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Supplementary Fig
Supplementary Fig 1. Fecal metagenomics analysis. A. Beta diversity was computed using the Jaccard distance metric. PERMANOVA analysis reveals significant differences in bacterial signatures between the two groups (Jaccard distance, PERMANOVA, P = 0.001). B. Species with statistical differences between MDD and HCs. Per microbial family, the number of increased (yellow) or decreased (blue) species is shown, including 67 species in MDD belonging to 29 families and 56 species in HCs belonging to 22 families (P-value < 0.05).
Supplementary Fig 2. Linear regression analysis (LDA) was used to estimate the impact of species abundance on the differential. Bar chart illustrates differences species with LDA > 2.5 and P-value < 0.05, 17 species (yellow) enriched in MDD, and 33 species (blue) enriched in HCs.
Supplementary Fig 3. The heatmap depicts Spearman correlation between microbial functional pathways and clinical phenotypes. +P-value < 0.05; *P-value < 0.01. Bar chart on the left shows the P-values of differential functional pathways between the MDD and HCs.
[bookmark: _Hlk168240851]Supplementary Fig 4. Schematic diagram of the main pathway of tryptophan metabolism. A Reaction steps of tryptophan metabolism and related enzymes. Metabolites enriched in MDD are shown in light red, depleted in light green, gray indicates metabolites that do not change, and colorless represents unclassified. Dark green represents reduced enzymes. B Boxplot illustrates the differential of the abundance of enzymes in tryptophan metabolism. *P-value < 0.05; ***P-value < 0.001. C-D Bar graph stacking the average relative abundance of the top 10 species contributing to EC3.5.1.4 and EC3.5.1.9 in the MDD and HCs, respectively. 
Supplementary Fig 5. Schematic diagram of the main pathway about citrate cycle (TCA cycle), pantothenate and CoA biosynthesis. A Reaction steps of TCA cycle, pantothenate and CoA biosynthesis and related enzymes. Dark red represents elevated enzymes. B Boxplot illustrates the differential of the abundance of enzymes in TCA cycle. *P-value<0.05; **P-value<0.01. C-D Bar graph stacking the average relative abundance of the top 10 species contributing to EC1.3.5.1 and EC4.2.1.3 in the MDD and HCs, respectively.
Supplementary Fig 6. The heatmap depicts the Spearman correlation between microbial and clinical phenotypes. +P-value < 0.05; *P-value < 0.01. 17 species (yellow) enriched in patients with MDD and 33 species (blue) enriched in HCs.
Supplementary Fig 7. Receiver operating characteristic (ROC) curve and the performance of the random forest model using neurotransmitter-like metabolites (red) and further combination with gut microbial (green). The right-hand plot displays the mean decrease accuracy (MDA) score for the potential 20 markers in the model. Yellow represents enrichment in the MDD and blue represents enrichment in HCs.
Supplementary Fig 8. LASSO regression for each test of THINC-it. A-D LASSO regression depicts how bile acid coefficient values varied with Spotter, Codebreaker, Trials, and PDQ-5-D performance in different regularization intensity ranges (lambda mini = 0.030), accompanied by a partial likelihood bias to determine the number of key predictors in cognitive assessment.

Supplementary Table
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Supplementary Table 5. Differential species between MDD and HCs in cohort 1 (P-value < 0.05, tested by Wilcoxon’s rank-sum test)
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Supplementary Methods
[bookmark: _Hlk165841416][bookmark: _Hlk165841359]Metagenomic sequencing and functional analyze
DNA was extracted from the stool samples using the Magbeads Fast DNA® kit (MP Biomedicals, Shanghai, China). The concentrations of the extracted DNA were quantified using NanoDrop 2000, followed by 1% agarose gel electrophoresis for integrity detection. Using KAPA HyperPlus PCR-free reagent (Illumina, CA, US), DNA fragments were standardized to an average length of approximately 400 bp for the assembly of a paired-end library. Library quantification was performed with a Qubit 2.0 (Thermo Fisher, Massachusetts, US), and read quality control was assessed using an Agilent 2100 (Agilent, Palo Alto, US). Shotgun metagenomic sequencing was performed using the BGI platform (Shaan Probiomicros Co., Ltd. Xi’an, China). Fastp (v0.23.0, length required = 50, n base limit = 2) was used to remove low-quality reads and adapters from the raw reads, and Bowtie2 software (v2.3.5.1) was used to exclude the host reads based on the human genomes 38. Finally, high-quality clean reads amounting to an average of 15.05 Gb and 15.23 Gb of sequence data were retrieved, respectively. MetaPhlAn4 (v 4.0.3) software was used to annotate the metagenomic data and analyze the composition of microbial communities to obtain relative abundance information. 
