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Supplementary Figure 1: Concentration-response assessment of in vitro cardiotoxicity data
Fitted curves and derived point-of-departure (POD) values (black dotted lines) were individually inspected for proper fitment. Plots shown in this figure represent Ca2+ flux data after 30 minutes of treatment. Scenario 1 shows representative examples of good curve fits with interpretable POD derivations. (A) shows an example for no observable effect, (B) indicates inhibition (decreased beat frequency) and (C) stimulation (increased beat frequency) of iPSC cardiomyocytes following chemical exposure.  Scenario 2 illustrates limitations of the current incarnation of the computer model, highlighting inappropriate POD derivation due to random scatter (D) and biphasic concentration-responses (E) indicating initial concentration-dependent stimulation of cardiomyocytes followed by inhibition of cardiomyocyte beating after a certain chemical threshold was exceeded. In the case of colchicine, the POD value was manually adjusted to the highest tested concentration, i.e. the chemical was considered non-toxic based on visual inspection of the concentration-response. In the latter case, a slightly altered protocol using an adjusted threshold value was applied to exclude the declining datapoints and to determine the appropriate POD value for the initial physiological stimulation. 
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Supplementary Figure 2: In silico estimation of the chemical diversity covered by the screening library
Principal components analysis based on 153 physico-chemical descriptors calculated using Dragon software reveals the chemical diversity of groups of chemicals used in this study (green dots) as compared to the wide spectrum database of 32,464 chemicals that was generated as part of the Collaborative Estrogen Receptor Activity Prediction Project (CERAPP) (Mansouri et al. 2016). 
[image: ]

Supplementary Figure 3: Effects of various chemicals on mitochondrial integrity. Images were acquired with a 20x objective and show vehicle (0.15% DMSO) or chemical (30 µM) treated iPSC cardiomyocytes following staining with the nuclear dye Hoechst 33342 (blue) and the mitochondria-specific probe JC-10 (yellow). 
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Supplementary Figure 4: Correlation analysis of phenotypic descriptors. Shown are heatmaps and associated dendrograms for all collected phenotypes (A), as well as cardiophysiologic phenotypes separately (B). Heatmaps were based on Pearson’s r correlation coefficients determined using point-of-departure values (n=69 chemicals). Phenotypes shown in bold font are those measured after 24 hrs of exposure. Phenotypes shown in regular font are those measured after 30 min of exposure. 
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Supplementary Figure 5: Comprehensive ToxPi analysis of multiparametric cardiotoxicity assessment. Point-of-Departure values for 69 unique chemicals that were assessed for both cardiophysiology (10 phenotypes) and cellular/ mitochondrial toxicity (8 phenotypes) were integrated in ToxPi software for quantitative bioactivity profiling. (A) Ranking of positive and negative control chemicals in cardiophysiology and cellular/mitochondrial toxicity screenings according to their cumulative ToxPi score, which is a reflection of their relative toxicity within the data set. (B) Relative chemical ranking following comprehensive data integration of all 18 phenotypes in ToxPi (left panel) and distribution of ToxPi scores within and across various chemical classes (right panel).

R script for quantitative concentration-response assessment:

setwd("Z:\\Directory") #Enter the path to file directory
source("fitfunctions.txt") #See below, save separately as a text file, no modifications required

#install.packages("pROC")
library(pROC)

w2=read.csv("DATA.csv") #See template in Supplementary Table 9
dmso=read.csv("VEHICLE.csv") #See template in Supplementary Table 10
rowblanks=grep(0,nchar(as.vector(dmso[,1])))
if (length(rowblanks)>0){dmso=dmso[-rowblanks,]}
rowblanks=grep(T,nchar(as.vector(w2[,1]))==0)
if (length(rowblanks)>0){w2=w2[-rowblanks,]}

controls=as.vector(unlist(dmso[,2])) # the 9:14 may change
hist(controls)

conc=c(rep(0.01,length(controls)),rep(0.1,2),rep(0.3,2),rep(1,2),rep(3,2),rep(10,2),rep(30,2),rep(100,2)) 
# currently the same distance to the "left" of the lowest active dose

startcol=2 # change if necessary
endcol=15 # change if necessary

x=log10(conc)
numchem=dim(w2)[1]
w2pod=matrix(NA,dim(w2)[1],3)
w2podupper=matrix(NA,dim(w2)[1],3)
EC=matrix(NA,dim(w2)[1],3)
direction=rep(NA,dim(w2)[1])
mychem=w2$Chemical_name

