

Supplementary Table 1. R –script for model building, training and validation of the microRNA signature
### Libraries needed

library(glmnet)
library(pROC)
library(verification)
library(ROCR)
library(survcomp)
library(survival)
library(caret)

### discovery-data
data=read.table("discovery-data.txt",header=T, sep="\t")

x<-model.matrix(Group~.,data=data)
y=data$Group
`%ni%`<-Negate(`%in%`)

centered.x = scale(data[1:nrow(data),2:ncol(data)])
mm=cbind(data$Group, centered.x)
colnames(mm)=colnames(data)
data=as.data.frame(mm)

a=0.5      ### Elastic net
n=5        ### Folds     

## nfolds from 1 to no of features, for leave one out cross validation 
####  Feature selection

glmnet1<-cv.glmnet(x=x,y=y,nfolds=n,alpha=a,family = "binomial", type.measure = "class" )    
c<-coef(glmnet1,s='lambda.min',exact=TRUE)
inds<-which(c!=0)
variables<-row.names(c)[inds]         
variables<-variables[variables %ni% '(Intercept)']      
c[variables,]     # Variables gives you the list of the variables that solve the best solution.

##### Model building and leave one out cross validation ################################

x=x[,variables]
model1 <- cv.glmnet(x,y,alpha=a,family = "binomial",nfolds=n,type.measure = "class" )
c<-coef(model1,s='lambda.min',exact=TRUE)
inds<-which(c!=0)
variables1<-row.names(c)[inds]  
        
# Variables gives you the list of the variables that solve the best solution.

folds <- cut(seq(1,nrow(x)),breaks=20,labels=FALSE)

pred <- list()
for(i in 1:length(unique(folds))){
  ind <- which(folds==i,arr.ind=TRUE)
  train <- x[-ind,]
  new_test <- data.matrix(t(x[ind,]))
  ytrain <- y[-ind]
  model <- cv.glmnet(train,ytrain,alpha=a,family = "binomial",nfolds=n)
  pred[[i]] <- predict(model, newx=new_test,s = "lambda.min")    
}

pred1 <- do.call("c", pred)
discovery_predictions=as.numeric(pred1)
pr <- prediction(discovery_predictions, y)
prf <- performance(pr, measure = "tpr", x.measure = "fpr")
auc <- performance(pr, measure = "auc")
auc <- auc@y.values[[1]]

opt.cut = function(perf, pred){
  cut.ind = mapply(FUN=function(x, y, p){
    d = (x - 0)^2 + (y-1)^2
    ind = which(d == min(d))
    c(sensitivity = y[[ind]], specificity = 1-x[[ind]], 
      cutoff = p[[ind]])
  }, perf@x.values, perf@y.values, pred@cutoffs)
}

zz=roc.area(y, discovery_predictions)
zz$p.value

print(opt.cut(prf, pr))

plot(prf,col="blue", main="Discovery cohort",lwd=3)
abline(a=0, b= 1,col="grey")
text(1,0.15,labels=paste("AUC = ",round(auc,digits=2),sep=""),adj=1)
text(1,0.10,labels=paste("Wilcoxon test P = ", round(zz$p.value,digits=6),sep=""),adj=1)
fitted_dis=ifelse(oslo_predictions > opt.cut(prf, pr)[3],1,0)
table(fitted_dis,y)

sensitivity(as.factor(fitted_dis),as.factor(y))
specificity(as.factor(fitted_dis),as.factor(y))

misClasificError <- mean(fitted_dis != y)
print(paste('Accuracy',1-misClasificError))

####### Fit the model on validation cohort

data1=read.table("val-data.txt",header=T, sep="\t")
class=data1$Group
# 
dd1=data1[1:nrow(data1),2:ncol(data1)]
centered.x1 <- scale(dd1)
mm1=cbind(data1$Group, centered.x1)
colnames(mm1)=colnames(data1)
data1=as.data.frame(mm1)

pcsi_val<-model.matrix(Group~.,data=data1)
pcsi_val=pcsi_val[,variables]

pcsi_pred=predict(model1, newx = pcsi_val, s = "lambda.min")    

class=data1$Group
test1=pcsi_pred

pr <- prediction(pcsi_pred, class)
prf <- performance(pr, measure = "tpr", x.measure = "fpr")
auc <- performance(pr, measure = "auc")
auc <- auc@y.values[[1]]
auc

zz1=roc.area(class,pcsi_pred)
print(opt.cut(prf, pr))

plot(prf,col="red", main="Validation cohort",lwd=3)

abline(a=0, b= 1,col="grey")
text(1,0.15,labels=paste("AUC = ",round(auc,digits=2),sep=""),adj=1)
text(1,0.10,labels=paste("Wilcoxon test P = ", round(zz1$p.value,digits=6),sep=""),adj=1)

fitted_val=ifelse(pcsi_pred>opt.cut(prf, pr)[3],1,0)
table(fitted_val,class)
sensitivity(as.factor(fitted_val),as.factor(class))
specificity(as.factor(fitted_val),as.factor(class))

misClasificError <- mean(fitted_val != class)
print(paste('Accuracy',1-misClasificError))


Supplementary Table 2. Cox regression model for the discovery set and the validation set. Score_7_miRmodel is the calculated score for the 7-miR signature. Lines_nivo is number of treatment lines before treatment with nivolumab.

Discovery set:
                 Estimate Std. Error t value Pr(>|t|)  
(Intercept)       0.71328    0.54028   1.320   0.2079  
score_7_miRmodel -0.03177    0.01402  -2.266   0.0398 *
ECOG             -0.24145    0.22935  -1.053   0.3103  
Gender            0.28953    0.19326   1.498   0.1563  
Histology        -0.04782    0.20102  -0.238   0.8154  
lines_nivo       -0.16805    0.11401  -1.474   0.1626 

Validation set:

                 Estimate Std. Error t value Pr(>|t|)    
(Intercept)       2.42383    0.54619   4.438  0.00016 ***
score_7_miRmodel -2.42026    1.01845  -2.376  0.02545 *  
ECOG             -0.19208    0.07989  -2.404  0.02394 *  
Gender           -0.27394    0.14637  -1.872  0.07301 .  
Histology        -0.06854    0.15166  -0.452  0.65519    
lines_nivo        0.07300    0.09969   0.732  0.47081  



Supplementary Table 3: Different cut-offs for model building and the validation set.

[bookmark: _GoBack]Cut-off	Data set	 Sensitivity	Specificity	AUC	p-value
6months	Discovery	 1	 0.77	0.94	0.0003
	Validation	 0.71	 0.9	0.81	0.0013
9months	Discovery	 1	 0.77	0.93	0.0003
	Validation	 0.89	 0.77	0.87	0.0003
12months	Discovery	 1	 0.77	0.93	0.0003
	Validation	 0.79	 0.76	0.8	0.002
18months	Discovery	 0.78	 0.73	0.87	0.002
	Validation	 0.8	 0.67	0.68	0.06

