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2. the code used in the article.

library(caret)
library(tidyverse)
library(tableone)
clinical_data <- read_tsv("CESC_clinical_final.txt")
head(clinical_data)

Train_samp <- createDataPartition(y = clinical_data$time,
                                  p = 0.7,
                                  list = F)
Train_clin <- clinical_data[Train_samp,]
Test_clin <- clinical_data[-Train_samp,]
save(Train_clin, Test_clin, file = "caret.Rda")

#Construct a baseline characteristic table to distinguish between the training set and the validation set

Train_clin$group <- "Training_Set"
Test_clin$group <- "Testing_Set"

Table_Clin <- rbind.data.frame(Train_clin, Test_clin)
Table_Clin <- Table_Clin %>%
  column_to_rownames("patient_ID")

# Create a baseline characteristic table.
dput(colnames(Table_Clin))
# Specify the names of all variables to be compared. 
myVars <- c("treatment_type", "race", "vital_status", "age", "M_stage", 
            "N_stage", "Stage", "T_stage", "time","status")

# Specify the categorical variables. 
catVars <- c("treatment_type", "race", "vital_status", "M_stage", "N_stage",
             "Stage", "T_stage","status") 

# Specify continuous variables (non-normally distributed). 
nonVars <- c("age", "time")

Tab4 <- CreateTableOne(data = Table_Clin, 
                       strata = "group",   # Specify the grouping variable. 
                       vars = myVars, 
                       factorVars = catVars, 
                       addOverall = TRUE) #Add the analysis results for the overall group. 

Baseline_Tab <- print(Tab4, 
                      cramVars = catVars, 
                      nonnormal = nonVars, 
                      exact = "M", 
                      quote = FALSE,    
                      noSpaces = TRUE, 
                      printToggle = FALSE)
write.csv(Baseline_Tab, "Baseline_Tab_caret.csv")

rm(list = ls())
library(tidyverse)
library(ggplot2)
library(survival)
library(forestplot)
library(glmnet)
library(survminer)
library(ggrisk)
library(survivalROC)
library(RColorBrewer)
library(ConsensusClusterPlus)
library(pheatmap)
library(dendsort)

##########Match the training set with the validation set.#######################
load(file = "CESC_vst_tumor_final.Rda")
load(file = "caret.Rda")
# CESC_diff <- read_tsv("final_CESC_diff.txt")
# CESC_diff_res <- CESC_diff %>%
#   dplyr::filter(abs(log2FoldChange) > 5 )
# 
CESC_model_mat <- CESC_vst_tumor_final[ubiquitin$gene_symbol, ]
# CESC_model_mat1 <- CESC_model_mat[, -c(1:41)]
# colnames(CESC_vst_tumor_final) <- str_sub(colnames(CESC_vst_tumor_final), 1, 12)
# CESC_model_mat1<-CESC_vst_tumor_final
train_set <- CESC_model_mat2[, Train_clin$patient_ID]
test_set <- CESC_model_mat2[, Test_clin$patient_ID]
CESC_model_mat1<-rownames_to_column(CESC_model_mat,"gene_symbol")
write_tsv(CESC_model_mat1,"CESC_model_mat.txt")
CESC_model_mat2<-column_to_rownames(CESC_model_mat,"gene_symbol")


CESC_model_mat2 <- CESC_model_mat1 %>%
  column_to_rownames("patient_ID")%>%
  t() %>%
  as.data.frame()

