##################################################
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##################################################

library(elasticnet)

library(DiscriMiner)

library(sparseLDA)

library(MASS)

source("https://bioconductor.org/biocLite.R")

biocLite("impute")

library(PMA)

library(CCA)

library(mixOmics)

data('breast.TCGA')

head('breast.TCGA')

# extrair dados (treinamento) de 3 BD

data = list(mRNA = breast.TCGA$data.train$mrna, 

            miRNA = breast.TCGA$data.train$mirna, 

            proteomics = breast.TCGA$data.train$protein)

lapply(data, dim)

# extrair dados de grupo (análises supervisionadas)

y = breast.TCGA$data.train$subtype

summary(y)

x1 <- as.data.frame(data$mRNA)

x1

x2 <- as.data.frame(data$miRNA)

x2

x3 <- as.data.frame(data$proteomics)

x3

#Análise dos dados x1

#Análise descritiva

plot(colMeans(x1),diag(cov(x1)), main = "mRNA") #há superdispersão?

boxplot(x1, main = "mRNA")   #há obs atípicas?

#PC: Componentes Principais - Coordenadas Principais (n<p)

x1.pc<-prcomp(x1)

names(x1.pc)

summary(x1.pc)

round(x1.pc$sdev[1:2],2)

biplot(x1.pc$x[,1:2], x1.pc$rotation[,1:2], var.axex=TRUE, main="m.RNA - PC 34%")

#sPC: Componentes Principais Esparsos

require(mixOmics)

x1.spca <- spca(x1, ncomp = 2, keepX = rep(10, 2))

names(x1.spca)

x1.spca2$loadings

x1.spca$x

x1.spca$varX

detach(package:mixOmics)

require(elasticnet)

x1.spca1 <- spca(x1, K = 2, type = "predictor", sparse = "varnum", para = rep(10, 2)) 

names(x1.spca1)

x1.spca1$pev

library(elasticnet)

x1.spca2 <- spca(x1, K = 2, type = "predictor", sparse = "penalty", para = rep(1e-05, 2)) 

# using sparse=penalty "para" defines 1-norm penalty parameters (one per component)

x1.spca2$pev

### Escolher uma abordagem

x1.cargas <- x1.spca2$loadings

# calculamos os scores:  F_{nxm} = Y_{nxp} *  W_{pxm}; m=2 

x1.escores <- as.matrix(x1) %*% x1.spca2$loadings

library(ggplot2)

x1.escores <- as.data.frame(x1.escores)

colnames(x1.escores) <- c("Z1", "Z2")

out1 = ggplot(x1.escores, main="Escores - sPC", aes(Z1, Z2)) + geom_point(alpha = 1)

out1

x1.var.explicada <- x1.spca2$pev

round(x1.var.explicada,3)

biplot(x1.escores[,1:2], x1.cargas[,1:2], var.axex=TRUE, main="mRNA - sPC 28%")

par(mfrow(c=1,2))

plot(x1.pc$rotation[,1],x1.spca2$loadings[,1],main="mRNA - Cargas_Comp1")

abline(a=0,b=1)

abline(h=0)

plot(x1.pc$rotation[,2],x1.spca2$loadings[,2],main="mRNA - Cargas_Comp2")

abline(a=0,b=1)

abline(h=0)

#sPC: Componentes Principais Esparsos

#Análise dos dados x2

plot(colMeans(x2),diag(cov(x2)), main = "miRNA")

boxplot(x2, main = "miRNA")

x2.pc<-prcomp(x2)

names(x2.pc)

summary(x2.pc)

biplot(x2.pc$x[,1:2], x2.pc$rotation[,1:2], var.axex=TRUE, main="mi.RNA - PC 32%")

x2.spca1 <- spca(x2, K = 2, type = "predictor", sparse = "varnum", para = rep(10, 2)) 

names(x2.spca1)

x2.cargas1 <- x2.spca1$loadings

x2.cargas1

x2.spca2 <- spca(x2, K = 2, type = "predictor", sparse = "penalty", para = rep(1e-05, 2)) 

