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SUPPLEMENTARY INFORMATION

#H##H#H##H#E NPVR Gaussi an kernel fitting #####H##HAH#HHAHH

# y is a vector of single response variable

# x is a matrix of predictors; nust be same nunber of x's and y's (dimx)[1] =

I engt h(y))

# with just one predictor, x can be a vector

# tolerance is a vector of the kernels' Gaussian SDs; nmust be sanme as the nunber
of predictors (length(tolerance) = dimx)[2])

# Function setupDi st. kernel Gauss

# Cal cul ates the distance matrix for each predictor. For a single predictor

di stances are in a NxN matri x, where

# N is the nunber records (nunber of data points). The function outer creates
this matrix in one step.

# The conplete set of distance matrices (one per predictor) are returned as a 3D
array

set upDi st. ker nel Gauss=functi on(x)

{
predi ct ors=di m x)[ 2]
if(is.null(predictors)) predictors=1

records=di m(x)[ 1]
i f(predictors==1) records=l engt h(x)

# Decl are bl ank 3D array
di stmatri x=array(di mec(predictors, records, records))

# Use outer to create one distance matri x for each predictor
i f(predictors==1) distmatrix[1,,]=outer(x,x,"-")
else for(i in 1l:predictors) distmatrix[i,,]=outer(x[,i],x[,i],"-")

return(di stmatrix)

}

# Function kernel Gauss

# Cal cul ates a Gaussi an kernel for a single response variable y, given

tol erances for each Gaussian and a nmatrix of distances (one for each predictor
as created

# by the function setupbDist.kernel Gauss). The wei ghtings from each predictor are
nmul tipled together to produce the total weight, as in MCune's NPWVR

ker nel Gauss=function(y,tol erance, distmatrix, el i nsel f =TRUE)

{

predi ct ors=l engt h(tol erance)
records=l engt h(y)

for(i in 1:predictors)

{
wt =dnor m(di stmatrix[i,,], mean=0, sd=tol erance[i]) # Gaussi an wei ghtings
cal cul ated fromdistance matrix for one predictor
if(elimself) diag(wt)=0 # Di agonal set to zero so

prediction at a point does not use that point

if(i==1) total wt=wt

el se total wt=total wt*w # This is total weight,
product of weightings from each predictor
}
y. By. W Product =t (appl y(total w, 1, vect Ml t, v2=y)) # Uses R function apply

and ny function vectMult (at bottom) to nmultiply
# response y by each row
of Gaussi an wei ghts
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prediction=rowSuns(y.By. W Product)/rowSuns(total wt) # This is eq. 3 in MCune
paper

return(prediction)

}

# Function |like.NPVR Likelihood: probability of observing the response's y
given the prediction fromthe NPMR kernel

# Three options all owed here: Poisson, negative binom al, and Gaussi an

# Parameters are the tol erances of the kernel; function kernel Gauss is
cal cul ated using these paraneters and the di stance natri x,

# passed as the argunment dist. The negative binonm al and normal require an
addi ti onal paraneter, called k here, passed as the final paraneter

# k serves as the clunping paraneter of the negative binonial or the standard
devi ation of the Gaussian

# OQther |ikelihood functions could be handl ed.

# current options for argunent link are "poisson", "negbinont, "binoni, and
“nor nmal "

I'1'i ke. NPMR=f uncti on(paramy, di st,|ink="poi sson")

{
nopar am=l engt h( par am
i f(link=="poisson" | |ink=="binont) tolerance=param
el se
{

t ol er ance=par ani - nopar anj
k=par anf nopar an
}

i f(length(paran]paranx<=0])>0) return(-Inf)
# Avoi d negative paraneters, which crash |ikelihood

pred=ker nel Gauss(y=y, t ol erance=t ol erance, di st matri x=di st)
# Cal cul ate kernel given distmatrix and tol erances

i f(link=="binom & (length(pred[pred>=1])>0 | |ength(pred[pred<=0])>0))
return(-1nf)

i f(link=="poisson") |Ilike=dpois(y,!|anbda=pred,| og=T)

el se if(link=="binoni") Ilike=dbinonm(y, size=1, prob=pred,|og=T) # Calculate |og-
[ikelihood with Rs density functions

el se if(link=="negbinon) |Iike=dnbinom(y, nu=pred, size=k,|0g=T) # Calculate

| og-likelihood with R s density functions

else if(link=="normal") |1like=dnorn(y, mean=pred, sd=k, | og=T)

total li ke=sun(I1ike)
# Total |og-liklihood

i f(counter%d0==1) cat(counter, round(param 2),round(totallike,4),"\n")
# Qutput current paraneters and |ikelihood to screen

count er <<-count er +1

return(sun{totallike))
}

# Function fit.kernel.optim Finds maxi mumlikelihood tol erances for the
mul tiplicative Gaussian kernel, using Rs function optim
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# Poi sson nodel takes only one parameter per predictor; others need the extra
scal e paraneter.

