# R code for replicating results in Objective Inference for Climate Parameters: Bayesian, Transformation of Variables and Profile Likelihood Approaches by Nicholas Lewis (JCLI-D-13-00584) 

19July14
########################################################################################################
# choose a directory (folder) to use and save the supplied data files in it: hadcm3_ghgforcing.dat, glotem_summ.dat and tr_pdfs.txt files, and digitised Fr05 PDFs: Frame05_Fig1c.TCR_ECS.txt and Frame05_Fig1c.uniform_ECS.txt
# start the R program, downloading it from http://www.r-project.org/ and installing first if necessary

# change the R working directory to that in which the supplied data files have been saved, using the R setwd() command. E.g., f the path to the chosen directory is 'C:/R/Frame05/fin' then the command should be: setwd('C:/R/Frame05/fin').

# install the 'lattice' package using the Packages..Install package(s) menu

# copy all the below text to the R console (command window), ideally all the functions first and then the main code in sections each ending with a small block that includes a plot or matplot instruction

# load required package 'lattice' 
library(lattice) 

# input the required functions

# ebm: energy balance model that simulates surface temperature and ocean heat using a diffusive ocean 
ebm= function(forcing, T0=0, F0=forcing[1], dt=1, lambda, oceanFrac=0.70, mld=75, mld.eff=NA, Kv=0.6e-4, thermD=NA, diffDelay=1, interp=c(1,1), avForc=1 ) {


# 3Feb13: applied intra-pd diffusion adjustment factor interp[2] to OHC as well as T calculation


# 21Nov12: added upwelling term, also corrected specific heat capacity and change input argument from heatCap to oceanFrac


# 9Nov12: correctly implemented the interp adjustment factors, so that energy is now well conserved when interp=c(1,1). Also (19Nov) added av.forc I/P argument for when forcings are means


# 2Nov12: output now a list, with OHC=total ocean heat content increase + copy of I/Ps


# 25Oct12: fixed duplication of *dt in non-diffusion Tebm equation


# implements an EBM corresponding to equation (8) in Andrews & Allen 2008.


# modelled on IDL program scmpro3b.pro used in Allen 2009, omitting carbon cycle parts


# forcing= globally averaged forcing in W/m^2


# simulation run from t=0 to t=(length(forcing)-1)*dt. There are one fewer simulation periods than the number of period start/end forcing values provided; the first vector element of variables relating to periods is set to zero to maintain equality of vector lengths.

# Initial conditions F[0], T0 assumed to be in equilibrium with past forcing

# T0= initial temperature, at t=0

 
# F0= offset to deduct from forcing series. Default: deduct end period 1 value so starts at 0


# dt= time periodicity of temperature and forcing series: 1=yearly; 1/12= monthly



# Time units are years



# Temperature & Energy flow units are Kelvin and W/m^2

 
#Input arguments

# lambda= atmospheric feedback parameter, F2xCO2/sensitivity, typical value 1.289 W/m^2/K


# The default ocean fraction is slightly lower than the common 70.8% value, which includes very shallow areas.


# mld= effective depth of mixed layer, averaged over ocean only, typical value 75 m


# mld.eff: if not NA, and mld=NA, computes mld from mld.eff not vice versa

# lambda/(mld*oceanFrac*spec.heat)= rate of purely radiative adjustment of mixed layer in s^-1


# Kv= diffusion coefficient out of base of mixed layer, typical value 0.15 x 10^-4 m^2/s per Oxford group EBMs, but per Hoffert (1980) a better estimate is 0.6e-4 m^2/s, a value supported by Forest et al. (2006); both Hansen and Lindzen used somewhat higher values (1.0e-4 and 1.5e-4)


# diffDelay: set to 1 or 2 - if 2, diffusion does not start until period 3, as in scmpro3b


# interp: vector whose two members specify the intra-period interpolation adjustment factors for heat flow respectively into and out of the ML on account of surface temperature changing during the period. Set both to zero to emulate the Allen 2009 code. Setting interp[1] and interp[2] both to 1 is both more accurate & more stable. Set both to 1.2 or so to increase stability at very high levels of lambda and Kv, and if necessaary reduce dt


# avForc: the default (1) assumes forcings are levels as at each time, starting at t=0, and uses the average of start and end period values. Set to 0 where the first value is the average value for the first period, etc, as for RCP45 forcings.


# thermD: characteristic depth of thermocline (diffusion penetration depth) below ML. The recommended vallue, if used, is 500m (Hoffert, 1980). It reflects the decreasing efficiency of diffusion with depth, as slowing diffusion at greater depths is increasingly opposed by upwelling. The default of NA gives no weakening of diffusion with depth.

# Outputs


# Tebm= modelled global mean surface temperature anomalies in K, starting from T0

# OHC= Ocean Heat Content in Wym^-2, averaged over Earth's surface. Multiply by  0.0315576 to convert to GJm^-2. Starts from zero. Note that if interp[1]=0 OHC is not corrected for intra-year temperature rises, and will therefore be slightly overstated.


# Fdbk= mean radiative feedback during the period.  

# Preliminaries, including checking inputs and setting the initial conditions

if( is.na(mld) && is.na(mld.eff) || !is.na(mld) && !is.na(mld.eff) ) { print('Error: one and one only of mld and mld.eff must be NA'); break }

ntm= length(forcing)

avFctr = 1 / (1+avForc)

Tebm= OHC= Fdbk= Forc= vector()


Tebm[1]= T0

OHC[1]= Fdbk[1]= Forc[1]= 0

forcing= forcing - F0

# constants for model equation, with time units converted to years. Note that heatCap= effective volumetric specific heat capacity of seawater (at 4.0e6 [3.898*1.024 at ~20 C, not v dependent on temp, slightly lower than for freshwater) averaged over ocean & land, in J/m^3/K.

heatCap=  oceanFrac * 4.0e6




# units J/m^3/K.

nsecs= 3600 * 24 * 365.25


diff= sqrt(Kv*nsecs/pi) * heatCap/nsecs


# units W y^0.5/m^2/K

isqrt= 1 / sqrt(dt * 1:ntm)






# unit y^-0.5


# if decreasing efficiency of diffusion with depth is specified, impose an exponential decline based on the ratio of the diffusion extent (proportional to sqrt(elapsed time)) / characteristic depth


if( !identical(thermD, NA) ) { isqrt = isqrt * exp( -(sqrt(Kv*nsecs)/isqrt) / thermD ) } 


# Calculate difference between nominal and effective mixed layer depth, resulting from intra-period diffusive coupling of the ML temperature change into the thermocline. This corresponds, when interp[2]=1, to what the first term in the integration of diffusion, over (0,dt), would be in A&A Equation(8). On the basis of a linear rise in ML temperature during dt, the integral is of x/sqrt(1-x) over (0,1), which is 4/3. Apply this adjustment to get Cml.eff from Cml or vice versa.


if( is.na(mld.eff) ) {



Cml= mld * heatCap / nsecs








# units W y/m^2/K


Cml.eff= Cml + interp[2] * (4/3) * diff * sqrt(dt)


} else {



Cml.eff= mld.eff * heatCap / nsecs



Cml= Cml.eff - interp[2] * (4/3) * diff * sqrt(dt)


}


# Calculate radiative feedback adjustment factor for linear intra-period temperature rises


fdbk.fctr= 1 + interp[1]*0.5*dt*lambda/Cml.eff


# generate the modelled temperature sequence


for(i in 1:(ntm-1) ) {



Forc[i+1]=  avFctr * ( avForc*forcing[i+1] + forcing[i] )



if( !i>diffDelay ) { 




# compute heat flow into the mixed layer and resulting change in surface temp & OHC




d.mlhc= dt * ( Forc[i+1] - lambda*Tebm[i] )




Tebm[i+1]= Tebm[i] + (d.mlhc/fdbk.fctr) / Cml.eff
# units Wym-2/ Wym-2K-1 = K



OHC[i+1]= OHC[i] + d.mlhc/fdbk.fctr



} else { 




# include diffusion out of mixed layer into deep ocean (which affects Tebm but not OHC). If ocean fraction is smaller, less heat will diffuse into the deep ocean




d.do= diff * sum( (Tebm[2:i] - Tebm[1:(i-1)]) * isqrt[(i-1):1] ) * dt # units W y/m^2 




# all heat entering the ocean (= forcing - net response) goes into the ML




d.mlhc= dt *( Forc[i+1] - lambda*Tebm[i] ) # units Wym-2 over globe



Tebm[i+1]= Tebm[i] +
(d.mlhc/fdbk.fctr - d.do) / Cml.eff




# OHC change allowing for effect on temperature of diffusion of past temperature rises




OHC[i+1]= OHC[i] + d.mlhc/fdbk.fctr + 0.5* (d.do /Cml.eff)* lambda* dt* interp[2]



}



# compute radiative feedback using mean temperature during the period



Fdbk[i+1]= ( 0.5 * (Tebm[i+1] + Tebm[i]) - T0 ) * lambda


}


out= list()


out$T= Tebm


out$OHC= OHC


out$Fdbk=Fdbk


out$Forc=Forc


out$forcing=forcing; out$T0=T0; out$F0=F0; out$dt=dt; out$lambda=lambda; out$Kv=Kv; out$thermD=thermD; out$mld=mld; out$mld.eff=mld.eff; out$Cml=Cml; out$Cml.eff=Cml.eff; out$diffDelay=diffDelay; out$interp=interp; out$fdbk.fctr=fdbk.fctr; out$avForc=avForc


out

}

# jaco - function to calculate Jacobians
jaco= function(newField, oldField, coords=NA, dims=NA, volumetric=FALSE, metric=NA) {


