# R code to carry out calculations for paper 'Implications for climate sensitivity of AR5 attribution studies'. Climate Dynamics DOI 10.1007/s00382-015-2653-7 Published online 28 May 2015
# © Nicholas Lewis 2015  
SfromD&A_Lewis_code.doc 
# define the working directory and file locations as appropriate

################################################################

# Text in red indicates manual user action required; that in blue shows where files are saved
# define top level directory to use (to suit the machine used) and set it as working directory
# the subsequent code will create this directory, or issue a warning if it already exists
mainPath= 'C:/R/AR5D&A/'

# location of original data

origDataPath= paste(mainPath,'orig/', sep="")

# set whether to save data files or not: default is to save them (will overwrite existing ones)

saveData= TRUE 

# define directories to store code, data and plots in

dataPath= paste(mainPath,'data/', sep="")

plotsPath= paste(mainPath,'plots/', sep="")

codePath= paste(mainPath,'code/', sep="")

# Create subdirectory and path structure, and default save option
dir.create(mainPath)

dir.create(codePath)

dir.create(dataPath)

dir.create(origDataPath)

dir.create(plotsPath)

setwd(mainPath)

# Extract the data files & manually copy them into the 'mainPath/orig/' sub-directory. Files are:

# HadCRUT.4.2.0.0.annual_ns_avg_19Jul14.txt

# HadCRUT.4.2.0.0.annual_ns_avg_smooth.txt

# heat_ascii_v6.txt

# TblAII.1.2_Forc.txt

# If the required functions have been input and the EBM simulations run, skip to the section:

#"Start here when EBM simulations have been run and functions input. Otherwise, omit this section"

# Otherwise, carry on and omit that section when it is reached
# 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


# 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 necessary 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, boxlty=1, 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) {
# 1Sep14: added boxlty argument
# 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=boxlty, 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=boxlty[j+cases], 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)

#Save main functions

save(ebm, file=paste(codePath, 'ebm.Rd', sep=''))
save(jaco, file=paste(codePath, 'jaco.Rd', sep=''))

save(plotBoxCIs3, file=paste(codePath, 'plotBoxCIs3.Rd', sep=''))

# Prepare forcing data

######################
# load the AR5 Table AII.1.2 forcings # runs from 1750 to 2011. Cols 1-3 are yr, CO2, GHG Other

AR5_ERF= read.table( paste(origDataPath, 'TblAII.1.2_Forc.txt', sep="")) # dim (262,12) 
# extract total WMGHG forcing 1850-2011

forcing= rowSums(AR5_ERF[which(AR5_ERF[,1]>=1850),2:3])
####################################################################################

# run EBM simulations: same EBM as Andrews & Allen (2008), with 4% O3 forcing uplift
####################################################################################

# Run version with 100 m MLD, for testing sensitivity to MLD

############################################################
# all of the D&A G13 and J13 models except HadGEM2-ES start their historical GHG runs in 1850
# commence simulations in 1850 and set F0=0 as Historical GHG runs spawn from PI control runs then
# set up model parameter values to use and ocean characteristics; use 100 m mixed layer depth
F_2x= 3.71

S_div= 0.05

Kv_div= 0.05

S.vals= (1:400) * S_div

Kv.vals= (0:59 * Kv_div)^2 * 1e-4
# 0-8.7 cm^2/s

oceanFrac=0.71

mld= 100 

# scale up forcing by 4% to allow for inclusion of O3 in GHG for 2 models

forcing= forcing * 1.04
# specify simulation period relative to one year (as 0.1 year) and interpolate to it
dt=0.1

forcingx10= approx(0:161,forcing,(0:1610)*dt)$y

# set up storage for simulation results

n.S= length(S.vals)

n.Kv= length(Kv.vals)

n.yrs= length(forcing)

Lew14.em5= array(dim=c(n.yrs,n.S,n.Kv,2))



dimnames(Lew14.em5)[[1]]= as.character(1:n.yrs)

dimnames(Lew14.em5)[[2]]= as.character(S.vals)

dimnames(Lew14.em5)[[3]]= as.character(round(Kv.vals*1e4,2))

dimnames(Lew14.em5)[[4]]= c('Tsfc','OHC')

for(i in 1:n.S) {


for(j in 1:n.Kv) {



e= ebm(forcingx10, dt=dt, lambda=F_2x/S.vals[i], mld=mld, oceanFrac=oceanFrac, Kv=Kv.vals[j], interp= c(1,1), avForc=0,  F0=0)


Lew14.em5[,i,j,1]= e$T[1+round((0:161)/dt)] 



Lew14.em5[,i,j,2]= e$OHC[1+round((0:161)/dt)]


}

}

attr(Lew14.em5, 'maxforc')= max(forcing)
attr(Lew14.em5, 'mld')= mld

attr(Lew14.em5, 'maxS')= max(S.vals)
attr(Lew14.em5, 'maxKv')= max( sqrt(Kv.vals*1e4) )

attr(Lew14.em5, 'F_2x')= F_2x

attr(Lew14.em5, 'oceanFrac')= oceanFrac

ssq(Lew14.em5)

#[1] 8215529041
if(saveData) { save( Lew14.em5, file=paste(dataPath, 'Lew14.em5.1.04forc.Rd', sep="") ) }
# now carry out EBM simulations using a linear forcing ramp and compute TCR values
# set up linear forcing ramp, reaching F_2x after 70 years, continuing to year 80

forcingx10= 1:(80/dt)/70 * dt * F_2x
Lew14.em5.TCR= array(dim=c(n.S,n.Kv))



for(i in 1:n.S) {


for(j in 1:n.Kv) {



e= ebm(forcingx10, dt=dt, lambda=F_2x/S.vals[i], mld=mld, oceanFrac=oceanFrac, Kv=Kv.vals[j], interp= c(1,1), avForc=0,  F0=0)


Lew14.em5.TCR[i,j]= mean(e$T[round((60/dt):(80/dt))]) 


}

}

ssq(Lew14.em5.TCR)

#[1] 191333.9
if(saveData) { save( Lew14.em5.TCR, file=paste(dataPath, 'Lew14.em5.TCR.Rd', sep="") ) }
# Run main results 75 m MLD simulations using forcing with 4% uplift for ozone in 2 models:

########################################################################################### 

# set up model parameter values to use and ocean characteristics; use 75 m mixed layer

F_2x= 3.71

S_div= 0.05

Kv_div= 0.05

S.vals= (1:400) * S_div

Kv.vals= (0:59 * Kv_div)^2 * 1e-4
# 0-8.7 cm^2/s

oceanFrac=0.71

mld= 75 

forcing= rowSums(AR5_ERF[which(AR5_ERF[,1]>=1850),2:3])
# scale up forcing by 4% to allow for inclusion of O3 in GHG for 2 models
forcing= forcing * 1.04

# max forcingx10 is then 2.94424
# specify simulation period relative to one year (as 0.1 year) and interpolate to it
dt=0.1

forcingx10= approx(0:161,forcing,(0:1610)*dt)$y

# set up storage for simulation results

n.S= length(S.vals)

n.Kv= length(Kv.vals)

n.yrs= length(forcing)

Lew14.em7= array(dim=c(n.yrs,n.S,n.Kv,2))



dimnames(Lew14.em7)[[1]]= as.character(1:n.yrs)

dimnames(Lew14.em7)[[2]]= as.character(S.vals)

dimnames(Lew14.em7)[[3]]= as.character(round(Kv.vals*1e4,2))

dimnames(Lew14.em7)[[4]]= c('Tsfc','OHC')

for(i in 1:n.S) {


for(j in 1:n.Kv) {



e= ebm(forcingx10, dt=dt, lambda=F_2x/S.vals[i], mld=mld, oceanFrac=oceanFrac, Kv=Kv.vals[j], interp= c(1,1), avForc=0,  F0=0)


Lew14.em7[,i,j,1]= e$T[1+round((0:161)/dt)] 



Lew14.em7[,i,j,2]= e$OHC[1+round((0:161)/dt)]


}

}

attr(Lew14.em7, 'maxforc10')= max(forcingx10)
attr(Lew14.em7, 'mld')= mld

attr(Lew14.em7, 'oceanFrac')= oceanFrac

attr(Lew14.em7, 'maxS')= max(S.vals)
attr(Lew14.em7, 'maxKv')= max( sqrt(Kv.vals*1e4) )

attr(Lew14.em7, 'F_2x')= F_2x

ssq(Lew14.em7)

# 8007026285 - using forcingx10= forcingx10 * 1.04
if(saveData) { save( Lew14.em7, file=paste(dataPath, 'Lew14.em7f1.04.Rd', sep="") ) }
# now run 75 m MLD simulations using a linear forcing ramp and compute TCR values

# set up linear forcing ramp, reaching F_2x after 70 years, continuing to year 80

forcingx10= 1:(80/dt)/70 * dt * F_2x

Lew14.em7.TCR= array(dim=c(n.S,n.Kv))



for(i in 1:n.S) {


for(j in 1:n.Kv) {



e= ebm(forcingx10, dt=dt, lambda=F_2x/S.vals[i], mld=mld, oceanFrac=oceanFrac, Kv=Kv.vals[j], interp= c(1,1), avForc=0,  F0=0)


Lew14.em7.TCR[i,j]= mean(e$T[round((60/dt):(80/dt))]) 


}

}

attr(Lew14.em7.TCR, 'n.yrs')= length(forcingx10)*dt

attr(Lew14.em7.TCR, 'maxforc')= max(forcingx10)
attr(Lew14.em7.TCR, 'mld')= mld

attr(Lew14.em7.TCR, 'maxS')= max(S.vals)
attr(Lew14.em7.TCR, 'maxKv')= max( sqrt(Kv.vals*1e4) )

attr(Lew14.em7.TCR, 'F_2x')= F_2x

attr(Lew14.em7.TCR, 'oceanFrac')= oceanFrac

ssq(Lew14.em7.TCR)
#
[1] 221187.7
if(saveData) { save( Lew14.em7.TCR, file=paste(dataPath, 'Lew14.em7.TCR.Rd', sep="") ) }
#################################################################################################
# Start here when EBM simulations have been run and functions input. Otherwise, omit this section
#################################################################################################
# load required functions

load(paste(codePath, 'plotBoxCIs3.Rd', sep=''))

load(paste(codePath, 'jaco.Rd', sep=''))

# utility functions

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

# load EBM simulations using 75 m mld 
load( paste(dataPath, 'Lew14.em7f1.04.Rd', sep="") )

ssq(Lew14.em7)








#[1] 8007026285

# load TCR values from 75 m MLD simulations run using a linear forcing ramp

load( paste(dataPath, 'Lew14.em7.TCR.Rd', sep="") )

# load EBM simulations using 100 m mld 

load( paste(dataPath, 'Lew14.em5.1.04forc.Rd', sep="") )

ssq(Lew14.em5)








#[1] 8215529041
# load TCR values from 100 m MLD simulations run using a linear forcing ramp

load( paste(dataPath, 'Lew14.em5.TCR.Rd', sep="") )

# input model parameter values to use and ocean characteristics

F_2x= 3.71

S_div= 0.05

Kv_div= 0.05

S.vals= (1:400) * S_div

Kv.vals= (0:59 * Kv_div)^2 * 1e-4
# 0-8.7 cm^2/s

n.S= length(S.vals)

n.Kv= length(Kv.vals)

n.yrs= dim(Lew14.em7)[1]

################

# END OF SECTION
################
# ECS estimation

################
# compute modelled AW (1861/1901-2010 linear trend) & EHC (1958-68 to 2001-11 11 yr mean) values

################################################################################################

# AW

####

# set up projection operator for OLS regression over 150 years & use to compute AW linear trend

# using annual rather than (as in G13 and J13) decadal regression affects AW estimate by <0.1% max

prjtrn= (0:149 /150 - 74.5/150)

prjtrn= prjtrn / ssq(prjtrn)

# compute AW for 75 m and 100 m MLD variants

Lew14.em7.dT.61_10= apply(Lew14.em7[12:161,,,1] * prjtrn, c(2,3), sum)
Lew14.em5.dT.61_10= apply(Lew14.em5[12:161,,,1] * prjtrn, c(2,3), sum)
# repeat for 110 year trend calculation over 1901-2010

prjtrn= (0:109 /110 - 54.5/110)

prjtrn= prjtrn / ssq(prjtrn)