train_set <- CESC_model_mat2[,Train_clin$patient_ID]
test_set <- CESC_model_mat2[,Test_clin$patient_ID]
train_set1 <- train_set %>%
  t() %>%
  as.data.frame() %>%
  rownames_to_column("patient_ID") %>%
  inner_join(Train_clin, "patient_ID") %>%
  dplyr::select(patient_ID, time, status, everything()) %>%
  dplyr::select(-c(853:862)) %>%
  column_to_rownames("patient_ID")
test_set1 <- test_set %>%
  t() %>%
  as.data.frame() %>%
  rownames_to_column("patient_ID") %>%
  inner_join(Test_clin, "patient_ID") %>%
  dplyr::select(patient_ID, time, status, everything()) %>%
  dplyr::select(-c(853:862)) %>%
  column_to_rownames("patient_ID")
# Merge the follow-up data with the expression matrix.
# train_set1 <- train_set %>%
#   t() %>%
#   as.data.frame() %>%
#   rownames_to_column("patient_ID") %>%
#   inner_join(Train_clin, "patient_ID") %>%
#   dplyr::select(patient_ID, time, status, everything()) %>%
#   dplyr::select(-c(808:816)) %>%
#   column_to_rownames("patient_ID")
# 
# test_set1 <- test_set %>%
#   t() %>%
#   as.data.frame() %>%
#   rownames_to_column("patient_ID") %>%
#   inner_join(Test_clin, "patient_ID") %>%
#   dplyr::select(patient_ID, time, status, everything()) %>%
#   dplyr::select(-c(808:816)) %>%
#   column_to_rownames("patient_ID")

save(train_set1, test_set1, file = "model.Rda")

##########The univariate-Lasso-multivariate Cox regression model###########
rm(list = ls())
load(file = "model.Rda")

# Univariate Cox Analysis


Coxoutput <- data.frame()
for(i in colnames(train_set1[,3:ncol(train_set1)])){
  cox <- coxph(Surv(time, status) ~ train_set1[,i], data = train_set1)
  coxSummary <- summary(cox)
  Coxoutput <- rbind(Coxoutput, cbind(gene_name = i,
                                      HR = coxSummary[["coefficients"]][,"exp(coef)"],
                                      z = coxSummary[["coefficients"]][,"z"],
                                      Pvalue = coxSummary[["coefficients"]][,"Pr(>|z|)"],
                                      Lower = coxSummary[["conf.int"]][,"lower .95"],
                                      Upper = coxSummary[["conf.int"]][,"upper .95"]))
}

# Filter results with p < 0.05
Coxoutput1 <- Coxoutput %>%
  arrange(Pvalue)  %>%
  filter(Pvalue < 0.05) 

write_tsv(Coxoutput1, "Uni_cox.txt")

# Create a forest plot.
forest_table <- cbind(c("gene_name", Coxoutput1$gene_name),
                      c("HR", Coxoutput1$HR),
                      c("P-value", Coxoutput1$Pvalue))

csize <- data.frame(mean=c(NA,
                           log10(as.numeric(Coxoutput1$HR))),
                    lower=c(NA,
                            log10(as.numeric(Coxoutput1$Lower))),
                    upper=c(NA,
                            log10(as.numeric(Coxoutput1$Upper))))

forestplot(forest_table, 
           graph.pos = 3,
           graphwidth = unit(5, "cm"),
           csize,
           zero = 0,
           cex = 0.9,
           lineheight = "auto",
           boxsize = 0.2,
           fn.ci_norm = fpDrawNormalCI,
           lwd.ci = 1,
           ci.vertices = TRUE,
           lwd.xaxis = 1,
           xlab = "log10(HR)", 
           ci.vertices.height = 0.08,
           col = fpColors(box = "royalblue", 
                          line = "darkblue", 
                          summary = "royalblue")) 

# Prepare the data for Lasso regression.
lasso_train <- train_set1 %>%
  dplyr::select(1, 2, Coxoutput1$gene_name)
save(lasso_train, file = "lasso_train.Rda")
write_csv(lasso_train,"lasso_train.csv")
# Conduct Lasso regression.

x <- as.matrix(lasso_train[,c(3:ncol(lasso_train))])
y <- data.matrix(Surv(lasso_train$time, lasso_train$status))

set.seed(128)
fit <- glmnet(x, y, family = "cox", maxit =10000)

pdf("lambda_cox.pdf")
plot(fit,
     xvar = "lambda", #dev/norm
     label = TRUE)
dev.off()

cvfit <- cv.glmnet(x, y, nfold = 10, family="cox", maxit = 1000)
pdf("cvfit_cox.pdf")
plot(cvfit)
abline(v = log(c(cvfit$lambda.min, cvfit$lambda.1se)),
       lty="dashed")
dev.off()
cvfit$lambda.min #lambda

coef <- coef(fit, s = cvfit$lambda.min) 
index <- which(coef != 0)
lasso_Gene <- row.names(coef)[index]
lasso_res_cox <- lasso_train %>%
  dplyr::select(1:2, one_of(lasso_Gene))
head(lasso_res_cox)

