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Figure 6 than for those in Figure 5, the differences are 
less pronounced for the 20th percentile lines.

Figure 7 compares the 95th percentile lines from Fig-
ures 3 and 4 with the 20th percentile lines from Figures 5 
and 6, for n 5 30 and two effect sizes. With this small 
sample size, it is clear for SD 5 .5 that neither method 
reaches the conventional level of power, where these lines 
overlap. As the effect size is increased, both reach the con-
ventional levels when the third distribution has a mean 
about halfway between those for the two control groups. 
As the sample size is increased, both these methods in-
crease in power.

The mudp and mudsolution Functions
Two additional functions were written: mudp and 

mudsolution. The simulations above show that for 
normal distributions, the mud function provides good esti-
mates for the proportion but that the test statistics are con-
servative. How well the function performs is dependent 
on the distributions. Although the simulations show that 
critical test statistics could be used that are lower than the 

Figure 8. Comparison of the cumulative distributions for a mix-
ture of the two control conditions and the third condition, using 
the mudsolution function.
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Figure 9. The four histograms that are plotted by mudsolution when hist=T. These are the 
histograms for the two distributions to- be- blended (top row), the blended distribution based on 
the proportion entered into the function (lower left-hand corner; the frequency on the y-axis can be 
varied with the size parameter), and the observed distribution with which this blend is compared 
(lower right-hand corner).
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ecdf function in stats, so the Hmisc library must be 
attached.

The mudsolution function will also print the his-
tograms for the two control groups, the mixture of them, 
and the third distribution if hist=T. These are printed in 
a 2 3 2 grid (see Figure 9) after the cumulative empirical 
distribution graph so, if one wants to see both and, gener-
ally, the cumulative graph is preferred, one should run the 
function twice.

AUTHOR NOTE

Correspondence concerning this article should be addressed to D. B. 
Wright, Department of Psychology, University of Sussex, Brighton BN1 
9QH, England (e-mail: danw@sussex.ac.uk).
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traditional values for D and χ2, the values obtained from 
the normal distribution simulations should not be used to 
provide estimates for the p values. 

The purpose of mudp is to provide better estimates 
of the critical p values, using a bootstrap procedure.  To 
calculate these, mudp takes the two control distribu-
tions and combines them on the basis of the proportion 
found with mud (or any other proportion entered with the 
prop parameter) and calculates either the minimum D 
(method = 1) or χ2 (method = 2), using a slimmed 
down version of mud called mud2. The default is for this 
to be done 1,000 times, but the number can be controlled 
with the replicat parameter. The estimated critical p 
values for 10%, 5%, 2%, and 1% are reported. For Skager-
berg and Wright’s (in press) data, the following commands 
yield these critical p values (the critical values for the 5% 
level are shown in boldface here):

mudp(control6,control18,exp18,.4)
    90%     95%     98%     99% 
0.13100 0.14305 0.15802 0.16701

mudp(control6,control18,exp18,.1, 
method=2)
    90%       95%       98%       99% 
3.577500  5.443750  8.208273 15.004645 

mudp(control6,control18,exp18,
.4,method=2)
    90%      95%      98%      99% 
2.414091 3.423578 5.317498 6.775662

The approximation usually used for the critical D at the 
5% level is 1.36/‾n, which, with n 5 25 for exp18, is 
.27. This is higher than that shown with the bootstrap 
estimate in mudp, and this is generally what we find. 
mudp also produces a critical value for the χ2 version of 
mud that is lower than the critical value for its distribu-
tion with df 5 2, which is 5.99. The difference between 
the critical values for the final two mudp functions, 
where prop changes from .1 to .4, reflects the curvilin-
ear patterns shown in Figures 3 and 4.

The Kolmogorov–Smirnov method provides no in-
formation about where the mixture distribution fails to 
capture the observed distribution. The mudsolution 
function plots the cumulative empirical distribution func-
tion with the mixture distribution produced by mud. Other 
than the three variables, this function includes the size 
parameter, which has the same meaning and default as 
within mud. The command mudsolution(control6
,control18,exp18,.4) produces Figure 8 and also 
outputs the D statistic. This function uses the ecdf func-
tion from the Hmisc library (Harrell et al., 2007), not the 

(Continued on next page)
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Appendix  
mud and Related Functions

ksmerge <- function(cg1,cg2,bg,j,size)
  {x <- c(sample(cg1,(size*j),replace=TRUE),sample(cg2,size*(1-j),replace=TRUE))
    D <- ks.test(x,bg)$statistic
    return(D)}
tertmerge <- function(cg1,cg2,bg,j,samps,chimax,...)
  { breaks <- c(min(c(cg1,cg2,bg)-1),quantile(bg,c(.33,.67)),max(c(cg1,cg2,bg)+1))
     if (length(breaks) != length(unique(breaks))) breaks <- jitter(breaks,.001)
    cutbg <- cut(bg,breaks,labels=F)
    if (samps != 1) {
       cg1 <- sample(cg1,length(cg1),replace=TRUE)
       cg2 <- sample(cg2,length(cg2),replace=TRUE)}
    cutc1 <- cut(cg1,breaks,labels=F)
    cutc2 <- cut(cg2,breaks,labels=F)
    pcon <- j*tabulate(cutc1,nbins=3)+(1-j)*tabulate(cutc2,nbins=3)
   d <- chisq.test(tabulate(cutbg,nbins=3),p=pcon,rescale=T)$statistic
   if (is.nan(d)) d <- chimax
   if (d > chimax) d <- chimax
   return(d)
   }

