alpha3),sd(mse_alpha3)),6)
print(result_com)
stargazer(result_com, title = "Evaluation”, align = F, type = "latex")
HHHHHARH The end of missing rate = O #HHHHEHHHEHHHHHHHHHE
M0=10
B R R R R
HHHHHAHH# MFPCA_complete_data ##HHHHHHE
psi.1.hat<-psi.2.hat<-psi.3.hat<-
x.1.score<-x.2.score<-x.3.score<-
X.1.score_NA<-x.2.score_NA<-x.3.score_NA<-
rho.hat_std_com<-vector('list',Iter.times )
source("MFPCA_complete_data_setting2.R")
for (times in 1:lter.times){
same<-MFPCA_complete_data_setting2(NN, N, T1, T2, T3, x_std[[times]], t.1h, t.2h, t.3h)

psi.1.hat[[times]] <-same[[1]]

psi.2.hat[[times]] <-same[[2]]

psi.3.hat[[times]] <-same[[3]]

x.1.score_NA[[times]] <-same[[4]]
x.2.score_NA[[times]] <-same[[5]]
x.3.score_NA[[times]] <-same[[6]]
x.1.score[[times]] <-same[[7]]
x.2.score[[times]] <-same[[8]]
x.3.score[[times]] <-same[[9]]

rho.hat_std_com([[times]] <-same[[10]]
}
#HHHHEHHA The end of MFPCA_complete_data ##HHH#HHHHE
B R R R R
H#i#HHHAHE Factor regression based on the CMI method ##H#HE#HHHE
Accuracy_CMI<-Precision_CMI<-Recall_CMI<-F1_CMI<-AIC_CMI<-
mse_alpha2_CMI<-mse_alpha3_CMI<-array()
X.1.score.hat<-x.2.score.hat<-x.3.score.hat<-rho.hat_std_CMI<-
alpha2.hat_CMI<-alpha3.hat_CMI<-vector(list'Iter.times)
source("Imputing_data_CMI_setting2.R")

for (times in 1:lter.times) {



temp1 <- Imputing_data_CMI_setting2(NN, y[[times]], x.1.score[[times]], x.2.score[[times]], x.3.score[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]

}

source("Construct_factor_PCA.R")

for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]], psi.3.hat[[times]],

x.1.score.hat[[times]], x.2.score.hat[[times]], x.3.score.hat[[times]])

rho.hat_std_CMI[[times]]  <- temp2[[1]]

}

source("Factor_regression_Imputed_PCA.R")

for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_CMI[[times]], alpha2, alpha3, y[[times]])
Accuracy_CMI[times] <- temp3[[1]]

Precision_CMI[times] <- temp3[[2]]
Recall_CMI[times] <- temp3[[3]]
F1_CMil[times] <- temp3[[4]]
AIC_CMl[times] <- temp3[[5]]

alpha2.hat_CMI[[times]] <- temp3[[6]]
alpha3.hat_CMI[[times]] <- temp3[[7]]
mse_alpha2_CMI[times] <- temp3[[8]]
mse_alpha3_CMI[times] <- temp3[[9]]
}
#HHHHAHH The end of factor regression based on the CMI method #iH#HHHEHE
B R AR R
HHHHAHHE Factor regression based on the MBI method ###H#HHHE#H#
Accuracy_MBI<-Precision_MBI<-Recall_MBI<-F1_MBI<-AIC_MBI<-
mse_alpha2_MBI<-mse_alpha3_MBl<-array()
x.1.score.hat<-x.2.score.hat<-x.3.score.hat<-rho.hat_std_MBI<-
alpha2.hat_MBI<-alpha3.hat_MBI<-vector(list',Iter.times)
source("Imputing_data_MBI_setting2.R")
for (times in 1:lter.times) {
temp1 <- Imputing_data_MBI_setting2(NN, y[[times]], x.1.score_NA][[times]], x.2.score_NA[[times]], x.3.score_NA[[times]])
x.1.score.hat[[times]] <- temp1[[1]]
x.2.score.hat[[times]] <- temp1[[2]]
x.3.score.hat[[times]] <- temp1[[3]]
}
source("Construct_factor_PCA.R")
for (times in 1:lter.times){
temp2 <- Construct_factor_PCA(x_std[[times]], psi.1.hat[[times]], psi.2.hat[[times]], psi.3.hat[[times]],
x.1.score.hat[[times]], x.2.score.hat[[times]], x.3.score.hat[[times]])
rho.hat_std_MBI[[times]] <- temp2[[1]]
}
source("Factor_regression_Imputed_PCA.R")
for (times in 1:lter.times){
temp3 <- Factor_regression_Imputed_PCA(rho.hat_std_MBI[[times]], alpha2, alpha3, y[[times]])
Accuracy_MBI[times] <- temp3[[1]]

Precision_MBI[times] <- temp3[[2]]
Recall_MBI[times] <- temp3[[3]]
F1_MBlI[times] <- temp3[[4]]
AIC_MBI[times] <-temp3[[5]]

alpha2.hat_MBI[[times]] <- temp3[[6]]



alpha3.hat_MBI[[times]] <- temp3[[7]]

mse_alpha2_MBI[times] <- temp3[[8]]

mse_alpha3_MBI[times] <- temp3[[9]]
}
H#iHHHHHH The end of factor regression based on the MBI method ##H#HHHHEH
#result----