# using sparse=penalty "para" defines 1-norm penalty parameters (one per component)

x2.cargas2 <- x2.spca2$loadings

x2.cargas2

# Escolhemos a segunda abordagem

x2.cargas <- x2.cargas2

# calculamos os scores  T_{nxk} = Y_{nxp} *  W_{pxk} 

x2.escores <- as.matrix(x2) %*% x2.cargas

library(ggplot2)

x2.escores <- as.data.frame(x2.escores)

colnames(x2.escores) <- c("Z1", "Z2")

out1 = ggplot(x2.escores, aes(Z1, Z2)) + geom_point(alpha = 1)

out1

x2.var.explicada <- x2.spca2$pev

round(x2.var.explicada,3)

biplot(x2.escores[,1:2], x2.cargas[,1:2], var.axex=TRUE, main="miRNA - Biplot sPC")

#sPC: Componentes Principais Esparsos

#Análise dos dados x1

plot(colMeans(x3),diag(cov(x3)), main = "Proteínas")

boxplot(x3, main = "Proteínas")

x3.pc<-prcomp(x3)

names(x3.pc)

summary(x3.pc)

biplot(x3.pc$x[,1:2], x3.pc$rotation[,1:2], var.axex=TRUE, main="Protein - Biplot PC")

x3.spca1 <- spca(x3, K = 2, type = "predictor", sparse = "varnum", para = rep(10, 2)) 

names(x3.spca1)

x3.cargas1 <- x3.spca1$loadings

x3.cargas1

x3.spca2 <- spca(x3, K = 2, type = "predictor", sparse = "penalty", para = rep(1e-05, 2)) 

# using sparse=penalty "para" defines 1-norm penalty parameters (one per component)

x3.cargas2 <- x3.spca2$loadings

x3.cargas2

# Escolhemos a segunda abordagem

x3.cargas <- x3.cargas2

# calculamos os scores  T_{nxk} = Y_{nxp} *  W_{pxk} 

x3.escores <- as.matrix(x3) %*% x3.cargas

library(ggplot2)

x3.escores <- as.data.frame(x3.escores)

colnames(x3.escores) <- c("Z1", "Z2")

out1 = ggplot(x3.escores, aes(Z1, Z2)) + geom_point(alpha = 1)

out1

x3.var.explicada <- x3.spca2$pev

round(x3.var.explicada,3)

biplot(x3.escores[,1:2], x3.cargas[,1:2], var.axex=TRUE, main="Protein - Biplot sPC")

par(mfrow=c(3,2))

plot(colMeans(x1),diag(cov(x1)), main = "mRNA")

boxplot(x1, main = "mRNA")

plot(colMeans(x2),diag(cov(x2)), main = "miRNA")

boxplot(x2, main = "miRNA")

plot(colMeans(x3),diag(cov(x3)), main = "Proteínas")

boxplot(x3, main = "Proteínas")

par(mfrow=c(3,2))

biplot(x1.pc$x[,1:2], x1.pc$rotation[,1:2], var.axex=TRUE, main="m.RNA - PC 34%")

abline(h=0); abline(v=0)

biplot(x1.escores[,1:2], x1.cargas[,1:2], var.axex=TRUE, main="mRNA - sPC 12%")

abline(h=0); abline(v=0)

biplot(x2.pc$x[,1:2], x2.pc$rotation[,1:2], var.axex=TRUE, main="miRNA - PC 32%")

abline(h=0); abline(v=0)

biplot(x2.escores[,1:2], x2.cargas[,1:2], var.axex=TRUE, main="miRNA - sPC 28%")

abline(h=0); abline(v=0)

biplot(x3.pc$x[,1:2], x3.pc$rotation[,1:2], var.axex=TRUE, main="Protein - PC 39%")

abline(h=0); abline(v=0)

biplot(x3.escores[,1:2], x3.cargas[,1:2], var.axex=TRUE, main="Protein - sPC 39%")

abline(h=0); abline(v=0)

par(mfrow=c(3,2))

plot(x1.pc$rotation[,1],x1.spca2$loadings[,1],main="mRNA - Cargas_Comp1")

abline(a=0,b=1)

abline(h=0)

plot(x1.pc$rotation[,2],x1.spca2$loadings[,2],main="mRNA - Cargas_Comp2")

abline(a=0,b=1)

abline(h=0)

plot(x2.pc$rotation[,1],x2.spca2$loadings[,1],main="miRNA - Cargas_Comp1")