## Version history and decription of function


# 31Jan13: extended to work for 2 as well as 3 dimensional fields


# 11May12: volumetric=TRUE added to return just the transpose of the Jacobian multiplied by the Jacobian, optionally with square matrix 'metric', having the size of newField's final dimension, interposed


# 7Apr12: returns Jacobian over the full field, and (if old and new fields same dimensions) the determinant thereof


# returns the Jacobian derivative matrix of newField with respect to a gridded oldField at specified coordinates or (if none given) at all internal points of oldField.  The last dimension of oldField and newField gives the respective vector values of the old and new variables; the other (3) dimensions represent their coordinates in a Cartesian space with the dimensionality of oldField. That space must consist of a (not necessarily regular) grid in oldField space, with each component of the vector of oldField values depending only on the position in the corresponding dimension of the space). Each row is the derivative of one component of newField wrt each component of oldField in turn


# Coordinates can be a vector (single point) or a 2 row matrix (hypercuboid), and must be within both fields


# derivatives are taken by decrementing & incrementing field coordinates in the field space and averaging the results, save at the limits (external surfaces) of the fields where only a move into the interior is used


# function used internally


deltaCoords= function(coords) {



# gives coordinates of adjacent points to a given point's coordinates with one at a time changed, first +, then -



m= length(coords)



deltaCoords= matrix(coords, nrow=2*m, ncol=m, byrow=TRUE)



delta= diag(m)



delta= rbind(delta, -delta)



deltaCoords + delta


}


# first check that newField and oldField are arrays and compatible with coords or each other


if( !is.array(newField) || !is.array(oldField) ) { print("Error: newField or oldField is not an array"); break }


ndim= length(dim(oldField))


if( !(length(dim(newField))==ndim) ) { print("Error: no. of dimensions of newField and oldField must be the same"); break }


# if coordinate dimensions of oldField and/or newField are vectorised, convert them to separate dimensions if given


if( !is.na(dims) && dim(oldField)[1]==prod(dims) && ndim==2) { dim(oldField)= c(dims, dim(oldField)[2]) }


if( !is.na(dims) && dim(newField)[1]==prod(dims) && ndim==2) { dim(newField)= c(dims, dim(newField)[2]) }


ndim= length(dim(oldField))


if(!ndim==4 && !ndim==3 ) { print("Error: Code currently only works for fields defined in 2 or 3 dimensions"); break }


dims.old= dim(oldField)


dims.new= dim(newField)


nvar.old= dim(oldField)[ndim]


nvar.new= dim(newField)[ndim]


if(ndim==4) { dims.max= c(rep(pmin(dims.old, dims.new)[1],6), rep(pmin(dims.old, dims.new)[2],6), rep(pmin(dims.old, dims.new)[3],6)) }


if(ndim==3) { dims.max= c(rep(pmin(dims.old, dims.new)[1],4), rep(pmin(dims.old, dims.new)[2],4)) }


if( is.na(coords[1]) && !identical(dims.new[-ndim], dims.old[-ndim]) ) {print("Error: fields must have all dimensions except the last identical if no coords given"); break}


# create 2 row marix =giving lowest and highest coordinate values of range to compute the Jacobian for


if(is.na(coords[1])) { 




coords= matrix( c(rep(1, ndim-1), pmin(dims.old, dims.new)[-ndim]), nrow=2, byrow=TRUE ) 


}


if(is.vector(coords)) { coords= rbind(coords, coords) }


if(!ncol(coords)==ndim-1)  {print("Error: coords must specify one fewer dimensions than fields have"); break}


J= array( dim=c(coords[2,]-coords[1,]+1, nvar.new, nvar.old) )


if( nvar.new==nvar.old && volumetric==FALSE ) { detJ= array( dim= coords[2,]-coords[1,]+1 ) } else { detJ= NULL }


if( volumetric==TRUE ) { volRel= array( dim=c(coords[2,]-coords[1,]+1, nvar.old, nvar.old) ) } else { volRel= NULL }


if( volumetric==TRUE && identical(metric, NA) ) { metric= diag(nvar.new) }


if(ndim==3) {




for(j in coords[1,2]:coords[2,2]) {





for(i in coords[1,1]:coords[2,1]) {






xyz= pmax(1, deltaCoords(c(i,j)))






xyz= pmin(dims.max, xyz)






dim(xyz) = c(4,2)






# compute Jacobian, perturbing each dimension of oldField in turn, as the changes in each component of newField relative to the change in the component of oldField being perturbed






for (l in 1:2) { 







J[i-coords[1,1]+1,j-coords[1,2]+1,,l]= (newField[xyz[l,1], xyz[l,2],] - newField[xyz[l+2,1], xyz[l+2,2],])/ (oldField[xyz[l,1], xyz[l,2], l] - oldField[xyz[l+2,1], xyz[l+2,2],l])






}






# if new and old field no. of variables are the same & volumetric=F, compute the Jacobian determinant






if(nvar.new==nvar.old && volumetric==FALSE) { detJ[i-coords[1,1]+1,j-coords[1,2]+1]= det(J[i-coords[1,1]+1,j-coords[1,2]+1,,]) }






# if volumetric=TRUE, compute { t(d_new/d_old)  Metric_new  (d_new/d_old) }. When added to metric_old and the determinant taken, the square root thereof gives the volumetric probability ratio of oldField wrt newField, which eqautes to a noninformative prior for inferences about oldField values from measurements of newField values






if( volumetric==TRUE ) { volRel[i-coords[1,1]+1,j-coords[1,2]+1,,]= t(J[i-coords[1,1]+1,j-coords[1,2]+1, ,]) %*% metric %*% J[i-coords[1,1]+1,j-coords[1,2]+1, ,] }





}




}


}


if(ndim==4) {



for(k in coords[1,3]:coords[2,3]) {




for(j in coords[1,2]:coords[2,2]) {





for(i in coords[1,1]:coords[2,1]) {






xyz= pmax(1, deltaCoords(c(i,j,k)))






xyz= pmin(dims.max, xyz)






dim(xyz) = c(6,3)






# compute Jacobian, perturbing each dimension of oldField in turn, as the changes in each component of newField relative to the change in the component of oldField being perturbed






for (l in 1:3) { 







J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,l]= (newField[xyz[l,1], xyz[l,2], xyz[l,3],] - newField[xyz[l+3,1], xyz[l+3,2], xyz[l+3,3],])/ (oldField[xyz[l,1], xyz[l,2], xyz[l,3],l] - oldField[xyz[l+3,1], xyz[l+3,2], xyz[l+3,3],l])






}






# if new and old field no. of variables are the same & volumetric=F, compute the Jacobian determinant






if(nvar.new==nvar.old && volumetric==FALSE) { detJ[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1]= det(J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,]) }






# if volumetric=TRUE, compute { t(d_new/d_old)  Metric_new  (d_new/d_old) }. When added to metric_old and the determinant taken, the square root thereof gives the volumetric probability ratio of oldField wrt newField, which eqautes to a noninformative prior for inferences about oldField values from measurements of newField values






if( volumetric==TRUE ) { volRel[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,]= t(J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,]) %*% metric %*% J[i-coords[1,1]+1,j-coords[1,2]+1,k-coords[1,3]+1,,] }





}




}



}


}


# define the output list: its 2nd member (detJ) will be NULL if the Jacobian is not square or volumetric=TRUE, while its 3rd member (volRel) will be NULL if volumetric=FALSE


out=list(J,detJ, volRel)


names(out)=c("J", "detJ", "volRel")


out

}

# plotBoxCIs3
# function to tabulate CDF percentage points from PDFs and profile likelihoods and produce boxplots 

plotBoxCIs3= function(pdfsToPlot, profLikes=NA, divs=NA, lower, upper, boxsize=0.75, col, yOffset=0.05, profLikes.yOffset=0, spacing=0.75, lwd=3, medlwd=lwd, medcol=col, boxfill=NA, whisklty=1, plot=TRUE, points=c(0.05,0.25,0.5,0.75,0.95), plotPts=NA, centredPDF=TRUE, pkLike=TRUE, dof=NA, horizontal=TRUE, cdf.pts=FALSE) {

# 9Nov13. Now accepts single pdfsToPlot and profLikes as vectors as well as 1 column matrices

#v3 30Aug13. Now allows vertical bars (horizontal=FALSE) and inputting of CDF point values (cdf.pts=TRUE) rather than pdfs. One column of pdfsToPlot data per box to be plotted

#v2 1Aug13. Now allows a different number of % points ('points') than 5. If >5 points used and plot=TRUE, specify as plotPts which 5 of the points to use for plotting box and whiskers; the 3rd point should be 50%. Total probability in CDFs now included as final column of output (stats), replaced by peak of profile likelihood where using that method; if pkLike=TRUE the peak of the profile likelihood is plotted instead of the central CDF point.

# v1 18Jul13. Improved function to replace plotBoxCIs. Interpolates properly between grid values

# default of centredPDF=TRUE works on basis that the PDF value at each point is for that point, so that the CDF at each point is the sum of all the lower PDF values + 1/2 the current PDF value, multiplied by the grid spacing. If centredPDF=FALSE then CDF at each value is sum of that and all previous PDF values, implying that the PDF values are an average for the bin ending at that parameter value. Also now plots CIs using signed root log profile likelihood ratios if profLikes supplied. If pkLike=TRUE the vertical bar in the box shows the peak of the profile likelihood estimated from a quadratic fit (given in final column of the returned stats); this is more accurate than the 50th percentile of the CDF estimated using the SRLR method.
# if dof is set to a value, a t-distribution with that many degrees of freedom is used for the signed root profile likelihood ratio test instead of a normal distribution. This is non-standard.