result <- round(rbind(
c(mean(Accuracy_CMI),sd(Accuracy_CMI),mean(Precision_CMI),mean(Recall_CMI),mean(F1_CMI),
mean(mse_alpha2_CMI),sd(mse_alpha2_CMI),mean(mse_alpha3_CMI),sd(mse_alpha3_CMI)),
c(mean(Accuracy_MBI),sd(Accuracy_MBI),mean(Precision_MBI),mean(Recall_MBI),mean(F1_MBlI),
mean(mse_alpha2_MBI),sd(mse_alpha2_MBI),mean(mse_alpha3_MBI),sd(mse_alpha3_MBI))),4)
print(result)
stargazer(result, title = "Evaluation”, align = F, type = "latex")
The following is the function "generate_missing_pattern™ used in the main program. The rest of the functions used are the
same as in Setting2(MCAR).
##Ht The function "generate_missing_pattem" means to generate data according to the missing data mechanism of MNAR.
#HHE
##H generate_missing_pattern ###
generate_missing_pattern<-function(rho, x, y){
id1 = which(y == 1)
id2 = which(y == 2)
id3 = which(y == 3)
x.1=x[,1:T1]
x.2 =x[,(T1+1):(T1+T2)]
X.3 = x[,(T1+T2+1):(T1+T2+T3)]
## Divide the missing block when'y = 1 ##

a1.1 = x1[id1,]%*%gam1.1[1:T1)/T1 + x.2[id1,]%*%gam1.A[(T1+1):(T1+T2))/T2 +
x.3[id1,]%*%gam1.1[(T1+T2+1):(T1+T2+T3)|/T3

g1.2 = x1[id1,]%*%gam1.2[1:T1)/T1 + x.2[id1,]%*%gam1.2[(T1+1):(T1+T2))/T2 +
x.3[id1,]%*%gam1.2[(T1+T2+1):(T1+T2+T3)|/T3

g1.3 = x1[id1,]%*%gam1.3[1:T1)/T1 + x.2[id1,]%*%gam1.3[(T1+1):(T1+T2))/T2 +
x.3[id1,]%*%gam1.3[(T1+T2+1):(T1+T2+T3)|/T3

g1.4 = x.1[id1,]%*%gam1.4[1:T1)/T1 + x.2[id1,]%*%gam1.4[(T1+1):(T1+T2))/T2 +
x.3[id1,]%*%gam1.4[(T1+T2+1):(T1+T2+T3)|/T3

g1.5 = x.1[id1,]%*%gam1.5[1:T1]/T1 + x.2[id1,]%*%gam1.5[(T1+1):(T1+T2)}/T2 +
x.3[id1,]%*%gam1.5[(T1+T2+1):(T1+T2+T3)|/T3

g1.6 = x.1[id1,]%*%gam1.6[1:T1/T1 + x.2[id1,]%*%gam1.6[(T1+1):(T1+T2))/T2 +
x.3[id1,]%*%gam1.6[(T1+T2+1):(T1+T2+T3)|/T3

g1.7 = x.1[id1,]%*%gam1.7[1:T1)/T1 + x.2[id1,1%*%gam1.7[(T1+1):(T1+T2)J/T2 +

x.3[id1,]%*%gam1.7[(T1+T2+1):(T1+T2+T3))/T3
p1.1=9g1.1/(91.1+g1.2+g1.3+g1.4+g1.5+g1.6+g1.7)
p1.2=9g1.2/(g1.1+g1.2+g1.3+g1.4+g1.5+g1.6+g1.7)
p1.3=91.3/(91.1+g1.2+g1.3+g1.4+g1.5+g1.6+g1.7)
p1.4=g1.4/(g1.1+g1.2+g1.3+g1.4+g1.5+g1.6+g1.7)
p1.5=91.5/(g91.1+g1.2+g1.3+g1.4+g1.5+g1.6+g1.7)
p1.6 =91.6/(g1.1+g1.2+g1.3+g1.4+g1.5+g1.6+g1.7)
p1.7 =91.7 / (91.1+g1.2+g1.3+g1.4+g1.5+g1.6+g1.7)
p1 = cbind(p1.1, p1.2, p1.3, p1.4, p1.5, p1.6, p1.7)
miss.1 = ¢()
for(i in 1:length(id1)){

miss0.1 = which.max(rmultinom(1, size = 1, prob = p1[i,]))

(
(
(
(
(
(

miss.1 = c(miss.1, miss0.1)



id1.1 = which(miss.1 == 1)

id1.2 = which(miss.1 == 2)

id1.3 = which(miss.1 == 3)

id1.4 = which(miss.1 == 4)

id1.5 = which(miss.1 == 5)

id1.6 = which(miss.1 == 6)

id1.7 = which(miss.1 ==7)

## The end of dividing the missing block wheny = 1 ##
## Divide the missing block wheny = 2 ##

g2.1 = x.1[id2,]%*%gam2.1[1:T1/T1 + x.2[id2,1%*%gam2.1[(T1+1):(T1+T2)/T2
x.3[id2,]%*%gam2.1[(T1+T2+1):(T1+T2+T3)|/T3

g2.2 = x.1[id2,]%*%gam2.2[1:T1/T1 + x.2[id2,1%*%gam2.2[(T1+1):(T1+T2))/T2
x.3[id2,]%*%gam2.2[(T1+T2+1):(T1+T2+T3)|/T3

92.3 = x.1[id2,]%*%gam2.3[1:T1/T1 + x.2[id2,1%*%gam2.3[(T1+1):(T1+T2)//T2
x.3[id2,1%*%gam2.3[(T1+T2+1):(T1+T2+T3))/T3

92.4 = x.1[id2,]%*%gam2.4[1:T1)/T1 + x.2[id2,]%*%gam2.4{(T1+1):(T1+T2)}/T2
X.3[1d2,1%*%gam2.4[(T1+T2+1):(T1+T2+T3)/T3