abline(a=0,b=1)

abline(h=0)

plot(x2.pc$rotation[,2],x2.spca2$loadings[,2],main="miRNA - Cargas_Comp2")

abline(a=0,b=1)

abline(h=0)

plot(x3.pc$rotation[,1],x3.spca2$loadings[,1],main="Protein - Cargas_Comp1")

abline(a=0,b=1)

abline(h=0)

plot(x3.pc$rotation[,2],x3.spca2$loadings[,2],main="Protein - Cargas_Comp2")

abline(a=0,b=1)

abline(h=0)

par(mfrow=c(3,2))

table(y)

class.vector <- numeric(150)

class.vector[1:45] <- 1

class.vector[46:75] <- 2

class.vector[76:150] <- 3

plot(x1.escores,main="mRNA - Escores PC",pch=23, bg=c("blue", "green","red")[class.vector])

plot(x1.spca2$loadings,main="mRNA - Escores sPC",pch=23, bg=c("blue", "green","red")[class.vector])

plot(x2.escores,main="miRNA - Escores PC",pch=23, bg=c("blue", "green","red")[class.vector])

plot(x2.spca2$loadings,main="miRNA - Escores sPC",pch=23, bg=c("blue", "green","red")[class.vector])

plot(x3.escores,main="Protein - Escores PC",pch=23, bg=c("blue", "green","red")[class.vector])

plot(x3.spca2$loadings,main="Protein - Escores sPC",pch=23, bg=c("blue", "green","red")[class.vector])

### Análise Discriminante: min(n,p,G-1)

library(DiscriMiner)

#Análise de x1

SSb<-betweenSS(x1,y) # =H

SSw<-withinSS(x1,y)  # =E

SSt<-totalSS(x1)

##Dimensão destas matrizes?

##Interprete a informação contida nestas matrizes

##Qual é a utilidade do critério: |SSb - \lambda SSw|=0

solve(SSw) #um dos problemas com n<<p!

library(MASS)

lda(y ~ as.matrix(x1[,1:200]))

##Warning message:

##In lda.default(x, grouping, ...) : variables are collinear

##Problema com n<<p

library(sparseLDA) #Análise Discriminante Esparsa

## dados Teste 

table(y)

set.seed(1314)

Iout<- c(sample(1:45,5), sample(46:76,4),sample(77:152,8))

Iout

x1Test<-x1[Iout,]

dim(x1Test)

x1Train<-x1[-Iout,] #dados treinamento 

dim(x1Train)

## Normalizando dados 

x1n<-normalize(x1Train) 

names(x1n) #os dados transformados estão em Xc

x1t<-x1n$Xc 

dim(x1t)

yt <- y[-Iout]

table(yt)

yt.matrix<-matrix(c(rep(1,40),rep(0,26),rep(0,67),rep(0,40),rep(1,26),rep(0,67),rep(0,40),rep(0,26),rep(1,67)),138,3)

yt.matrix

## rodar sDA com somente "3" cargas não-nulas em cada direção discriminante 

#sda.mRNA <- sda(x1t, yt.matrix, lambda = 1e-6, stop = -3, maxIte = 25, trace = TRUE)

sda.mRNA <- sda(x1t, yt, lambda = 1e-6, stop = -3, maxIte = 25, trace = TRUE)

#Excplore diferentes números de var a serem incluídas

names(sda.mRNA)

sda.mRNA$varNames  #variáveis com cargas não-nulas: somente 3 em cada direção

sda.mRNA$varIndex

sda.mRNA$beta #cargas atribuídas às (2) variáveis em cada função discriminante

sda.mRNA$theta #escores atribuídos aos grupos em cada func discriminante

## predizer a amostra de treinamento 

train1 <- predict(sda.mRNA, x1t)

train1

train1$x  #escores discriminantes

yt

class.vector <- numeric(133)

class.vector[1:40] <- 1

class.vector[41:66] <- 2

class.vector[67:133] <- 3

plot(train1$x, main="Predição_mRNA sDA",pch=23, bg=c("blue", "green","red")[class.vector])

train1$class

table(class.vector,train1$class)

sum(diag(table(class.vector,train1$class)))/133

## testing 

x1Testn<-normalizetest(x1Test,x1n) 