fit.kernel.optimefunction(response, predictors, start,|inkfunc="poisson",fitnethod
="Nel der - Mead", naxst ep=10000)

{

assign("counter", 1, pos=1) # Creating counter here
allows regular output fromw thin Iikelihood function

di stmatri x=set upDi st . ker nel Gauss(predi ct ors) # Cal cul ate distance matrix

just once at the start (it never changes)
maxdi st =appl y(di stmatrix, 1, max)

if(length(start)==1)

fit=optimze(f=I1ike.NPVR interval =c(0, maxdi st), y=response, di st=di stmatrix,|ink=
['i nkfunc, maxi num=TRUE)
el se

fit=optim par=start,fn=I1ike. NPMR, y=response, di st=di stmatrix, |ink=linkfunc, contr
ol =li st (fnscal e=-1, maxi t =maxst ep) , met hod=fi t met hod)

if(length(start)==1) bestpar=fit$Smaxi num
el se bestpar=fit$par

pr ed=ker nel Gauss(y=response, t ol erance=best par, di st =di st matri x)

return(list(fit=fit, prediction=pred))
}

# Function |like. NPVR G bbs is the sane |ikelihood function, as in |like.NPVR,
but it has to be structured differently for use by the

# G bbs sanpler. The sanpler tests one paranmeter at a tine, and the paraneter
being tested has to be subnitted first (this is how

# the function netroplstep works).

# maxtol erance is the maxi num al |l owed tol erance. | don't know whether this
matters, but tolerance for a predictor with no
# inpact on the response can drift off to absurdly high nunber

['1ike. NPMR G bbs=function(test, other,whichtest,y,dist, maxtol erance, | i nk="bi nont
k=NULL)

{
i f(whichtest!="k")
{
t ol erance=nuneri c(l engt h( ot her) +1)
t ol er ance[ whi cht est] =t est
t ol erance[ - whi cht est] =ot her

el se
{
k=t est
t ol erance=ot her
}
i f(length(tolerance[tol erance<=0])>0) return(-Inf) # A

paraneters nust be positive

if(lis.null(k)) if(k<=0) return(-Inf)

i f(length(tol erance[tol erance>maxtol erance])>0) return(-Inf) # Disal |l ow any
t ol erance above maxtol erance

pred=ker nel Gauss(y, tol erance, di st)
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i f(link=="binom' & |ength(pred[pred>=1])>0) return(-Inf)

i f(link=="poisson") |Ilike=dpois(y,!|anbda=pred,| og=T)

el se if(link=="binont") Ilike=dbinonm(y, size=1, prob=pred,log=T) # Calculate |og-
[ikelihood with R s density functions

el se if(link=="negbinom & !is.null(k)) Ilike=dnbi nom'y, mu=pred, size=k, | og=T)
else if(link=="normal" & !'is.null(k)) Ilike=dnorn(y, mean=pred, sd=k, | og=T)

total li ke=sun(I1ike)
if(is.na(totallike)) return(-Inf)

return(totallike)

}

# Function fit.kernel.G bbs uses G bbs sanpler to generate posterior
distributions of the paraneters -- the Gaussian tol erances

# as well as negative binom al clunping paraneter or nornmal SD. The response
vector (y above) is passed as the argunment response,

# and the matrix of predictors as the argunent predictors. The last 3 paraneters
tell the G bbs sanpler how long to run (steps),

# which to use (after burn-in), and how frequently progress should be printed to
the screen (showstep).

# The predicted kernel can be saved every so often to get confidence on the
predi ctions, by setting savestep (savestep=100 neans

# save every 100th step)

# The kernel has to be cal cul ated once for every G bbs step, for each paraneter
To save the kernel at every step adds one nore

# calculation. Wth 3 predictors, the negative binom al k paranmeter, and saving
the kernel at each step is 5 calculations. To run

# 4000 G bbs steps thus requires 20,000 kernel calcul ati on. Each kerne
calculation requires a nornal density at every distance,

# which is the square of the nunmber of points in the data.

# fit.kernel.G bbs starts with the distance matrix. So
fit.kernel.G bbs. predictors starts with the predictors thensel ves and cal cul ates
# di stance matri x.

fit.kernel.G bbs. predi ctors=functi on(response, predi ctors, start,|inkfunc="bi nont
savest ep=NULL, st eps=4500, bur ni n=500, showst ep=250)

{

di stmatri x=set upDi st . ker nel Gauss( predi ctors)

fit=fit.kernel.G bbs(response=response, di stmatrix=di stmatrix, start=start,|inkfun
c=l i nkfunc, savest ep=savest ep, st eps=st eps, bur ni n=bur ni n, showst ep=showst ep)

return(fit)