Lew14.em7.dT.01_10= apply(Lew14.em7[52:161,,,1] * prjtrn, c(2,3), sum)
Lew14.em5.dT.01_10= apply(Lew14.em5[52:161,,,1] * prjtrn, c(2,3), sum)
# EHC

#####

# conversion factor from W-yr m-2 K-1 to GJ m^-2 K-1 (over Earth's surface)
Wyr_to_GJ= 3600 * 24 * 365.25 / 1e9 

#  0.0315576 
# compute EHC for 75 m and 100 m MLD variants

Lew14.em7.EHC.63_06= ( apply(Lew14.em7[152:162,,,2], c(2,3), mean) - apply(Lew14.em7[109:119,,,2], c(2,3), mean) ) / ( apply(Lew14.em7[152:162,,,1], c(2,3), mean) - apply(Lew14.em7[109:119,,,1], c(2,3), mean) )
Lew14.em7.EHC.63_06= Lew14.em7.EHC.63_06 * Wyr_to_GJ
Lew14.em5.EHC.63_06= ( apply(Lew14.em5[152:162,,,2], c(2,3), mean) - apply(Lew14.em5[109:119,,,2], c(2,3), mean) ) / ( apply(Lew14.em5[152:162,,,1], c(2,3), mean) - apply(Lew14.em5[109:119,,,1], c(2,3), mean) )
Lew14.em5.EHC.63_06= Lew14.em5.EHC.63_06 * Wyr_to_GJ
# Jacobians

###########

#compute Jacobian determinant for both G13 150 year 1861-2010 and J13 110 uear 1901-2010 analyses, using 2 col matrix from vectorised values of AW and EHC over model parameter grid

# 75 m MLD versions

grid.em7= 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) )

AW.EHC.Lew14.em7.150.43= array( cbind( as.vector(Lew14.em7.dT.61_10), as.vector(Lew14.em7.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em7.150.43= jaco( AW.EHC.Lew14.em7.150.43, grid.em7 )

AW.EHC.Lew14.em7.110.43= array( cbind( as.vector(Lew14.em7.dT.01_10), as.vector(Lew14.em7.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em7.110.43= jaco( AW.EHC.Lew14.em7.110.43, grid.em7 )

# 100 m MLD versions

grid.em5= 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) )

AW.EHC.Lew14.em5.150.43= array( cbind( as.vector(Lew14.em5.dT.61_10), as.vector(Lew14.em5.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em5.150.43= jaco( AW.EHC.Lew14.em5.150.43, grid.em5 )

AW.EHC.Lew14.em5.110.43= array( cbind( as.vector(Lew14.em5.dT.01_10), as.vector(Lew14.em5.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em5.110.43= jaco( AW.EHC.Lew14.em5.110.43, grid.em5 )

# Compute objective posterior PDFs and (profile) likelihoods for the observables

################################################################################

# derive observationally-based estimate of EHC based on changes from 1963 to 2006 

# use 11 year centred means over 1958-68 and 2001-11 (to reduce noise)

# derive the change in GMST and uncertainty thereof

# load the HadCRUT4v2 annual GMST data downloaded 19July2014. Covers 1850 to 2014 (part)
HadCRUT4.yr= read.table(paste(origDataPath, 'HadCRUT.4.2.0.0.annual_ns_avg_19Jul14.txt', sep="") ) # dim (165, 12)

# calculate the change in observed GMST from 1958-68 to 2001-11

temdif_63_06= mean(HadCRUT4.yr[152:162,2]) - mean(HadCRUT4.yr[109:119,2]) 
# HadCRUT4 11 yr mean error standard deviation taken as per decadally smoothed 1963 & 2006 total uncertainty 2.5-97.5% ranges (0.086 K and 0.113 K)  divided by 1.96*2: 
HadCRUT4.dec= read.table(paste(origDataPath, 'HadCRUT.4.2.0.0.annual_ns_avg_smooth.txt', sep="") )
rownames(HadCRUT4.dec)= as.character(HadCRUT4.dec[,1])
# add in quadrature with internal variability of change in 11 yr mean GMST, taken as 0.08 K stddev

# per Level means!AA5 of HadCM3_COntrol_OceanTsd2.xlsx the yr 2101-6100 standard deviation of 11 yr mean 0-10 m ocean temperature with land (30%) sd doubled is 0.0588 K; per cell AD5 the sd of means of 11 yr periods separated by 4 periods (44 years) is 0.0703 K. 0.0588 x 1.41= 0.083 K

sdobs_63_06= sqrt(0.08^2 + (HadCRUT4.dec['1963',11]-HadCRUT4.dec['1963',12])^2/3.92^2 + (HadCRUT4.dec['2006',11]-HadCRUT4.dec['2006',12])^2/3.92^2)


# derive the change in total heat content uncertainty thereof

# load the AR5 Box 3.1 Fig.1 data. Years in col 1 end in 0.5 to indicate mean for the year

AR5_HC= read.table(paste(origDataPath, 'heat_ascii_v6.txt', sep=""), header=TRUE )

rownames(AR5_HC)= as.character(AR5_HC[,1] - 0.5)

# conversion factor from ZJ to GJ m-2 based on area of Earth

ZJ_to_GJm2= 1e12/510e12

# calculate the change in total HC and convert from ZJ to GJ/m2

hc_cen_63_06= mean(AR5_HC[which(rownames(AR5_HC)=='2001'): which(rownames(AR5_HC)=='2011'),'total_h']) - mean(AR5_HC[which(rownames(AR5_HC)=='1958'): which(rownames(AR5_HC)=='1968'),'total_h'])

hc_cen_63_06= hc_cen_63_06 * ZJ_to_GJm2

# calculate standard deviation of uncertainty in the change in total HC; convert from ZJ to GJ/m2
hc_std_63_06= sqrt( mean(AR5_HC[which(rownames(AR5_HC)=='2001'): which(rownames(AR5_HC)=='2011'),'total_u'])^2 + mean(AR5_HC[which(rownames(AR5_HC)=='1958'): which(rownames(AR5_HC)=='1968'),'total_u'])^2 )

hc_std_63_06= hc_std_63_06 * ZJ_to_GJm2

print( round(c(hc_cen_63_06, hc_std_63_06, temdif_63_06, sdobs_63_06, hc_cen_63_06/temdif_63_06),5) ) # [1] 0.39940 0.12865 0.52118 0.08782 0.76633
# combine HC and observed warming distributions as follows, setting a safe maximum value for EHC
ehc_max= 3

zz= rnorm(40000000)*hc_std_63_06 + hc_cen_63_06
yy= rnorm(40000000)*(sdobs_63_06) + temdif_63_06
hc_obs63_06=zz/yy
hc_obs63_06= hc_obs63_06[-which(hc_obs63_06<0)]

hc_obs63_06= hc_obs63_06[-which(hc_obs63_06>3)]

length(hc_obs63_06)

# 39959994 (will vary slightly from run to run)

n.ehcval=600
ehc_div= ehc_max/n.ehcval
hc_val= 0:n.ehcval * ehc_div

rm(yy,zz)
# Compute sample histogram for EHC distribution, smooth and normalise to give posterior PDF values at 0.005 intervals from 0.0025 to 2.9975
temp= hist( hc_obs63_06, breaks=hc_val ) 

ehc_pdf_63_06=lowess(temp$density, f=0.005)$y
# 0.005 gives a good smooth with 40e6 points
ehc_pdf_63_06= 200 * ehc_pdf_63_06 / (sum(ehc_pdf_63_06))
matplot(cbind(200*temp$density/sum(temp$density),ehc_pdf_63_06), col=c(4,2), type='l', lty=1, xaxs='i', yaxs='i')
# virtually perfect match

rm(temp)

if(saveData) { save(ehc_pdf_63_06, file=paste(dataPath, 'ehc_pdf_63_06.Rd', sep="") ) }
rm(hc_obs63_06)
# compute profile likelihood for EHC by sampling hc and dT values randomly, calculating their joint likelihoods and allocating them to bin number round(100 * hc/dT)+1, then finding maximum likelihood value in each bin, which represents the EHC profile likelihood for that (bin no-1)/100.

# ehc.proflike_63_06[1] covers ehc values from 0 to ehc.div
ehc.proflike_63_06= vector()

for( hc in runif(1000, 0, 2 * hc_cen_63_06) ) {


for( dT in runif(1000, 0, temdif_63_06 * 2) ) {



if(hc < ehc_max * dT) {




ehc.bin= round((hc/dT) /ehc_div + 0.5, 0) 




ehc.den= dnorm(temdif_63_06, dT, sdobs_63_06) * dnorm(hc_cen_63_06, hc, hc_std_63_06)



ehc.proflike_63_06[ehc.bin]= max(c(ehc.proflike_63_06[ehc.bin], ehc.den), na.rm=TRUE)



}


}

}

which.max(ehc.proflike_63_06) # [1] 154 : best est is 153/200 +0.0025 = 0.7675 OK

if(saveData) { save(ehc.proflike_63_06, file=paste(dataPath, 'ehc.proflike_63_06.Rd', sep="") ) }
# Create the G13 1861-2010 attributable warming data, prepare it and add forcing uncertainty

####################################################
# Gillett et al 2013 [G13] 1861-2010 analysis multimodel estimates from digistising G13 Fig. 4(b) 

# AW: use EIV estimate for 1861-2010 attributable trend best estimates & 5-95% CI ranges

# EIV best AW est measures as 0.847 but 5-95% CI mid = (0.5675+1.1355)/2= 0.8515; use 0.85 (0.565,1.135) => standard deviation = (1.135-0.565)/3.29 = 0.173
EIV_G13= c(0.85, 1.135-0.565) 
# mid 0.85 K - used for scaling J13 uncertainty range

# Use G13 Fig 7b % uncertainty ratio to derive obs TCR to EIV regression coef uncertainty  

EIV_to_TCR_G13= sqrt(1 / 0.563)
# 1.333
# Apply scaling factor to the G13 attributable warming trends to adjust for the actual global observed trend exceeding that reconstructed, due to treatment of missing data (and use of truncated T4 spherical harmonic + EOF bases). Scale up all CDF points

awScale_G13= 1.1

EIV_G13= EIV_G13 * awScale_G13

# scale the EIV uncertainty range by the EIV_to_TCR factor

AllUncAW_G13= c(EIV_G13[1], EIV_G13[2]*EIV_to_TCR_G13)

# specify AW PDF at 1000 values ranging up to 2.5 K

n.awval=1000

aw_max=2.5

aw_div= aw_max / n.awval

# compute AW values at fine interval CDF points and hence at random CDF points: assume normal dist
aw_qf_61_10_G13= qnorm(1:9999/10000, AllUncAW_G13[1], AllUncAW_G13[2]/3.29)


pr_cdf= 1:9999 /10000






# CDF points, from 0.001 to 0.999

pr_ran= max(pr_cdf)-min(pr_cdf)




#pr_ran=0.9998- treat as 1

pr_min= min(pr_cdf)






#pr_min=0.0001

p1=runif(50000000)*pr_ran + pr_min

tg_dis= approx(pr_cdf, aw_qf_61_10_G13, p1)$y


# AW at 5e6 random CDF points

# add forcing uncertainty, then truncating tg_dis at aw_max (discarding also -ve values)

# 10% 50-95% range (1/2 AR5's) is adequate for GHG forcing uncertainty, but add 2x that for model

fc_ran= sqrt((0.1/1.645)^2 + (0.2/1.645)^2) 

round(fc_ran,3)






#0.136

p2= rnorm(50000000, 1, fc_ran)




# Gaussian forcing uncertainty

tg_dis= tg_dis / p2






#randomly shift each GHG warming

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

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

aw_pdf_61_10_G13= temp= hist( tg_dis, breaks=0:n.awval * aw_div)$density

# smooth the histogram slightly to give a good PDF, for AW values 0.00125 to 2.49875

aw_pdf_61_10_G13= lowess(aw_pdf_61_10_G13, f=0.0045)$y

# gives smooth, accurate match

matplot(cbind(temp/sum(temp)/aw_div, aw_pdf_61_10_G13), col=c(3,2), type='l', lty=1, xaxs='i', yaxs='i')

aw_pdf_61_10_G13= ( aw_pdf_61_10_G13 / sum(aw_pdf_61_10_G13) ) / aw_div

which(cumsum(aw_pdf_61_10_G13)> 0.5/aw_div)[1] * aw_div


# 0.9375 

if(saveData) { save(aw_pdf_61_10_G13, file=paste(dataPath, 'aw_pdf_61_10_G13_', as.character(round(awScale_G13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
# compute profile likelihood for AW by sampling from AW values without added forcing uncertainty  and forcing uncertainty ratio (fur) values randomly, calculating their joint likelihoods and allocating them to bins numbered round(100 * aw/fur)+1, then finding maximum likelihood value in each bin, which represents the AW profile likelihood for that (bin no-1)/100.