# Conduct multivariate Cox regression, calculate the risk score, and perform validation simultaneously.
multi_cox <- coxph(Surv(time, status) ~ ., data = lasso_res_cox)
multi_cox <- step(multi_cox, direction = "both")
multiSummary <- summary(multi_cox)

multioutput <- cbind.data.frame(
  coef = multiSummary[["coefficients"]][,"coef"],
  HR = multiSummary[["conf.int"]][,"exp(coef)"],
  Pvalue = multiSummary[["coefficients"]][,"Pr(>|z|)"],
  Lower = multiSummary[["conf.int"]][,"lower .95"],
  Upper = multiSummary[["conf.int"]][,"upper .95"])

multioutput1 <- multioutput %>%
  rownames_to_column("gene_names")
write_tsv(multioutput1, "multi_cox.txt")

# Forest plot
pdf("multi_forest.pdf")
ggforest(multi_cox,
         main = "HR",
         cpositions = c(0.02,0.22, 0.4), 
         fontsize = 0.7, 
         refLabel = "reference", 
         noDigits = 2)
dev.off()

# Calculate the risk score.
riskScore <- predict(multi_cox, 
                     type = "risk",
                     newdata = lasso_res_cox)       
riskScore <- as.data.frame(riskScore)
riskScore$risk_group <- ifelse(riskScore$riskScore > median(riskScore$riskScore), "High",
                               "Low")
riskScore$ID <- rownames(riskScore)
multicox_res_train <- lasso_res_cox %>%
  rownames_to_column("ID") %>%
  dplyr::select(1:3, one_of(multioutput1$gene_names)) %>%
  inner_join(riskScore, "ID")

# Validation in the validation set.
head(test_set1)
riskScore_Test <- predict(multi_cox,
                          type = "risk",
                          newdata = test_set1)     
riskScore_Test <- as.data.frame(riskScore_Test)
riskScore_Test$risk_group <- ifelse(riskScore_Test$riskScore > median(riskScore$riskScore), "High",
                                    "Low")
riskScore_Test$ID <- rownames(riskScore_Test)
multicox_res_test <- test_set1 %>%
  rownames_to_column("ID") %>%
  dplyr::select(1:3, one_of(multioutput1$gene_names)) %>%
  inner_join(riskScore_Test, "ID")

###

save(multicox_res_train, multicox_res_test, file = "cox_risk.Rda")
colnames(multicox_res_train)
# Draw a risk plot.
ggrisk(multi_cox,
       cutoff.show = FALSE)
dev.copy2pdf(file = "Train_model.pdf")

test_set_data <- test_set1 %>%
  dplyr::select(1:2, one_of(multioutput1$gene_names))

# train_set_data <- train_set1 %>%
#   dplyr::select(1:2, one_of(multioutput1$gene_names)) 
# ggrisk(multi_cox,
#        cutoff.show = FALSE,
#        new.data = train_set_data)
# dev.copy2pdf(file = "Train_model2.pdf")

# all_set_data <- CESC_model_mat3 %>%
#   dplyr::select(1:2, one_of(multioutput1$gene_names)) 
# ggrisk(multi_cox,
#        cutoff.show = FALSE,
#        new.data = all_set_data)
# dev.copy2pdf(file = "all.pdf")

ggrisk(multi_cox,
       cutoff.show = FALSE,
       new.data = test_set_data)
dev.copy2pdf(file = "Test_model.pdf")