#normaliza a amostra Teste usando os parâmetros da de Treinamento 

x1Test <- predict(sda.mRNA, x1Testn) 

print(x1Test$class)

print(y[Iout])

table(y[Iout],x1Test$class)

sum(diag(table(y[Iout],x1Test$class)))/17

#Análise de x2

library(MASS)

lda(y ~ as.matrix(x2[,1:184]))

#Warning message:

#In lda.default(x, grouping, ...) : variables are collinear

library(sparseLDA)

# dados Teste 

x2Test<-x2[Iout,]

dim(x2Test)

x2Train<-x2[-Iout,] #dados treinamento 

dim(x2Train)

## Normalizando dados 

x2n<-normalize(x2Train) 

names(x2n) #os dados transformados estão em Xc

x2t<-x2n$Xc 

dim(x2t)

sda.miRNA <- sda(x2t, yt, lambda = 1e-6, stop = -3, maxIte = 25, trace = TRUE)

names(sda.miRNA)

sda.miRNA$varNames  #variáveis com cargas não-nulas: somente 3 em cada sLD

sda.miRNA$varIndex

sda.miRNA$beta #cargas atribuídas às (2) variáveis em cada função discriminante

sda.miRNA$theta #escores atribuídos aos grupos em cada func discriminante

## predizer a amostra de treinamento 

train2 <- predict(sda.miRNA, x2t)

train2

train2$x  #escores discriminantes

plot(train2$x, main="Predição_miRNA sDA",pch=23, bg=c("blue", "green","red")[class.vector])

train2$class

table(class.vector,train2$class)

sum(diag(table(class.vector,train2$class)))/133

## testing 

x2Testn<-normalizetest(x2Test,x2n) 

#normaliza a amostra Teste usando os parâmetros da de Treinamento 

x2Test <- predict(sda.miRNA, x2Testn) 

print(x2Test$class)

print(y[Iout])

table(y[Iout],x2Test$class)

sum(diag(table(y[Iout],x2Test$class)))/17

#Análise de x3

library(MASS)

lda(y ~ as.matrix(x3[,1:142]))

library(sparseLDA)

# dados Teste 

x3Test<-x3[Iout,]

dim(x3Test)

x3Train<-x3[-Iout,] #dados treinamento 

dim(x3Train)

## Normalizando dados 

x3n<-normalize(x3Train) 

names(x3n) #os dados transformados estão em Xc

x3t<-x3n$Xc 

dim(x3t)

sda.protein <- sda(x3t, yt, lambda = 1e-6, stop = -3, maxIte = 25, trace = TRUE)

names(sda.protein)

sda.protein$varNames  #variáveis com cargas não-nulas: somente 3 em cada sLD

sda.protein$varIndex

sda.protein$beta #cargas atribuídas às (2) variáveis em cada função discriminante

sda.protein$theta #escores atribuídos aos grupos em cada func discriminante

sda.protein$fit

## predizer a amostra de treinamento 

train3 <- predict(sda.protein, x3t)

train3

train3$x  #escores discriminantes

plot(train3$x, main="Predição_Protein sDA",pch=23, bg=c("blue", "green","red")[class.vector])

train3$class

table(class.vector,train3$class)

sum(diag(table(class.vector,train3$class)))/133

## testing 

x3Testn<-normalizetest(x3Test,x3n) 

#normaliza a amostra Teste usando os parâmetros da de Treinamento 

x3Test <- predict(sda.protein, x3Testn) 

print(x3Test$class)

print(y[Iout])

table(y[Iout],x3Test$class)

sum(diag(table(y[Iout],x3Test$class)))/17

par(mfrow=c(3,1))

plot(train1$x, main="Predição_mRNA sDA",pch=23, bg=c("blue", "green","red")[class.vector])

plot(train2$x, main="Predição_miRNA sDA",pch=23, bg=c("blue", "green","red")[class.vector])

plot(train3$x, main="Predição_Protein sDA",pch=23, bg=c("blue", "green","red")[class.vector])

##Análise de Correlação Canônica

source("https://bioconductor.org/biocLite.R")

biocLite("impute")

library(PMA)

library(CCA)

# CCA com type="standard"

dim(as.matrix(x1))

dim(as.matrix(x2))

x1n<-normalize(x1)

dim(x1n$Xc)

x2n<-normalize(x2)

dim(x2n$Xc)