# limit search to aw values in 0 to 2* observed value and to forcing uncertainty of +/- 3 standard deviations 

aw.proflike_61_10_G13= rep(0, n.awval)
for( aw in runif(1000, 0, 2 * AllUncAW_G13[1]) ) {


for( fur in runif(1000, 1-3*fc_ran, 1+3*fc_ran) ) {



if(aw < 2.50 * fur) {




aw.bin= round(aw / (fur * aw_div) + 0.5, 0) 




aw.den= dnorm(AllUncAW_G13[1], aw, AllUncAW_G13[2]/3.29 ) * dnorm(1, fur, fc_ran)




aw.proflike_61_10_G13[aw.bin]= max(c(aw.proflike_61_10_G13[aw.bin], aw.den), na.rm=TRUE)



}


}

}

if(saveData) { save(aw.proflike_61_10_G13, file=paste(dataPath, 'aw.proflike_61_10_G13_', as.character(round(awScale_G13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
# Create the J13 1901-2010 attributable warming data, prepare it and add forcing uncertainty

####################################################

# 5-95% range 0.50-1.14 K per text, width 0.64 K, mid = 0.82 K; 50% point from graph is ~0.84. Per G Jones 28Jul14, 50% point is  0.833574, 5-95% is 0.50332-1.14253 K, width 0.64 K, mid= 0.823. Treat as Gaussian with mid 0.83, sd= (1.143-0.503)/3.29 = 0.1945
WtdAv_J13= c(0.83, (1.143-0.503)) 
# Apply scaling factor to the J13 attributable warming trends to adjust for the actual global observed trend exceeding that reconstructed, due to treatment of missing data (and use of truncated T4 spherical harmonic + EOF bases). Scale up all CDF points

awScale_J13= 1.06

WtdAv_J13= WtdAv_J13 * awScale_J13

# Use the ratio of the G13 TCR uncertainty and EIV ranges to scale up J13 Weighted avg  uncertainty range (although not EIV based, J13 range accounts for model noise by using individual simulation runs)

AllUncAW_J13= c(WtdAv_J13[1], WtdAv_J13[2]*EIV_to_TCR_G13)

# compute AW values at fine interval CDF points and hence at random CDF points: assume normal dist
aw_qf_01_10_J13= qnorm(1:9999/10000, AllUncAW_J13[1], AllUncAW_J13/3.29)


tg_dis= approx(pr_cdf, aw_qf_01_10_J13, p1)$y


# AW at 5e6 random CDF points

# add forcing uncertainty, then truncating tg_dis at aw_max (discarding also -ve values) 

tg_dis= tg_dis / p2






#randomly shift each GHG warming

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

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

aw_pdf_01_10_J13= temp= hist( tg_dis, breaks=0:n.awval * aw_div)$density

# smooth the histogram slightly to give a good PDF, for AW values 0.00125 to 2.49875

aw_pdf_01_10_J13= lowess(aw_pdf_01_10_J13, f=0.0045)$y

# gives smooth, accurate match

matplot(cbind(temp/sum(temp)/aw_div, aw_pdf_01_10_J13), col=c(3,2), type='l', lty=1, xaxs='i', yaxs='i')

aw_pdf_01_10_J13= ( aw_pdf_01_10_J13 / sum(aw_pdf_01_10_J13) ) / aw_div
which(cumsum(aw_pdf_01_10_J13)> 0.5/aw_div)[1] * aw_div


# 0.88 

if(saveData) { save(aw_pdf_01_10_J13, file=paste(dataPath, 'aw_pdf_01_10_J13_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
rm(  p2, p1, tg_dis )
# compute profile likelihood for AW by sampling from AW values without added forcing uncertainty  and forcing uncertainty ratio (fur) values randomly, calculating their joint likelihoods and allocating them to bins numbered round(100 * aw/fur)+1, then finding maximum likelihood value in each bin, which represents the AW profile likelihood for that (bin no-1)/100.

aw.proflike_01_10_J13= rep(0, n.awval)

for( aw in runif(1000, 0, 2 * AllUncAW_J13[1]) ) {


for( fur in runif(1000, 1-3*fc_ran, 1+3*fc_ran) ) {



if(aw < 2.50 * fur) {




aw.bin= round(aw / (fur * aw_div) + 0.5, 0) 




aw.den= dnorm(AllUncAW_J13[1], aw, AllUncAW_J13[2]/3.29 ) * dnorm(1, fur, fc_ran)




aw.proflike_01_10_J13[aw.bin]= max(c(aw.proflike_01_10_J13[aw.bin], aw.den), na.rm=TRUE)



}


}

}

if(saveData) { save(aw.proflike_01_10_J13, file=paste(dataPath, 'aw.proflike_01_10_J13_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
# estimate ECS by first restating the AW and EHC PDFs in (S,Kv) coordinates
###########################################################################

aw_pdf_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw_pdf_01_10_J13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2  )$y

ehc_pdf_63_06_SK = approx(x= (1:n.ehcval*ehc_div - 0.5*ehc_div), y= ehc_pdf_63_06, xout= pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2  )$y

ssq(aw_pdf_61_10_G13_SK)



# [1] 9706.728 : may vary
ssq(aw_pdf_01_10_J13_SK)



# [1] 9891.096 : may vary
ssq(ehc_pdf_63_06_SK)




# [1] 6965.469 : may vary
which.max(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK)  # [1] 3632
which.max(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK)
# [1] 3631
# compute posterior PDF for S: convert the AW-EHC posterior using the Jacobian & integrate out Kv

pdf.Lew14.S5G_61_10= rowSums(array(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.150.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5G_61_10= pdf.Lew14.S5G_61_10 / sum(pdf.Lew14.S5G_61_10) / S_div

pdf.Lew14.S5J_01_10= rowSums(array(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.110.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5J_01_10= pdf.Lew14.S5J_01_10 / sum(pdf.Lew14.S5J_01_10) / S_div

# restate the AW and EHC profile likelihoods in (S,Kv) coordinates by finding interpolated values in that space

aw.proflike_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw.proflike_01_10_J13_SK= approx(x=1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2 )$y

ehc.proflike_63_06_SK= approx(x= 1:n.ehcval*ehc_div - 0.5*ehc_div, y= ehc.proflike_63_06, xout=pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2 )$y

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

proflike.aw_61_10_G13.ehc_63_06_SK= array(aw.proflike_61_10_G13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_61_10_G13.ehc_63_06_SK= apply(proflike.aw_61_10_G13.ehc_63_06_SK, 1, max) 
proflike.aw_01_10_J13.ehc_63_06_SK= array(aw.proflike_01_10_J13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_01_10_J13.ehc_63_06_SK= apply(proflike.aw_01_10_J13.ehc_63_06_SK, 1, max)
# plot the ECS PDFs

###################

S_maxPlot= 5

pdfsToPlot= cbind(pdf.Lew14.S5G_61_10, pdf.Lew14.S5J_01_10)[1:(S_maxPlot/S_div),]

profLikes=cbind(proflike.aw_61_10_G13.ehc_63_06_SK, proflike.aw_01_10_J13.ehc_63_06_SK)

lty= c(1,1)

lwd= c(3.5,3.5)

col= c(4,6)

par(mar=c(7,4,4,2)+0.2)

matplot(0:(S_maxPlot/S_div)*S_div, rbind(0,pdfsToPlot), type='l', xaxs='i', yaxs='i', lty=lty, lwd=lwd, xlab=' Climate Sensitivity ECS (K)', ylab='Probability density (K⁻¹)', cex.lab=1.3, cex.axis=1.3, xlim=c(0, S_maxPlot), ylim=c(-0.24, 0.8), col=col, xaxp=c(0,S_maxPlot, S_maxPlot), yaxp=c(0,0.75,3))

lines(c(0, S_maxPlot), c(0,0), col=1, lwd=1)

legend('topright', c('Gillett et al (2013)', 'Jones et al (2013)'), title='GHG attributable warming from:', bty='n', lwd=lwd, col=col, lty=lty, cex=1.3)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

######################

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=profLikes[,2:1], divs=S_div, lower=S_div, upper=S_div*n.S, boxsize=0.04, col=rep(rev(col),2), yOffset=-3.4, profLikes.yOffset=-0.19, spacing=1.1, lwd=rep(lwd,2), boxlty=c(1,1,2,2), whisklty=c(1,1,2,2), points=c(0.05,0.17,0.5,0.83,0.95), plot=TRUE), 2)

( filename= paste('Lew14.em7.', as.character(round(attr(Lew14.em7,'maxforc10'),3)), '_', as.character(round(awScale_G13,3)), '_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)), '.ECSb.png', sep="") ) 

#[1] "Lew14.em7.2.944_1.1_1.06_0.136.ECSb.png"

if(saveData) { savePlot(file=paste(plotsPath, filename, sep=""), type='png') } # with round(fc_ran,3)= 0.136

# save the full 0-20 K ECS data for the plot. Data runs from 0.05 to 5 by 0.05

pdfsToPlot= cbind(pdf.Lew14.S5G_61_10, pdf.Lew14.S5J_01_10)

if(saveData) { write(t(cbind(1:400/20,pdfsToPlot)), file='C:/R/AR5D&A/plots/Lew14.em7.2.944_1.1_1.06_0.136.ECSb.txt', ncol=3) }
###############################################

# Investigate ECS sensitivity to 10% higher EHC
###############################################
ehc_pdf_63_06_SK = approx(x= (1:n.ehcval*ehc_div - 0.5*ehc_div) * 1.10, y= ehc_pdf_63_06, xout= pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2  )$y

# compute posterior PDF for S: convert the AW-EHC posterior using the Jacobian & integrate out Kv

pdf.Lew14.S5G_61_10= rowSums(array(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.150.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5G_61_10= pdf.Lew14.S5G_61_10 / sum(pdf.Lew14.S5G_61_10) / S_div

pdf.Lew14.S5J_01_10= rowSums(array(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.110.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5J_01_10= pdf.Lew14.S5J_01_10 / sum(pdf.Lew14.S5J_01_10) / S_div

# plot the ECS PDFs

S_maxPlot= 5

pdfsToPlot= cbind(pdf.Lew14.S5G_61_10, pdf.Lew14.S5J_01_10)[1:(S_maxPlot/S_div),]

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=NA, divs=S_div, lower=S_div, upper=S_div*n.S, boxsize=0.04, col=rep(rev(col),2), yOffset=-3.4, profLikes.yOffset=-0.19, spacing=1.1, lwd=rep(lwd,2), boxlty=c(1,1,2,2), whisklty=c(1,1,2,2), points=c(0.05,0.17,0.5,0.83,0.95), plot=FALSE), 2)

# TCR estimation
################
# Estimate TCR at each (S,Kv) combination and hence the coordinate transformation and Jacobian for converting from (AW,EHC) to (TCR,Kv) space, for TCR up to 5 K

TCR_div= 0.025

TCR_max= 5

TCR.vals= (1:(TCR_max/TCR_div)) * TCR_div

n.TCR= length(TCR.vals)

# change the coordinates of the dT and EHC values from S-Kv to TCR-Kv space

Lew14.em7.dT.61_10T= Lew14.em7.dT.01_10T= Lew14.em7.EHC.63_06T= array(dim=c(n.TCR,n.Kv))


for(j in 1:n.Kv) {


Lew14.em7.dT.61_10T[,j]= approx(x=Lew14.em7.TCR[,j], Lew14.em7.dT.61_10[,j], xout=TCR.vals, rule=2:1)$y