# Survival curve
fit <- survfit(Surv(time, status) ~ risk_group, data = multicox_res_train)
ggsurvplot(fit,
           pval = TRUE,
           linetype = "solid",  
           palette = c("red", "blue"),
           surv.median.line = "hv", 
           title = "Overall survival",
           ylab = "Cumulative survival (percentage)",
           xlab = " Time (Years)",
           legend.title = "Survival Plot",
           legend = c(0.85,0.85),
           risk.table = T,
           tables.height = 0.2,
           ggtheme = theme_bw(),
           tables.theme = theme_cleantable()
)
dev.copy2pdf(file = "Train_survplot.pdf")
write_tsv(multicox_res_test,"multicox_res_test.txt")
fit <- survfit(Surv(time, status) ~ risk_group, data = multicox_res_test)
ggsurvplot(fit,
           pval = TRUE,
           linetype = "solid",  
           palette = c("red", "blue"),
           surv.median.line = "hv", 
           title = "Overall survival",
           ylab = "Cumulative survival (percentage)",
           xlab = " Time (Years)",
           legend.title = "Survival Plot",
           legend = c(0.85,0.85),
           risk.table = T,
           tables.height = 0.2,
           ggtheme = theme_bw(),
           tables.theme = theme_cleantable()
)
dev.copy2pdf(file = "Test_survplot.pdf")

# ROC

# train test
Five_ROC <- survivalROC(Stime = multicox_res_train$time,
                        status = multicox_res_train$status,
                        marker = multicox_res_train$riskScore,
                        predict.time = 5,
                        span = 0.25*nobs^(-0.20),
                        method="NNE") # NNE
str(Five_ROC)
plot(Five_ROC$FP,
     Five_ROC$TP,
     col = "#E41A1C",
     type = "l",
     lwd = 2,
     xlim = c(0,1), 
     ylim = c(0,1),
     xlab = "Fasle Positive Rate",
     ylab = "True Positive Rate",
     main = "CESC Training Set ROC")
Five_ROC_AUC = Five_ROC$AUC #AUC

Three_ROC <- survivalROC(Stime = multicox_res_train$time,
                         status = multicox_res_train$status,
                         marker = multicox_res_train$riskScore,
                         predict.time = 3,
                         span = 0.25*nobs^(-0.20),
                         method="NNE") 
str(Three_ROC)
lines(Three_ROC$FP,
      Three_ROC$TP,
      col="#377EB8",
      type="l",
      lwd=2,
      xlim=c(0,1), 
      ylim=c(0,1))
Three_ROC_AUC = Three_ROC$AUC 
one_ROC <- survivalROC(Stime = multicox_res_train$time,
                       status = multicox_res_train$status,
                       marker = multicox_res_train$riskScore,
                       predict.time = 1,
                       span = 0.25*nobs^(-0.20),
                       method="NNE")
str(one_ROC)
lines(one_ROC$FP,
      one_ROC$TP,
      col="#4DAF4A",
      type="l",
      lwd=2,
      xlim=c(0,1), 
      ylim=c(0,1))
one_ROC_AUC = one_ROC$AUC
legend("bottomright",
       c(paste("Five_ROC_AUC = ",round(Five_ROC_AUC, 3)),
         paste("Three_ROC_AUC = ",round(Three_ROC_AUC, 3)),
         paste("one_ROC_AUC = ",round(one_ROC_AUC, 3))),
       col = c("#E41A1C","#377EB8","#4DAF4A"),
       lwd = 6)
dev.copy2pdf(file = "TrainingSet_Roc.pdf")
dev.off()
# test set
Five_ROC <- survivalROC(Stime = multicox_res_test$time,
                        status = multicox_res_test$status,
                        marker = multicox_res_test$riskScore_Test,
                        predict.time = 5,
                        span = 0.25*nobs^(-0.20),
                        method="NNE") 
str(Five_ROC)
plot(Five_ROC$FP,
     Five_ROC$TP,
     col = "#E41A1C",
     type = "l",
     lwd = 2,
     xlim = c(0,1), 
     ylim = c(0,1),
     xlab = "Fasle Positive Rate",
     ylab = "True Positive Rate",
     main = "CESC Testing Set ROC")
Five_ROC_AUC = Five_ROC$AUC 