This project used HUMAnN3 to obtain information of species abundance, metabolic pathways, functional modules of microorganisms, and enzyme commission during metabolism. Metabolic databases including the Kyoto Encyclopedia of Genes and Genomes pathway (KEGG) and MetaCyc. The KEGG was used to analyze the microbial functional changes, and to identify differences, enrichment of microbial gene functions was analyzed using the KEGG database. The metabolic enzymes of the pathways were sourced from the MetaCyc database (accessed via https://metacyc.org/).  The abundance profiles of UniRef90 were transformed into enzyme commission abundance profiles by utilizing the "uniref90_level4ec" functionality.
Untargeted metabolomics analysis 
Blood samples were deposited in the Biobank of the First Affiliated Hospital of Xi’an Jiaotong University. After centrifugation, the serum samples were stored at -80°C. Untargeted metabolomic analysis was performed using liquid chromatography-mass spectrometry (LC-MS). Both aliquots underwent analysis using two distinct LC-MS methodologies: one under positive ion mode and the other under negative ion mode. The samples were preserved at -80°C, then thawed on ice, and vortexed for 10 s. A mixture comprising 50 μL of sample and 300 μL of extraction solution (a mixture containing acetonitrile and methanol in a ratio of 1:4, by volume) was prepared and, having initially vortexed, was centrifuged for 10 min at 12,000 rpm and 4°C. Subsequently, 200 μL of the clear supernatant was collected and stored at -20°C for 30 min prior to being centrifuged again for 3 min at 12,000 rpm and 4°C. Finally, 180-μL aliquots of the supernatant were collected for liquid chromatography–mass spectrometry (LC-MS) analysis. Data acquisition was performed in information-dependent acquisition mode using Analyst TF 1.7.1 Software (Sciex, Concord, ON, Canada). The raw data file obtained based on LC-MS analysis was converted to mzXML format using ProteoWizard software. Peak detection, alignment, and retention-time calibration were carried out using XCMS. Peak areas were normalized using the “SVR” method, with peaks with a detection rate of less than 50% across all samples being removed from subsequent analysis. Metabolite identification was then conducted by querying a laboratory-specific database, combined with public databases, an AI database, and metDNA. The identified metabolites were annotated by comparing with accessions in the KEGG Compound database (http://www.kegg.jp/kegg/compound/) and then mapped to the KEGG Pathway database (http://www.kegg.jp/kegg/pathway.html). Pathways exhibiting significant enrichment were determined through a hypergeometric P-value test applied to the list of metabolites.
Targeted amino acid and bile acid profiling
The sample was thawed, vortexed for 10 seconds, mixed with 20% acetonitrile/methanol, vortexed for 3 min, and centrifuged at 12000 rpm for 10 min at 4°C. The supernatant was transferred to a fresh centrifuge tube and stored at -20°C for 30 min. It was then centrifuged at 12,000 rpm for 10 minutes at 4°C, after which 180 μL of the supernatant was processed through a Protein Precipitation Plate for subsequent LC-MS analysis. All standards were acquired from Sigma-Aldrich (St. Louis, MO, USA) and Zhenzhun. Targeted LC-MS/MS analysis was carried out using a Shimadzu LC system coupled to a triple quadrupole mass spectrometer (QTRAP® 6500+; ABSciex). The mass spectrometer was operated in both positive and negative electrospray ionization modes, utilizing a scheduled multiple reaction monitoring (sMRM) scan protocol. Data acquisition was conducted using Analyst 1.6.3 software (Sciex), and metabolite quantification was facilitated using Multiquant 3.0.3 software (Sciex).
Statistical analyses
Demographic data were performed using SPSS (version 25). Data were shown as mean ± standard deviation (SD). Normality of the data distribution was first tested using aShapiro-Wilk test. The homogeneity of variance test was conducted using Bartlett’s test. Continuous, normally distributed variables were analysed by Student’s t-test. Continuous, non-normally distributed variables were analysed by Wilcoxon’s ranksum test. Categorical variables were compared by Chi-square test or Fisher’s exact test. Generally, statistical significance is set to 0.05.
Random forest model
Initially, a random forest regression model was applied to predict the levels of BAs and gut-derived neurotransmitter-like metabolites, with the variable IncMSE, which exhibited the greatest influence, chosen as the initial predictor. Subsequently, this primary variable was coupled with subsequent variables to predict the metabolite concentrations, and the R2 values of the predictions were determined and contrasted (with preference given to the combinations that yielded the highest R2). This process was repeated, introducing additional variables sequentially, until no further improvement in R2 was observed. The prediction of BAs and gut-derived neurotransmitter-like metabolites was then conducted using the selected variables, and the importance of these variables was assessed by calculating R2.