Lew14.em7.dT.01_10T[,j]= approx(x=Lew14.em7.TCR[,j], Lew14.em7.dT.01_10[,j], xout=TCR.vals, rule=2:1)$y


Lew14.em7.EHC.63_06T[,j]= approx(x=Lew14.em7.TCR[,j], Lew14.em7.EHC.63_06[,j], xout=TCR.vals, rule=2:1)$y

}

#Extrapolate appropriately (keeping to high (TCR, Kv) combinations (unphysical region, where S>20, probably infinite, but where a small part of the error distribution extends to so setting zero or NA values would slightly bias down TCR estimation). The Jacobian is gently rising but is extrapolated flat as cannot calculate it there.
gridT.Lew14.em7= array( c( rep(TCR.vals,n.Kv), as.vector(matrix(sqrt(Kv.vals), nrow=n.TCR, ncol=n.Kv, byrow=TRUE)) ), dim=c(n.TCR,n.Kv,2) )

AW150.EHC44.T.Lew14.em7= array( cbind( as.vector(Lew14.em7.dT.61_10T), as.vector(Lew14.em7.EHC.63_06T) ), dim=c(n.TCR,n.Kv,2) )

jaco150.44T.Lew14.em7= jaco( AW150.EHC44.T.Lew14.em7, gridT.Lew14.em7 )

AW110.EHC44.T.Lew14.em7= array( cbind( as.vector(Lew14.em7.dT.01_10T), as.vector(Lew14.em7.EHC.63_06T) ), dim=c(n.TCR,n.Kv,2) )

jaco110.44T.Lew14.em7= jaco( AW110.EHC44.T.Lew14.em7, gridT.Lew14.em7 )

# for dT, at each TCR infill with the value at highest non-NA Kv 

for(j in 1:n.TCR) {


bad= which( is.na(Lew14.em7.dT.61_10T[j,]) )


if(!is.na(bad[1])) { Lew14.em7.dT.61_10T[j,bad]= Lew14.em7.dT.61_10T[j,bad[1]-1] }


bad= which( is.na(Lew14.em7.dT.01_10T[j,]) )


if(!is.na(bad[1])) { Lew14.em7.dT.01_10T[j,bad]= Lew14.em7.dT.01_10T[j,bad[1]-1] }

}

# for EHC/Jaco, at each Kv infill with the value at highest non-NA TCR 

for(j in 1:n.Kv) {


bad= which( is.na(Lew14.em7.EHC.63_06T[,j]) )


Lew14.em7.EHC.63_06T[bad,j]= Lew14.em7.EHC.63_06T[bad[1]-1,j]


bad= which( is.na(jaco150.44T.Lew14.em7$detJ[,j]) ) 


if(!is.na(bad[1])) { jaco150.44T.Lew14.em7$detJ[bad,j]= jaco150.44T.Lew14.em7$detJ[bad[1]-1,j] }


bad= which( is.na(jaco110.44T.Lew14.em7$detJ[,j]) )


if(!is.na(bad[1])) {jaco110.44T.Lew14.em7$detJ[bad,j]= jaco110.44T.Lew14.em7$detJ[bad[1]-1,j] }

}

# change the coordinates of the AW and EHC PDFs in (TCR,Kv) coordinates

aw_pdf_61_10_G13_TK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y=aw_pdf_61_10_G13, xout=pmin(Lew14.em7.dT.61_10T, aw_max), rule=2 )$y

aw_pdf_01_10_J13_TK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y=aw_pdf_01_10_J13, xout=pmin(Lew14.em7.dT.01_10T, aw_max), rule=2  )$y

ehc_pdf_63_06_TK = approx(x= 1:n.ehcval*ehc_div - 0.5*ehc_div, y=ehc_pdf_63_06, xout= pmin(Lew14.em7.EHC.63_06T, ehc_max), rule=2  )$y

# compute the joint PDF in TRC-Kv space and integrate out Kv

pdf.Lew14.TCR5G_61_10= rowSums(aw_pdf_61_10_G13_TK * ehc_pdf_63_06_TK * jaco150.44T.Lew14.em7$detJ ) 

pdf.Lew14.TCR5G_61_10= pdf.Lew14.TCR5G_61_10 / sum(pdf.Lew14.TCR5G_61_10) /TCR_div

pdf.Lew14.TCR5J_01_10= rowSums(aw_pdf_01_10_J13_TK * ehc_pdf_63_06_TK * jaco110.44T.Lew14.em7$detJ ) 

pdf.Lew14.TCR5J_01_10= pdf.Lew14.TCR5J_01_10 / sum(pdf.Lew14.TCR5J_01_10) /TCR_div

# plot the TCR PDFs

###################

pdfsToPlot= cbind(pdf.Lew14.TCR5G_61_10, pdf.Lew14.TCR5J_01_10)

lty= c(1,1)

lwd= c(3.5,3.5)

col= c(4,6)

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

matplot(1:n.TCR*TCR_div, pdfsToPlot, type='l', xaxs='i', yaxs='i', lty=lty, lwd=lwd, xlab=' Transient Climate Response TCR (K)', ylab='Probability density (K⁻¹)', cex.lab=1.3, cex.axis=1.3, xlim=c(0, TCR_max), ylim=c(-0.2, 1.1), col=col, xaxp=c(0,TCR_max, TCR_max), yaxp=c(0,1,4))

lines(c(0,TCR_max), c(0,0), col=1, lwd=1)

legend('topright', c('Gillett et al (2013)', 'Jones et al (2013)'), title='GHG attributable warming from:', bty='n', lwd=lwd, col=col, lty=lty, cex=1.3)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

######################

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=NA, divs=TCR_div, lower= TCR_div, upper=TCR_max, boxsize=0.04, col=rev(col), yOffset=-4, profLikes.yOffset=-0.03, spacing=1.1, lwd=lwd, whisklty=c(rev(lty), 1), points=c(0.05,0.17,0.5,0.83,0.95), plot=TRUE), 2)

( filename= paste('Lew14.em7.', as.character(round(attr(Lew14.em7,'maxforc10'),3)), '_', as.character(round(awScale_G13,3)), '_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)), '.TCRb.png', sep="") )

#[1] "Lew14.em7.2.944_1.1_1.06_0.136.TCRb.png"

if(saveData) { savePlot(file=paste(plotsPath, filename, sep=""), type='png') } # with round(fc_ran,3)= 0.136
# saved the data for the plot 15Sep14. Data runs from 0.025 to 5 by 0.025

if(saveData) { write(t(cbind(1:200/40,pdfsToPlot)), file='C:/R/AR5D&A/plots/Lew14.em7.2.944_1.1_1.06_0.136.TCRb.txt', ncol=3) }
###############################################

# Investigate TCR sensitivity to 10% higher EHC

###############################################

# change the coordinates of the AW and EHC PDFs in (TCR,Kv) coordinates

ehc_pdf_63_06_TK = approx(x= (1:n.ehcval*ehc_div - 0.5*ehc_div) * 1.10, y=ehc_pdf_63_06, xout= pmin(Lew14.em7.EHC.63_06T, ehc_max), rule=2  )$y

# compute the joint PDF in TRC-Kv space and integrate out Kv

pdf.Lew14.TCR5G_61_10= rowSums(aw_pdf_61_10_G13_TK * ehc_pdf_63_06_TK * jaco150.44T.Lew14.em7$detJ ) 

pdf.Lew14.TCR5G_61_10= pdf.Lew14.TCR5G_61_10 / sum(pdf.Lew14.TCR5G_61_10) /TCR_div

pdf.Lew14.TCR5J_01_10= rowSums(aw_pdf_01_10_J13_TK * ehc_pdf_63_06_TK * jaco110.44T.Lew14.em7$detJ ) 

pdf.Lew14.TCR5J_01_10= pdf.Lew14.TCR5J_01_10 / sum(pdf.Lew14.TCR5J_01_10) /TCR_div

# plot the TCR PDFs

pdfsToPlot= cbind(pdf.Lew14.TCR5G_61_10, pdf.Lew14.TCR5J_01_10)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=NA, divs=TCR_div, lower= TCR_div, upper=TCR_max, boxsize=0.04, col=rev(col), yOffset=-4, profLikes.yOffset=-0.03, spacing=1.1, lwd=lwd, whisklty=c(rev(lty), 1), points=c(0.05,0.17,0.5,0.83,0.95), plot=FALSE), 3)

#####################################################

# repeat using 100 m MLD to show insensitivity to MLD
#####################################################

# ECS estimation

################
# estimate ECS by first restating the AW and EHC PDFs in (S,Kv) coordinates

aw_pdf_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_61_10_G13, xout= pmin(Lew14.em5.dT.61_10, aw_max), rule=2 )$y

aw_pdf_01_10_J13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_01_10_J13, xout= pmin(Lew14.em5.dT.01_10, aw_max), rule=2  )$y

ehc_pdf_63_06_SK = approx(x= (1:n.ehcval*ehc_div - 0.5*ehc_div), y= ehc_pdf_63_06, xout= pmin(Lew14.em5.EHC.63_06, ehc_max), rule=2  )$y

ssq(aw_pdf_61_10_G13_SK)



# [1] 10319.21 : may vary
ssq(aw_pdf_01_10_J13_SK)



# [1] 10506.93 : may vary
ssq(ehc_pdf_63_06_SK)




# [1] 6974.57 : may vary
which.max(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK)  # [1] 3232
which.max(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK)
# [1] 3231
# compute posterior PDF for S: convert the AW-EHC posterior using the Jacobian & integrate out Kv

pdf.Lew14.S5G_61_10= rowSums(array(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em5.150.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5G_61_10= pdf.Lew14.S5G_61_10 / sum(pdf.Lew14.S5G_61_10) / S_div

pdf.Lew14.S5J_01_10= rowSums(array(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em5.110.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5J_01_10= pdf.Lew14.S5J_01_10 / sum(pdf.Lew14.S5J_01_10) / S_div

# restate the AW and EHC profile likelihoods in (S,Kv) coordinates by finding interpolated values in that space

aw.proflike_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_61_10_G13, xout= pmin(Lew14.em5.dT.61_10, aw_max), rule=2 )$y

aw.proflike_01_10_J13_SK= approx(x=1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_01_10_J13, xout= pmin(Lew14.em5.dT.01_10, aw_max), rule=2 )$y

ehc.proflike_63_06_SK= approx(x= 1:n.ehcval*ehc_div - 0.5*ehc_div, y= ehc.proflike_63_06, xout=pmin(Lew14.em5.EHC.63_06, ehc_max), rule=2 )$y

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

proflike.aw_61_10_G13.ehc_63_06_SK= array(aw.proflike_61_10_G13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_61_10_G13.ehc_63_06_SK= apply(proflike.aw_61_10_G13.ehc_63_06_SK, 1, max) 

proflike.aw_01_10_J13.ehc_63_06_SK= array(aw.proflike_01_10_J13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_01_10_J13.ehc_63_06_SK= apply(proflike.aw_01_10_J13.ehc_63_06_SK, 1, max)

# plot the ECS PDFs
###################

S_maxPlot= 5

pdfsToPlot= cbind(pdf.Lew14.S5G_61_10, pdf.Lew14.S5J_01_10)[1:(S_maxPlot/S_div),]

profLikes=cbind(proflike.aw_61_10_G13.ehc_63_06_SK, proflike.aw_01_10_J13.ehc_63_06_SK)

lty= c(1,1)

lwd= c(3.5,3.5)

col= c(4,6)

par(mar=c(7,4,4,2)+0.2)

matplot(0:(S_maxPlot/S_div)*S_div, rbind(0,pdfsToPlot), type='l', xaxs='i', yaxs='i', lty=lty, lwd=lwd, xlab=' Climate Sensitivity ECS (K)', ylab='Probability density (K⁻¹)', cex.lab=1.3, cex.axis=1.3, xlim=c(0, S_maxPlot), ylim=c(-0.24, 0.8), col=col, xaxp=c(0,S_maxPlot, S_maxPlot), yaxp=c(0,0.75,3))

lines(c(0, S_maxPlot), c(0,0), col=1, lwd=1)

legend('topright', c('Gillett et al (2013)', 'Jones et al (2013)'), title='GHG attributable warming from:', bty='n', lwd=lwd, col=col, lty=lty, cex=1.3)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