Three_ROC <- survivalROC(Stime = multicox_res_test$time,
                         status = multicox_res_test$status,
                         marker = multicox_res_test$riskScore_Test,
                         predict.time = 2,
                         span = 0.25*nobs^(-0.20),
                         method="NNE")
str(Three_ROC)
lines(Three_ROC$FP,
      Three_ROC$TP,
      col="#377EB8",
      type="l",
      lwd=2,
      xlim=c(0,1), 
      ylim=c(0,1))
Three_ROC_AUC = Three_ROC$AUC 

one_ROC <- survivalROC(Stime = multicox_res_test$time,
                       status = multicox_res_test$status,
                       marker = multicox_res_test$riskScore_Test,
                       predict.time = 1,
                       span = 0.25*nobs^(-0.20),
                       method="NNE") 
str(one_ROC)
lines(one_ROC$FP,
      one_ROC$TP,
      col="#4DAF4A",
      type="l",
      lwd=2,
      xlim=c(0,1), 
      ylim=c(0,1))
one_ROC_AUC = one_ROC$AUC

legend("bottomright",
       c(paste("Five_ROC_AUC = ",round(Five_ROC_AUC, 3)),
         paste("Three_ROC_AUC = ",round(Three_ROC_AUC, 3)),
         paste("one_ROC_AUC = ",round(one_ROC_AUC, 3))),
       col = c("#E41A1C","#377EB8","#4DAF4A"),
       lwd = 6)
dev.copy2pdf(file = "TestingSet_Roc.pdf")


############Unsupervised clustering#############

Cluster_mat <- lasso_res_cox[, - c(1, 2)]
Cluster_mat <- t(Cluster_mat)

Cluster <- ConsensusClusterPlus(d = Cluster_mat,
                                maxK = 7, 
                                pItem = 0.8, 
                                reps = 1000, 
                                clusterAlg = "pam", 
                                innerLinkage = "ward.D", 
                                finalLinkage = "ward.D",
                                distance = "euclidean", 
                                seed = 123456,
                                plot = "pdf", 
                                writeTable = TRUE,
                                title = "Consensus Cluster of Risk Genes") 

# Determine the optimal number of clusters using the PAC (Probability Aggregation Clustering) method.
# The optimal K corresponds to the minimum area.
Kvec <- 2:7
x1 = 0.1; x2 = 0.9        
PAC <- rep(NA,length(Kvec)) 
names(PAC) <- paste("K=", Kvec, sep="")  
for(i in Kvec){
  M = Cluster[[i]]$consensusMatrix
  Fn = ecdf(M[lower.tri(M)])          
  PAC[i-1] = Fn(x2) - Fn(x1)
} 

optK <- Kvec[which.min(PAC)]  
optK

annCol <- data.frame(Cluster = paste0("Cluster", Cluster[[2]][["consensusClass"]]),
                     row.names = colnames(Cluster_mat))

annColors <- list(Cluster = c("Cluster1" = "red","Cluster2" = "steelblue"))
plotdata <- Cluster[[2]][["consensusMatrix"]]
dimnames(plotdata) <- list(colnames(Cluster_mat), colnames(Cluster_mat))

pheatmap(mat = plotdata,
         color = colorRampPalette((c("white","steelblue")))(55),
         border_color = NA,
         cluster_rows = dendsort(Cluster[[2]][[2]]),
         cluster_cols = dendsort(Cluster[[2]][[2]]),
         annotation_col = annCol,
         annotation_colors = annColors,
         show_colnames = F,
         show_rownames = F)
dev.copy2pdf(file = "Cluster.pdf")
# Extract the clustering results.
Cluster_res <- annCol %>%
  as.data.frame() %>%
  rownames_to_column("ID")
# Merge the prognostic data.
Cluster_res1 <- lasso_res_cox %>%
  rownames_to_column("ID") %>%
  inner_join(Cluster_res, "ID")

# Survival analysis
fit <- survfit(Surv(time, status) ~ Cluster, data = Cluster_res1)
ggsurvplot(fit,
           pval = TRUE,
           linetype = "solid",  
           palette = c("red", "blue"),
           surv.median.line = "hv", 
           title = "Overall survival",
           ylab = "Cumulative survival (percentage)",
           xlab = " Time (Years)",
           legend.title = "Survival Plot",
           legend = c(0.85,0.85),
           risk.table = T,
           tables.height = 0.2,
           ggtheme = theme_bw(),
           tables.theme = theme_cleantable()
)
dev.copy2pdf(file = "Cluster_survplot.pdf")