92.5 = x.1[id2,]%*%gam2.5[1:T1/T1 + x.2[id2,]%*%gam2.5[(T1+1):(T1+T2)/T2
x.3[id2,]%*%gam2.5[(T1+T2+1):(T1+T2+T3))/T3

92.6 = x.1[id2,]%*%gam2.6[1:T1/T1 + x.2[id2,]%*%gam2.6[(T1+1):(T1+T2)/T2
x.3[id2,]%*%gam2.6[(T1+T2+1):(T1+T2+T3))/T3

92.7 = x.1[id2,]%*%gam2.7[1:T1/T1 + x.2[id2,]%*%gam2. 7[(T1+1):(T1+T2)/T2

x.3[id2,]%*%gam2.7[(T1+T2+1):(T1+T2+T3)|/T3
p2.1 =92.1/(92.1+g2.2+g2.3+g2.4+g2.5+g2.6+g2.7)
p2.2 =g2.2/(92.1+92.2+g2.3+g2.4+g2.5+g2.6+g2.7)
p2.3 =g2.3/(92.1+g2.2+g2.3+g2.4+g2.5+g2.6+g2.7)
p2.4 = g2.4 /(92.1+92.2+g2.3+g2.4+g2.5+g2.6+92.7)
p2.5 =g2.5/(92.1+g2.2+g2.3+g2.4+g2.5+g2.6+g2.7)
p2.6 = g2.6 / (92.1+92.2+g2.3+g2.4+g2.5+g2.6+92.7)
p2.7 = g2.7 / (92.1+g2.2+g2.3+g2.4+g2.5+g2.6+g2.7)
p2 = cbind(p2.1, p2.2, p2.3, p2.4, p2.5, p2.6, p2.7)
miss.2 = ¢()
for(i in 1:length(id2)){
miss0.2 = which.max(rmultinom(1, size = 1, prob = p2][i,]))
miss.2 = c(miss.2, miss0.2)
}
id2.1 = which(miss.2 == 1)
id2.2 = which(miss.2 == 2)
id2.3 = which(miss.2 ==
id2.4 = which(miss.2 == 4
id2.5 = which(miss.2 == 5
id2.6 = which(miss.2 ==
id2.7 = which(miss.2 == 7)
## The end of dividing the missing block when'y = 2 ##
## Divide the missing block wheny = 3 ##

)
)
)
)

g3.1 = x.1[id3,]%*%gam3.1[1:T1)/T1 + x.2[id3,]%*%gam3.1[(T1+1):(T1+T2))/T2
x.3[id3,]%*%gam3.1[(T1+T2+1):(T1+T2+T3)|/T3

g3.2 = x.1[id3,]%*%gam3.2[1:T1)/T1 + x.2[id3,]%*%gam3.2[(T1+1):(T1+T2))/T2
x.3[id3,]%*%gam3.2[(T1+T2+1):(T1+T2+T3)|/T3

93.3 = x1[id3,]%*%gam3.3[1:T1)/T1 + x.2[id3,]%*%gam3.3[(T1+1):(T1+T2))/T2
x.3[id3,]%*%gam3.3[(T1+T2+1):(T1+T2+T3)|/T3

93.4 = x1[id3,]%*%gam3.4[1:T1)/T1 + x.2[id3,]%*%gam3.4[(T1+1):(T1+T2))/T2

x.3[id3,]%*%gam3.4[(T1+T2+1):(T1+T2+T3))/T3



g3.5 =

g3.6 =

g3.7 =

x.1[id3,]%*%gam3.5[1:T1)/T1

x.3[id3,]%*%gam3.5[(T1+T2+1):(T1+T2+T3)|/T3

x.1[id3,]%*%gam3.6[1: T1)/T1

x.3[id3,]%*%gam3.6[(T1+T2+1):(T1+T2+T3)|/T3

x.1[id3,]%*%gam3.7[1:T1)/T1

x.3[id3,]%*%gam3.7[(T1+T2+1):(T1+T2+T3)/T3

p3.1 =g3.1/(g3.1+g3.2+g3.3+g3.4+g3.5+g3.6+g3.7
p3.2 =g3.2/(93.1+g3.2+g3.3+g3.4+g3.5+g3.6+g3.7
p3.3 =g3.3/(g3.1+g3.2+g3.3+g3.4+g3.5+g3.6+g93.7

p3.5 =g3.5/(g3.1+g3.2+g3.3+g3.4+g3.5+g3.6+g3.7
p3.6 = 3.6 / (93.1+g3.2+g3.3+g3.4+g3.5+g3.6+g3.7

)

( )

( )

p3.4 = g3.4 / (93.1+g3.2+g3.3+g3.4+g3.5+g3.6+93.7)
( )

( )

)

p3.7 = g3.7 / (93.1+g3.2+g3.3+g3.4+g3.5+g3.6+g3.7
p3 = cbind(p3.1, p3.2, p3.3, p3.4, p3.5, p3.6, p3.7)

miss.3 = ¢()
for(i in 1:length(id3)){

miss0.3 = which.max(rmultinom(1, size = 1, prob = p3[i,]))

miss.3 = ¢(miss.3, miss0.3)

}

id3.1 = which(miss.3 == 1)

(
id3.2 = which(miss.3 =
id3.3 = which(miss.3 =
id3.4 = which(miss.3 =
id3.5 = which(miss.3 =
id3.6 = which(miss.3 =
id3.7 = which(miss.3 =
## The end of dividing the missing block when y = 3 ##

=2)
=3)
=4)
=5)
=6)
=7)