######################

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=profLikes[,2:1], divs=S_div, lower=S_div, upper=S_div*n.S, boxsize=0.04, col=rep(rev(col),2), yOffset=-3.4, profLikes.yOffset=-0.19, spacing=1.1, lwd=rep(lwd,2), boxlty=c(1,1,2,2), whisklty=c(1,1,2,2), points=c(0.05,0.17,0.5,0.83,0.95), plot=TRUE), 2)

# TCR estimation

################
# Estimate TCR at each (S,Kv) combination and hence the coordinate transformation and Jacobian for converting from (AW,EHC) to (TCR,Kv) space, for TCR up to 5 K

TCR_div= 0.025

TCR_max= 5

TCR.vals= (1:(TCR_max/TCR_div)) * TCR_div

n.TCR= length(TCR.vals)

# change the coordinates of the dT and EHC values from S-Kv to TCR-Kv space

Lew14.em5.dT.61_10T= Lew14.em5.dT.01_10T= Lew14.em5.EHC.63_06T= array(dim=c(n.TCR,n.Kv))


for(j in 1:n.Kv) {


Lew14.em5.dT.61_10T[,j]= approx(x=Lew14.em5.TCR[,j], Lew14.em5.dT.61_10[,j], xout=TCR.vals, rule=2:1)$y


Lew14.em5.dT.01_10T[,j]= approx(x=Lew14.em5.TCR[,j], Lew14.em5.dT.01_10[,j], xout=TCR.vals, rule=2:1)$y


Lew14.em5.EHC.63_06T[,j]= approx(x=Lew14.em5.TCR[,j], Lew14.em5.EHC.63_06[,j], xout=TCR.vals, rule=2:1)$y

}

#Extrapolate appropriately (keeping to high (TCR, Kv) combinations (unphysical region, where S>20, probably infinite, but where a small part of the error distribution extends to so setting zero or NA values would slightly bias down TCR estimation). The Jacobian is gently rising but is extrapolated flat as cannot calculate it there.

gridT.Lew14.em5= array( c( rep(TCR.vals,n.Kv), as.vector(matrix(sqrt(Kv.vals), nrow=n.TCR, ncol=n.Kv, byrow=TRUE)) ), dim=c(n.TCR,n.Kv,2) )

AW150.EHC44.T.Lew14.em5= array( cbind( as.vector(Lew14.em5.dT.61_10T), as.vector(Lew14.em5.EHC.63_06T) ), dim=c(n.TCR,n.Kv,2) )

jaco150.44T.Lew14.em5= jaco( AW150.EHC44.T.Lew14.em5, gridT.Lew14.em5 )

AW110.EHC44.T.Lew14.em5= array( cbind( as.vector(Lew14.em5.dT.01_10T), as.vector(Lew14.em5.EHC.63_06T) ), dim=c(n.TCR,n.Kv,2) )

jaco110.44T.Lew14.em5= jaco( AW110.EHC44.T.Lew14.em5, gridT.Lew14.em5 )

# for dT, at each TCR infill with the value at highest non-NA Kv 

for(j in 1:n.TCR) {


bad= which( is.na(Lew14.em5.dT.61_10T[j,]) )


if(!is.na(bad[1])) { Lew14.em5.dT.61_10T[j,bad]= Lew14.em5.dT.61_10T[j,bad[1]-1] }


bad= which( is.na(Lew14.em5.dT.01_10T[j,]) )


if(!is.na(bad[1])) { Lew14.em5.dT.01_10T[j,bad]= Lew14.em5.dT.01_10T[j,bad[1]-1] }

}

# for EHC/Jaco, at each Kv infill with the value at highest non-NA TCR 

for(j in 1:n.Kv) {


bad= which( is.na(Lew14.em5.EHC.63_06T[,j]) )


Lew14.em5.EHC.63_06T[bad,j]= Lew14.em5.EHC.63_06T[bad[1]-1,j]


bad= which( is.na(jaco150.44T.Lew14.em5$detJ[,j]) ) 


if(!is.na(bad[1])) { jaco150.44T.Lew14.em5$detJ[bad,j]= jaco150.44T.Lew14.em5$detJ[bad[1]-1,j] }


bad= which( is.na(jaco110.44T.Lew14.em5$detJ[,j]) )


if(!is.na(bad[1])) {jaco110.44T.Lew14.em5$detJ[bad,j]= jaco110.44T.Lew14.em5$detJ[bad[1]-1,j] }

}

# change the coordinates of the AW and EHC PDFs in (TCR,Kv) coordinates

aw_pdf_61_10_G13_TK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y=aw_pdf_61_10_G13, xout=pmin(Lew14.em5.dT.61_10T, aw_max), rule=2 )$y

aw_pdf_01_10_J13_TK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y=aw_pdf_01_10_J13, xout=pmin(Lew14.em5.dT.01_10T, aw_max), rule=2  )$y

ehc_pdf_63_06_TK = approx(x= 1:n.ehcval*ehc_div - 0.5*ehc_div, y=ehc_pdf_63_06, xout= pmin(Lew14.em5.EHC.63_06T, ehc_max), rule=2  )$y

# compute the joint PDF in TRC-Kv space and integrate out Kv

pdf.Lew14.TCR5G_61_10= rowSums(aw_pdf_61_10_G13_TK * ehc_pdf_63_06_TK * jaco150.44T.Lew14.em5$detJ ) 

pdf.Lew14.TCR5G_61_10= pdf.Lew14.TCR5G_61_10 / sum(pdf.Lew14.TCR5G_61_10) /TCR_div

pdf.Lew14.TCR5J_01_10= rowSums(aw_pdf_01_10_J13_TK * ehc_pdf_63_06_TK * jaco110.44T.Lew14.em5$detJ ) 

pdf.Lew14.TCR5J_01_10= pdf.Lew14.TCR5J_01_10 / sum(pdf.Lew14.TCR5J_01_10) /TCR_div

# plot the TCR PDFs

###################

pdfsToPlot= cbind(pdf.Lew14.TCR5G_61_10, pdf.Lew14.TCR5J_01_10)

lty= c(1,1)

lwd= c(3.5,3.5)

col= c(4,6)

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

matplot(1:n.TCR*TCR_div, pdfsToPlot, type='l', xaxs='i', yaxs='i', lty=lty, lwd=lwd, xlab=' Transient Climate Response TCR (K)', ylab='Probability density (K⁻¹)', cex.lab=1.3, cex.axis=1.3, xlim=c(0, TCR_max), ylim=c(-0.2, 1.1), col=col, xaxp=c(0,TCR_max, TCR_max), yaxp=c(0,1,4))

lines(c(0,TCR_max), c(0,0), col=1, lwd=1)

legend('topright', c('Gillett et al (2013)', 'Jones et al (2013)'), title='GHG attributable warming from:', bty='n', lwd=lwd, col=col, lty=lty, cex=1.3)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

######################

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=NA, divs=TCR_div, lower= TCR_div, upper=TCR_max, boxsize=0.04, col=rev(col), yOffset=-4, profLikes.yOffset=-0.03, spacing=1.1, lwd=lwd, whisklty=c(rev(lty), 1), points=c(0.05,0.17,0.5,0.83,0.95), plot=TRUE), 2)

###############

# Kv estimation
###############

# estimate rtKv by first restating the AW and EHC PDFs in (S,Kv) coordinates

# reinput model parameter values to use and ocean characteristics

F_2x= 3.71

S_div= 0.05

Kv_div= 0.05

S.vals= (1:400) * S_div

Kv.vals= (0:59 * Kv_div)^2 * 1e-4
# 0-8.7 cm^2/s

n.S= length(S.vals)

n.Kv= length(Kv.vals)

awScale_G13= 1.1

awScale_J13= 1.06

fc_ran= sqrt((0.1/1.645)^2 + (0.2/1.645)^2) 

n.awval=1000

aw_max=2.5

aw_div= aw_max / n.awval

ehc_max= 3

n.ehcval=600

ehc_div= ehc_max/n.ehcval

hc_val= 0:n.ehcval * ehc_div

EIV_G13= c(0.85, 1.135-0.565) 
# mid 0.85 K - used for scaling J13 uncertainty range

EIV_to_TCR_G13= sqrt(1 / 0.563)
# 1.333

awScale_G13= 1.1

EIV_G13= EIV_G13 * awScale_G13

AllUncAW_G13= c(EIV_G13[1], EIV_G13[2]*EIV_to_TCR_G13)

WtdAv_J13= c(0.83, (1.143-0.503)) 

awScale_J13= 1.06

WtdAv_J13= WtdAv_J13 * awScale_J13

AllUncAW_J13= c(WtdAv_J13[1], WtdAv_J13[2]*EIV_to_TCR_G13)

load(paste(dataPath, 'Lew14.em7f1.04.Rd', sep=""))

load(paste(dataPath, 'aw_pdf_61_10_G13_', as.character(round(awScale_G13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep=""))
load(paste(dataPath, 'aw_pdf_01_10_J13_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") )

load(paste(dataPath, 'ehc_pdf_63_06.Rd', sep="") )

load(paste(dataPath, 'ehc.proflike_63_06.Rd', sep="") )

load(paste(dataPath, 'aw.proflike_61_10_G13_', as.character(round(awScale_G13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") )

load(paste(dataPath, 'aw.proflike_01_10_J13_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) 

n.yrs= dim(Lew14.em7)[1]

# set up projection operator for OLS regression over 150 years & use to compute AW linear trend

prjtrn= (0:149 /150 - 74.5/150)

prjtrn= prjtrn / ssq(prjtrn)

Lew14.em7.dT.61_10= apply(Lew14.em7[12:161,,,1] * prjtrn, c(2,3), sum)

# repeat for 110 year trend calculation over 1901-2010

prjtrn= (0:109 /110 - 54.5/110)

prjtrn= prjtrn / ssq(prjtrn)

Lew14.em7.dT.01_10= apply(Lew14.em7[52:161,,,1] * prjtrn, c(2,3), sum)

# compute EHC and convert from W-yr m-2 K-1 to GJ m^-2 K-1 (over Earth's surface)
Wyr_to_GJ= 3600 * 24 * 365.25 / 1e9 

#  0.0315576 

Lew14.em7.EHC.63_06= ( apply(Lew14.em7[152:162,,,2], c(2,3), mean) - apply(Lew14.em7[109:119,,,2], c(2,3), mean) ) / ( apply(Lew14.em7[152:162,,,1], c(2,3), mean) - apply(Lew14.em7[109:119,,,1], c(2,3), mean) )

Lew14.em7.EHC.63_06= Lew14.em7.EHC.63_06 * Wyr_to_GJ
# Jacobian: compute for both G13 150 year 1861-2010 and J13 110 year 1901-2010 analyses, using 2 col matrix from vectorised values of AW and EHC over model parameter grid

grid.em7= 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) )

AW.EHC.Lew14.em7.150.43= array( cbind( as.vector(Lew14.em7.dT.61_10), as.vector(Lew14.em7.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em7.150.43= jaco( AW.EHC.Lew14.em7.150.43, grid.em7 )

AW.EHC.Lew14.em7.110.43= array( cbind( as.vector(Lew14.em7.dT.01_10), as.vector(Lew14.em7.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em7.110.43= jaco( AW.EHC.Lew14.em7.110.43, grid.em7 )

aw_pdf_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw_pdf_01_10_J13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2  )$y

ehc_pdf_63_06_SK = approx(x= (1:n.ehcval*ehc_div - 0.5*ehc_div), y= ehc_pdf_63_06, xout= pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2  )$y

ssq(aw_pdf_61_10_G13_SK)



# [1] 9706.728 : may vary
ssq(aw_pdf_01_10_J13_SK)



# [1] 9891.096 : may vary
ssq(ehc_pdf_63_06_SK)




# [1] 6965.469 : may vary
which.max(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK)  # [1] 3632

which.max(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK)
# [1] 3631

# compute posterior PDF for rtKv: convert AW-EHC posterior using the Jacobian & integrate out S
pdf.Lew14.K5G_61_10= colSums(array(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.150.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.K5G_61_10= pdf.Lew14.K5G_61_10 / sum(pdf.Lew14.K5G_61_10) / Kv_div

pdf.Lew14.K5J_01_10= colSums(array(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.110.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.K5J_01_10= pdf.Lew14.K5J_01_10 / sum(pdf.Lew14.K5J_01_10) / Kv_div