##########WGCNA#########

load("CESC_vst_tumor_final.Rda")

library(tidyverse)
library(reshape2)
library(WGCNA)
library(plyr)
library(readr)
WGCNA_data <- CESC_vst_tumor_final

WGCNA_data1 <- WGCNA_data %>%
  t() %>%
  as.data.frame()
dim(WGCNA_data1) 
WGCNA_data2<-rownames_to_column(WGCNA_data1,"Patient_ID")
WGCNA_data2$Patient_ID<-str_sub(WGCNA_data2$Patient_ID,1,12)
WGCNA_data1<-column_to_rownames(WGCNA_data2,"Patient_ID")
# Calculate the percentile cutoff values.
per_res <- quantile(vars_res, probs = seq(0, 1, 0.25)) 

upperGene <- WGCNA_data1[, which(vars_res > per_res[2])] 
WGCNA_data2 <- data.matrix(upperGene)
# Assess the quality of the analysis data.
gsg <- goodSamplesGenes(WGCNA_data2, verbose = 3);
gsg[["allOK"]] 
# Assess the presence of outlier samples by pruning the clustering tree.
sampleTree <- hclust(dist(WGCNA_data2),
                     method = "average")
par(cex = 0.7);
par(mar <- c(0,4,2,0))
plot(sampleTree,
     main = "Sample clustering to detect outliers",
     sub="",
     xlab="",
     cex.lab = 1.5,
     cex.axis = 1.5,
     cex.main = 2) +
  abline(h = 173, col = "steelblue")   
dev.off()

# Remove the outlier matrix.
clust <- cutreeStatic(sampleTree,
                      cutHeight = 173,
                      minSize = 10)
keepSamples <- (clust==1)
WGCNA_data3 <- WGCNA_data2[keepSamples, ]
nGenes <- ncol(WGCNA_data3)
nSamples <- nrow(WGCNA_data3)
dim(WGCNA_data3)
# Select an appropriate threshold for constructing the network.
powers <- c(c(1:10),
            seq(from = 12, to=20, by=2))
sft <- pickSoftThreshold(WGCNA_data3,
                         powerVector = powers,
                         networkType = "signed")
power<-sft$powerEstimate 
power
par(mfrow = c(1,2))
cex1 = 0.9
plot(sft$fitIndices[,1],
     -sign(sft$fitIndices[,3])*sft$fitIndices[,2],
     xlab = "Soft Threshold (power)",
     ylab = "Scale Free Topology Model Fit,signed R^2",
     type = "n",
     main = paste("Scale independence")) +
  text(sft$fitIndices[,1],
       -sign(sft$fitIndices[,3])*sft$fitIndices[,2],
       labels = powers,
       cex = cex1,
       col = "steelblue")+
  abline(h = 0.90,
         col = "red")
plot(sft$fitIndices[,1],
     sft$fitIndices[,5],
     xlab = "Soft Threshold (power)",
     ylab = "Mean Connectivity", type="n",
     main = paste("Mean connectivity")) +
  text(sft$fitIndices[,1],
       sft$fitIndices[,5],
       labels = powers,
       cex = cex1,
       col = "steelblue")
dev.off()
dev.off()
# Construct the network to obtain gene modules.
net <- blockwiseModules(WGCNA_data3,
                        power = power,
                        TOMType = "signed",
                        minModuleSize = 30,
                        reassignThreshold = 0,
                        mergeCutHeight = 0.25,
                        numericLabels = TRUE,
                        maxBlockSize = 100000,
                        pamRespectsDendro = FALSE,
                        saveTOMs = TRUE,
                        saveTOMFileBase = "MyTOM",
                        verbose = 3)
save(net,file = "net.Rda")