# CCA (default) com 2 componentes (variáveis latentes de cada BD)

scca.12 <- CCA(x1,x2,typex="standard",typez="standard",K=2)

#scca.12 <- CCA(x1,x2,typex="standard",typez="standard",K=2, standardize=FALSE)

print(scca.12)

print(scca.12,verbose=TRUE) 

names(scca.12)

scca.12$u

scca.12$v

ux1.12<-as.matrix(x1n$Xc)%*%scca.12$u

vx2.12<-as.matrix(x2n$Xc)%*%scca.12$v

#ux1.12<-as.matrix(x1)%*%scca.12$u

#vx2.12<-as.matrix(x2)%*%scca.12$v

table(y)

class.vector <- numeric(150)

class.vector[1:45] <- 1

class.vector[46:75] <- 2

class.vector[76:150] <- 3

plot(ux1.12[,1],vx2.12[,1], main="sCCA_mRNA_miRNA rc=0.88",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux1.12[,2],vx2.12[,2, main="sCCA_mRNA_miRNA rc=0.78",pch=23, bg=c("blue", "green","red")[class.vector])

library(ggplot2)

uv.x1x2.y <- as.data.frame(cbind(ux1.12,vx2.12,factor(y)))

out.ux1 = ggplot(uv.x1x2.y, aes(ux1.12[,1],ux1.12[,2],color = y)) + geom_point(alpha = 1)

out.ux1

out.vx2 = ggplot(uv.x1x2.y, aes(vx2.12[,1],vx2.12[,2],color = y)) + geom_point(alpha = 1)

out.vx2

out.uv1 = ggplot(uv.x1x2.y, aes(ux1.12[,1],vx2.12[,1],color = y)) + geom_point(alpha = 1)

out.uv1

out.uv1 = ggplot(uv.x1x2.y, aes(ux1.12[,2],vx2.12[,2],color = y)) + geom_point(alpha = 1)

out.uv1

#Note que CCA (clássico) não usa a informação de grupo (Y)

#CCA.permute para escolher valores ótimos dos parâmetros

perm.scca.12 <- CCA.permute(x1,x2,typex="standard",typez="standard",nperms=7)

print(perm.scca.12)

plot(perm.scca.12)

names(perm.scca.12)

scca.12.p <- CCA(x1,x2,typex="standard",typez="standard",K=1,penaltyx=perm.scca.12$bestpenaltyx,penaltyz=perm.scca.12$bestpenaltyz, v=perm.scca.12$v.init)

print(scca.12.p)

names(scca.12.p)

ux1.12.p<-as.matrix(x1n$Xc)%*%scca.12.p$u

vx2.12.p<-as.matrix(x2n$Xc)%*%scca.12.p$v

plot(ux1.12.p[,1],vx2.12.p[,1], main="sCCA.p_mRNA_miRNA rc=0.86",pch=23, bg=c("blue", "green","red")[class.vector])

## Realizar CCA usando a informação de Grupo (Y)

library(dplyr)

y.n <- recode(y,"Basal" = 1, "Her2" = 2, "LumA" = 3)

scca.12.y <- CCA(x1,x2,typex="standard",typez="standard",outcome="multiclass",y = y.n)

names(scca.12.y)

scca.12.y$cors

ux1.12.y <- as.matrix(x1n$Xc)%*%scca.12.y$u

vx2.12.y <- as.matrix(x2n$Xc)%*%scca.12.y$v

uvy.x1x2.y <- as.data.frame(cbind(ux1.12.y,vx2.12.y,factor(y)))

out.uv1y = ggplot(uv.x1x2.y, aes(ux1.12.y,vx2.12.y,color = y)) + geom_point(alpha = 1)

out.uv1y

#Compare com a solução CCA sem info de Y

par(mfrow=c(3,1))

plot(ux1.12[,1],vx2.12[,1], main="sCCA_mRNA_miRNA rc=0.88",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux1.12.p[,1],vx2.12.p[,1], main="sCCA.p_mRNA_miRNA rc=0.86",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux1.12.y,vx2.12.y, main="sCCA.y_mRNA_miRNA rc=0.83",pch=23, bg=c("blue", "green","red")[class.vector])