# restate the AW and EHC profile likelihoods in (S,Kv) coordinates by finding interpolated values in that space

aw.proflike_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw.proflike_01_10_J13_SK= approx(x=1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2 )$y

ehc.proflike_63_06_SK= approx(x= 1:n.ehcval*ehc_div - 0.5*ehc_div, y= ehc.proflike_63_06, xout=pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2 )$y

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

proflike.aw_61_10_G13.ehc_63_06_SK= array(aw.proflike_61_10_G13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.K.aw_61_10_G13.ehc_63_06_SK= apply(proflike.aw_61_10_G13.ehc_63_06_SK, 2, max) 
proflike.aw_01_10_J13.ehc_63_06_SK= array(aw.proflike_01_10_J13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.K.aw_01_10_J13.ehc_63_06_SK= apply(proflike.aw_01_10_J13.ehc_63_06_SK, 2, max)
# plot the rtKv PDFs

####################

K_maxPlot= 2
pdfsToPlot= cbind(pdf.Lew14.K5G_61_10, pdf.Lew14.K5J_01_10)[1:(K_maxPlot/Kv_div),]

profLikes=cbind(proflike.K.aw_61_10_G13.ehc_63_06_SK, proflike.K.aw_01_10_J13.ehc_63_06_SK)

lty= c(1,1)

lwd= c(3.5,3.5)

col= c(4,6)

par(mar=c(7,4,4,2)+0.2)

matplot(0:(K_maxPlot/Kv_div)*S_div, rbind(0,pdfsToPlot), type='l', xaxs='i', yaxs='i', lty=lty, lwd=lwd, xlab='sqrt(Effective Ocean Diffusivity) (cm s^-0.5)', ylab='Probability density (cm⁻¹s^0.5)', cex.lab=1.3, cex.axis=1.3, xlim=c(0, K_maxPlot), ylim=c(-0.5, 2), col=col, xaxp=c(0,K_maxPlot, K_maxPlot), yaxp=c(0,2,4))

lines(c(0, K_maxPlot), c(0,0), col=1, lwd=1)

legend('topright', c('Gillett et al (2013)', 'Jones et al (2013)'), title='GHG attributable warming from:', bty='n', lwd=lwd, col=col, lty=lty, cex=1.3)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=profLikes[,2:1], divs=Kv_div, lower=Kv_div, upper=Kv_div*n.Kv, boxsize=0.1, col=rep(rev(col),2), yOffset=-3, profLikes.yOffset=-0.4, spacing=1, lwd=rep(lwd,2), boxlty=c(1,1,2,2), whisklty=c(1,1,2,2), points=c(0.05,0.17,0.5,0.83,0.95), plot=TRUE), 2)

 ( filename= paste('Lew14.em7.', as.character(round(attr(Lew14.em7,'maxforc10'),3)), '_', as.character(round(awScale_G13,3)), '_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)), '.Kvb.png', sep="") ) 

#[1] "Lew14.em7.2.944_1.1_1.06_0.136.Kvb.png"

savePlot(file=paste(plotsPath, filename, sep=""), type='png') # with round(fc_ran,3)= 0.136

############################################################### 

# Find effect of NOT adding an extra +/-20% forcing uncertainty
############################################################### 

# compute modelled AW (1861/1901-2010 linear trend) & EHC (1958-68 to 2001-11 11 yr mean) values

# set up projection operator for OLS regression over 150 years & use to compute AW linear trend

prjtrn= (0:149 /150 - 74.5/150)

prjtrn= prjtrn / ssq(prjtrn)

Lew14.em7.dT.61_10= apply(Lew14.em7[12:161,,,1] * prjtrn, c(2,3), sum)
# repeat for 110 year trend calculation over 1901-2010

prjtrn= (0:109 /110 - 54.5/110)

prjtrn= prjtrn / ssq(prjtrn)

Lew14.em7.dT.01_10= apply(Lew14.em7[52:161,,,1] * prjtrn, c(2,3), sum)
# compute EHC and convert from W-yr m-2 K-1 to GJ m^-2 K-1 (over Earth's surface)
Wyr_to_GJ= 3600 * 24 * 365.25 / 1e9 

#  0.0315576 

Lew14.em7.EHC.63_06= ( apply(Lew14.em7[152:162,,,2], c(2,3), mean) - apply(Lew14.em7[109:119,,,2], c(2,3), mean) ) / ( apply(Lew14.em7[152:162,,,1], c(2,3), mean) - apply(Lew14.em7[109:119,,,1], c(2,3), mean) )
Lew14.em7.EHC.63_06= Lew14.em7.EHC.63_06 * Wyr_to_GJ
# Jacobian: compute for both G13 150 year 1861-2010 and J13 110 year 1901-2010 analyses, using 2 col matrix from vectorised values of AW and EHC over model parameter grid

grid.em7= 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) )

AW.EHC.Lew14.em7.150.43= array( cbind( as.vector(Lew14.em7.dT.61_10), as.vector(Lew14.em7.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em7.150.43= jaco( AW.EHC.Lew14.em7.150.43, grid.em7 )

AW.EHC.Lew14.em7.110.43= array( cbind( as.vector(Lew14.em7.dT.01_10), as.vector(Lew14.em7.EHC.63_06) ), dim=c(n.S,n.Kv,2) )

jaco.Lew14.em7.110.43= jaco( AW.EHC.Lew14.em7.110.43, grid.em7 )

# Compute objective posterior PDFs and (profile) likelihoods for the observables

################################################################################

# derive observationally-based estimate of EHC based on changes from 1963 to 2006 

# use 11 year centred means over 1958-68 and 2001-11 (to reduce noise)

# derive the change in GMST and uncertainty thereof

# load the HadCRUT4v2 annual GMST data downloaded 19July2014. Covers 1850 to 2014 (part)
HadCRUT4.yr= read.table(paste(origDataPath, 'HadCRUT.4.2.0.0.annual_ns_avg_19Jul14.txt', sep="") ) # dim (165, 12)

# calculate the change in observed GMST from 1958-68 to 2001-11

temdif_63_06= mean(HadCRUT4.yr[152:162,2]) - mean(HadCRUT4.yr[109:119,2]) 
# HadCRUT4 11 yr mean error standard deviation taken as per decadally smoothed 1963 & 2006 total uncertainty 2.5-97.5% ranges (0.086 K and 0.113 K)  divided by 1.96*2: 
HadCRUT4.dec= read.table(paste(origDataPath, 'HadCRUT.4.2.0.0.annual_ns_avg_smooth.txt', sep="") )
rownames(HadCRUT4.dec)= as.character(HadCRUT4.dec[,1])
# add in quadrature with internal variability of change in 11 yr mean GMST, taken as 0.08 K stddev

# per Level means!AA5 of HadCM3_COntrol_OceanTsd2.xlsx the yr 2101-6100 standard deviation of 11 yr mean 0-10 m ocean temperature with land (30%) sd doubled is 0.0588 K; per cell AD5 the sd of means of 11 yr periods separated by 4 periods (44 years) is 0.0703 K. If the two period standard deviations are instead added in quadrature, get: 0.0588 x 1.41= 0.083 K. Use 0.08 K.
sdobs_63_06= sqrt(0.08^2 + (HadCRUT4.dec['1963',11]-HadCRUT4.dec['1963',12])^2/3.92^2 + (HadCRUT4.dec['2006',11]-HadCRUT4.dec['2006',12])^2/3.92^2)


# derive the change in total heat content uncertainty thereof

# load the AR5 Box 3.1 Fig.1 data. Years in col 1 end in 0.5 to indicate mean for the year

AR5_HC= read.table(paste(origDataPath, 'heat_ascii_v6.txt', sep=""), header=TRUE )

rownames(AR5_HC)= as.character(AR5_HC[,1] - 0.5)

# conversion factor from ZJ to GJ m-2 based on area of Earth

ZJ_to_GJm2= 1e12/510e12

# calculate the change in total HC and convert from ZJ to GJ/m2

hc_cen_63_06= mean(AR5_HC[which(rownames(AR5_HC)=='2001'): which(rownames(AR5_HC)=='2011'),'total_h']) - mean(AR5_HC[which(rownames(AR5_HC)=='1958'): which(rownames(AR5_HC)=='1968'),'total_h'])

hc_cen_63_06= hc_cen_63_06 * ZJ_to_GJm2

# calculate standard deviation of uncertainty in the change in total HC; convert from ZJ to GJ/m2
hc_std_63_06= sqrt( mean(AR5_HC[which(rownames(AR5_HC)=='2001'): which(rownames(AR5_HC)=='2011'),'total_u'])^2 + mean(AR5_HC[which(rownames(AR5_HC)=='1958'): which(rownames(AR5_HC)=='1968'),'total_u'])^2 )

hc_std_63_06= hc_std_63_06 * ZJ_to_GJm2

print( round(c(hc_cen_63_06, hc_std_63_06, temdif_63_06, sdobs_63_06, hc_cen_63_06/temdif_63_06),5) ) # [1] 0.39940 0.12865 0.52118 0.08782 0.76633
# combine HC and observed warming distributions as follows, setting a safe maximum value for EHC
ehc_max= 3

zz= rnorm(40000000)*hc_std_63_06 + hc_cen_63_06
yy= rnorm(40000000)*(sdobs_63_06) + temdif_63_06
hc_obs63_06=zz/yy
hc_obs63_06= hc_obs63_06[-which(hc_obs63_06<0)]

hc_obs63_06= hc_obs63_06[-which(hc_obs63_06>3)]

length(hc_obs63_06)

# 39959994 (will vary slightly from run to run)

n.ehcval=600
ehc_div= ehc_max/n.ehcval
hc_val= 0:n.ehcval * ehc_div

rm(yy,zz)
# Compute sample histogram for EHC distribution, smooth and normalise to give posterior PDF values at 0.005 intervals from 0.0025 to 2.9975
temp= hist( hc_obs63_06, breaks=hc_val ) 

ehc_pdf_63_06=lowess(temp$density, f=0.005)$y
# 0.005 gives a good smooth with 40e6 points
ehc_pdf_63_06= 200 * ehc_pdf_63_06 / (sum(ehc_pdf_63_06))
matplot(cbind(200*temp$density/sum(temp$density),ehc_pdf_63_06), col=c(4,2), type='l', lty=1, xaxs='i', yaxs='i')
# virtually perfect match

rm(temp)

if(saveData) { save(ehc_pdf_63_06, file=paste(dataPath, 'ehc_pdf_63_06.Rd', sep="") ) }
rm(hc_obs63_06)
# compute profile likelihood for EHC by sampling hc and dT values randomly, calculating their joint likelihoods and allocating them to bin number round(100 * hc/dT)+1, then finding maximum likelihood value in each bin, which represents the EHC profile likelihood for that (bin no-1)/100.