# lower and upper are values of the parameter at start and end of pdfsToPlot columns


n.points= length(points)


range= upper - lower 

if(is.vector(pdfsToPlot)) { pdfsToPlot= matrix(pdfsToPlot, ncol=1) }

cases= ncol(pdfsToPlot)

if(!identical(profLikes,NA) && is.vector(profLikes)) { profLikes= matrix(profLikes,ncol=1) }

likeCases= ifelse(identical(profLikes,NA), 0, ncol(profLikes) )


if(identical(divs,NA)) { divs= range / (nrow(pdfsToPlot)-1) }


box=boxplot.stats(runif(100,0,1)) # sets up structure required by bxp


stats=matrix(NA,cases,n.points+1) 


if( identical(points, c(0.05,0.25,0.5,0.75,0.95)) ) { colnames(stats)= c('5%', '25%',' 50%', '75%', '95%','TotProb') } else { colnames(stats)= c(as.character(points),'TotProb') }


if(!length(plotPts)==5) { plotPts=1:n.points }


if(cdf.pts==FALSE) {



if(!n.points==5 && plot && !length(plotPts)==5) { print('Error: where if plot==TRUE and points>5, must specify (by position) which 5 of those percentage points are to be box-plotted'); break }


}


# loop through posterior PDF cases finding where all the specified CDF points are and plotting


for (j in 1:cases) {



if(cdf.pts==FALSE) {




z= ( cumsum(pdfsToPlot[,j]) - 0.5*pdfsToPlot[,j] * centredPDF ) * divs




for(k in 1:n.points) {





i= rev(which(z < points[k]))[1]
# last point at which cumprob < this prob. point





stats[j,k]= ( i + (points[k] - z[i]) / (z[i+1] - z[i]) ) * divs + lower - divs




}




stats[j,n.points+1]= max(z)



} else {




stats[j,]= c(pdfsToPlot[,j], 1)



}



# create and plot the box for the current posterior PDF case



box$stats=matrix(stats[j,plotPts], ncol=1)



if( plot==TRUE) { bxp(box, width = NULL, varwidth = FALSE, notch = FALSE, outline = FALSE, names="", plot = TRUE, border = col[j], col = NULL, boxfill=boxfill[j], pars = list(xaxs='i', boxlty=1, boxwex=boxsize, lwd=lwd, staplewex=0.5, outwex=0.5, whisklty=whisklty[j], medlwd=medlwd, medcol=medcol[j]), horizontal=horizontal, add= TRUE, at=boxsize*yOffset+j*boxsize*spacing, axes=FALSE) }


}


# loop through the profile likelihood cases, if any, finding all the specified CI points


if(likeCases>0) { for(j in 1:likeCases) {



percPts= vector()



srlr= log(profLikes[,j])



srlr[is.infinite(srlr)]= -1e12



srlr.like= sign( 1:length(srlr) - which.max(srlr) ) * sqrt( 2 * (max(srlr) - srlr) ) 



if(identical(dof,NA)) {srlr.cdf= pnorm(srlr.like)} else { srlr.cdf= pt(srlr.like,dof)}



for (k in 1:n.points) {




test= which(srlr.cdf>points[k])




if(length(test)>0) {





percPts[k]= test[1]






if(percPts[k]==1) {






percPts[k]= 0





} else {






percPts[k]= percPts[k] + (points[k]-srlr.cdf[percPts[k]])/(srlr.cdf[percPts[k]] - srlr.cdf[percPts[k]-1])





}




} else {





percPts[k]= length(srlr) + 1




}



}



# find peak of the likelihood function, assumed quadratic near there and put in final column



x= which.max(srlr)



if(x>1 & x< nrow(profLikes) ) {




X_mat= matrix(c(1,1,1,x-1,x,x+1,(x-1)^2,x^2,(x+1)^2), ncol=3)




coeffs= solve(X_mat) %*% c(srlr[x-1], srlr[x], srlr[x+1])




# sub-divide by 20 cells above and below peak and find which is peak, assuming quadratic




x.cands= seq(x-1, x+1, length= 41)




y.cands= matrix(c(rep(1,41),x.cands,x.cands^2), ncol=3) %*% coeffs




percPts[n.points+1]= x + (which.max(y.cands)-21)/20 



} else {




percPts[n.points+1]= NA



}



percPts= (percPts-1) * divs + lower 
# convert into parameter positions into values



stats=rbind( stats, percPts )


# add the current profLikes case percPts to stats



# create and plot the box for the current profile likelihood case



box$stats=matrix(percPts[plotPts], ncol=1)



if(pkLike) { box$stats[3,1]= percPts[n.points+1] }
# if pkLike=TRUE replace median with peak



if( plot==TRUE) { bxp(box, width = NULL, varwidth = FALSE, notch = FALSE, outline = FALSE, names="", plot = TRUE, border = col[j+cases], col = NULL, boxfill=boxfill[j], pars = list(xaxs='i', boxlty=1, boxwex=boxsize, lwd=lwd, staplewex=0.5, outwex=0.5, whisklty=whisklty[j+cases], medlwd=medlwd, medcol=medcol[j]), horizontal=horizontal, add=TRUE, at=boxsize*yOffset+(j+cases)*boxsize*spacing+profLikes.yOffset, axes=FALSE) }

} }

stats

}

# utility functions

ssq=function(x, na.rm=FALSE) sum(x^2, na.rm=na.rm)

# function replacing the internal R legend function, which does not implement control over the title font size

legend= function (x, y = NULL, legend, fill = NULL, col = par("col"), 

    border = "black", lty, lwd, pch, angle = 45, density = NULL, 

    bty = "o", bg = par("bg"), box.lwd = par("lwd"), box.lty = par("lty"), 

    box.col = par("fg"), pt.bg = NA, cex = 1, pt.cex = cex, pt.lwd = lwd, 

    xjust = 0, yjust = 1, x.intersp = 1, y.intersp = 1, adj = c(0, 

        0.5), text.width = NULL, text.col = par("col"), merge = do.lines && 

        has.pch, trace = FALSE, plot = TRUE, ncol = 1, horiz = FALSE, 

    title = NULL, inset = 0, xpd, title.col = text.col, title.adj = 0.5, title.cex=cex,

    seg.len = 2) 

{

    if (missing(legend) && !missing(y) && (is.character(y) || 

        is.expression(y))) {

        legend <- y

        y <- NULL

    }

    mfill <- !missing(fill) || !missing(density)

    if (!missing(xpd)) {

        op <- par("xpd")

        on.exit(par(xpd = op))

        par(xpd = xpd)

    }

    title <- as.graphicsAnnot(title)

    if (length(title) > 1) 

        stop("invalid title")

    legend <- as.graphicsAnnot(legend)

    n.leg <- if (is.call(legend)) 

        1

    else length(legend)

    if (n.leg == 0) 

        stop("'legend' is of length 0")

    auto <- if (is.character(x)) 

        match.arg(x, c("bottomright", "bottom", "bottomleft", 

            "left", "topleft", "top", "topright", "right", "center"))

    else NA

    if (is.na(auto)) {

        xy <- xy.coords(x, y)

        x <- xy$x

        y <- xy$y

        nx <- length(x)

        if (nx < 1 || nx > 2) 

            stop("invalid coordinate lengths")

    }

    else nx <- 0

    xlog <- par("xlog")

    ylog <- par("ylog")

    rect2 <- function(left, top, dx, dy, density = NULL, angle, 

        ...) {

        r <- left + dx

        if (xlog) {

            left <- 10^left

            r <- 10^r

        }

        b <- top - dy

        if (ylog) {

            top <- 10^top

            b <- 10^b

        }

        rect(left, top, r, b, angle = angle, density = density, 

            ...)

    }

    segments2 <- function(x1, y1, dx, dy, ...) {

        x2 <- x1 + dx

        if (xlog) {

            x1 <- 10^x1

            x2 <- 10^x2

        }

        y2 <- y1 + dy

        if (ylog) {

            y1 <- 10^y1

            y2 <- 10^y2

        }

        segments(x1, y1, x2, y2, ...)

    }

    points2 <- function(x, y, ...) {

        if (xlog) 

            x <- 10^x

        if (ylog) 

            y <- 10^y

        points(x, y, ...)

    }

    text2 <- function(x, y, ...) {

        if (xlog) 

            x <- 10^x

        if (ylog) 

            y <- 10^y

        text(x, y, ...)