#for (i in (1:numchem)){
pdf("FILENAME.pdf",height=5,width=5) #change filename
for (i in (1:numchem)){ 
 noncontrols=unlist(w2[i,startcol:endcol])
 if (sd(noncontrols)>0){
 y=c(controls,noncontrols)
 #polyfit(x,y,plot.it=T)
 #title(mytitle)
 #locator(1)
 mytitle=paste(as.character(w2[i,1]),i)
 result=together.logit4(x,y,plot.it=T,threshold=-25) #Standard threshold, adjust if necessary
 w2pod[i,]=result$bmd
 w2podupper[i,]=result$bmdupper
 EC[i,]=result$EC
 direction[i]=result$direction
 title(mytitle)
 #locator(1)
 }
 print(i)
 }
dev.off()


######### 
########## 
par(mfrow=c(3,4))
active=1-w2$Control
final.auc=rep(0,12)
for (j in (1:12)){
 currentroc= roc(active,w2pod[,j],auc=T,plot=T)
 title(round(currentroc$auc,4))
 final.auc[j]=currentroc$auc
 }
###############
###############

## Now output results
colnames(w2pod)=paste("pod.sd",1:3,sep="")
colnames(w2podupper)=paste("pod.sd.upper",1:3,sep="")
colnames(EC)=c("EC10","EC50","EC90")
rownames(w2pod)=mychem
rownames(w2podupper)=mychem
rownames(EC)=mychem
final.df=data.frame(direction,w2pod,w2podupper,EC)
final.notlog10.df=data.frame(direction,10^w2pod,10^w2podupper,10^EC)
names(final.auc)=seq(.25,3,by=.25)
write.csv(final.df,"POD_log10.csv")
write.csv(final.notlog10.df,"POD_originalscale.csv")


Fitfunctions Script: 
(Save as separate .txt in target directory)

logit4=function(param,x,y){
 # THIS FUNCTION RETURNS THE -LOG LIKELIHOOD FOR THE 4 PARAMETER (5 IF YOU INCLUDE THE VARIANCE)
 # LOGISTIC MODEL y=min+(max-min)*(exp(beta0+beta1*x)/(1+exp(beta0+beta1*x)))+error 
 minimum=param[1]
 maximum=param[2]
 beta0=param[3]
 beta1=param[4] 
 logsigma2=param[5]
 sigma2=exp(logsigma2)
 top=exp(beta0+beta1*x)
 bottom=1+exp(beta0+beta1*x)
 exp=minimum+(maximum-minimum)*top/bottom
 loglike=sum(log(dnorm(y,exp,sqrt(sigma2))))
 return(-loglike)
 }

find.fit=function(x,y,minimum,plot.it=F){
 # THIS	FUNCTION PROVIDES STARTING VALUES FOR THE FITTING
 # OF LOGIT4
 startmin=min(y)-1
 startmax=max(y)+1
 scaledy=(y-startmin)/(startmax-startmin)
 yprime=log(scaledy/(1-scaledy))
 linfit=summary(lm(yprime~x))
 startbeta0=linfit$coefficients[1,1]
 startbeta1=linfit$coefficients[2,1]
 fit=startmin+(startmax-startmin)*exp(startbeta0+startbeta1*x)/(1+exp(startbeta0+startbeta1*x))
 startlogsigma2=log(var(y-fit))
 if (plot.it==T)
{plot(x,y)
lines(x,fit) }
 return(list(startmin=startmin,startmax=startmax, startbeta0=startbeta0,startbeta1=startbeta1,startlogsigma2=startlogsigma2))
 }