# ehc.proflike_63_06[1] covers ehc values from 0 to ehc.div
ehc.proflike_63_06= vector()

for( hc in runif(1000, 0, 2 * hc_cen_63_06) ) {


for( dT in runif(1000, 0, temdif_63_06 * 2) ) {



if(hc < ehc_max * dT) {




ehc.bin= round((hc/dT) /ehc_div + 0.5, 0) 




ehc.den= dnorm(temdif_63_06, dT, sdobs_63_06) * dnorm(hc_cen_63_06, hc, hc_std_63_06)



ehc.proflike_63_06[ehc.bin]= max(c(ehc.proflike_63_06[ehc.bin], ehc.den), na.rm=TRUE)



}


}

}

which.max(ehc.proflike_63_06) # [1] 154 : best est is 153/200 +0.0025 = 0.7675 OK

if(saveData) { save(ehc.proflike_63_06, file=paste(dataPath, 'ehc.proflike_63_06.Rd', sep="") ) }
# Create the G13 1861-2010 attributable warming data, prepare it and add forcing uncertainty

############################################################################################
# Gillett et al 2013 [G13] 1861-2010 analysis multimodel estimates from digistising G13 Fig. 4(b) 

# AW: use EIV estimate for 1861-2010 attributable trend best estimates & 5-95% CI ranges

# EIV best AW est measures as 0.847 but 5-95% CI mid = (0.5675+1.1355)/2= 0.8515; use 0.85 (0.565,1.135) => standard deviation = (1.135-0.565)/3.29 = 0.173

EIV_G13= c(0.85, 1.135-0.565) 
# mid 0.85 K - used for scaling J13 uncertainty range

# Fig 7b % uncertainty ratio: obs TCR to EIV regression coef: set to 1 for NO added uncertainty 
EIV_to_TCR_G13= sqrt(1 / 0.563)
# 1.333

# Apply scaling factor to the G13 attributable warming trends to adjust for the actual global observed trend exceeding that reconstructed, due to treatment of missing data (and use of truncated T4 spherical harmonic + EOF bases). Scale up all CDF points

awScale_G13= 1.1

EIV_G13= EIV_G13 * awScale_G13

# scale the EIV uncertainty range by the EIV_to_TCR factor

AllUncAW_G13= c(EIV_G13[1], EIV_G13[2]*EIV_to_TCR_G13)

# specify AW PDF at 1000 values ranging up to 2.5 K

n.awval=1000

aw_max=2.5

aw_div= aw_max / n.awval

# compute AW values at fine interval CDF points and hence at random CDF points: assume normal dist

aw_qf_61_10_G13= qnorm(1:9999/10000, AllUncAW_G13[1], AllUncAW_G13[2]/3.29)


pr_cdf= 1:9999 /10000






# CDF points, from 0.001 to 0.999

pr_ran= max(pr_cdf)-min(pr_cdf)




#pr_ran=0.9998- treat as 1

pr_min= min(pr_cdf)






#pr_min=0.0001

p1=runif(50000000)*pr_ran + pr_min

tg_dis= approx(pr_cdf, aw_qf_61_10_G13, p1)$y


# AW at 50e6 random CDF points

# add forcing uncertainty, then truncating tg_dis at aw_max (discarding also -ve values)
# 10% 50-95% range (1/2 AR5's) adequate for GHG forcing uncertainty

# DON'T add 2x that (20%) extra for model uncertainty 
fc_ran= (0.1/1.645) 

round(fc_ran,3)






#0.061
p2= rnorm(50000000, 1, fc_ran)




# Gaussian forcing uncertainty

tg_dis= tg_dis / p2






#randomly shift each GHG warming

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

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

aw_pdf_61_10_G13= temp= hist( tg_dis, breaks=0:n.awval * aw_div)$density

# smooth the histogram slightly to give a good PDF, for AW values 0.00125 to 2.49875

aw_pdf_61_10_G13= lowess(aw_pdf_61_10_G13, f=0.0045)$y

# gives smooth, accurate match

matplot(cbind(temp/sum(temp)/aw_div, aw_pdf_61_10_G13), col=c(3,2), type='l', lty=1, xaxs='i', yaxs='i')

aw_pdf_61_10_G13= ( aw_pdf_61_10_G13 / sum(aw_pdf_61_10_G13) ) / aw_div
which(cumsum(aw_pdf_61_10_G13)> 0.5/aw_div)[1] * aw_div


# 0.9375 

if(saveData) { save(aw_pdf_61_10_G13, file=paste(dataPath, 'aw_pdf_61_10_G13_', as.character(round(awScale_G13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
# compute profile likelihood for AW by sampling from AW values without added forcing uncertainty  and forcing uncertainty ratio (fur) values randomly, calculating their joint likelihoods and allocating them to bins numbered round(100 * aw/fur)+1, then finding maximum likelihood value in each bin, which represents the AW profile likelihood for that (bin no-1)/100.

# limit search to aw values in 0 to 2* observed value and to forcing uncertainty of +/- 3 standard deviations 

aw.proflike_61_10_G13= rep(0, n.awval)

for( aw in runif(1000, 0, 2 * AllUncAW_G13[1]) ) {


for( fur in runif(1000, 1-3*fc_ran, 1+3*fc_ran) ) {



if(aw < 2.50 * fur) {




aw.bin= round(aw / (fur * aw_div) + 0.5, 0) 




aw.den= dnorm(AllUncAW_G13[1], aw, AllUncAW_G13[2]/3.29 ) * dnorm(1, fur, fc_ran)




aw.proflike_61_10_G13[aw.bin]= max(c(aw.proflike_61_10_G13[aw.bin], aw.den), na.rm=TRUE)



}


}

}

if(saveData) { save(aw.proflike_61_10_G13, file=paste(dataPath, 'aw.proflike_61_10_G13_', as.character(round(awScale_G13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
# Create the J13 1901-2010 attributable warming data, prepare it and add forcing uncertainty
############################################################################################
# 5-95% range 0.50-1.14 K per text, width 0.64 K, mid = 0.82 K; 50% point from graph is ~0.84. Per G Jones 28Jul14, 50% point is  0.833574, 5-95% is 0.50332-1.14253 K, width 0.64 K, mid= 0.823. Treat as Gaussian with mid 0.83, sd= (1.143-0.503)/3.29 = 0.1945

WtdAv_J13= c(0.83, (1.143-0.503)) 

# Apply scaling factor to the J13 attributable warming trends to adjust for the actual global observed trend exceeding that reconstructed, due to treatment of missing data (and use of truncated T4 spherical harmonic + EOF bases). Scale up all CDF points

awScale_J13= 1.06

WtdAv_J13= WtdAv_J13 * awScale_J13

# Use the ratio of the G13 TCR uncertainty and EIV ranges to scale up J13 Weighted avg  uncertainty range (although not EIV based, J13 range accounts for model noise by using individual simulation runs)

AllUncAW_J13= c(WtdAv_J13[1], WtdAv_J13[2]*EIV_to_TCR_G13)

# compute AW values at fine interval CDF points and hence at random CDF points: assume normal dist
aw_qf_01_10_J13= qnorm(1:9999/10000, AllUncAW_J13[1], AllUncAW_J13/3.29)


tg_dis= approx(pr_cdf, aw_qf_01_10_J13, p1)$y


# AW at 5e6 random CDF points

# add forcing uncertainty, then truncating tg_dis at aw_max (discarding also -ve values) 
tg_dis= tg_dis / p2






#randomly shift each GHG warming

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

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

aw_pdf_01_10_J13= temp= hist( tg_dis, breaks=0:n.awval * aw_div)$density

# smooth the histogram slightly to give a good PDF, for AW values 0.00125 to 2.49875

aw_pdf_01_10_J13= lowess(aw_pdf_01_10_J13, f=0.0045)$y

# gives smooth, accurate match

matplot(cbind(temp/sum(temp)/aw_div, aw_pdf_01_10_J13), col=c(3,2), type='l', lty=1, xaxs='i', yaxs='i')

aw_pdf_01_10_J13= ( aw_pdf_01_10_J13 / sum(aw_pdf_01_10_J13) ) / aw_div
which(cumsum(aw_pdf_01_10_J13)> 0.5/aw_div)[1] * aw_div


# 0.8825 

if(saveData) { save(aw_pdf_01_10_J13, file=paste(dataPath, 'aw_pdf_01_10_J13_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
rm(  p2, p1, tg_dis )
# compute profile likelihood for AW by sampling from AW values without added forcing uncertainty  and forcing uncertainty ratio (fur) values randomly, calculating their joint likelihoods and allocating them to bins numbered round(100 * aw/fur)+1, then finding maximum likelihood value in each bin, which represents the AW profile likelihood for that (bin no-1)/100.

aw.proflike_01_10_J13= rep(0, n.awval)

for( aw in runif(1000, 0, 2 * AllUncAW_J13[1]) ) {


for( fur in runif(1000, 1-3*fc_ran, 1+3*fc_ran) ) {



if(aw < 2.50 * fur) {




aw.bin= round(aw / (fur * aw_div) + 0.5, 0) 




aw.den= dnorm(AllUncAW_J13[1], aw, AllUncAW_J13[2]/3.29 ) * dnorm(1, fur, fc_ran)




aw.proflike_01_10_J13[aw.bin]= max(c(aw.proflike_01_10_J13[aw.bin], aw.den), na.rm=TRUE)



}


}

}

if(saveData) { save(aw.proflike_01_10_J13, file=paste(dataPath, 'aw.proflike_01_10_J13_', as.character(round(awScale_J13,3)), '_', as.character(round(fc_ran,3)),'.Rd', sep="") ) }
# estimate ECS by first restating the AW and EHC PDFs in (S,Kv) coordinates
###########################################################################

aw_pdf_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw_pdf_01_10_J13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2  )$y

ehc_pdf_63_06_SK = approx(x= (1:n.ehcval*ehc_div - 0.5*ehc_div), y= ehc_pdf_63_06, xout= pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2  )$y

ssq(aw_pdf_61_10_G13_SK)



# [1] 11011.52

: may vary
ssq(aw_pdf_01_10_J13_SK)



# [1] 11043.39

: may vary
ssq(ehc_pdf_63_06_SK)




# [1] 6964.244

: may vary
which.max(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK)  # [1] 3633
which.max(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK)
# [1] 3632
# compute posterior PDF for S: convert the AW-EHC posterior using the Jacobian & integrate out Kv

pdf.Lew14.S5G_61_10= rowSums(array(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.150.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5G_61_10= pdf.Lew14.S5G_61_10 / sum(pdf.Lew14.S5G_61_10) / S_div

pdf.Lew14.S5J_01_10= rowSums(array(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.110.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5J_01_10= pdf.Lew14.S5J_01_10 / sum(pdf.Lew14.S5J_01_10) / S_div

# restate the AW and EHC profile likelihoods in (S,Kv) coordinates by finding interpolated values in that space

aw.proflike_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw.proflike_01_10_J13_SK= approx(x=1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2 )$y

ehc.proflike_63_06_SK= approx(x= 1:n.ehcval*ehc_div - 0.5*ehc_div, y= ehc.proflike_63_06, xout=pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2 )$y

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

proflike.aw_61_10_G13.ehc_63_06_SK= array(aw.proflike_61_10_G13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_61_10_G13.ehc_63_06_SK= apply(proflike.aw_61_10_G13.ehc_63_06_SK, 1, max) 

proflike.aw_01_10_J13.ehc_63_06_SK= array(aw.proflike_01_10_J13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_01_10_J13.ehc_63_06_SK= apply(proflike.aw_01_10_J13.ehc_63_06_SK, 1, max)

# plot the ECS PDFs

###################

S_maxPlot= 5

pdfsToPlot= cbind(pdf.Lew14.S5G_61_10, pdf.Lew14.S5J_01_10)[1:(S_maxPlot/S_div),]

profLikes=cbind(proflike.aw_61_10_G13.ehc_63_06_SK, proflike.aw_01_10_J13.ehc_63_06_SK)

lty= c(1,1)

lwd= c(3.5,3.5)

col= c(4,6)

par(mar=c(7,4,4,2)+0.2)

matplot(0:(S_maxPlot/S_div)*S_div, rbind(0,pdfsToPlot), type='l', xaxs='i', yaxs='i', lty=lty, lwd=lwd, xlab=' Climate Sensitivity ECS (K)', ylab='Probability density (K⁻¹)', cex.lab=1.3, cex.axis=1.3, xlim=c(0, S_maxPlot), ylim=c(-0.24, 0.8), col=col, xaxp=c(0,S_maxPlot, S_maxPlot), yaxp=c(0,0.75,3))

lines(c(0, S_maxPlot), c(0,0), col=1, lwd=1)

legend('topright', c('Gillett et al (2013)', 'Jones et al (2013)'), title='GHG attributable warming from:', bty='n', lwd=lwd, col=col, lty=lty, cex=1.3)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

######################

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=profLikes[,2:1], divs=S_div, lower=S_div, upper=S_div*n.S, boxsize=0.04, col=rep(rev(col),2), yOffset=-3.4, profLikes.yOffset=-0.19, spacing=1.1, lwd=rep(lwd,2), boxlty=c(1,1,2,2), whisklty=c(1,1,2,2), points=c(0.05,0.17,0.5,0.83,0.95), plot=TRUE), 2)

#Without +/- 20% forcing etc uncertainty added but with 1.333x EIV_to_TCR_G13 uncertainty 
################################################################
# Find effect of NOT adding an extra +/-33% additive uncertainty

################################################################ 

# Create the G13 1861-2010 attributable warming data, prepare it and add forcing uncertainty

############################################################################################
# Gillett et al 2013 [G13] 1861-2010 analysis multimodel estimates from digistising G13 Fig. 4(b) 