#4 Divide the missing block ##

id.1 = c(id1[id1.1], id2[id2.1], id3{id3.1]

id.2 = c(id1[id1.2],
id.3 = c(id1[id1.3],
id.4 = c(id1[id1.4],
id.5 = c(id1[id1.5],
id.6 = c(id1[id1.6],
id.7 = c(id1[id1.7],
NN = ¢()

id2[id2.2], id3[id3.2]
id2[id2.3], id3[id3.3]
id2[id2.4], id3[id3.4]
id2[id2.5], id3[id3.5]
id2[id2.6], id3[id3.6]
id2[id2.7], id3[id3.7])

=l

NN[1] = length(id.1)
NN[2] = length(id.2)
NN[3] = length(id.3)
NN[4] = length(id.4)
NN[5] = length(id.5)
NNI6] = length(id.6)
NN[7] = length(id.7)

y.new = c(y[id.1], y[id.2], y[id.3], y(id.4], y[id.5], y[id.6], y[id.7])
x.new = rbind(x[id.1,], x[id.2,], x[id.3,], x[id.4,], x[id.5,], x[id.6.], x[id.7.])

x.2[id3,1%*%gam3.5[(T1+1):(T1+T2)J/T2

x.2[id3,]%*%gam3.6[(T1+1):(T1+T2))/T2

x.2[id3,]%*%gam3.7[(T1+1):(T1+T2)/T2

rho.new = rbind(rho[id.1,], rho[id.2,], rho[id.3,], rho[id.4,], rho[id.5,], rho[id.6,], rholid.7,])
## The end of dividing the missing block ##

return(list(NN, rho.new, x.new, y.new))

5. Empirical analysis

The following program uses the FRI-CCA method for 4-class and 3-class classification tasks.
### Accuracy(FRI-CCA) ###

+

+



library(data.table)
library(tidyverse)

library(caret)

library(pROC)

library(nnet)

HiHHHHHH# Read data #HHHHHHHHE

rho.hat_PET = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_PET.csv")

as.matrix() %>% .[,1:100]

rho.hat_MRI = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_MRI.csv")

as.matrix() %>% .[,1:235]

MMSE = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/MMSE.csv", header = F) %>% .$V1
researchGroup = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/researchGroup.csv",

F) %>% .$V1
# researchGroup[researchGroup == "EMCI"] = "MCI"
# researchGroup[researchGroup == "LMCI"] = "MCI"
M1 = rho.hat_PET %>% ncol()
M2 = rho.hat_MRI %>% ncol()
NN = ¢c(327, 315, 72); N = sum(NN); M1; M2
### Constructing missing principal components ###
rho.hat_PET_NA = matrix(NA, N, M1)
rho.hat_PET_NA[1:sum(NN[1:2]),] = rho.hat_PET
rho.hat_MRI_NA = matrix(NA, N, M2)
rho.hat_MRI_NA[1:NN[1],] = rho.hat_MRI[1:NN[1],]
rho.hat_MRI_NA[(sum(NN[1:2])+1):N,] = rho.hat_MRI[(NN[1]+1):(NN[1]+NN[3]),]
### MBI imputation ###
rho.hat_MRI_hat = matrix(0,NN[2],M2)
for (i in 1:M2) {
fit = Im(rho.hat_MRI_NA[1:NN[1],i]~., data = as.data.frame(rho.hat_PET_NA[1:NN[1],]))
rho.hat_MRI_hat[,i] = cbind(rep(1,NN[2]),rho.hat_ PET_NA[(NN[1]+1):sum(NN[1:2]),])%*%fit$coefficients
}
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat = matrix(0,NN[3],M1)
for (i in 1:M1) {
fit = Im(rho.hat_PET_NA[1:NN[1],i]~., data = as.data.frame(rho.hat_MRI_NA[1:NN[1],]))
rho.hat_PET_hat[,i] = cbind(rep(1,NN[3]),rho.hat_MRI_NA[(sum(NN[1:2])+1):N,])%* %fitcoefficients
}
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat
##H# CMI imputation ###
# Zero-mean imputation as initial value #
rho.hat_MRI_hat<-t(matrix(apply(rho.hat_MRI_NA[c(1:NN[1],(sum(NN[1:2])+1):N),], 2, mean), M2, NN[2]))
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat<-t(matrix(apply(rho.hat_PET_NA[1:sum(NN[1:2]),], 2, mean), M1, NN[3]))
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat

# lterative regression #

n_iter = 50
for(j in 1:n_iter)
{

rho.hat_MRI_hat = matrix(0,NN[2],M2)
for (i in 1:M2) {
fit = Im(rho.hat_MRI_NAL,i]~., data = as.data.frame(rho.hat_PET_NA))
rho.hat_MRI_hat[,i] = cbind(rep(1,NN[2]),rho.hat_PET_NA[(NN[1]+1):sum(NN[1:2]),])%*%fitScoefficients

}
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat

%>%

%>%

header =



rho.hat_PET_hat = matrix(0,NN[3],M1)
for (iin 1:M1) {
fit = Im(rho.hat_PET_NA[i]~., data = as.data.frame(rho.hat_MRI_NA))
rho.hat_PET_hat[,i] = cbind(rep(1,NN[3]),rho.hat_ MRI_NA[(sum(NN[1:2])+1):N,]) %*%fitScoefficients
}
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat
}
### f.hat_CMI as factor ###
Z1 =rho.hat_PET_NA
Z2 = rho.hat_MRI_NA
Omegal = Z1%*%solve(t(Z1)%*%Z1)%*%t(Z1)
Omega2 = Z2%*%solve(t(Z2)%*%Z2)%* %t(Z2)
f.hat_CMI = eigen(Omega1 + Omega2)$vectors
#H#HHHE rep is the number of repetitions ###

#HH#HHE prob is the training rate Hit#
#H#HHHE M is the number of factors HH#
#HHHHHE N is the sample size #HH