table(net$colors)
mergedColors <- labels2colors(net$colors)
plotDendroAndColors(net$dendrograms[[1]],
                    mergedColors[net$blockGenes[[1]]],
                    "Module colors",
                    dendroLabels = FALSE,
                    hang = 0.03,
                    addGuide = TRUE,
                    guideHang = 0.05)
dev.off()
library(caret)
WGCNA_data4 <- as.data.frame(WGCNA_data3)
inTraining <- createDataPartition(WGCNA_data4$AADAC, p = 0.5, list = FALSE)
train <- WGCNA_data4[inTraining,]
test <- WGCNA_data4[-inTraining,]
setLabels <- c("Train", "Test");
multiExpr <- list(Train = list(data = train),
                  Test = list(data = test));
moduleColors <- labels2colors(net$colors)
multiColor <- list(Train = moduleColors);
# preservation analysis
mp <- modulePreservation(multiExpr,
                         multiColor,
                         referenceNetworks = 1,
                         nPermutations = 200, 
                         randomSeed = 1,
                         quickCor = 0,
                         verbose = 3)
save(mp,file = "modulePreservation.Rda")
statsObs <- cbind(mp[["quality"]][["observed"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]][, -1],
                  mp[["preservation"]][["observed"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]][, -1])
statsZ <- cbind(mp[["quality"]][["Z"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]][, -1],
                mp[["preservation"]][["Z"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]][, -1]);
print(cbind(statsObs[, c("medianRank.pres", "medianRank.qual")],
            signif(statsZ[, c("Zsummary.pres", "Zsummary.qual")], 2)) )
modColors <- rownames(mp[["preservation"]][["observed"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]])
moduleSizes <- mp[["preservation"]][["Z"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]][, 1]
plotMods <- !(modColors %in% c("grey", "gold"))

text <- modColors[plotMods]
plotData <- cbind(mp[["preservation"]][["observed"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]][, 2],
                  mp[["preservation"]][["Z"]][["ref.Train"]][["inColumnsAlsoPresentIn.Test"]][, 2])
mains <- c("Preservation Median rank",
           "Preservation Zsummary")
sizeGrWindow(10, 5)
pdf("4_preservation.pdf", 20, 10)
par(mfrow = c(1,2))
par(mar = c(4.5,4.5,2.5,1))
for (p in 1:2){
  min = min(plotData[, p],
            na.rm = TRUE);
  max = max(plotData[, p],
            na.rm = TRUE);
  # Adjust ploting ranges appropriately
  if (p==2){
    if (min > -max/10) min = -max/10
    ylim = c(min - 0.1 * (max-min),
             max + 0.1 * (max-min))
  } else
    ylim = c(min - 0.1 * (max-min),
             max + 0.1 * (max-min))
  plot(moduleSizes[plotMods],
       plotData[plotMods, p],
       col = 1,
       bg = modColors[plotMods],
       pch = 21,
       main = mains[p],
       cex = 2.4,
       ylab = mains[p],
       xlab = "Module size",
       log = "x",
       ylim = ylim,
       xlim = c(10, 2000),
       cex.lab = 1.2,
       cex.axis = 1.2,
       cex.main =1.4)
  labelPoints(moduleSizes[plotMods],
              plotData[plotMods, p],
              text,
              cex = 1,
              offs = 0.08);
  # 添加Z分数的阈值线
  if (p==2){
    abline(h=0)
    abline(h=2,
           col = "steelblue",
           lty = 2)
    abline(h=10,
           col = "darkred",
           lty = 2)
  }
}
dev.off()
dev.off()
dev.off()
par(mfrow = c(1,2))
par(mar = c(4.5,4.5,2.5,1))
for (p in 1:2){
  min = min(plotData[, p],
            na.rm = TRUE);
  max = max(plotData[, p],
            na.rm = TRUE);
  # Adjust ploting ranges appropriately
  if (p==2){
    if (min > -max/10) min = -max/10
    ylim = c(min - 0.1 * (max-min),
             max + 0.1 * (max-min))
  } else
    ylim = c(min - 0.1 * (max-min),
             max + 0.1 * (max-min))
  plot(moduleSizes[plotMods],
       plotData[plotMods, p],
       col = 1,
       bg = modColors[plotMods],
       pch = 21,
       main = mains[p],
       cex = 2.4,
       ylab = mains[p],
       xlab = "Module size",
       log = "x",
       ylim = ylim,
       xlim = c(10, 2000),
       cex.lab = 1.2,
       cex.axis = 1.2,
       cex.main =1.4)
  labelPoints(moduleSizes[plotMods],
              plotData[plotMods, p],
              text,
              cex = 1,
              offs = 0.08);
  # Add the threshold line for the Z-score.
  if (p==2){
    abline(h=0)
    abline(h=2,
           col = "steelblue",
           lty = 2)
    abline(h=10,
           col = "darkred",
           lty = 2)
  }
}
dev.off()
dev.off()
sizeGrWindow(10, 5)
par(mfrow = c(1,2))
par(mar = c(4.5,4.5,2.5,1))
for (p in 1:2){
  min = min(plotData[, p],
            na.rm = TRUE);
  max = max(plotData[, p],
            na.rm = TRUE);
  # Adjust ploting ranges appropriately
  if (p==2){
    if (min > -max/10) min = -max/10
    ylim = c(min - 0.1 * (max-min),
             max + 0.1 * (max-min))
  } else
    ylim = c(min - 0.1 * (max-min),
             max + 0.1 * (max-min))
  plot(moduleSizes[plotMods],
       plotData[plotMods, p],
       col = 1,
       bg = modColors[plotMods],
       pch = 21,
       main = mains[p],
       cex = 2.4,
       ylab = mains[p],
       xlab = "Module size",
       log = "x",
       ylim = ylim,
       xlim = c(10, 2000),
       cex.lab = 1.2,
       cex.axis = 1.2,
       cex.main =1.4)
  labelPoints(moduleSizes[plotMods],
              plotData[plotMods, p],
              text,
              cex = 1,
              offs = 0.08);
  # Add the threshold line for the Z-score.
  if (p==2){
    abline(h=0)
    abline(h=2,
           col = "steelblue",
           lty = 2)
    abline(h=10,
           col = "darkred",
           lty = 2)
  }
}
dev.off()
dev.off()
#Output the genes within each module for identifying important genes associated with phenotypes.
color <- unique(moduleColors)
for (i  in 1:length(color)) {
  y=t(assign(paste(color[i],
                   "expr",
                   sep = "."),
             WGCNA_data4[moduleColors == color[i]]))
  write.csv(y,
            paste(color[i],"csv",sep = "."),
            quote = F)
}
library(reshape2)
library(tidyverse)
library(readr)
pheno <- read_delim("C:/Users/Administrator/Desktop/pheno.txt",
                    delim = "\t", escape_double = FALSE,
                    trim_ws = TRUE)
View(pheno)
data<-pheno
# data1 <- dcast(data, patient_ID ~group) 
# View(data1)
# write_tsv(data1, "data1.txt")
# data2 <- read_tsv("data1.txt")
# View(data2)