    }

    if (trace) 

        catn <- function(...) do.call("cat", c(lapply(list(...), 

            formatC), list("\n")))

    cin <- par("cin")

    Cex <- cex * par("cex")

    if (is.null(text.width)) 

        text.width <- max(abs(strwidth(legend, units = "user", 

            cex = cex)))

    else if (!is.numeric(text.width) || text.width < 0) 

        stop("'text.width' must be numeric, >= 0")

    xc <- Cex * xinch(cin[1L], warn.log = FALSE)

    yc <- Cex * yinch(cin[2L], warn.log = FALSE)

    if (xc < 0) 

        text.width <- -text.width

    xchar <- xc

    xextra <- 0

    yextra <- yc * (y.intersp - 1)

    ymax <- yc * max(1, strheight(legend, units = "user", cex = cex)/yc)

    ychar <- yextra + ymax

    if (trace) 

        catn("  xchar=", xchar, "; (yextra,ychar)=", c(yextra, 

            ychar))

    if (mfill) {

        xbox <- xc * 0.8

        ybox <- yc * 0.5

        dx.fill <- xbox

    }

    do.lines <- (!missing(lty) && (is.character(lty) || any(lty > 

        0))) || !missing(lwd)

    n.legpercol <- if (horiz) {

        if (ncol != 1) 

            warning("horizontal specification overrides: Number of columns := ", 

                n.leg)

        ncol <- n.leg

        1

    }

    else ceiling(n.leg/ncol)

    has.pch <- !missing(pch) && length(pch) > 0

    if (do.lines) {

        x.off <- if (merge) 

            -0.7

        else 0

    }

    else if (merge) 

        warning("'merge = TRUE' has no effect when no line segments are drawn")

    if (has.pch) {

        if (is.character(pch) && !is.na(pch[1L]) && nchar(pch[1L], 

            type = "c") > 1) {

            if (length(pch) > 1) 

                warning("not using pch[2..] since pch[1L] has multiple chars")

            np <- nchar(pch[1L], type = "c")

            pch <- substr(rep.int(pch[1L], np), 1L:np, 1L:np)

        }

    }

    if (is.na(auto)) {

        if (xlog) 

            x <- log10(x)

        if (ylog) 

            y <- log10(y)

    }

    if (nx == 2) {

        x <- sort(x)

        y <- sort(y)

        left <- x[1L]

        top <- y[2L]

        w <- diff(x)

        h <- diff(y)

        w0 <- w/ncol

        x <- mean(x)

        y <- mean(y)

        if (missing(xjust)) 

            xjust <- 0.5

        if (missing(yjust)) 

            yjust <- 0.5

    }

    else {

        h <- (n.legpercol + (!is.null(title))) * ychar + yc

        w0 <- text.width + (x.intersp + 1) * xchar

        if (mfill) 

            w0 <- w0 + dx.fill

        if (do.lines) 

            w0 <- w0 + (seg.len + x.off) * xchar

        w <- ncol * w0 + 0.5 * xchar

        if (!is.null(title) && (abs(tw <- strwidth(title, units = "user", 

            cex = cex) + 0.5 * xchar)) > abs(w)) {

            xextra <- (tw - w)/2

            w <- tw

        }

        if (is.na(auto)) {

            left <- x - xjust * w

            top <- y + (1 - yjust) * h

        }

        else {

            usr <- par("usr")

            inset <- rep(inset, length.out = 2)

            insetx <- inset[1L] * (usr[2L] - usr[1L])

            left <- switch(auto, bottomright = , topright = , 

                right = usr[2L] - w - insetx, bottomleft = , 

                left = , topleft = usr[1L] + insetx, bottom = , 

                top = , center = (usr[1L] + usr[2L] - w)/2)

            insety <- inset[2L] * (usr[4L] - usr[3L])

            top <- switch(auto, bottomright = , bottom = , bottomleft = usr[3L] + 

                h + insety, topleft = , top = , topright = usr[4L] - 

                insety, left = , right = , center = (usr[3L] + 

                usr[4L] + h)/2)

        }

    }

    if (plot && bty != "n") {

        if (trace) 

            catn("  rect2(", left, ",", top, ", w=", w, ", h=", 

                h, ", ...)", sep = "")

        rect2(left, top, dx = w, dy = h, col = bg, density = NULL, 

            lwd = box.lwd, lty = box.lty, border = box.col)

    }

    xt <- left + xchar + xextra + (w0 * rep.int(0:(ncol - 1), 

        rep.int(n.legpercol, ncol)))[1L:n.leg]

    yt <- top - 0.5 * yextra - ymax - (rep.int(1L:n.legpercol, 

        ncol)[1L:n.leg] - 1 + (!is.null(title))) * ychar

    if (mfill) {

        if (plot) {

            fill <- rep(fill, length.out = n.leg)

            rect2(left = xt, top = yt + ybox/2, dx = xbox, dy = ybox, 

                col = fill, density = density, angle = angle, 

                border = border)

        }

        xt <- xt + dx.fill

    }

    if (plot && (has.pch || do.lines)) 

        col <- rep(col, length.out = n.leg)

    if (missing(lwd)) 

        lwd <- par("lwd")

    if (do.lines) {

        if (missing(lty)) 

            lty <- 1

        lty <- rep(lty, length.out = n.leg)

        lwd <- rep(lwd, length.out = n.leg)

        ok.l <- !is.na(lty) & (is.character(lty) | lty > 0)

        if (trace) 

            catn("  segments2(", xt[ok.l] + x.off * xchar, ",", 

                yt[ok.l], ", dx=", seg.len * xchar, ", dy=0, ...)")

        if (plot) 

            segments2(xt[ok.l] + x.off * xchar, yt[ok.l], dx = seg.len * 

                xchar, dy = 0, lty = lty[ok.l], lwd = lwd[ok.l], 

                col = col[ok.l])

        xt <- xt + (seg.len + x.off) * xchar

    }

    if (has.pch) {

        pch <- rep(pch, length.out = n.leg)

        pt.bg <- rep(pt.bg, length.out = n.leg)

        pt.cex <- rep(pt.cex, length.out = n.leg)

        pt.lwd <- rep(pt.lwd, length.out = n.leg)

        ok <- !is.na(pch) & (is.character(pch) | pch >= 0)

        x1 <- (if (merge && do.lines) 

            xt - (seg.len/2) * xchar

        else xt)[ok]

        y1 <- yt[ok]

        if (trace) 

            catn("  points2(", x1, ",", y1, ", pch=", pch[ok], 

                ", ...)")

        if (plot) 

            points2(x1, y1, pch = pch[ok], col = col[ok], cex = pt.cex[ok], 

                bg = pt.bg[ok], lwd = pt.lwd[ok])

    }

    xt <- xt + x.intersp * xchar

    if (plot) {

        if (!is.null(title)) 

            text2(left + w * title.adj, top - ymax, labels = title, 

                adj = c(title.adj, 0), cex = title.cex, col = title.col)

        text2(xt, yt, labels = legend, adj = adj, cex = cex, 

            col = text.col)

    }

    invisible(list(rect = list(w = w, h = h, left = left, top = top), 

        text = list(x = xt, y = yt)))

}
# define the file locations and create subdirectories 

# set location of top directory to use for running this code and in which the original data used resides

mainPath= getwd()
# location of hadcm3_ghgforcing.dat, glotem_summ.dat and tr_pdfs.txt files, and digitised Fr05 PDFs: Frame05_Fig1c.TCR_ECS.txt and Frame05_Fig1c.uniform_ECS.txt
origDataPath= paste(mainPath,'../', sep='')
# define paths of directories to store data and plots in and create directories
dataPath= paste(mainPath,'/data/', sep='')
plotsPath= paste(mainPath,'/plots/', sep='')
dir.create(dataPath)

dir.create(plotsPath)

# now run the main code. text after # (ignored by R) shows what text output the R console should display
# Perform the EBM runs, removing F0=0 (error in IDL code) and keeping interp= c(1,1)
temp= scan(paste(origDataPath, 'hadcm3_ghgforcing.dat', sep=""), skip=3)

dim(temp)=c(3,140)

hadcm3_ghgforcing_1861_2000= temp[3,]

S.vals= (1:120)/6

Kv.vals= (0:29*0.125)^2 * 1e-4
* (4.207*1.03/4)^2 * 365.25/365
# 0-13.14 cm^2/s, adj for diff in seawater SHC and for diff in no. of secs in a year

forcing= hadcm3_ghgforcing_1861_2000

forcingx10= approx(0:139,forcing,(0:1390)/10)$y

oceanFrac=1









# adjusting for diffusion error in Frame05 EBM code
mld= (70 / oceanFrac) * (4.207*1.03/4) * 365.25/365 # adj for diff in seawater SHC and for diff in no. of secs in a year

n.S= length(S.vals)

n.Kv= length(Kv.vals)

n.yrs= length(forcing)

Fr05.em2= array(dim=c(n.yrs,n.S,n.Kv,2))



dimnames(Fr05.em2)[[1]]= as.character(1:n.yrs)

dimnames(Fr05.em2)[[2]]= as.character(S.vals)

dimnames(Fr05.em2)[[3]]= as.character(round(Kv.vals*1e4,2))

dimnames(Fr05.em2)[[4]]= c('Tsfc','OHC')

dt=0.1

for(i in 1:n.S) {


for(j in 1:n.Kv) {



e= ebm(forcingx10, dt=dt, lambda= 3.7/S.vals[i], mld=mld, oceanFrac=oceanFrac, Kv=Kv.vals[j], interp= c(1,1) ) # removed  F0=0



Fr05.em2[,i,j,1]= e$T[1+round((0:139)/dt)] 



Fr05.em2[,i,j,2]= e$OHC[1+round((0:139)/dt)]


}

}

ssq(Fr05.em2)

#[1] 355463012

save( Fr05.em2, file=paste(dataPath, 'Fr05.em2.Rd', sep="") )
# Load the attributable warming data, prepare it and add forcing uncertainty

temp= scan( paste(origDataPath, 'tr_pdfs.txt', sep="") ) # Read 1999 items

tr100ghg= temp[2:1000]

# mean(tr100ghg) [1] 0.7904521

pr_cdf= temp[1001:1999]

pr_ran= max(pr_cdf)-min(pr_cdf)



#pr_ran=0.998 - but normalise to 1

pr_min= min(pr_cdf)







#pr_min=0.001

p1=runif(50000000)*pr_ran + pr_min

tg_dis= approx(pr_cdf, tr100ghg, p1)$y

#tg_dis=ghg warming at 50000000 random CDF points

# specify forcing uncertainty = 2*(forcing uncertainty%)

fc_ran=0.2

p2=runif(50000000)*fc_ran + 1 - fc_ran/2.