The variables were ranked according to their importance and sequentially incorporated into the model. Each variable was assigned a mean decrease in accuracy (MDA) score, indicating its significance in predicting the outcome as determined by the increase in error upon its removal from the predictors. To evaluate the predictive accuracy of the model, we adopted a five-fold cross-validation approach. In addition, we used the pROC package in R to generate receiver operating characteristic (ROC) curves, and variables with the highest predictive power were identified as those that yielded the maximum area under the curve (AUC).
 Code availability
PERMANOVA tests
library(glmnet) 
library(openxlsx)
library(ggplot2) 
library(ggsci)
library(survival)
library(reshape2)
library(vegan)
setwd("D:/R_project")
data1 <-  read.xlsx(data1.xlsx", sheet = 1)
df1 <- t(data1)
colnames(df1) <- df1[1,]
df1 <- df1[-14:-1,]
df1<-data.frame(df1,stringsAsFactors = F) 
rownames_df1 <- (rownames(df1))
df1 <- as.data.frame(lapply(df1,as.numeric))
rownames(df1) <- rownames_df1
data2 <-  read.xlsx("data2.xlsx", sheet = 1,colNames = FALSE)
data2 <- data2[,1:13]
colnames_data2 <- (data2[2,])
data2 <- data2[-2:-1,]
rownames_data2 <- data2[,1]
colnames(data2) <- colnames_data2
data2 <- data2[,-1]
df2 <- as.data.frame(lapply(data2,as.numeric))
rownames(df2) <- rownames_data2
rows_to_replace <- grepl("MD", rownames(df2))
rownames(df2)[rows_to_replace] <- gsub("MD", "MDD", rownames(df2)[rows_to_replace])
common_rows <- intersect(rownames(df1), rownames(df2))
df1 <- df1[common_rows, ]
df2 <- df2[common_rows, ]
merged_df <- merge(df1, df2, by = "row.names", all.x = TRUE)
rownames(merged_df) <- merged_df$Row.names
merged_df <- merged_df[, -1]
merged_df<- na.omit(merged_df)
common_rows <- rownames(merged_df)
df1 <- df1[common_rows, ]
df2 <- df2[common_rows, ]
df2$group = sapply(rownames(df2),FUN = function(x) substr(x,1,2))
df2$group[df2$group == "30"] <- 0
df2$group[df2$group == "MD"] <- 1
data3 <- read.xlsx("data3.xlsx", sheet = 1,colNames = FALSE)
colnames(data3) <- data3[2,]
data3 <- data3[-2:-1,]
rownames_data3 <- data3[,1]
df3 <- data3[,3:5]
rownames(df3) <- rownames_data3
df3 <- as.data.frame(lapply(df3,as.numeric))
rownames(df3) <- rownames_data3
rows_to_replace <- grepl("MD", rownames(df3))
rownames(df3)[rows_to_replace] <- gsub("MD", "MDD", rownames(df3)[rows_to_replace])
df3 <- df3[common_rows, ]
merged_df3 <- merge(df2, df3, by = "row.names", all.x = TRUE)
rownames(merged_df3) <- merged_df3$Row.names
merged_df3 <- merged_df3[, -1]
merged_df3<- na.omit(merged_df3)
merged_df3$gender <- merged_df3$gender-1
significant_predictors_for_response <- c()
#PERMANOVATEST ALL
result <- adonis2(df1 ~group+PHQ+GAD+gender+age+BMI+NEUT.+LYMPH.+MONO., data = merged_df3, permutations = 999)
result
# group
adonis2(df1 ~group, data = merged_df3, permutations = 999)
# gender
adonis2(df1 ~gender, data = merged_df3, permutations = 999)
# PHQ
adonis2(df1 ~PHQ, data = merged_df3, permutations = 999)
Co-inertia analysis
library(latex2exp)
library(openxlsx)
library(made4)
library(ggplot2)
library("ade4")
setwd("D:/R_project")
#data1 Fecal microbiome
#data2 Serum metabolome
#data3 Cognition
data1 <-  read.xlsx("Fecal microbiome.xlsx", sheet = 1)
data2 <-  read.xlsx("Serum metabolome.xlsx", sheet = 2)
data3 <-  read.xlsx("Cognition.xlsx", sheet = 1)
common_columns <- intersect(colnames(data1), colnames(data2))
specified_columns <- c("Row.names", "Compounds")
keep_columns <-c(specified_columns,common_columns)
rownames_df3 <- data3[,1]
rownames_df3 <- rownames_df3[-1] 
colnames(data3) <- data3[1,]
data3_sub <- data3[-1,-1]
df3 <- data.frame(data3_sub,stringsAsFactors = F) 