}

fit.kernel.G bbs=function(response, distmatrix,start,|inkfunc="binont, savest ep=NU
LL, st eps=4000, bur ni n=500, showst ep=100)

not ol er =di n(di stmatrix)[ 1]
nopar am=l engt h(start)

t ol erance=nat ri x( nrow=st eps, ncol =not ol er)
tolerance[1l,]=start[1: notoler]
accept =rep(0, notol er)

k=nureric()
i f(linkfunc!="poisson" & |Iinkfunc!="binont') Kk[1]=start][noparani
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el se k=1

scal e=tol erance[ 1, ]

kscal e=. 5
accept =rep(0, notol er)
kaccept =0

maxdi st =appl y(di st matri x, 1, nax)

i ke=nuneric()
predi cti on=mat ri x( nrow=st eps, ncol =l engt h(response))

like[1]=Ilike. NPMR G bbs(tol erance[1,1],tol erance[1, -

1], whi cht est =1, y=r esponse, di st =di st matri x, | i nk=Il i nkf unc, k=k[ 1] , maxt ol er ance=5*nma
xdi st)

cat ("step 1: ",round(tol erance[1,],2), round(k[1],3),"--

",round(scal e, 2),round(kscal e, 2),"--",round(accept, 2), round(kaccept, 2), "--

",round(like[1],1),"\n")

for(i in 2:steps) # Loop through the G bbs sanpler
{
for(j in 1:notoler) # Loop through the tol erance paraneters,
updating one at a tine
{

t est paranvt ol erance[i-1,]
if(j>1) testparanfl:(j-1)]=tolerance[i,1l:(j-1)]

met ropResul t =metroplst ep(func=l1ike. NPMR. G bbs, start. paramrtestparanij], scal e. pa
rancscal e[ ], adj ust =1. 02, t ar get =0. 25, ot her =t est paranf -j ], whi cht est 5j ,
k=k[i -
1], y=response, di st =di st matri x, | i nk=l'i nkf unc, maxt ol er ance=5* naxdi st)
# Updat e each tol erance paraneter

tolerance[i,j]=metropResul t[1]
scal e[j] =nmetropResul t[ 2]

accept[j]=accept[j]+netropResul t[ 3] # Keep track of acceptance rate,
which will converge on target=0.25
}
i f(linkfunc!="poisson" & |inkfunc!="binon")
{

nmet ropResul t =net roplst ep(func=l1i ke. NPVMR. G bbs, start. paranek][i -
1], scal e. paranrkscal e, adj ust =1. 02, t ar get =0. 25, ot her =t ol erance[i, ], whi cht est ="k"

y=response, di st =di stmat ri x, | i nk=l i nkf unc, maxt ol er ance=5* maxdi st )
# Update the additional paranmeter, k (clunping paraneter of
negati ve binom al or normal SD)

k[i]=netropResul t[ 1]
kscal e=net r opResul t[ 2]
kaccept =kaccept +rmet r opResul t [ 3]

}
else k[i]=1

# br owser ()
like[i]=metropResult]4]
i f(i%showstep==0) cat("step", i,
-",round(scal e, 2),round(kscale, 2),"--",
round(accept,2)/(i-1), round(kaccept,2)/(i-1),"--

",round(tol erance[i,],2),round(k[i],3),"-

“,round(like[i],1),"\n")
# output to screen every
showst ep steps
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if(lis.null(savestep))
i f(i%savest ep==0)
prediction[i,]=kernel Gauss(response, tol erance[i,],di stmatrix) # save predicted
kernel every savestep steps

}

# browser ()

tol erance=as. matri x(tol erance[-(1: burnin),])

nmeant ol er =col Means(t ol erance) # Cal cul ate vari ous
descriptions of the G bbs chain

meank=mean(k[-(1: burnin)])

nmedi ant ol er =appl y(t ol erance, 2, medi an)
medi ank=nedi an(Kk[-(1: burnin)])

Cltol er=appl y(tol erance, 2, quantil e, prob=c(. 025, .975))
Cl k=quantil e(k[-(1: burnin)], prob=c(.025,.975))

best =ker nel Gauss(response, neant ol er, di st matri x) # Best-fit
kernel's prediction

predi ction=prediction[-(1:burnin),]

i ncl ude=whi ch(!is.na(prediction[,1]))

prediction=prediction[include,]

| ower =appl y(prediction, 2, quantil e, prob=. 025) # Prediction
interval at each point

upper =appl y(prediction, 2, quantil e, prob=.975)

# browser ()
return(list(fulltoler=tolerance, fullk=K[-
(1:burnin)], tol erance=neantol er, Cltol erance=Clt ol er, k=meank, Cl k=Cl k,
nmedi ant ol er ance=nedi ant ol er, nedi ank=nedi ank, | i ke=l i ke][ -
(1: burnin)], best pred=best, | ower Pred=l ower, upper Pred=upper
predi cti ons=prediction))
}