#p2=50000000 random points in interval 0.9:1.1

tg_dis= tg_dis / p2







#randomly shift each of the GHG warmings

# print,'Computing histogram for temperature distribution'

ntgval=1000

tg_max=2.5

if(max(tg_dis)>tg_max) { tg_dis= tg_dis[-which(tg_dis>tg_max)] }

if(min(tg_dis)<0) { tg_dis= tg_dis[-which(tg_dis<0)] }

length(tg_dis)








# 49997525

tg_pdf2= temp= hist( tg_dis, breaks= 0:ntgval / ntgval * tg_max) 

tg_pdf2=lowess(tg_pdf2$density, f=0.0045)$y



# gives a good smooth, accurate match


tg_pdf2= tg_pdf2 / (sum(tg_pdf2))

matplot(cbind(temp$density/sum(temp$density),tg_pdf2), col=c(5,2), type='l', lty=1, xaxs='i', yaxs='i')
mean(tg_pdf2*1:1000*2.5) # [1] 0.7939157
rm(p1,p2,tg_dis)
save( tg_pdf2, file=paste(dataPath, 'tg_pdf2-5e7smth.0045.Rd', sep="") )
### here select Windows..Tile vertically menu to display the R console next to the new Graphics window

# Calculate the distribution for EHC using OHC and global temperature changes both over 1957-1996

glotem= read.table( paste(origDataPath,'glotem_summ.dat', sep=""), skip=1) #global mean temps from CRU 1856-2002

temdif96CRU= mean(glotem[136:146,2]) - mean(glotem[97:107,2]) # 0.359545  
# standard deviation from Gregory et al (double s.d. of 40-year periods)

sdobs=0.066

# convert levitus 2000 [19e22] or Levitus 2005 [14.473e22] figure to GJ/m^2

0.3726# per Levitus 05 heat content trend is 0.329e22 J/yr whilst overall change is 14.47e22J - corresponding to 44 x 0.329 not 39 x 0.329.

hc_cen_96Lev05=0.329e22*39/1.e9/(4.*pi*(6.37e6)^2)

# standard deviation of OHC change from Fr05 code: close to Levitus 2005 figure

(hc_std= 9.e22/1.e9/(4.*pi*(6.37e6)^2)/2)
#0.08825184
print(c(hc_cen_96Lev05, temdif96CRU, hc_cen_96Lev05/temdif96CRU, sdobs))

# [1] 0.25163542 0.35954545 0.69987096 0.06600000



# combine the ocn_heat and observed warming distributions as follows:

zz= rnorm(40000000)*hc_std + hc_cen_96Lev05
yy= rnorm(40000000)*(sdobs) + temdif96CRU
hc_obs96=zz/yy
hc_obs96= hc_obs96[-which(hc_obs96<0)]

hc_obs96= hc_obs96[-which(hc_obs96>3)]

length(hc_obs96)

# 9977642
nhcval=600

hc_val=3 * 0:nhcval / nhcval

# Compute histogram for effective heat capacity distribution 
temp= hist( hc_obs96, breaks=hc_val ) 

hc_pdf96=lowess(temp$density, f=0.005)$y



# 0.005 gives a good smooth with 40e6 points
hc_pdf96= hc_pdf96 / (sum(hc_pdf96))
matplot(cbind(temp$density/sum(temp$density),hc_pdf96), col=c(4,2), type='l', lty=1, xaxs='i', yaxs='i')

save( hc_pdf96, file=paste(dataPath, 'hc_pdf96.Rd', sep="") )
# Now use temperature change over 1957-94 per Fr05 text but OCH change over 1955-98 (44 y) per Fr05 code
temdif= mean(glotem[134:144,2]) - mean(glotem[97:107,2])  # 0.338182 K: change in 1957-94 11y mean

# convert Levitus 2005 [14.473e22] figure to GJ/m^2.  per Levitus 05 1957:1996 change is 14.47e22J: this is actually for 44 not 37 years. Use unadjusted since that is consistent with Fr05 results

hc_cen= 14.473e22/1.e9/(4.*pi*(6.37e6)^2) #0.2839

# combine the ocn_heat and observed warming distributions as follows:

 zz= rnorm(40000000)*hc_std + hc_cen

 yy= rnorm(40000000)*(sdobs) + temdif

 hc_obs=zz/yy

 hc_obs= hc_obs[-which(hc_obs<0)]

 hc_obs= hc_obs[-which(hc_obs>3)]

 length(hc_obs)# 39958999
 nhcval=600

 hc_val=3 * 0:nhcval / nhcval

#Compute histogram for effective heat capacity distribution 
hc_pdf.94Lev14.473= temp= hist( hc_obs, breaks=hc_val ) 

 hc_pdf.94Lev14.473=lowess(hc_pdf.94Lev14.473$density, f=0.005)$y# 0.005 gives good smooth with 40e6 pts

 hc_pdf.94Lev14.473= hc_pdf.94Lev14.473 / (sum(hc_pdf.94Lev14.473))

 matplot(cbind(temp$density/sum(temp$density),hc_pdf.94Lev14.473), col=c(3,2), type='l', lty=1, xaxs='i', yaxs='i') # excellent fit

save( hc_pdf.94Lev14.473, file=paste(dataPath, 'hc_pdf.94Lev14.473.Rd', sep="") )

#write(rbind(hc_val[-1]-0.0025, hc_pdf.94Lev14.473), file=paste(dataPath, 'hc_pdf.94Lev14.473.txt', sep=""), ncol=2)

rm(zz,yy,hc_obs96, hc_obs)

# Compute PDFs using 44 year OHC data as in Fr05, but using Jacobian determinant to convert PDFs
# compute modelled AW and EHC values
prjtrn= (0:99 * 0.01 -0.495)

prjtrn= prjtrn/ ssq(prjtrn)

Fr05.em2.dT.01_00= apply(Fr05.em2[41:140,,,1] * prjtrn, c(2,3), sum)

Fr05.em2.EHC.57_94= (Fr05.em2[134,,,2]-Fr05.em2[97,,,2]) / (Fr05.em2[134,,,1]-Fr05.em2[97,,,1])

Fr05.em2.EHC.57_96= (Fr05.em2[136,,,2]-Fr05.em2[97,,,2]) / (Fr05.em2[136,,,1]-Fr05.em2[97,,,1])

# Jacobian: compute using 2 col matrix from vectorised values of AW and EHC over model parameter grid
grid.em2= array( c( rep(S.vals,n.Kv), as.vector(matrix(sqrt(Kv.vals), nrow=n.S, ncol=n.Kv, byrow=TRUE)) ), dim=c(n.S,n.Kv,2) )

ATCW.EHC.em2= array( cbind( as.vector(Fr05.em2.dT.01_00), as.vector(Fr05.em2.EHC.57_96) ), dim=c(n.S,n.Kv,2) ) 

jaco.em2= jaco( ATCW.EHC.em2, grid.em2 ) 

ATCW.EHC.em2.94= array( cbind( as.vector(Fr05.em2.dT.01_00), as.vector(Fr05.em2.EHC.57_94) ), dim=c(n.S,n.Kv,2) )

jaco.em2.94= jaco( ATCW.EHC.em2.94, grid.em2 )
range(jaco.em2.94$J[,,1,2]* jaco.em2.94$J[,,2,1]/ jaco.em2.94$detJ) # [1] -0.01537678  0.01589036
# the Jacobian matrix is almost orthogonal

# plot the Jacobian based on the incorrect Frame 05 OHC data

x.lab= 'Climate Sensitivity S (K)' 

y.lab= 'sqrt(Effective Ocean Diffusivity) Kv (cm s^-1/2)' 

z.lab= '.       Relative volume in data and parameter spaces'
x.rot=-13; y.rot=59; z.rot=97; fontfamily=''; fontface=2
xlab= list(label=x.lab, cex=1, rot=x.rot, distance=NA, fontfamily= fontfamily, fontface=fontface)

ylab= list(label=y.lab, cex=1, rot=y.rot, distance=NA, fontfamily= fontfamily, fontface=fontface)

zlab= list(label=z.lab, cex=1, rot=z.rot, distance=1, fontfamily= fontfamily, fontface=fontface)

scales=list(arrows=FALSE, distance=1, cex=1.2, x=list(at=(0:5)*12+1, labels=rev(c('', '2','4','6','8','10'))), y=list(at=(1:15)*2-1, labels=c('0','','','','1','', '','','2','','','','3','','')) ) 
wireframe(jaco.em2.94$detJ[rev(1:60),], dim=c(60,30), shade=T, screen=list(x=55, y=22, z=168), scales=scales, xlab=xlab, ylab=ylab, zlab=zlab)
savePlot(paste(plotsPath,'SK.detJ94.1.png', sep=""), type='png')

# plot the Jacobian based on the correct OHC data

wireframe(jaco.em2$detJ[rev(1:60),], dim=c(60,30), shade=T, screen=list(x=55, y=22, z=168), scales=scales, xlab=xlab, ylab=ylab, zlab=zlab)
# save the resulting plot (Fig. 1 in the paper)

savePlot(paste(plotsPath,'SK.detJ.1.png', sep=""), type='png')

# compute posterior PDFs for S on various bases, for Fig.2 NB ATCW.like & EHC.like are posterior PDFs
# change the coordinates of ATCW.like and EHC.like to Seq-rtKv space, by finding the interpolated values of ATCW.like and EHC.like at each point in that 120 x 30 space. NB EHC.like is linear in rtKv 
ATCW.like= approx(x= 1:1000*0.0025, y= tg_pdf2, xout= pmin(Fr05.em2.dT.01_00,2.5) )$y

EHC.like= approx(x= 1:600*0.005, y= hc_pdf96, xout= pmin(Fr05.em2.EHC.57_96*0.0316,3) )$y