df3 <- df3[,3:9]
rownames_df3 <- gsub("MD", "MDD", rownames_df3)
row.names(df3) <-rownames_df3
df3 <- na.omit(df3)
columns_to_keep <- grep(paste(keep_columns, collapse = "|"), colnames(data1), value = TRUE)
columns_to_keep2 <- grep(paste(keep_columns, collapse = "|"), colnames(data2), value = TRUE)
data1_subset <- data1[, columns_to_keep]
data2_subset <- data2[, columns_to_keep2]
colnames_df1 <- (data1_subset[,1])
colnames_df2 <- (data2_subset[,1])
df1=t(data1_subset)
df2=t(data2_subset)
df1 <- df1[-1, ]
colnames(df1) <- colnames_df1
df1<-data.frame(df1,stringsAsFactors = F) 
rownames_df1 <- (rownames(df1))
df1 <- as.data.frame(lapply(df1,as.numeric))
rownames(df1) <- rownames_df1
df2 <- df2[-1, ]
colnames(df2) <- colnames_df2
df2<-data.frame(df2,stringsAsFactors = F) 
rownames_df2 <- (rownames(df2))
df2 <- as.data.frame(lapply(df2,as.numeric))
rownames(df2) <- rownames_df2
common_df2_df3 <- intersect(rownames(df2), rownames(df3))
df3 <- df3[common_df2_df3, ]
df3 <- as.data.frame(lapply(df3,as.numeric))
rownames(df3) <- common_df2_df3
df2 <- df2[common_df2_df3, ]
dudi.df1 <-dudi.pca(df3, scale=FALSE, scan=FALSE)
dudi.df2 <-dudi.pca(df2, scale=FALSE, scan=FALSE)
summary(dudi.df1)
summary(dudi.df2)
#dudi.df1$eig/sum(dudi.df1$eig)
dudi.df2$eig/sum(dudi.df2$eig)
all.equal(dudi.df1$lw,dudi.df2$lw)
coia.df1.df2 <- coinertia(dudi.df1,dudi.df2, scan=FALSE, nf=2)
coia.df1.df2$eig[1]/sum(coia.df1.df2$eig) 
summary(coia.df1.df2)
randtest(coia.df1.df2, nrepet=5000)  
eig = coia.df1.df2$eig
keqimx = coia.df1.df2$mX
colnames(keqimx)<-sapply(colnames(keqimx), FUN=function(x) paste("mx",x,sep = "_"))
keqimy = coia.df1.df2$mY
colnames(keqimy)<-sapply(colnames(keqimy), FUN=function(x) paste("my",x,sep = "_"))
keqimxy = cbind(keqimx,keqimy)
keqimxy$group = sapply(rownames(keqimxy),FUN = function(x) substr(x,1,2))
keqimxy$group[keqimxy$group == "30"] <- "HC"
keqimxy$shape1 = "Cognition"
keqimxy$shape2 = "Serum metabolome"
ggplot(keqimxy)+geom_segment(aes (x = mx_NorS1, y = mx_NorS2, xend = my_NorS1,yend = my_NorS2),color = "gray")+
  geom_point(aes(x=mx_NorS1,y=mx_NorS2,color = group,shape = shape1),size=3)+
  geom_point(aes(x=my_NorS1,y=my_NorS2,color = group,shape = shape2),size=3)+
  #geom_text(aes(x=my_NorS1,y=my_NorS2,label=group))+
  theme(legend.title = element_blank(),panel.background = element_rect(fill = "transparent", color = "gray"),axis.text = element_text(color = "#000000"))+
  scale_color_manual(values=c("HC"="#00bfc4","MD"="#f8766d" ))+
  scale_shape_manual(values=c("Cognition"=15,"Serum metabolome"=16))+
  guides(color = guide_legend(override.aes = list(size = 5)))+
  xlab(paste("Axis1","(",round(eig[1]/sum(eig)*100,2),"%",")",sep = ""))+
  ylab(paste("Axis2","(",round(eig[2]/sum(eig)*100,2),"%",")",sep = ""))+
  labs(title = TeX(r"(co-inertia analysis (P = 0.019, RV coefficient: 0.272, n = 135))"))
Lasso penalized regression
library(glmnet) 
library(openxlsx)
library(ggplot2) 
library(ggsci)
library(survival)
library(reshape2)
set.seed(123)
setwd("D:/R_project")
con <-  read.xlsx("LASSO?ع?.xlsx", sheet = 1,colNames = FALSE)
colnames_con <- con[2,]
con <- con[-2:-1,]
rownames_con <- con[,1]
con <- con[,-1]
con_sub <- as.data.frame(lapply(con,as.numeric))
colnames(con_sub) <- colnames_con[-1]
rownames(con_sub) <- rownames_con
data_x <- read.xlsx("LASSO?ع?.xlsx", sheet = 4,colNames = FALSE)
colnames_x <- data_x[2,]
data_x <- data_x[-2:-1,]
rownames_x <- data_x[,1]
data_x <- data_x[,-1]
data_x_sub <- as.data.frame(lapply(data_x,as.numeric))
colnames(data_x_sub) <- colnames_x[-1]
rownames(data_x_sub) <- rownames_x
bile <- data_x_sub[,1:12]
selected_columns <- c(1:4, 13:ncol(data_x_sub))
species <- data_x_sub[,selected_columns]