data2<- CESC_clinical_final %>%
  column_to_rownames("patient_ID")

moduleLabelsAutomatic <- net$colors
moduleColorsAutomatic <- labels2colors(moduleLabelsAutomatic)
moduleColorsWW <- moduleColorsAutomatic
MEs0 <- moduleEigengenes(WGCNA_data4,
                         moduleColorsWW)$eigengenes
MEsWW <- orderMEs(MEs0)

cosample <- intersect(rownames(data2), rownames(MEsWW))
data3 <- data2[cosample,]
[bookmark: _GoBack]# Analysis of the correlation between modules and phenotypes.
modTraitCor <- cor(MEsWW, data3, use = "p")
colnames(MEsWW)
modlues = MEsWW
modTraitP = corPvalueStudent(modTraitCor, nSamples)
textMatrix = paste(signif(modTraitCor, 2), "\n(", signif(modTraitP, 1), ")", sep = "")
dim(textMatrix) = dim(modTraitCor)
pdf("6_Module_trait.pdf", 8, 7)
labeledHeatmap(Matrix = modTraitCor,
               xLabels = colnames(data3),
               yLabels = names(MEsWW),
               cex.lab = 0.5,
               ySymbols = colnames(modlues),
               colorLabels = FALSE,
               colors = colorRampPalette(c("steelblue", "white","darkred"))(100),
               textMatrix = textMatrix,
               setStdMargins = FALSE,
               cex.text = 0.5,
               zlim = c(-1,1),
               main = paste("Module trait relationships"))
dev.off()
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