EHC.like.94Lev14.473= approx(x= 1:600*0.005, y= hc_pdf.94Lev14.473, xout= pmin(Fr05.em2.EHC.57_94*0.0316,3) )$y

ssq(ATCW.like) 


# [1] 0.0219
ssq(EHC.like)



#[1]  0.0156
ssq(EHC.like.94Lev14.473)
# [1] 0.0142
# compute posterior PDF for S: convert the AW-EHC posterior using the Jacobian and integrate out Kv

pdf6.94Lev14.473.S= rowSums(array(EHC.like.94Lev14.473*ATCW.like* jaco.em2.94$detJ,dim=c(120,30)))

pdf6.94Lev14.473.S=pdf6.94Lev14.473.S/sum(pdf6.94Lev14.473.S)*6 #normalise the PDF: runs from 1/6-20

# compute posterior PDF for S without using Jacobian: translate AW-EHC posterior & integrate out Kv

pdf6.94Lev14.473.S.noJaco= rowSums(array(EHC.like.94Lev14.473*ATCW.like, dim=c(120,30)))

# normalise it over S= 0:20 not 0:10, so as to capture almost all probability (actually starts at 1/6)
pdf6.94Lev14.473.S.noJaco= pdf6.94Lev14.473.S.noJaco/sum(pdf6.94Lev14.473.S.noJaco)*6

# compute the Fr05 Fig. 1c uniform in S PDF for ECS from the digitised plot data with the x-axis plotting error of 0.0833 fixed

Frame05_Fig1c.uniform_ECS= read.table(paste(origDataPath,'Frame05_Fig1c.uniform_ECS.txt', sep="") )
Frame05_Fig1c.uniform_ECS.133= cbind((0:60)/6, approx(Frame05_Fig1c.uniform_ECS, xout=c(0,(1:60)/6-0.0833))$y)

sum(Frame05_Fig1c.uniform_ECS.133[,2]) # [1] 5.608191
# compute the Fr05 Fig. 1c uniform in TCR PDF for ECS from the digitised plot data 
Frame05_Fig1c.TCR_ECS= read.table(paste(origDataPath,'Frame05_Fig1c.TCR_ECS.txt', sep="") )
Frame05_Fig1c.TCR_ECS.133= cbind((0:60)/6, approx(Frame05_Fig1c.TCR_ECS, xout=(0:60)/6)$y)

sum( Frame05_Fig1c.TCR_ECS.133[,2]) # [1] 5.9299

# define the PDFs to plot in Fig.2. Note that the computed PDFs start at S= 1/6 not 0
# normalise the Fr05 Fig.1c green uni-in-TCR PDF to match the incorrect OHC Jacobian-derived PDF.

Frame05_Fig1c.TCR_ECS.133_94= Frame05_Fig1c.TCR_ECS.133

Frame05_Fig1c.TCR_ECS.133_94[,2]= Frame05_Fig1c.TCR_ECS.133[,2]* sum(pdf6.94Lev14.473.S[1:60])/sum(Frame05_Fig1c.TCR_ECS.133[,2])
sum(Frame05_Fig1c.TCR_ECS.133_94[,2])

#







[1] 5.9548
# similarly scale the Fr05 Fig.1c red uni in sens PDF to match mine using the incorrect OHC data

Frame05_Fig1c.uniform_ECS.133_94= Frame05_Fig1c.uniform_ECS.133

Frame05_Fig1c.uniform_ECS.133_94[,2]= Frame05_Fig1c.uniform_ECS.133_94[,2] * sum(pdf6.94Lev14.473.S.noJaco[1:60])/ sum(Frame05_Fig1c.uniform_ECS.133_94[,2])
sum(Frame05_Fig1c.uniform_ECS.133_94[,2])

#[1] 5.541
pdfsToPlot= cbind(c(0,pdf6.94Lev14.473.S[1:60]), Frame05_Fig1c.TCR_ECS.133_94[,2], c(0,pdf6.94Lev14.473.S.noJaco[1:60]) , Frame05_Fig1c.uniform_ECS.133_94[,2] ) 

colSums(pdfsToPlot)



#[1] 5.954873 5.954873 5.541840 5.541840 or similar
lty=c(1,2,1,2)

col= c(1,3,'gray50','coral1')

par(mar=c(6,4,4,2)+0.2)

matplot(0:60/6, pdfsToPlot[,], type='l', xaxs='i', yaxs='i', lty=lty, lwd=3.5, xlab=' Climate Sensitivity  S (K)', ylab='Probability density', cex.lab=1.3, cex.axis=1.3, ylim=c(-0.17, 0.69), col=col, xaxp=c(0,10,10))
lines(c(0,10), c(0,0), col=1, lwd=1)

#title(xlab='Climate Sensitivity  S (K)', cex.lab=1.3, line=18)

legend('topright', c('Using Jacobian to convert into joint PDF for parameters and integrating out Kv', 'Fr05 Fig. 1(c) green line: using uniform initial distribution in TCR/AW and EHC', 'As black line but without multiplying by Jacobian determinant', 'Fr05 Fig. 1(c) red line: using uniform initial distribution in S and Kv'), title='Method used to derive PDF for climate sensitivity from joint PDF for observables', lwd=3.5, col=col, lty=lty)

# compute the CIs [credible intervals for Bayesian, confidence intervals if using profile likelihood]

# add PDF value of 1 at end of the PDFs that don't reach 95% probability at S=10, or get NAs

round(plotBoxCIs3(rbind(pdfsToPlot[,c(4,3,2,1)],c(1,1,0,0)), profLikes=NA, divs=1/6, lower=0, upper=10+1/6, boxsize=0.03, col=c(rev(col),5), yOffset=0.6-5.5, profLikes.yOffset=-0.03, spacing=0.9, lwd=2, whisklty=c(rev(lty), 1), points=c(0.05,0.1,0.5,0.9,0.95)), 2)

#        0.05  0.1  0.5  0.9  0.95 TotProb

#        1.35 1.59 2.81 8.16 10.05    1.01

#        1.41 1.66 2.93 8.48 10.05    1.01

#        1.22 1.44 2.37 4.13  5.09    0.99

#        1.23 1.45 2.37 4.20  5.24    0.99

# save the resulting plot (Fig. 2 in the paper)

savePlot(paste(plotsPath,'Fig2e.png', sep=""), type='png')
# Approximate the AW and EHC posterior distributions as shifted log-t distributions   


# as the t-dist is a location distribution, 1/(AW+shift) & 1/(EHC+shift) are noninformative priors

#Excellent fits (to the incorrect Fr05 OHC case for EHC) are obtainable (done outside R) as follows:


#for EHC (hc_pdf.94Lev14.473): use dt((log(EHC+0.6)-0.366)/0.2125, 17)


#for AW (tg_pdf2): use dt((log(AW+0.4248)-0.1815)/0.1556,9)

# estimate posterior for attributable warming by sampling from error distribution centred on obs val
aw_shft= 0.4248  
aw_logmean= 0.1815

aw_logsd= 0.1556

zz= exp(rt(20000000,9)*aw_logsd + aw_logmean) - aw_shft
zz= zz[-which(zz<0)]

zz= zz[-which(zz>2.5)]

length(zz)


# [1] 19996256 or thereabouts
nawval=1000

aw_val=2.5 * 0:nawval / nawval
#Compute histogram for attributable warming density
aw_pdf2.logt= temp= hist( zz, breaks=aw_val )$density 

aw_pdf2.logt=lowess(temp, f=0.013)$y

# 0.013 gives a good smooth with 20e6 pts

aw_pdf2.logt= aw_pdf2.logt / (sum(aw_pdf2.logt))

# used fitted t-distribution to compute a parameterised likelihood function

# compute the likelihood function for attributable warming using the log-t density. This gives the density at the observed value at each candidate true value aw_val. Peaks at centre of t-dist: 0.7742

# taking dt of the log without dividing by the argument of the log (= Jacobian) gives the likelihood 

AW.like.logt= dt((log(aw_val[-1]+ aw_shft)- aw_logmean)/aw_logsd, 9)

# in AW space the noninformative prior will be the reciprocal of the argument of the log

AW.JP= 1/(aw_val[-1]+aw_shft)

matplot(0:1000/400, rbind(rep(0,4), cbind(tg_pdf2, aw_pdf2.logt, AW.like.logt*AW.JP/sum(AW.like.logt*AW.JP), AW.like.logt/sum(AW.like.logt))*400), type='l', lty=c(1,2,3,1), col=c(1,2,3,5), lwd=3, xaxs='i', yaxs='i', ylim=c(0,2.9), xlab='Attributable 20th century warming (K)', ylab='Probability density or scaled likelihood', cex.lab=1.3, cex.axis=1.3) 

legTxt1=c('PDF used for Fr05, after adding forcing uncertainty','PDF derived by sampling the log t-distribution', 'PDF derived as product of likelihood function and Jeffreys prior', 'Scaled likelihood function for log t-distribution')

legend('topright', legTxt1, title='Derivation of PDF for attributable warming', lwd=3.5, col=c(1,2,3,5), lty=c(1,2,3,1), cex=1.2, title.cex=1.3, bty='n')

savePlot(paste(plotsPath,'Fig3_AW.a.png',sep=""), type='png')

# estimate the posterior for effective heat capacity by sampling from its error distribution:

hc_shft= 0.6  
hc_logmean= 0.366

hc_logsd= 0.2125

zz= exp(rt(20000000, 17)*hc_logsd + hc_logmean) - hc_shft
zz= zz[-which(zz<0)]

zz= zz[-which(zz>2.5)]

length(zz)