# bile[grep("^30", rownames(bile)), "group"] <- 0
# bile[grep("^MD", rownames(bile)), "group"] <- 1
merged_df <- merge(con_sub, bile, by = "row.names", all.x = TRUE)
rownames(merged_df) <- merged_df[,1]
merged_df <- merged_df[,-1]
merged_df <- na.omit(merged_df)
merged_df$gender <- merged_df$gender - 1
merged_df$`educational level`<- factor(merged_df$`educational level`)
education_dummies <- model.matrix(~ `educational level` - 1, data = merged_df)
full_data <- cbind(merged_df[, -which(names(merged_df) == "educational level")], education_dummies)
predictors <- full_data[, 8:ncol(full_data)]
numeric_columns <- sapply(predictors, is.numeric)
standardized_predictors <- scale(predictors)
ggplot_list <- list()
ggplot_list2 <- list()
results <-  data.frame()
for( i in 1:7){
  y <- merged_df[, i]  
  x =as.matrix(standardized_predictors)   
  lasso_model  <- glmnet(x, y,family = "gaussian", nlambda = 1000, alpha = 1, standardize = TRUE)
  cv_lasso_model <- cv.glmnet(x = as.matrix(x), y = y,family = "gaussian", alpha = 1,standardize = TRUE)
  best_lambda <- cv_lasso_model$lambda.min
  lasso_best  <- glmnet(x=x, y=y, alpha = 1,lambda = best_lambda, standardize = TRUE)
  coefficient <- coef(lasso_best,s = lasso_best$lanbda.min)
  coe <-  coefficient@x
  coe <- as.data.frame (coe)
  Active_Index <- which(as.numeric(coefficient)!= 0)
  active_coeff<- as.numeric(coefficient)[Active_Index]
  variable <- rownames (coefficient) [Active_Index]
  variable <- as.data.frame(variable)
  variable <- cbind(variable,coe)
  variable_name <- colnames(merged_df)[i]
  variable$cognition <- variable_name
  results <- rbind(results,variable)
    fit <- coef(lasso_model)
  tmp <- as.data.frame(as.matrix(fit)) 
  tmp <- tmp[-1,]
  rownames(tmp)[rownames(tmp) == "gender"] <- "Cgengder"
  tmp$coef <- row.names(tmp) 
  tmp <- reshape2::melt(tmp, id = "coef") 
  tmp$variable <- as.numeric(gsub("s", "", tmp$variable)) 
  tmp$coef <- gsub('_','-',tmp$coef) 
  tmp$lambda <- lasso_model$lambda[tmp$variable+1] 
  # extract the lambda values 
  tmp$norm <- apply(abs(fit[-1,]), 2, sum)[tmp$variable+1] 
  # compute L1 norm
    ggplot_list[[i]] <- ggplot(tmp,aes(log(lambda),value,color = coef)) + 
    geom_vline(xintercept = log(cv_lasso_model$lambda.min),
               color='grey60',
               alpha=0.8,linetype=2)+
    geom_line(size=1) + 
    xlab("Lambda (log scale)") + 
    ylab('Coefficients')+ 
    theme_bw(base_rect_size = 2)+ 
    scale_color_manual(values= c(pal_npg()(10),
    pal_jama()(7)))+ 
    scale_x_continuous(expand = c(0.01,0.01))+ 
    scale_y_continuous(expand = c(0.01,0.01))+ 
    theme(panel.grid = element_blank(), 
          axis.title = element_text(size=15,color='black'), 
          axis.text = element_text(size=12,color='black'), 
          legend.title = element_blank(), 
          legend.text = element_text(size=12,color='black'), 
          legend.position = 'right')+ 
    annotate('text',x = log(best_lambda),y=0.26,
             label=paste("Optimal Lambda = ", round(best_lambda,4), sep = ""),
             color='black')+ 
    guides(col=guide_legend(ncol = 2))+
    labs(title = variable_name)
      xx <- data.frame(lambda=cv_lasso_model[["lambda"]],
                   cvm=cv_lasso_model[["cvm"]],
                   cvsd=cv_lasso_model[["cvsd"]], 
                   cvup=cv_lasso_model[["cvup"]],
                   cvlo=cv_lasso_model[["cvlo"]],
                   nozezo=cv_lasso_model[["nzero"]]) 
  xx$ll<- log(xx$lambda) 
  xx$NZERO<- paste0(xx$nozezo,' vars')
  ggplot_list2[[i]] <- ggplot(xx,aes(ll,cvm,color=NZERO))+ 
    geom_errorbar(aes(x=ll,ymin=cvlo,ymax=cvup),
                  width=0.05,size=1)+ 