M = ¢(1:max(M1,M2))
rep = 100; prob = 0.8
Accuracy = F1 = Sensitivity = Specificity = Precision = Recall = Mm = ¢()
for(lin 1:rep){
### divide the dataset ###
folds = list(); accuracy_test =YY = YT =¢(); iter=5
f.hat_CMI_train = f.hat_CMI_test = matrix(nrow = 0, ncol = N)
for(i in 1:iter){
folds[[i]] = createDataPartition(researchGroup, p = prob, list = FALSE)
f.hat_CMI_train0 = f.hat_CMI %>% .[folds][[i]],]
f.hat_CMI_train = rbind(f.hat_CMI_train, f.hat_CMI_train0)
f.hat_CMI_test0 = f.hat_CMI %>% .[-folds][[i]],]
f.hat_CMI_test = rbind(f.hat_CMI_test, f.hat_CMI_test0)
YYO = c(researchGroup %>% .[folds][]i]]])
YY =c(YY, YYO0)

YTO = c(researchGroup %>% .[-folds][[i]]])
YT =c(YT, YTO)
}
AIC_model = ¢()
for(m in 1:length(M)){
#iH train data #HH#
Group =YY
data = data.frame(cbind(f.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)
mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)
AIC_model[m] = mult.model$AIC
}
m = which.min(AIC_model)
Mm[l] = M[m]
##H# train data #HH#
Group =YY
data = data.frame(cbind(f.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)
mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)

predlab = predict(mult.model, newdata = data, type = "class")



confum_train = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")
accuracy_train = confum_train$overall[1]
#i# test data ###
Group = YT
data = data.frame(cbind(f.hat_CMI_test[,1:M[m]]), Group)
data$Group = factor(data$Group)
predlab = predict(mult.model, newdata = data, type = "class")
confum_test = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")
accuracy_test = confum_test$overall[1]
confumat_test = as.data.frame(confum_test$table)
ggplot(confumat_test, aes(x = Reference, y = Prediction)) +
geom_tile(aes(fill = Freq)) +
geom_text(aes(label = Freq)) +
scale_fill_gradient(low = "steelblue", high = "lightgreen", guide = "colorbar") +
ggtitle("mlogit")
summary_test = multiClassSummary(
data.frame(obs = data$Group, pred = predlab), lev = levels(data$Group))
Accuracy[l] = summary_test[1]
F1[l] = summary_test[3]
Precision[l] = summary_test[8]
Recall[l] = summary_test[9]
}
Accuracy_mean = mean(Accuracy)
Precision_mean = mean(Precision)
Recall_mean = mean(Recall)
F1_mean = mean(F1)
print(c(Accuracy_mean, Precision_mean, Recall_mean, F1_mean))
The following program uses the FRI-PCA method for 4-class and 3-class classification tasks.
### Accuracy(FRI-PCA) ###

library(data.table)

library(tidyverse)

library(caret)

library(pROC)

library(nnet)

HiHHHAHHA# Read data #HHHHHHHHE

rho.hat_PET = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_PET.csv") %>%
as.matrix() %>% .[,1:100]

rho.hat_MRI = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_MRI.csv") %>%
as.matrix() %>% .[,1:235]

MMSE = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/MMSE.csv", header = F) %>% .$V1
researchGroup = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/researchGroup.csv”, header =

F) %>% .$V1

# researchGroup[researchGroup == "EMCI"] = "MCI"
# researchGroup[researchGroup == "LMCI"] = "MCI"
M1 = rho.hat_PET %>% ncol()

M2 = rho.hat_MRI %>% ncol()

NN = c(327, 315, 72); N = sum(NN); M1; M2

### Constructing missing principal components ###
rho.hat_PET_NA = matrix(NA, N, M1)
rho.hat_PET_NA[1:sum(NN[1:2]),] = rho.hat_PET
rho.hat_MRI_NA = matrix(NA, N, M2)
rho.hat_MRI_NA[1:NN[1],] = rho.hat_MRI[1:NN[1],]
rho.hat_MRI_NA[(sum(NN[1:2])+1):N,] = rho.hat_MRI[(NN[1]+1):(NN[1]+NN[3]),]



##H MBI imputation ###
rho.hat_MRI_hat = matrix(0,NN[2],M2)
for (i in 1:M2) {
fit = Im(rho.hat_MRI_NA[1:NN[11,i]~., data = as.data.frame(rho.hat_PET_NA[1:NN[1],]))
rho.hat_MRI_hat[,i] = cbind(rep(1,NN[2]),rho.hat_PET_NA[(NN[1]+1):sum(NN[1:2]),])%*%fit$coefficients
}
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat = matrix(0,NN[3],M1)
for (iin 1:M1) {
fit = Im(rho.hat_PET_NA[1:NN[1],i]~., data = as.data.frame(rho.hat_MRI_NA[1:NN[1],]))
rho.hat_PET_hat[,i] = cbind(rep(1,NN[3]),rho.hat_MRI_NA[(sum(NN[1:2])+1):N,]) %*%fit$coefficients
}
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat
### CMI imputation ##H
# Zero-mean imputation as initial value #
rho.hat_MRI_hat<-t(matrix(apply(rho.hat_MRI_NA[c(1:NN[1],(sum(NN[1:2])+1):N),], 2, mean), M2, NN[2]))
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat<-t(matrix(apply(rho.hat_PET_NA[1:sum(NN[1:2]),], 2, mean), M1, NN[3]))
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat

# Iterative regression #

n_iter = 50
for(j in 1:n_iter)
{

rho.hat_MRI_hat = matrix(0,NN[2],M2)
for (i in 1:M2) {
fit = Im(rho.hat_MRI_NA,i]~., data = as.data.frame(rho.hat_PET_NA))
rho.hat_MRI_hat[,i] = cbind(rep(1,NN[2]),rho.hat_PET_NA[(NN[1]+1):sum(NN[1:2]),])%* %fitScoefficients
}
rho.hat_ MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat = matrix(0,NN[3],M1)
for (iin 1:M1) {
fit = Im(rho.hat_PET_NALi]~., data = as.data.frame(rho.hat_MRI_NA))
rho.hat_PET_hat[,i] = cbind(rep(1,NN[3]),rho.hat_MRI_NA[(sum(NN[1:2])+1):N,]) %* %fitcoefficients
}
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat
}
### rho.hat_CMI as factor ###
score = chind(rho.hat_PET_NA, rho.hat_MRI_NA)
z.hat = cov(score)
rho.hat_CMI = (rho.hat_PET_NA %*% eigen(z.hat)$vec[1:M1,1:(M1+M2)] +
rho.hat_ MRI_NA %*% eigen(z.hat)$vec[(M1+1):(M1+M2),1:(M1+M2)]) %>% scale()
H#HHHEHHE rep is the number of repetitions ###

#HHHAE prob is the training rate H#it#
#HHHHHE M is the number of factors H#HH
#HHHAE N is the sample size HitH

M = ¢(1:(M1+M2))
rep = 100; prob = 0.8
Accuracy = F1 = Sensitivity = Specificity = Precision = Recall = Mm = ¢()
for(l'in 1:rep){
### divide the dataset ###
folds = list(); accuracy_test = YY = YT =¢(); iter=5
rho.hat_CMI_train = rho.hat_CMI_test = matrix(nrow = 0, ncol = (M1+M2))
for(i in 1:iter){



folds[[i]] = createDataPartition(researchGroup, p = prob, list = FALSE)
rho.hat_CMI_train0 = rho.hat_CMI %>% .[folds[[i]],]
rho.hat_CMI_train = rbind(rho.hat_CMI_train, rho.hat_CMI_train0)
rho.hat_CMI_test0 = rho.hat_CMI %>% .[-folds][i]],]
rho.hat_CMI_test = rbind(rho.hat_CMI_test, rho.hat_CMI_test0)
YYO = c(researchGroup %>% .[folds][]i]]])
YY =c(YY, YYO)
YTO = c(researchGroup %>% .[-folds][][i]]])
YT =c(YT, YTO)
}
AIC_model = c()
for(m in 1:length(M)){
### train data #HH#
Group =YY
data = data.frame(cbind(rho.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)
mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)
AIC_model[m] = mult.model$AIC
}
m = which.min(AIC_model)
Mm[l] = M[m]
### train data #H#
Group =YY
data = data.frame(cbind(rho.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)
mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)
predlab = predict(mult.model, newdata = data, type = "class")
confum_train = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")
accuracy_train = confum_train$overall[1]
i test data ###
Group = YT
data = data.frame(cbind(rho.hat_CMI_test[,1:M[m]]), Group)
data$Group = factor(data$Group)
predlab = predict(mult.model, newdata = data, type = "class")
confum_test = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")
accuracy_test = confum_test$overall[1]
confumat_test = as.data.frame(confum_test$table)
ggplot(confumat_test, aes(x = Reference, y = Prediction)) +
geom_tile(aes(fill = Freq)) +
geom_text(aes(label = Freq)) +
scale_fill_gradient(low = "steelblue", high = "lightgreen", guide = "colorbar") +
ggtitle("mlogit")
summary_test = multiClassSummary/(
data.frame(obs = data$Group, pred = predlab), lev = levels(data$Group))
Accuracy[l] = summary_test[1]
F1[l] = summary_test[3]
Precision[l] = summary_test[8]
Recall[l] = summary_test[9]
}
Accuracy_mean = mean(Accuracy)
Precision_mean = mean(Precision)
Recall_mean = mean(Recall)

F1_mean = mean(F1)



print(c(Accuracy_mean, Precision_mean, Recall_mean, F1_mean))

The following program uses the FRI-CCA method for 2-class classification tasks.
### Accuracy(FRI-CCA)(2-class) ##H#

library(data.table)

library(tidyverse)

library(caret)

library(pROC)

library(nnet)

HiHHHHHH# Read data #HHHHHHHHE

rho.hat_PET = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_PET.csv")

as.matrix() %>% .[,1:100]

rho.hat_MRI = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_MRI.csv")

as.matrix() %>% .[,1:235]

MMSE = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/MMSE.csv", header = F) %>% .$V1

researchGroup = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/researchGroup.csv"”,

F) %>% .$V1

researchGroup[researchGroup == "EMCI"] = "MCI"

researchGroup[researchGroup == "LMCI"] = "MCI"

M1 = rho.hat_PET %>% ncol()

M2 = rho.hat_MRI %>% ncol()

NN = ¢c(327, 315, 72); N = sum(NN); M1; M2

### Constructing missing principal components ###

rho.hat_PET_NA = matrix(NA, N, M1)

rho.hat_PET_NA[1:sum(NN[1:2]),] = rho.hat_PET

rho.hat_MRI_NA = matrix(NA, N, M2)

rho.hat_MRI_NA[1:NN[1],] = rho.hat_MRI[1:NN[1],]

rho.hat_MRI_NA[(sum(NN[1:2])+1):N,] = rho.hat_MRI[(NN[1]+1):(NN[1]+NNI[3]),]