#CCA com type="standard"

#CCA default usa var padronizadas

dim(as.matrix(x1))

dim(as.matrix(x3))

x3n<-normalize(x3)

dim(x3n$Xc)

# CCA (default) com 2 componentes (variáveis latentes de cada BD)

scca.13 <- CCA(x1,x3,typex="standard",typez="standard",K=2)

#scca.13 <- CCA(x1,x3,typex="standard",typez="standard",K=2,standardize=FALSE)

print(scca.13)

print(scca.13,verbose=TRUE) 

names(scca.13)

scca.13$u

scca.13$v

ux1.13 <- as.matrix(x1n$Xc)%*%scca.13$u

vx3.13 <- as.matrix(x3n$Xc)%*%scca.13$v

plot(ux1.13[,1],vx3.13[,1], main="sCCA.y_mRNA_Protein rc=0.94",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux1.13[,2],vx3.13[,2], main="sCCA.y_mRNA_Protein rc=0.87",pch=23, bg=c("blue", "green","red")[class.vector])

library(ggplot2)

uv.x1x3.y <- as.data.frame(cbind(ux1.13,vx3.13,factor(y)))

out.ux1 = ggplot(uv.x1x3.y, aes(ux1.13[,1],ux1.13[,2],color = y)) + geom_point(alpha = 1)

out.ux1

out.vx3 = ggplot(uv.x1x3.y, aes(vx3.13[,1],vx3.13[,2],color = y)) + geom_point(alpha = 1)

out.vx3

cor(vx3.13[,1],vx3.13[,2]) #??

out.uv1 = ggplot(uv.x1x3.y, aes(ux1.13[,1],vx3.13[,1],color = y)) + geom_point(alpha = 1)

out.uv1

out.uv1 = ggplot(uv.x1x3.y, aes(ux1.13[,2],vx3.13[,2],color = y)) + geom_point(alpha = 1)

out.uv1

#Note que CCA não usa a informação de grupo (Y)

# CCA.permute para escolher valores ótimos dos parâmetros

perm.scca.13 <- CCA.permute(x1,x3,typex="standard",typez="standard",nperms=7)

print(perm.scca.13)

plot(perm.scca.13)

names(perm.scca.13)

scca.13.p <- CCA(x1,x3,typex="standard",typez="standard",K=1,penaltyx=perm.scca.13$bestpenaltyx,penaltyz=perm.scca.13$bestpenaltyz, v=perm.scca.13$v.init)

print(scca.13.p)

names(scca.13.p)

ux1.13.p<-as.matrix(x1n$Xc)%*%scca.13.p$u

vx3.13.p<-as.matrix(x3n$Xc)%*%scca.13.p$v

plot(ux1.13.p[,1],vx3.13.p[,1], main="sCCA.p_mRNA_Protein rc=0.94",pch=23, bg=c("blue", "green","red")[class.vector])

## Realizar CCA usando a informação de Grupo (Y)

library(dplyr)

y.n <- recode(y,"Basal" = 1, "Her2" = 2, "LumA" = 3)

scca.13.y <- CCA(x1,x3,typex="standard",typez="standard",outcome="multiclass",y = y.n)

names(scca.13.y)

scca.13.y$cors

ux1.13.y <- as.matrix(x1n$Xc)%*%scca.13.y$u

vx3.13.y <- as.matrix(x3n$Xc)%*%scca.13.y$v

uvy.x1x3.y <- as.data.frame(cbind(ux1.13.y,vx3.13.y,factor(y)))

out.uv1y = ggplot(uvy.x1x3.y, aes(ux1.13.y,vx3.13.y,color = y)) + geom_point(alpha = 1)

out.uv1y

#Compare com a solução CCA sem info de Y

out.uv1 = ggplot(uv.x1x3.y, aes(ux1.13[,1],vx3.13[,1],color = y)) + geom_point(alpha = 1)

out.uv1

par(mfrow=c(3,1))

plot(ux1.13[,1],vx3.13[,1], main="sCCA_mRNA_Protein rc=0.94",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux1.13.p[,1],vx3.13.p[,1], main="sCCA.p_mRNA_Protein rc=0.94",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux1.13.y,vx3.13.y, main="sCCA.y_mRNA_Protein rc=0.86",pch=23, bg=c("blue", "green","red")[class.vector])