    geom_vline(xintercept = xx$ll[which.min(xx$cvm)],
               size=0.8,color='grey60',alpha=0.8,
               linetype=2)+ 
    geom_point(size=2)+ 
    xlab("Log Lambda")+
    ylab('Partial Likelihood Deviance')+ 
    theme_bw(base_rect_size = 1.5)+ 
    scale_color_manual(values= c(pal_npg()(10),
                                 pal_d3()(10),
                                 pal_lancet()(9),
                                 pal_aaas()(10)))+ 
    scale_x_continuous(expand = c(0.02,0.02))+ 
    scale_y_continuous(expand = c(0.02,0.02))+ 
    theme(panel.grid = element_blank(), 
          axis.title = element_text(size=15,
                                    color='black'), 
          axis.text = element_text(size=12,
                                   color='black'), 
          legend.title = element_blank(), 
          legend.text = element_text(size=12,
                                     color='black'), 
          legend.position = 'bottom')+ 
    annotate('text',x= log(best_lambda),y=1,
             label=paste("Optimal Lambda = ", round(best_lambda,4), sep = ""),
             color='black')+ 
    guides(col=guide_legend(ncol = 6))+
    labs(title = variable_name)
}
write.csv(results, file = "result.csv", row.names = FALSE)
for (i in seq_along(ggplot_list)) {
  pdf(paste("Coef_", colnames(merged_df)[i],".pdf", sep = ""),15,10)
  print(ggplot_list[[i]])
  dev.off()
}
for (i in seq_along(ggplot_list2)) {
  pdf(paste("Patial_", colnames(merged_df)[i],".pdf", sep = ""),15,10)
  print(ggplot_list2[[i]])
  dev.off()
}
Random forest model
library(openxlsx)
library(dplyr) 
library(data.table)
library(randomForest) 
library(caret) 
library(pROC) 
library(ggplot2) 
library(ggpubr) 
library(ggprism)
library(ROCR)
library(logcondens)
setwd("D:/R_project")
data1 <-  read.xlsx("123_data1.xlsx", sheet = 1) 
colnames_data1 <- data1[,1]
data1 <- data1[,-4:-1]
rownames_data1 <- colnames(data1) 
data1_sub <- as.data.frame(lapply(data1,as.numeric))
df1 <-t(data1_sub)
colnames(df1) <- colnames_data1
rownames(df1) <- rownames_data1
data_y <- read.xlsx("data_y.xlsx", sheet = 1,colNames = TRUE)
data_y <- data_y[-5:-1,]
rownames_y <- data_y[,1]
data_y <- data_y[,-1]
colnames_y <- colnames(data_y)
rownames(data_y) <- rownames_y
data_y_sub <- as.data.frame(lapply(data_y,as.numeric))
colnames(data_y_sub) <- colnames_y
rownames(data_y_sub) <- rownames_y
merged_df <- merge(data_y_sub, df1, by = "row.names", all.x = TRUE)
rownames(merged_df) <- merged_df[,1]
merged_df <- merged_df[,-1]
merged_df <- na.omit(merged_df)
merged_df$group = sapply(rownames(merged_df),FUN = function(x) substr(x,1,2))
merged_df$group[merged_df$group == "30"] <- "HC"
merged_df$group[merged_df$group == "MD"] <- "MDD"
group_sizes <- table(merged_df$group)
train_group_sizes <- round(group_sizes * 0.7)
test_group_sizes <- group_sizes - train_group_sizes
train_data <- data.frame()
test_data <- data.frame()
for (group_name in unique(merged_df$group)) {
  set.seed(123)
  group_indices <- which(merged_df$group == group_name)
  train_indices <- sample(group_indices, train_group_sizes[group_name])
  test_indices <- setdiff(group_indices, train_indices)
  train_data <- rbind(train_data, merged_df[train_indices, ])
  test_data <- rbind(test_data, merged_df[test_indices, ])
}
X_train <- train_data[, -which(names(train_data) == "group")]
y_train <- as.factor(train_data[["group"]])
#_______________________________ѡ????֭??______________________________________
bile <- c(1:5)
bilefeatures <- X_train[, bile]
odel <- randomForest(x = bilefeatures, y = y_train, ntree = 100,importance = TRUE,proximity = TRUE)
print(model)
ctrl <- trainControl(method = "cv", number = 5) 