inverse.logit=function(z){
 return(exp(z)/(1+exp(z)))}

together.logit4=function(x,y,plot.it=F,threshold=NULL){
 xrange=range(x,na.rm=T) # compute range before dropping points
 which.missing=grep(T,is.na(y))
 which.drop=grep(T,y<=threshold)
 if (length(threshold)>0) {
if (length(which.drop)>0) {
xdropped=x[which.drop];ydropped=y[which.drop]
 x=x[-which.drop];y=y[-which.drop]}
  }
 if (length(which.missing)>0) {x=x[-which.missing];y=y[-which.missing]}
 param.start=unlist(find.fit(x=x,y=y))
 result=optim(logit4,par=param.start,x=x,y=y,method="BFGS",control=list(abstol=1e-12),hessian=T)
 best=result$par
 minimum=best[1]
 maximum=best[2]
 beta0=best[3]
 beta1=best[4]
 sigma2=exp(best[5])
 se=sqrt(diag(solve(result$hessian))) # the logit4 function return -log-like, so here things are positive
 fit=minimum+(maximum-minimum)*inverse.logit(beta0+beta1*x)
 z=beta1/se[4]
 p=2*pnorm(-abs(z))
 if (plot.it==T){
  plot(x,y,pch=16,xlim=xrange) # the plotted points
  if (length(which.drop)>0){
 x0=xdropped;x1=xdropped
offset=seq(0,.05,length.out=length(which.drop))
 y0=min(y)+(.1+offset)*(max(y)-min(y));y1=min(y)+offset*(max(y)-min(y))
 arrows(x0,y0,x1,y1,col=2)
 }
  mtext(paste("num dropped=",length(which.drop)),3,col=2)
  fancyx=seq(min(x),max(x),length.out=1000)
  fancyy=minimum+(maximum-minimum)*inverse.logit(beta0+beta1*fancyx)
  lines(fancyx,fancyy,col=1,lwd=3)} # to change line fit, modify
 controlmean=mean(y[x==min(x)])
 controlsd=sd(y[x==min(x)])
 ncontrol=length(y[x==min(x)])
 controlsdupper=sqrt((ncontrol-1)*controlsd^2/qchisq(.01,ncontrol-1))
 sdcount=c(1:3)
 ECprop=c(0.1,0.5,0.9)
 sdnames=paste("sd",sdcount,sep="")
 ECnames=paste("EC",round(ECprop*100),sep="")
 if (beta1>0){
  direction="up"
  w=controlmean+sdcount*controlsd
  wupper=controlmean+sdcount*controlsdupper
  for (i in (1:length(w))){abline(h=w,lty=2,col=1:length(w))}
  wprime=(w-minimum)/(maximum-minimum)
  xprime=(log(wprime/(1-wprime))-beta0)/beta1
  wprimeupper=(wupper-minimum)/(maximum-minimum)
  xprimeupper=(log(wprimeupper/(1-wprimeupper))-beta0)/beta1
  EC=(log(ECprop/(1-ECprop))-beta0)/beta1
if (plot.it==T){
 abline(v=xprime,col=1:length(w),lty=2)
 abline(v=EC,col=c("black","grey","light grey"))
text(xprime,min(y)+.05*(max(y)-min(y)),sdnames,cex=0.75,col=1:length(w))
 text(EC,min(y),ECnames,cex=0.75,col=c("black","grey","light grey"))
}
  }
 if (beta1<0){
  direction="down"
  w=controlmean-sdcount*controlsd
  wupper=controlmean-sdcount*controlsdupper
  for (i in (1:length(w))){abline(h=w,lty=2,col=1:length(w))}
  wprime=(w-minimum)/(maximum-minimum)
  xprime=(log(wprime/(1-wprime))-beta0)/beta1
  wprimeupper=(wupper-minimum)/(maximum-minimum)
  xprimeupper=(log(wprimeupper/(1-wprimeupper))-beta0)/beta1
  EC=(log((1-ECprop)/(ECprop))-beta0)/beta1
if (plot.it==T){
 abline(v=xprime,col=1:length(w),lty=2)
 abline(v=EC,col=c("black","grey","light grey"))
text(xprime,min(y)+.05*(max(y)-min(y)),sdnames,cex=0.75,col=1:length(w))
 text(EC,min(y),ECnames,cex=0.75,col=c("black","grey","light grey"))
}
  }
  xprime[is.na(xprime)]=max(xrange)
  xprime[xprime>max(x)]=max(xrange)
  xprimeupper[is.na(xprimeupper)]=max(xrange)
  xprimeupper[xprimeupper>max(x)]=max(xrange)
 return(list(best=best,z=z,p=p,direction=direction,EC=EC,bmd=xprime,bmdupper=xprimeupper))
 }
polyfit=function(x,y,grid=500,plot.it=F){
 # this function returns a third polynomial fit, and
 # finds a bmd-like value at which we are 1 sd beyond the control
 # and also ECx -like values
 which.control=grep(T,x==min(x))
 sd.control=sd(y[which.control])
 mymax=mean(y[x==max(x)])
 mymin=mean(y[x==min(x)])
 x1=x
 x2=x^2
 x3=x^3
 betahat=summary(lm(y~x1+x2+x3))$coef[,1]
 xgrid=seq(min(x),max(x),length.out=grid)
 fit=betahat[1]+betahat[2]*xgrid+betahat[3]*xgrid^2+betahat[4]*xgrid^3
  prop=abs((fit-fit[1])/(fit[length(fit)]-fit[1]))
 EC10=xgrid[which.min((prop-0.1)^2)]
 EC50=xgrid[which.min((prop-0.5)^2)]
 bmd=xgrid[which.min((abs(fit-fit[1])-sd.control)^2)]

 if (plot.it==T){plot(x,y,pch=16)
 lines(xgrid,fit)
 abline(v=EC10,col=1);abline(v=EC50,col=2);
 abline(v=bmd,col=3);abline(h=fit[1]+sd.control,lty=2);abline(h=fit[1]-sd.control,lty=2)
 }
 return(list(EC10=EC10,EC50=EC50,bmd=bmd))
 }
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Scenario 1: Appropriate Curve Fit
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Scenario 2: Adjustments Required
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Inappropriate curve-fit due to biphasic concentration-
response; Adjust the script to exclude data points <80% to
capture POD for the physiological phenotype
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