### CMI imputation ###

# Zero-mean imputation as initial value #
rho.hat_MRI_hat<-t(matrix(apply(rho.hat_MRI_NA[c(1:NN[1],(sum(NN[1:2])+1):N),], 2, mean), M2, NN[2]))
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat<-t(matrix(apply(rho.hat_PET_NA[1:sum(NN[1:2]),], 2, mean), M1, NN[3]))
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat

# lterative regression #

n_iter = 50
for(j in 1:n_iter)
{

rho.hat_MRI_hat = matrix(0,NN[2],M2)
for (i in 1:M2) {
fit = Im(rho.hat_MRI_NA,i]~., data = as.data.frame(rho.hat_PET_NA))

rho.hat_MRI_hat[,i] = cbind(rep(1,NN[2]),rho.hat_PET_NA[(NN[1]+1):sum(NN[1:2]),])%* %fitScoefficients

}
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat = matrix(0,NN[3],M1)
for (i in 1:M1) {
fit = Im(rho.hat_PET_NAL[,i]~., data = as.data.frame(rho.hat_MRI_NA))
rho.hat_PET_hat[,i] = cbind(rep(1,NN[3]),rho.hat_MRI_NA[(sum(NN[1:2])+1):N,]) %* %fitcoefficients
}
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat
}
#it f.hat_CMI as factor ###
Z1 =rho.hat_PET_NA

%>%

%>%

header =



Z2 = rho.hat_MRI_NA

Omegal = Z1%*%solve(t(Z1)%*%Z1)%*%t(Z1)

Omega2 = Z2%*%solve(t(Z22)%* % Z2)%* %t(Z2)

f.hat_CMI = eigen(Omega1 + Omega2)$vectors

### Extract two categories for classification ###

researchGroup = researchGroup[which(researchGroup != "MCI")]
f.hat_CMI = f.hat_CMI[which(researchGroup != "MCI"),]

#H#HHHE rep is the number of repetitions ###

H#HHHEE prob is the training rate i
##HHH#E M is the number of factors HitHt
#iHHHAE N is the sample size HH#

M = c(1:max(M1,M2))
rep = 100; prob = 0.5
Accuracy = F1 = Sensitivity = Specificity = Precision = Recall = Mm = ¢()
for(lin 1:rep){
### divide the dataset ###
folds = list(); accuracy_test =YY = YT =¢(); iter=3
f.hat_CMI_train = f.hat_CMI_test = matrix(nrow = 0, ncol = N)
for(i in 1:iter){
folds[[i]] = createDataPartition(researchGroup, p = prob, list = FALSE)
f.hat_CMI_train0 = f.hat_CMI %>% .[folds][[i]],]
f.hat_CMI_train = rbind(f.hat_CMI_train, f.hat_CMI_train0)
f.hat_CMI_test0 = f.hat_CMI %>% .[-folds][[i]],]
f.hat_CMI_test = rbind(f.hat_CMI_test, f.hat_CMI_test0)
YYO = c(researchGroup %>% .[folds][]i]]])
YY =c(YY, YYO)
YTO = c(researchGroup %>% .[-folds][][i]]])
YT =c(YT, YTO)
}
AIC_model = ¢()
for(m in 1:length(M))
### train data ##H#
Group =YY
data = data.frame(cbind(f.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)
mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)
AIC_model[m] = mult.model$AIC
}
m = which.min(AIC_model)
Mm[l] = M[m]
### train data #HH##
Group =YY
data = data.frame(cbind(f.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)
mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)
predlab = predict(mult.model, newdata = data, type = "class")
confum_train = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")
accuracy_train = confum_train$overall[1]
#HH# test data ###
Group = YT
data = data.frame(cbind(f.hat_CMI_test[,1:M[m]]), Group)
data$Group = factor(data$Group)

predlab = predict(mult.model, newdata = data, type = "class")



confum_test = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")

accuracy_test = confum_test$overall[1]
confumat_test = as.data.frame(confum_test$table)
ggplot(confumat_test, aes(x = Reference, y = Prediction)) +
geom_tile(aes(fill = Freq)) +
geom_text(aes(label = Freq)) +

scale_fill_gradient(low = "steelblue", high = "lightgreen", guide = "colorbar") +

ggtitle("mlogit")

summary_test = multiClassSummary(

data.frame(obs = data$Group, pred = predlab), lev = levels(data$Group))

Accuracy[l] = summary_test[1]
Sensitivity[l] = summary_test[4]
Specificity[l] = summary_test[5]
}
Accuracy_mean = mean(Accuracy)
Sensitivity_mean = mean(Sensitivity)
Specificity_mean = mean(Specificity)

print(c(Accuracy_mean, Sensitivity_mean, Specificity_mean))

The following program uses the FRI-PCA method for 2-class classification tasks.

### Accuracy(FRI-PCA)(2-class) ###

library(data.table)

library(tidyverse)

library(caret)

library(pROC)

library(nnet)

HiHHHHHH# Read data #HHHHHHHHE

rho.hat_PET = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_PET.csv") %>%
as.matrix() %>% .[,1:100]

rho.hat_MRI = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/rho.hat_MRI.csv") %>%
as.matrix() %>% .[,1:235]

MMSE = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/MMSE.csv", header = F) %>% .$V1
researchGroup = fread("C:/Users/pc/Desktop/Logistic/Empirical analysis/2-source(0.95)/researchGroup.csv”, header =

F) %>% .$V1

researchGroup[researchGroup == "EMCI"] = "MCI"
researchGroup[researchGroup == "LMCI"] = "MCI"
M1 = rho.hat_PET %>% ncol()

M2 = rho.hat_MRI %>% ncol()