grid <- expand.grid(mtry = c(1:10)) 
rf_model <- train(x = bilefeatures, y = y_train,
                  method = "rf",
                  trControl = ctrl,
                  tuneGrid = grid)
print(rf_model)
grid <- expand.grid(mtry = rf_model$bestTune)  
modellist <- list()
for (ntree in c(100,200,300,400,500)) {
  set.seed(123)
  fit <- train(x = bilefeatures, y = y_train, method="rf", 
               metric="Accuracy", tuneGrid=grid, 
               trControl=ctrl, ntree=ntree)
  key <- toString(ntree)
  modellist[[key]] <- fit$results['Accuracy']
}
max_index <- which.max(unlist(modellist))
max_name <- names(modellist)[max_index]
ntree <- as.numeric(max_name)
mtry <- grid$mtry
final_model <- randomForest(x = bilefeatures, y = y_train,mtry = mtry,ntree = ntree,importance = TRUE,proximity = TRUE)
print(final_model)
X_test <- test_data[, -which(names(test_data) == "group")]
y_test <- as.factor(test_data[["group"]])
X_test <- X_test[,bile]
test_data1 <- test_data[,bile]
test_predictions <- predict(final_model, newdata = test_data1, type = "prob")
roc_obj <- roc(response = y_test, predictor = test_predictions[, 2])
roc_smooth <- smooth(roc_obj, method = "logcondens")
data2 <-  read.xlsx("123?ֲ?????.xlsx", sheet = 1) 
colnames_data2 <- data2[,1]
data2 <- data2[,-4:-1]
rownames_data2 <- colnames(data2)
data2_sub <- as.data.frame(lapply(data2,as.numeric))
df2 <-t(data2_sub)
colnames(df2) <- colnames_data2
rownames(df2) <- rownames_data2
sel_name <- read.xlsx('ɸѡ??ע?ͱ?.xlsx',sheet = 1)
rownames_sel <- sel_name[,"NAME"]
sel_name <- as.data.frame(lapply(sel_name,as.numeric))
sel_name$NAME <- rownames_sel
selected_names <- sel_name$NAME[sel_name$LDA > 2.5]
selected_names <- na.omit(selected_names)
df2_sub <- df2[,selected_names]
df2_sub_on <- as.data.frame(df2_sub)
df2_sub_on$group = sapply(rownames(df2_sub_on),FUN = function(x) substr(x,1,2))
df2_sub_on$group[df2_sub_on$group == "30"] <- "HC"
df2_sub_on$group[df2_sub_on$group == "MD"] <- "MDD"
roup_sizes <- table(df2_sub_on$group)
set.seed(123)
train_group_sizes <- round(group_sizes * 0.8)
test_group_sizes <- group_sizes - train_group_sizes
train_data2 <- data.frame()
test_data2 <- data.frame()
for (group_name in unique(df2_sub_on$group)) {
  group_indices <- which(df2_sub_on$group == group_name)
  
  train_indices <- sample(group_indices, train_group_sizes[group_name])
  test_indices <- setdiff(group_indices, train_indices)
  train_data2 <- rbind(train_data2, df2_sub_on[train_indices, ])
  test_data2 <- rbind(test_data2, df2_sub_on[test_indices, ])
}
X_train2 <- train_data2[, -which(names(train_data2) == "group")]
y_train2 <- as.factor(train_data2[["group"]])
model2 <- randomForest(x = X_train2, y = y_train2, ntree = 100,importance = TRUE,proximity = TRUE)
print(model2)
X_test2 <- test_data2[, -which(names(test_data2) == "group")]
y_test2 <- as.factor(test_data2[["group"]])
test_predictions2 <- predict(model2, newdata = test_data2)
confusion_matrix <- confusionMatrix(test_predictions2, y_test2)
accuracy <- confusion_matrix$overall["Accuracy"]
precision <- confusion_matrix$byClass["Pos Pred Value"]
recall <- confusion_matrix$byClass["Sensitivity"]
f1_score <- confusion_matrix$byClass["F1"]
# print(confusion_matrix)
# print(paste("Accuracy:", accuracy))
# print(paste("Precision:", precision))
# print(paste("Recall:", recall))
# print(paste("F1 Score:", f1_score))
test_predictions2 <- predict(model2, newdata = test_data2, type = "prob")
roc_obj2 <- roc(response = y_test2, predictor = test_predictions2[, 2])
roc_smooth2 <- smooth(roc_obj2, method = "logcondens")
bile_all <- data_y_sub[,1:5]
X_features <-  merge(df2_sub_on, bile_all, by = "row.names", all.x = TRUE)