# [1] 19971173 or thereabouts
nhcval=600

hc_val=3 * 0:nhcval / nhcval

#Compute histogram for effective heat capacity density
temp= hist(zz , breaks=hc_val )$density
rm(zz)

hc_pdf.logt.94=lowess(temp, f=0.014)$y



# 0.014 gives a good smooth with 20e6 points
hc_pdf.logt.94= hc_pdf.logt.94 / (sum(hc_pdf.logt.94))
# compute the likelihood function for EHC using the log-t density

HC.like.logt.94= dt((log(hc_val[-1]+ hc_shft)-hc_logmean)/hc_logsd, 17)

# in HC space the noninformative prior will be the reciprocal of the argument of the log

HC94.JP= 1/(hc_val[-1]+ hc_shft)

matplot(0:600/200, rbind(rep(0,4), cbind(hc_pdf.94Lev14.473, hc_pdf.logt.94, HC.like.logt.94*HC94.JP/sum(HC.like.logt.94*HC94.JP), HC.like.logt.94/sum(HC.like.logt.94))*200), type='l', lty=c(1,2,3,1), col=c(1,2,3,5), lwd=3, xaxs='i', yaxs='i', ylim=c(0,2), xlab='Effective heat capacity (GJ/m2/K)', ylab='Probability density or scaled likelihood', cex.lab=1.3, cex.axis=1.3) 

legTxt2=c('PDF emulating Fr05, with mismatched ΔOHC and ΔT periods','PDF derived by sampling from the log t-distribution', 'PDF derived as product of likelihood function and Jeffreys prior', 'Scaled likelihood function for log t-distribution')

legend('topright', legTxt2, title='Derivation of PDF for effective heat capacity', lwd=3.5, col=c(1,2,3,5), lty=c(1,2,3,1), cex=1.2, title.cex=1.3, bty='n')

# save the resulting plot (Fig. 3 in the paper)

savePlot(paste(plotsPath,'Fig3_HC.b.png',sep=""), type='png')

# change the coordinates of AW.like.logt to Seq-rtKv space, by finding the interpolated values of AW.like.logt at each point in that 120 x 30 space. 
AW.like.logt.SK= approx(x= 1:1000*0.0025, y=AW.like.logt, xout= pmin(Fr05.em2.dT.01_00,2.5) )$y

# change the coordinates of HC.like.logt to Seq-Kv space, by finding the interpolated values of HC.like.logt at each point in that 120 x 30 space. 
HC.like.logt.94.SK= approx(x= 1:600*0.005, y= HC.like.logt.94, xout= pmin(Fr05.em2.EHC.57_94*0.0316,3) )$y

# compute the joint AW & EHC likelihood in S-Kv space and hence the profile likelihood for S

AW_HC94.like.logt.SK= array(HC.like.logt.94.SK*AW.like.logt.SK, dim=c(120,30))

profLike.S= matrix( c(0, apply(AW_HC94.like.logt.SK[1:60,], 1, max),0) , ncol=1)

# compute untruncated CIs; pdfs start at 1/6 not 0 and sum to exactly 6

round(plotBoxCIs3( cbind( c(0,pdf6.94Lev14.473.S), c(0,pdf6.94Lev14.473.S.noJaco) ), profLikes=profLike.S, divs=1/6, lower=0, upper=20, boxsize=0.03, col=1:3, yOffset=0.6-5.5, profLikes.yOffset=-0.03, spacing=0.9, lwd=2, whisklty=1:3, points=c(0.05,0.1,0.5,0.9,0.95), plot=FALSE), 2)

#        0.05  0.1  0.5  0.9  0.95 TotProb

#        1.23 1.45 2.37 4.20  5.24    1.00

#        1.41 1.66 2.93 8.48 12.60    1.00

#percPts 1.32 1.53 2.33 3.97  4.79    2.39
# Compute correct Bayesian marginal posterior for S using a uniform joint prior for S-Kv and the joint likelihood for AW and EHC & integrating out Kv

pdf.S.like.logt.94.uniform= rowSums(AW_HC94.like.logt.SK*1)
# normalise it over S= 0:20: may not capture almost all probability 

pdf.S.like.logt.94.uniform= pdf.S.like.logt.94.uniform/sum(pdf.S.like.logt.94.uniform) * 6

# convert the noninformative AW and HC priors for the fitted parameterized shifted log t distributions separately to S-Kv space and then combine.  Use Jacobian to restate joint prior since is still a density for AW and EHC: need a density for S-Kv

# change coordinates to S-Kv space, by finding the interpolated values at each point in that space

AW.JP.SK= approx(x= 1:1000*0.0025, y=AW.JP, xout= pmin(Fr05.em2.dT.01_00,2.5) )$y

HC94.JP.SK= approx(x= 1:600*0.005, y= HC94.JP, xout= pmin(Fr05.em2.EHC.57_94*0.0316,3) )$y
# combine the priors and apply the Jacobian determinant to get the density in S-Kv terms

AW_HC94.JP.SK= array(AW.JP.SK * HC94.JP.SK * jaco.em2.94$detJ, dim=c(120,30))

# plot the resulting noninformative prior

x.rot=-13; y.rot=59; z.rot=97; fontfamily=''; fontface=2
scales=list(arrows=FALSE, distance=1, cex=1.2, x=list(at=(0:5)*12+1, labels=rev(c('', '2','4','6','8','10'))), y=list(at=(1:15)*2-1, labels=c('0','','','','1','', '','','2','','','','3','','')) ) 
x.lab= 'Climate Sensitivity S (K)' 

xlab= list(label=x.lab, cex=1, rot=x.rot, distance=NA, fontfamily= fontfamily, fontface=fontface)

y.lab= 'sqrt(Effective Ocean Diffusivity) Kv (cm s^-1/2)' 

ylab= list(label=y.lab, cex=1, rot=y.rot, distance=NA, fontfamily= fontfamily, fontface=fontface)

z.lab= 'Noninformative (Jeffreys) joint S-Kv prior with log-t likelihoods for observables'
zlab= list(label=z.lab, cex=1, rot=z.rot, distance=1, fontfamily= fontfamily, fontface=fontface)
wireframe(AW_HC94.JP.SK[rev(1:60),], dim=c(60,30), shade=T, screen=list(x=55, y=22, z=168), scales=scales, xlab=xlab, ylab=ylab, zlab=zlab)
# save the resulting plot (Fig. 4 in the paper)

savePlot(paste(plotsPath,'Fig4_JP.SK.like.logt.AW_HC94.2.png',sep=""), type='png')

# Compute S and rtKv PDFs by Fr05 method finding S and Kv values to which each ATCW/EHC combination corresponds, as in Fr05, using wrong Fr05 OHC value and HC to 1994
# interpolate sensitivities onto regular T-H grid

# first interpolate onto regular T-grid

# this removes over-representation of high S
tg_val=1:1000*0.0025

ntgval= length(tg_val)
S0_rtg= hc_rtg.94= tg_rtg= array(dim=c(ntgval,n.Kv))


# for each Kv, find what S & EHC values are required to match gridded ATCW value, and those ATCW values. 0.316 factor converts from Wy/m^2 to GJ/m^2
    for (nK in 1:n.Kv ) {
       S0_rtg[,nK]= approx(Fr05.em2.dT.01_00[,nK], S.vals, tg_val, rule=2)$y

       hc_rtg.94[,nK]= approx(Fr05.em2.dT.01_00[,nK], Fr05.em2.EHC.57_94[,nK]*0.0316, tg_val, rule=2)$y
       tg_rtg[,nK]= approx(Fr05.em2.dT.01_00[,nK], Fr05.em2.dT.01_00[,nK], tg_val, rule=2)$y
    }

# now interpolate onto regular H-grid
# this removes any over-representation of high Kv

# for each S & ATCW value that match gridded ATCW, interpolate from Kv vals to EHC vals

nhcval=600


hc_val=3 * 0:(nhcval-1) / nhcval

    S0_out.94= tg_out.94= array(dim=c(nhcval,ntgval))

    for (nt in 1:ntgval) {
        S0_out.94[,nt]= approx(hc_rtg.94[nt,], S0_rtg[nt,], hc_val, rule=2)$y
        tg_out.94[,nt]= approx(hc_rtg.94[nt,], tg_rtg[nt,], hc_val, rule=2)$y
    }
ssq(S0_out.94)
#[1] 104839150
# S0_out.94 gives what S value corresponds to each point on the ATCW, EHC grid using HC to 1994
# Compute l_hood as in Fr05 and use it to weight S values at each point on the AW-HC grid

l_hood= tg_pdf2 %o% hc_pdf.94Lev14.473 # 1000 x 600; spacing is 0.05 for EHC, 0.025 for ATCW

temp= sort(as.vector(t(S0_out.94[-1,])), index.return=TRUE) # sorts ATCW-EHC grid by S values

temp1= cumsum(as.vector(l_hood)[temp$ix])/sum(l_hood)
  # cum prob at each point in sorted list

temp$x[which(temp1>0.5)[1]]

#[1] 2.371931  median S

temp$x[which(temp1>0.05)[1]]
#[1] 1.243655  5% p   - very close to that using the Jacobian

temp$x[which(temp1>0.95)[1]]
#[1] 5.429715  95% pt - unnormalised: bit higher than using Jacobian
cdf6a.S= vector()

for (i in 1:1000) {


cdf6a.S[i]= temp$x[which(temp1>i/1000)[1]]
# S values at each 0.001 cum prob 

}

cdf6a.S= approx(cdf6a.S, 1:1000/1000, pmin(0:120/6 + 1/12, 20)) #cum prob values at regular S value grid

cdf6a.S$y[1:3]=0
pdf6a.S= cdf6a.S$y[2:121]-cdf6a.S$y[1:120] # first PDF value is for 1/6: CDF change from 1/12 to 3/12
pdf6a.S= pdf6a.S / sum(pdf6a.S) * 6