#CCA com type="standard"

dim(as.matrix(x2))

dim(as.matrix(x3))

dim(x2n$Xc)

dim(x3n$Xc)

# CCA (default) com 2 componentes (variáveis latentes de cada BD)

scca.23 <- CCA(x2,x3,typex="standard",typez="standard",K=2)

print(scca.23)

print(scca.23,verbose=TRUE) 

names(scca.23)

scca.23$u

scca.23$v

ux2.23 <- as.matrix(x2n$Xc)%*%scca.23$u

vx3.23 <- as.matrix(x3n$Xc)%*%scca.23$v

plot(ux2.23[,1],vx3.23[,1], main="sCCA.y_miRNA_Protein rc=0.84",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux2.23[,2],vx3.23[,2], main="sCCA.y_miRNA_Protein rc=0.77",pch=23, bg=c("blue", "green","red")[class.vector])

library(ggplot2)

uv.x2x3.y <- as.data.frame(cbind(ux2.23,vx3.23,factor(y)))

out.ux1 = ggplot(uv.x2x3.y, aes(ux2.23[,1],ux2.23[,2],color = y)) + geom_point(alpha = 1)

out.ux1

out.vx3 = ggplot(uv.x2x3.y, aes(vx3.23[,1],vx3.23[,2],color = y)) + geom_point(alpha = 1)

out.vx3

out.uv1 = ggplot(uv.x2x3.y, aes(ux2.23[,1],vx3.23[,1],color = y)) + geom_point(alpha = 1)

out.uv1

out.uv1 = ggplot(uv.x2x3.y, aes(ux2.23[,2],vx3.23[,2],color = y)) + geom_point(alpha = 1)

out.uv1

#Note que CCA não usa a informação de grupo (Y)

# CCA.permute para escolher valores ótimos dos parâmetros

perm.scca.23 <- CCA.permute(x2,x3,typex="standard",typez="standard",nperms=7)

print(perm.scca.23)

plot(perm.scca.23)

names(perm.scca.23)

scca.23.p <- CCA(x2,x3,typex="standard",typez="standard",K=1,penaltyx=perm.scca.23$bestpenaltyx,penaltyz=perm.scca.23$bestpenaltyz, v=perm.scca.23$v.init)

print(scca.23.p)

names(scca.23.p)

ux2.23.p<-as.matrix(x2n$Xc)%*%scca.23.p$u

vx3.23.p<-as.matrix(x3n$Xc)%*%scca.23.p$v

plot(ux2.23.p[,1],vx3.23.p[,1], main="sCCA.p_miRNA_Protein rc=0.83",pch=23, bg=c("blue", "green","red")[class.vector])

## Realizar CCA usando a informação de Grupo (Y)

library(dplyr)

y.n <- recode(y,"Basal" = 1, "Her2" = 2, "LumA" = 3)

scca.23.y <- CCA(x2,x3,typex="standard",typez="standard",outcome="multiclass",y = y.n)

names(scca.23.y)

scca.23.y$cors

ux2.23.y <- as.matrix(x2n$Xc)%*%scca.23.y$u

vx3.23.y <- as.matrix(x3n$Xc)%*%scca.23.y$v

uvy.x2x3.y <- as.data.frame(cbind(ux2.23.y,vx3.23.y,factor(y)))

out.uv1y = ggplot(uvy.x2x3.y, aes(ux2.23.y,vx3.23.y,color = y)) + geom_point(alpha = 1)

out.uv1y

#Compare com a solução CCA sem info de Y

out.uv1 = ggplot(uv.x2x3.y, aes(ux2.23[,1],vx3.23[,1],color = y)) + geom_point(alpha = 1)

out.uv1

par(mfrow=c(3,1))

plot(ux2.23[,1],vx3.23[,1], main="sCCA_mIRNA_Protein rc=0.84",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux2.23.p[,1],vx3.23.p[,1], main="sCCA.p_mIRNA_Protein rc=0.83",pch=23, bg=c("blue", "green","red")[class.vector])

plot(ux2.23.y,vx3.23.y, main="sCCA.y_mIRNA_Protein rc=0.76",pch=23, bg=c("blue", "green","red")[class.vector])