rownames(X_features) <- X_features[,1]
X_features <- X_features[,-1]
X_features <- na.omit(X_features)
group_sizes <- table(X_features$group)
set.seed(123)
train_group_sizes <- round(group_sizes * 0.7)
test_group_sizes <- group_sizes - train_group_sizes
train_data2 <- data.frame()
test_data2 <- data.frame()
for (group_name in unique(X_features$group)) {
  group_indices <- which(X_features$group == group_name)
  train_indices <- sample(group_indices, train_group_sizes[group_name])
  test_indices <- setdiff(group_indices, train_indices)
  train_data2 <- rbind(train_data2, X_features[train_indices, ])
  test_data2 <- rbind(test_data2, X_features[test_indices, ])
}
X_train2 <- train_data2[, -which(names(train_data2) == "group")]
y_train2 <- as.factor(train_data2[["group"]])
model2 <- randomForest(x = X_train2, y = y_train2,mtry = 1,ntree = 100,importance = TRUE,proximity = TRUE)
ctrl <- trainControl(method = "cv", number = 5) 
grid <- expand.grid(mtry = c(1:10)) 
rf_model <- train(x = X_train2, y = y_train2,
                  method = "rf",
                  trControl = ctrl,
                  tuneGrid = grid)
print(rf_model)
grid <- expand.grid(mtry = rf_model$bestTune)  
modellist <- list()
for (ntree in c(100,200,300,400,500)) {
  set.seed(123)
  fit <- train(x = X_train2, y = y_train2, method="rf", 
               metric="Accuracy", tuneGrid=grid, 
               trControl=ctrl, ntree=ntree)
  key <- toString(ntree)
  modellist[[key]] <- fit$results['Accuracy']
}
max_index <- which.max(unlist(modellist))
max_name <- names(modellist)[max_index]
ntree <- as.numeric(max_name)
mtry <- grid$mtry
final_model2 <- randomForest(x = X_train2, y = y_train2,mtry = mtry,ntree = ntree,importance = TRUE,proximity = TRUE)
print(final_model2)
X_test2 <- test_data2[, -which(names(test_data2) == "group")]
y_test2 <- as.factor(test_data2[["group"]])
test_predictions2 <- predict(final_model2, newdata = test_data2)
confusion_matrix <- confusionMatrix(test_predictions2, y_test2)
accuracy <- confusion_matrix$overall["Accuracy"]
precision <- confusion_matrix$byClass["Pos Pred Value"]
recall <- confusion_matrix$byClass["Sensitivity"]
f1_score <- confusion_matrix$byClass["F1"]
# print(confusion_matrix)
# print(paste("Accuracy:", accuracy))
# print(paste("Precision:", precision))
# print(paste("Recall:", recall))
# print(paste("F1 Score:", f1_score))
test_predictions2 <- predict(model2, newdata = test_data2, type = "prob")
roc_obj2 <- roc(response = y_test2, predictor = test_predictions2[, 2])
roc_smooth2 <- smooth(roc_obj2, method = "logcondens")
importance_values <- importance(final_model2)
varImpPlot(final_model2, n.var = min(20, nrow(final_model2$importance)), main = '')
roc_auc <- c(auc(roc_obj), auc(roc_obj2))
Bile = paste("Bile acid, AUC = ", round(auc(roc_obj), 3), sep = "")
Comb = paste("Bile acid+Species, AUC = ", round(auc(roc_obj2), 3), sep = "")
roc_data <- rbind(data.frame(Type = Bile, FPR = 1 - roc_smooth$specificities, TPR = roc_smooth$sensitivities),data.frame(Type = Comb, FPR = 1 - roc_smooth2$specificities, TPR = roc_smooth2$sensitivities))
ggplot(data = roc_data, aes(x = FPR, y = TPR, color = Type)) +
  geom_line(size = 1.5) +  # ????ROC????
  geom_abline(slope = 1, intercept = 0, linetype = "solid", color = "black") +  # ???ӶԽ???
  labs(title = " ",  # ????
       x = "1-Specificity",
       y = "Sensitivity",
       color =  "") +  scale_x_continuous(labels = scales::number_format(accuracy = 0.1)) +  
  scale_y_continuous(labels = scales::number_format(accuracy = 0.1)) +
  coord_fixed() +   theme(panel.background = element_rect(fill = NA, color = "black"),  
        legend.background = element_rect(fill = NA) ) 

2