# Compute Bayesian PDFs using 44 year OHC data as in Fr05

# Compute objective Bayesian marginal posterior for S using a noninformative joint prior for S-Kv and the joint likelihood for AW and EHC & integrating out Kv, then normalise over S= 0:20

pdf.S.like.logt.94.JP= rowSums(AW_HC94.like.logt.SK*AW_HC94.JP.SK)
pdf.S.like.logt.94.JP= pdf.S.like.logt.94.JP /sum(pdf.S.like.logt.94.JP) * 6

# Compute Bayesian marginal posterior for S using a uniform joint prior in AW-HC space and then apply the Jacobian determinant to convert to a density in S-Kv space, then normalise over S= 0:20

pdf.S.like.logt.94.uniJaco= rowSums(AW_HC94.like.logt.SK*jaco.em2.94$detJ)

pdf.S.like.logt.94.uniJaco= pdf.S.like.logt.94.uniJaco /sum(pdf.S.like.logt.94.uniJaco) * 6

round(plotBoxCIs3(cbind(pdf.S.like.logt.94.JP, pdf.S.like.logt.94.uniJaco, pdf6a.S), profLikes=NA, divs=1/6, lower=1/6, upper=20, boxsize=0.03, points=c(0.05,0.1,0.5,0.9,0.95), plot=FALSE), 2)

#     0.05  0.1  0.5  0.9 0.95 TotProb

#[1,] 1.23 1.45 2.37 4.19 5.23       1

#[2,] 1.36 1.58 2.60 4.89 6.29       1
# [3,] 1.23 1.44 2.37 4.24 5.36       1 - close to result using Jacobian
# Now compute S PDF by Fr05 method finding S and Kv values to which each ATCW/EHC combination corresponds, as in Fr05. This should in principle give an identical PDF to using the Jacobian det.
# create the joint likelihood (not posterior) in AW-EHC space using the parameterized likelihoods
like.AW_HC94= AW.like.logt %o% HC.like.logt.94 # 1000 x 600; spacing is 0.05 for EHC, 0.025 for ATCW

# recall that S0_out.94 gives what S value corresponds to each point on the ATCW, EHC grid

post= like.AW_HC94 * t(S0_out.94) /sum(like.AW_HC94) 

# post is the value of S evaluated at each point in ATCW, EHC space, multiplied by the joint likelihood (not posterior PDF) of log-t distributed ATCW and EHC at that point. Joint prior in ATCW and EHC. So this actually gives the expectation value of S wrt the likelihoods of ATCW and EHC, assumed both uniform. It has very much the same effect as converting from AW-EHC space to S-Kv space using the Jacobian and integrating out Kv.

sum(post) # [1] 3.243704 mean value of S

temp= sort(as.vector(t(S0_out.94[-1,])), index.return=TRUE) # sorts ATCW-EHC grid by S values

temp1= cumsum(as.vector(like.AW_HC94)[temp$ix])/sum(like.AW_HC94)
  # cum prob at each point in sorted list

temp$x[which(temp1>0.5)[1]]

#[1] 2.6173  2.6055 median S - pretty close to that using the Jacobian

temp$x[which(temp1>0.05)[1]]
#[1] 1.3747  1.371 5% pt
- pretty close to that using the Jacobian

temp$x[which(temp1>0.95)[1]]
#[1] 6.890 6.800 95% pt - > than using Jacobian: too many pts at S ~20K
cdf.like.AW_HC94.S= vector()

for (i in 1:1000) {


cdf.like.AW_HC94.S[i]= temp$x[which(temp1>i/1000)[1]]
# S values at each 0.001 cum prob 

}

cdf.like.AW_HC94.S= approx(cdf.like.AW_HC94.S, 1:1000/1000, pmin(0:120/6 + 1/12, 20)) # find the cum prob values at regular S value grid

cdf.like.AW_HC94.S$y[1:4]=0
pdf.like.AW_HC94.S= (cdf.like.AW_HC94.S$y[2:121]-cdf.like.AW_HC94.S$y[1:120])*6 #1st PDF value is at 1/6
round(pdf.like.AW_HC94.S[114:120],5) #[1] 1] 0.00138 0.00138 0.00157 0.00158 0.00158 0.00669 0.01866 - final 2 values clearly excessive for a PDF normalised ovr 0-20K. Set to 0.001 and renormalise 

pdf.like.AW_HC94.S= c(pdf.like.AW_HC94.S[1:118],0.001,0.001) / sum(pdf.like.AW_HC94.S[1:118],0.001,0.001) * 6

colSums(cbind(c(0,pdf6.94Lev14.473.S[1:120]), c(0,pdf.S.like.logt.94.JP[1:120]), c(0,pdf.S.like.logt.94.uniJaco[1:120]), c(0,pdf6.94Lev14.473.S.noJaco[1:120]), c(0, pdf.S.like.logt.94.uniform[1:120]), rowMeans( cbind(c(pdf.like.AW_HC94.S,0), c(0,pdf.like.AW_HC94.S))) )) # [1] 6 6 6 6 6 6
# set up PDFs - plot pdf.like.AW_HC94.S not pdf.S.like.logt.94.uniJaco - Fr05 method (darkorange)
pdfsToPlot= cbind(c(Frame05_Fig1c.TCR_ECS.133_94[,2],rep(0,60)), c(0,pdf6.94Lev14.473.S), c(0,pdf.S.like.logt.94.JP), c(0,pdf.like.AW_HC94.S), c(0,pdf6.94Lev14.473.S.noJaco), c(0, pdf.S.like.logt.94.uniform) ) 

colSums(pdfsToPlot[1:61,]) # [1] 5.954873 5.954873 5.956908 5.895713 5.541840 5.258671 # 5.916464 not 5.895713 if use Jacobian instead of the Fr05 conversion method

legTxt= c('Fr05 Fig. 1(c) green line: using uniform initial distribution in TCR/AW and EHC', 'Using Jacobian to convert PDF for AW and EHC into joint PDF for parameters', 'Bayesian, using joint likelihood for AW and EHC restated in S-Kv coordinates and Jeffreys prior', 'Weighting S value implied by each pair of observables values by their likelihood', 'Restating joint PDF for AW and EHC as joint PDF for S and Kv without using Jacobian', 'Bayesian, using joint likelihood for AW and EHC restated in S-Kv coordinates and uniform prior')

lty=c(1,2,3,1,2,1)

col= c(3,1,2,'darkorange1','gray60','RoyalBlue2')

par(mar=c(5,4,4,2)+0.2)

matplot(0:60/6, pdfsToPlot[1:61,], type='l', xaxs='i', yaxs='i', lty=lty, lwd=3.5, xlab='Climate Sensitivity  S (K)', ylab='Probability density', cex.lab=1.3, cex.axis=1.3, ylim=c(-0.19, 0.79), col=col, xaxp=c(0,10,10))
lines(c(0,10), c(0,0), col=1, lwd=1)

legend('top', c(legTxt,'Profile likelihood from joint AW-EHC likelihood function expressed in S-Kv coordinates (box only)'), title='Method used to derive PDF for climate sensitivity S (with Kv integrated out) ', lwd=3.5, col=c(col,5), lty=c(lty,1), cex=1.1, title.cex=1.3, bty='n')

# add PDF value of 1 at end of the PDFs that don't reach 95% probability at S=10, or get NAs

round(plotBoxCIs3(pdfsToPlot[,c(6,5,4,3,2,1)], profLikes=profLike.S, divs=1/6, lower=0, upper=20, boxsize=0.03, col=c(rev(col),5), yOffset=0.6-6.2, profLikes.yOffset=-0.168, spacing=0.8, lwd=2, whisklty=c(rev(lty),1), points=c(0.05,0.1,0.5,0.9,0.95), plot=TRUE), 2)

#       0.05  0.1  0.5   0.9  0.95 TotProb

#        1.59 1.86 3.49 11.41 15.10    1.00

#        1.41 1.66 2.93  8.48 12.60    1.00

#        1.36 1.58 2.61  4.95  6.46    1.00

#        1.23 1.45 2.37  4.19  5.23    1.00

#        1.23 1.45 2.37  4.20  5.24    1.00

#        1.22 1.44 2.37  4.13  5.09    0.99

#percPts 1.32 1.53 2.33  3.97  4.79    2.39
# save the resulting plot (Fig. 5 in the paper)  
savePlot(paste(plotsPath,'Fig5c.png',sep=""), type='png') 

# Now compute objective Bayesian PDF based on 1957-96 EHC calculation

# Use the Jacobian of S and rtKv on the original ATCW and EHC posterior PDFs (called ATCW.like and EHC.like) to convert their joint PDF into a joint PDF for S and rtKv, and then integrate out rtKv.

pdf6.S= rowSums(array(EHC.like*ATCW.like* jaco.em2$detJ,dim=c(120,30)))

pdf6.S=pdf6.S/sum(pdf6.S)*6

sum(pdf6.S[1:60])/6





#[1] 0.9963 99.6% of the probability is below S=10 K

round(plotBoxCIs3(pdf6.S, profLikes=NA, divs=1/6, lower=1/6, upper=20, boxsize=0.03, points=c(0.05,0.1,0.5,0.9,0.95), plot=FALSE), 2)
#     0.05  0.1  0.5  0.9 0.95 TotProb

#[1,] 1.19 1.39 2.22 3.71 4.48       1
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