mud <- function(cg1,cg2,bg, precision=.1,samps=1,size=10000,
CI=.95,method=1,chimax=100,critp = 1,...)
 {warnst <- options("warn")
  if (size > length(bg) && samps != 1) print("The CIs are not reliable") 
  options("warn" = -1)
  outstats <- {}
  for (j in seq(0,1,precision))
    {Dj <- {}
      for (i in 1:samps){
         if (method == 1) Dj <- c(Dj,ksmerge(cg1,cg2,bg,j,size))
         if (method == 2) Dj <- c(Dj,tertmerge(cg1,cg2,bg,j,samps,chimax))}
      forlevel <- c(j,mean(Dj),quantile(Dj,c((1-CI)/2,(11CI)/2))) 
      outstats <- rbind(outstats,forlevel)}
  if (method == 1) {plot(outstats[,1],outstats[,2],ylim=c(0,1),ylab="D statistic", 

xlab="Proportion from group 1")}
  if (method == 2) {plot(outstats[,1],outstats[,2],ylim=c(0,chimax11),ylab="Chi-

sq statistic", xlab="Proportion from group 1")}
  lines (spline(outstats[,1], outstats[,2]))
  lines(spline(outstats[,1], outstats[,3]),lty=2)
  lines(spline(outstats[,1], outstats[,4]),lty=2)
  minD <- min(outstats[,2])
  minnumber <- which.min(outstats[,2])
  minprop <- format(outstats[minnumber,1],digits = 4)
  if (method == 1) {title(main=paste("min D:",format(minD,digits=2), "; pr = ", 

format(minprop,digits=2)))}
  if (method == 2) {title(main=paste("min X2:",format(minD,digits=2), "; pr = ", 

format(minprop,digits=2)))}
  if (method == 1) {critD <- 1.36/sqrt((length(bg)))}
  if (method == 2) {critD <- 5.99}
  if (critp == 2) {x <-
mudp(cg1,cg2,bg,as.numeric(minprop),method=as.numeric(method))
                            critD <- x[2]}
  if (critp != 3) {abline(h=critD,lty=4)}
  lines(c(minprop,minprop),c(-.1,minD),lty=4)
  print(c(minD,minprop))
  options("warn" = as.numeric(warnst))
  return(outstats)
  }

mud2 <- function(cg1,cg2,bg, precision=.1,size=1000, CI=.95,method=1,chimax=100,...)
 {outstats <- {}
  for (j in seq(0,1,precision))
    { if (method == 1) Dj <- as.numeric(ksmerge(cg1,cg2,bg,j,size))
       if (method == 2) Dj <- as.numeric(tertmerge(cg1,cg2,bg,j,1,chimax))
       outstats <- c(outstats,Dj)}
   return(min(outstats))}
mudp <- function(cg1,cg2,bg,prop,replic=1000,method=1,...)
 {teststats <- {} 
   for (i in 1:replic){
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Appendix (Continued)
      mix <- c(sample(cg1,length(bg)*prop,replace=T), sample(cg2,(length(bg)*(1-

prop)),replace=T))
      x1 <- mud2(cg1,cg2,mix,method=method)
      teststats <- c(teststats,x1)}
      outp <- quantile(teststats,c(.9,.95,.98,.99))
      return(outp)}  

library(“Hmisc”,warn.conflicts=F)
mudsolution <- function(cg1,cg2,bg,prop,size=1000,hist=F)
  { 
    x <- c(sample(cg1,size*prop,replace=TRUE),sample(cg2,size*(1-

prop),replace=TRUE))
    warnst <- options("warn")
    options("warn" = -1)
    D <- format(ks.test(x,bg)$statistic,digits=3)
    new <- c(x,bg)
    y <- c(rep("1&2",length(x)),rep("3",length(bg)))
    ecdf(new, group=y,lty=c(1,2), 

label.curves=list(keys="lines"),xlab="Variable", ylab="Cum.Frequency",subtitles=F)
    if (hist==T){
     par(mfrow=c(2,2))
     hist(cg1,main="Control 1")
     hist(cg2,main="Control 2")
     hist(x,main="Blended")
     hist(bg,main="Experimental")
     par(mfrow=c(1,1))}
    options("warn" = as.numeric(warnst))
    return(D)

  }

Note—All functions and updates, when available, can be accessed on the first author’s Web page at www.sussex 
.ac.uk/Users/danw/mud.

(Manuscript received July 5, 2006; 
revision accepted for publication April 2, 2007.)