NN = ¢(327, 315, 72); N = sum(NN); M1; M2

### Constructing missing principal components ###
rho.hat_PET_NA = matrix(NA, N, M1)
rho.hat_PET_NA[1:sum(NN[1:2]),] = rho.hat_PET
rho.hat_MRI_NA = matrix(NA, N, M2)
rho.hat_MRI_NA[1:NN[1],] = rho.hat_MRI[1:NN[1],]

rho.hat_MRI_NA[(sum(NN[1:2])+1):N,] = rho.hat_MRI[(NN[1]+1):(NN[1]+NN[3]),]

##H# CMI imputation ###

# Zero-mean imputation as initial value #

rho.hat_MRI_hat<-t(matrix(apply(rho.hat_MRI_NA[c(1:NN[1],(sum(NN[1:2])+1):N),], 2, mean), M2, NN[2]))

rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat

rho.hat_PET_hat<-t(matrix(apply(rho.hat_PET_NA[1:sum(NN[1:2]),], 2, mean), M1, NN[3]))

rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat
# lterative regression #
n_iter = 50

for(j in 1:n_iter)



rho.hat_MRI_hat = matrix(0,NN[2],M2)
for (i in 1:M2) {
fit = Im(rho.hat_MRI_NA,i]~., data = as.data.frame(rho.hat_PET_NA))
rho.hat_MRI_hat[,i] = cbind(rep(1,NN[2]),rho.hat_PET_NA[(NN[1]+1):sum(NN[1:2]),]) %*%fit$coefficients
}
rho.hat_MRI_NA[(NN[1]+1):sum(NN[1:2]),] = rho.hat_MRI_hat
rho.hat_PET_hat = matrix(0,NN[3],M1)
for (iin 1:M1) {
fit = Im(rho.hat_PET_NA[,i]~., data = as.data.frame(rho.hat_MRI_NA))
rho.hat_PET_hat[,i] = cbind(rep(1,NN[3]),rho.hat_MRI_NA[(sum(NN[1:2])+1):N,])%* %fitcoefficients
}
rho.hat_PET_NA[(sum(NN[1:2])+1):N,] = rho.hat_PET_hat
}
### rho.hat_CMI as factor ###
score = cbind(rho.hat_PET_NA, rho.hat_MRI_NA)
z.hat = cov(score)
rho.hat_CMI = (rho.hat_PET_NA %*% eigen(z.hat)$vec[1:M1,1:(M1+M2)] +
rho.hat_ MRI_NA %*% eigen(z.hat)$vec[(M1+1):(M1+M2),1:(M1+M2)]) %>% scale()
### Extract two categories for classification ###
researchGroup = researchGroup[which(researchGroup != "MCI")]
rho.hat_CMI = rho.hat_CMI[which(researchGroup != "MCI"),]
H#HHEHHE rep is the number of repetitions ###

#HHEHHE prob is the training rate it
#HHHHAE M is the number of factors H#i#
#HHHHHE N is the sample size #itt

M = ¢(1:(M1+M2))
rep = 100; prob = 0.5
Accuracy = F1 = Sensitivity = Specificity = Precision = Recall = Mm = ¢()
for(lin 1:rep){
### divide the dataset ###
folds = list(); accuracy_test = YY = YT = ¢(); iter = 3
rho.hat_CMI_train = rho.hat_CMI_test = matrix(nrow = 0, ncol = (M1+M2))
for(i in 1:iter){
folds[[i]] = createDataPartition(researchGroup, p = prob, list = FALSE)
rho.hat_CMI_train0 = rho.hat_CMI %>% .[folds][[i]],]
rho.hat_CMI_train = rbind(rho.hat_CMI_train, rho.hat_CMI_train0)
rho.hat_CMI_test0 = rho.hat_CMI %>% .[-folds][[i]],]
rho.hat_CMI_test = rbind(rho.hat_CMI_test, rho.hat_CMI_test0)
YYO = c(researchGroup %>% .[folds][]i]]])
YY =c(YY, YYO0)
YTO = c(researchGroup %>% .[-folds[[i]]])
YT =c(YT, YTO)
}
AIC_model = c()
for(m in 1:length(M)){

#iH train data #HH#

Group =YY

data = data.frame(cbind(rho.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)

mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)
AIC_model[m] = mult.model$AIC



}

}
m = which.min(AIC_model)
Mm[l] = M[m]
### train data #HH#
Group =YY
data = data.frame(cbind(rho.hat_CMI_train[,1:M[m]]), Group)
data$Group = factor(data$Group)
mult.model = multinom(Group ~ ., data = data, MaxNWts = 10000)
predlab = predict(mult.model, newdata = data, type = "class")
confum_train = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")
accuracy_train = confum_train$overall[1]
#iH# test data ###
Group = YT
data = data.frame(cbind(rho.hat_CMI_test[,1:M[m]]), Group)
data$Group = factor(data$Group)
predlab = predict(mult.model, newdata = data, type = "class")
confum_test = confusionMatrix(data = predlab, reference = data$Group, mode = "everything")
accuracy_test = confum_test$overall[1]
confumat_test = as.data.frame(confum_test$table)
ggplot(confumat_test, aes(x = Reference, y = Prediction)) +
geom_tile(aes(fill = Freq)) +
geom_text(aes(label = Freq)) +
scale_fill_gradient(low = "steelblue", high = "lightgreen", guide = "colorbar") +
ggtitle("mlogit")
summary_test = multiClassSummary(
data.frame(obs = data$Group, pred = predlab), lev = levels(data$Group))
Accuracy[l] = summary_test[1]
Sensitivity[l] = summary_test[4]
Specificity[l] = summary_test[5]

Accuracy_mean = mean(Accuracy)

Sensitivity_mean = mean(Sensitivity)

Specificity_mean = mean(Specificity)

print(c(Accuracy_mean, Sensitivity_mean, Specificity_mean))