# Function vectMilt cal cul ates product of two vectors, producing a 3rd vector of
same length. Used inside apply in function kernel Gauss.
# R s function prod m ght do this?

vect Mul t =f unction(vl, v2) return(vl*v2)

# Metropolis algorithmused in the G bbs sanpl er
# Adjusting the scale paraneter to achieve a target acceptance rate is H
Mul | er- Landau' s trick

# Takes a single nmetropolis step on a single paraneter for any given |ikelihood
function. The |ikelihood function

# is passed as the argunent func.

# The argunents start.param and scal e. param are atomic (single values), as are
adj ust and target.

# The ellipses handle all other argunents to the |ikelihood function. The
function func nust accept the test

# paraneter as the first argunent, plus any additional argunents which cone as
the el lipses.

# Note the nmetropolis rule: if rejected, the old value is returned to be re-
used. The return val ue
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# includes a one if accepted, zero if rejected, and also the likelihood at the
final paraneter val ue

# The step size, refered to as scale.param is adjusted follow ng Hel ene's rule:
# For every acceptance, scale.paramis nultiplied

# by adjust, which is a small nunber > 1 (1.01, 1.02, 1.1 all seemto work). For
every rejection, scale.param

#is multiplied by (1/adjust) raised to a power (AdjExp) that is based on the
target acceptance rate.

# When the target acceptance rate is 0.25, which is recommended for any nodel
with > 4 paraneters,

# Adj Exp=3. It's easy to see howthis systemarrives at an equilibrium
acceptance rate=target.

# The programcalling nmetroplstep has to keep track of the scaling paraneter
submtting it each tine

# metroplstep is called, and saving the adjusted value for the next call. G ven
many paraneters, a

# scal e nust be stored separately for every one

# The return value is a vector of 4: first the new paraneter val ue, second the
new scal e (step size),
# third a zero or a one to keep track of the acceptance rate, and finally the

li kelihood.
nmet r oplst ep=function(func, start. param scal e. param adj ust, target,...)
{

origlike=func(start.param...)
newal =rnor m( 1, nean=st art. param sd=scal e. par am
new i ke=func(newal,...)

Adj Exp=(1-target)/target

I i keratio=exp(new ike-origlike)
if(runif(l)<likeratio)

newscal e=scal e. par antadj ust “Adj Exp
return(c(newal , newscal e, 1, new i ke))

el se

{

newscal e=scal e. par ant (1/ adj ust)
return(c(start. param newscal e, 0, origlike))

}

HHRIFHFHEHFFEHFFEHFFEHEFEHFEFEHEFEHHFHR

#### G aphi ng output of NPRM fit ####

# Requires the predictors and observed (=response), the link, and output, which
is what fit.kernel.G bbs produces.

# If Cl==TRUE, confidence intervals are added to the prediction. If

[imts==TRUE, intervals for all observed data

# are al so graphed.

# Whi chgraph indicates which of the predictors is graphed. It nust be a nunber
<= the nunber of predictors.

# Qutput is a graph of the observed, along with prediction, as a function of the
one predictor selected.

gr aph. NPMR=f unct i on( predi ct ors, observed, whi chgr aph, out put, | i nk="poi sson", x| abel =

"x",Cl =TRUE, | i m t s=TRUE)
{
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x=pr edi ct or s[, whi chgr aph]

i f(link=="poisson")
{
upper =gpoi s(. 975, | ambda=out put $best pr ed)
| ower =gpoi s(. 025, | ambda=out put $best pr ed)
}
el se if(link=="negbi noni")
{
upper =qnbi non( . 975, nu=out put $best pr ed, si ze=out put $k)
| ower =qnbi non( . 025, nu=out put $best pr ed, si ze=out put $k)
}
else if(link=="nornmal")
{
upper =gnor m( . 975, mean=out put $best pr ed, sd=out put $k)
| ower =gnor m( . 025, nean=out put $best pr ed, sd=out put $k)
}

if(limts) yupper=max(c(upper, observed, out put $best pred))
el se yupper =max(c(observed, out put $best pred))

pl ot ( x, observed, yl i m=c( 0, yupper), x|l ab=xl abel )
or d=or der ( x)

if(limts) lines(x[ord], upper[ord], col
if(limts) lines(x[ord],lower[ord], col

"gray", cex=.75, pch=16)
"gray", cex=.75, pch=16)

poi nt s( x, out put $best pred, col ="bl ue", pch=16)
i f(Cl) segnents(x, out put$l ower Pred, x, out put $upper Pred, col ="red")
poi nt s(x, observed)

abl i ne(l m observed~x))
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