# AW: use EIV estimate for 1861-2010 attributable trend best estimates & 5-95% CI ranges

# EIV best AW est measures as 0.847 but 5-95% CI mid = (0.5675+1.1355)/2= 0.8515; use 0.85 (0.565,1.135) => standard deviation = (1.135-0.565)/3.29 = 0.173

EIV_G13= c(0.85, 1.135-0.565) 
# mid 0.85 K - used for scaling J13 uncertainty range

# Fig 7b % uncertainty ratio: obs TCR to EIV regression coef: set to 1 for NO added uncertainty 

EIV_to_TCR_G13= 1  # NOT sqrt(1 / 0.563)= 1.333

# Apply scaling factor to the G13 attributable warming trends to adjust for the actual global observed trend exceeding that reconstructed, due to treatment of missing data (and use of truncated T4 spherical harmonic + EOF bases). Scale up all CDF points

awScale_G13= 1.1

EIV_G13= EIV_G13 * awScale_G13

# scale the EIV uncertainty range by the EIV_to_TCR factor

AllUncAW_G13= c(EIV_G13[1], EIV_G13[2]*EIV_to_TCR_G13)

# specify AW PDF at 1000 values ranging up to 2.5 K

n.awval=1000

aw_max=2.5

aw_div= aw_max / n.awval

# compute AW values at fine interval CDF points and hence at random CDF points: assume normal dist

aw_qf_61_10_G13= qnorm(1:9999/10000, AllUncAW_G13[1], AllUncAW_G13[2]/3.29)


pr_cdf= 1:9999 /10000






# CDF points, from 0.001 to 0.999

pr_ran= max(pr_cdf)-min(pr_cdf)




#pr_ran=0.9998- treat as 1

pr_min= min(pr_cdf)






#pr_min=0.0001

p1=runif(50000000)*pr_ran + pr_min

tg_dis= approx(pr_cdf, aw_qf_61_10_G13, p1)$y


# AW at 50e6 random CDF points

# add forcing uncertainty, then truncating tg_dis at aw_max (discarding also -ve values)
# 10% 50-95% range (1/2 AR5's) adequate for GHG forcing uncertainty

# DO add 2x that (20%) extra for model uncertainty 

fc_ran= sqrt((0.1/1.645)^2 + (0.2/1.645)^2) 

round(fc_ran,3)






#0.136
p2= rnorm(50000000, 1, fc_ran)




# Gaussian forcing uncertainty

tg_dis= tg_dis / p2






#randomly shift each GHG warming

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

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

aw_pdf_61_10_G13= temp= hist( tg_dis, breaks=0:n.awval * aw_div)$density

# smooth the histogram slightly to give a good PDF, for AW values 0.00125 to 2.49875

aw_pdf_61_10_G13= lowess(aw_pdf_61_10_G13, f=0.0045)$y

# gives smooth, accurate match

matplot(cbind(temp/sum(temp)/aw_div, aw_pdf_61_10_G13), col=c(3,2), type='l', lty=1, xaxs='i', yaxs='i')

aw_pdf_61_10_G13= ( aw_pdf_61_10_G13 / sum(aw_pdf_61_10_G13) ) / aw_div
which(cumsum(aw_pdf_61_10_G13)> 0.5/aw_div)[1] * aw_div


# 0.935 

# compute profile likelihood for AW by sampling from AW values without added forcing uncertainty  and forcing uncertainty ratio (fur) values randomly, calculating their joint likelihoods and allocating them to bins numbered round(100 * aw/fur)+1, then finding maximum likelihood value in each bin, which represents the AW profile likelihood for that (bin no-1)/100.

# limit search to aw values in 0 to 2* observed value and to forcing uncertainty of +/- 3 standard deviations 

aw.proflike_61_10_G13= rep(0, n.awval)

for( aw in runif(1000, 0, 2 * AllUncAW_G13[1]) ) {


for( fur in runif(1000, 1-3*fc_ran, 1+3*fc_ran) ) {



if(aw < 2.50 * fur) {




aw.bin= round(aw / (fur * aw_div) + 0.5, 0) 




aw.den= dnorm(AllUncAW_G13[1], aw, AllUncAW_G13[2]/3.29 ) * dnorm(1, fur, fc_ran)




aw.proflike_61_10_G13[aw.bin]= max(c(aw.proflike_61_10_G13[aw.bin], aw.den), na.rm=TRUE)



}


}

}

# Create the J13 1901-2010 attributable warming data, prepare it and add forcing uncertainty
############################################################################################
# 5-95% range 0.50-1.14 K per text, width 0.64 K, mid = 0.82 K; 50% point from graph is ~0.84. Per G Jones 28Jul14, 50% point is  0.833574, 5-95% is 0.50332-1.14253 K, width 0.64 K, mid= 0.823. Treat as Gaussian with mid 0.83, sd= (1.143-0.503)/3.29 = 0.1945

WtdAv_J13= c(0.83, (1.143-0.503)) 

# Apply scaling factor to the J13 attributable warming trends to adjust for the actual global observed trend exceeding that reconstructed, due to treatment of missing data (and use of truncated T4 spherical harmonic + EOF bases). Scale up all CDF points

awScale_J13= 1.06

WtdAv_J13= WtdAv_J13 * awScale_J13

# Use the ratio of the G13 TCR uncertainty and EIV ranges to scale up J13 Weighted avg  uncertainty range (although not EIV based, J13 range accounts for model noise by using individual simulation runs)

AllUncAW_J13= c(WtdAv_J13[1], WtdAv_J13[2]*EIV_to_TCR_G13)

# compute AW values at fine interval CDF points and hence at random CDF points: assume normal dist
aw_qf_01_10_J13= qnorm(1:9999/10000, AllUncAW_J13[1], AllUncAW_J13/3.29)


tg_dis= approx(pr_cdf, aw_qf_01_10_J13, p1)$y


# AW at 5e6 random CDF points

# add forcing uncertainty, then truncating tg_dis at aw_max (discarding also -ve values) 
tg_dis= tg_dis / p2






#randomly shift each GHG warming

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

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

aw_pdf_01_10_J13= temp= hist( tg_dis, breaks=0:n.awval * aw_div)$density

# smooth the histogram slightly to give a good PDF, for AW values 0.00125 to 2.49875

aw_pdf_01_10_J13= lowess(aw_pdf_01_10_J13, f=0.0045)$y

# gives smooth, accurate match

matplot(cbind(temp/sum(temp)/aw_div, aw_pdf_01_10_J13), col=c(3,2), type='l', lty=1, xaxs='i', yaxs='i')

aw_pdf_01_10_J13= ( aw_pdf_01_10_J13 / sum(aw_pdf_01_10_J13) ) / aw_div
which(cumsum(aw_pdf_01_10_J13)> 0.5/aw_div)[1] * aw_div


# 0.88 

rm(  p2, p1, tg_dis )
# compute profile likelihood for AW by sampling from AW values without added forcing uncertainty  and forcing uncertainty ratio (fur) values randomly, calculating their joint likelihoods and allocating them to bins numbered round(100 * aw/fur)+1, then finding maximum likelihood value in each bin, which represents the AW profile likelihood for that (bin no-1)/100.

aw.proflike_01_10_J13= rep(0, n.awval)

for( aw in runif(1000, 0, 2 * AllUncAW_J13[1]) ) {


for( fur in runif(1000, 1-3*fc_ran, 1+3*fc_ran) ) {



if(aw < 2.50 * fur) {




aw.bin= round(aw / (fur * aw_div) + 0.5, 0) 




aw.den= dnorm(AllUncAW_J13[1], aw, AllUncAW_J13[2]/3.29 ) * dnorm(1, fur, fc_ran)




aw.proflike_01_10_J13[aw.bin]= max(c(aw.proflike_01_10_J13[aw.bin], aw.den), na.rm=TRUE)



}


}

}

# estimate ECS by first restating the AW and EHC PDFs in (S,Kv) coordinates
###########################################################################

aw_pdf_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw_pdf_01_10_J13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw_pdf_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2  )$y

ehc_pdf_63_06_SK = approx(x= (1:n.ehcval*ehc_div - 0.5*ehc_div), y= ehc_pdf_63_06, xout= pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2  )$y

ssq(aw_pdf_61_10_G13_SK)



# [1] 11874.47

: may vary
ssq(aw_pdf_01_10_J13_SK)



# [1] 11032.8 

: may vary
ssq(ehc_pdf_63_06_SK)




# [1] 6964.244

: may vary
which.max(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK)  # [1] 3632
which.max(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK)
# [1] 3631
# compute posterior PDF for S: convert the AW-EHC posterior using the Jacobian & integrate out Kv

pdf.Lew14.S5G_61_10= rowSums(array(aw_pdf_61_10_G13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.150.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5G_61_10= pdf.Lew14.S5G_61_10 / sum(pdf.Lew14.S5G_61_10) / S_div

pdf.Lew14.S5J_01_10= rowSums(array(aw_pdf_01_10_J13_SK * ehc_pdf_63_06_SK * jaco.Lew14.em7.110.43$detJ, dim=c(n.S,n.Kv)))

pdf.Lew14.S5J_01_10= pdf.Lew14.S5J_01_10 / sum(pdf.Lew14.S5J_01_10) / S_div

# restate the AW and EHC profile likelihoods in (S,Kv) coordinates by finding interpolated values in that space

aw.proflike_61_10_G13_SK= approx(x= 1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_61_10_G13, xout= pmin(Lew14.em7.dT.61_10, aw_max), rule=2 )$y

aw.proflike_01_10_J13_SK= approx(x=1:n.awval*aw_div - 0.5*aw_div, y= aw.proflike_01_10_J13, xout= pmin(Lew14.em7.dT.01_10, aw_max), rule=2 )$y

ehc.proflike_63_06_SK= approx(x= 1:n.ehcval*ehc_div - 0.5*ehc_div, y= ehc.proflike_63_06, xout=pmin(Lew14.em7.EHC.63_06, ehc_max), rule=2 )$y

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

proflike.aw_61_10_G13.ehc_63_06_SK= array(aw.proflike_61_10_G13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_61_10_G13.ehc_63_06_SK= apply(proflike.aw_61_10_G13.ehc_63_06_SK, 1, max) 

proflike.aw_01_10_J13.ehc_63_06_SK= array(aw.proflike_01_10_J13_SK * ehc.proflike_63_06_SK, dim=c(n.S,n.Kv))

proflike.aw_01_10_J13.ehc_63_06_SK= apply(proflike.aw_01_10_J13.ehc_63_06_SK, 1, max)

# plot the ECS PDFs

###################

S_maxPlot= 5

pdfsToPlot= cbind(pdf.Lew14.S5G_61_10, pdf.Lew14.S5J_01_10)[1:(S_maxPlot/S_div),]

profLikes=cbind(proflike.aw_61_10_G13.ehc_63_06_SK, proflike.aw_01_10_J13.ehc_63_06_SK)

lty= c(1,1)

lwd= c(3.5,3.5)

col= c(4,6)

par(mar=c(7,4,4,2)+0.2)

matplot(0:(S_maxPlot/S_div)*S_div, rbind(0,pdfsToPlot), type='l', xaxs='i', yaxs='i', lty=lty, lwd=lwd, xlab=' Climate Sensitivity ECS (K)', ylab='Probability density (K⁻¹)', cex.lab=1.3, cex.axis=1.3, xlim=c(0, S_maxPlot), ylim=c(-0.24, 0.8), col=col, xaxp=c(0,S_maxPlot, S_maxPlot), yaxp=c(0,0.75,3))

lines(c(0, S_maxPlot), c(0,0), col=1, lwd=1)

legend('topright', c('Gillett et al (2013)', 'Jones et al (2013)'), title='GHG attributable warming from:', bty='n', lwd=lwd, col=col, lty=lty, cex=1.3)

# compute/plot the CIs [Bayesian: credible intervals; profile likelihood: confidence intervals]

######################

round(plotBoxCIs3(pdfsToPlot[,2:1], profLikes=profLikes[,2:1], divs=S_div, lower=S_div, upper=S_div*n.S, boxsize=0.04, col=rep(rev(col),2), yOffset=-3.4, profLikes.yOffset=-0.19, spacing=1.1, lwd=rep(lwd,2), boxlty=c(1,1,2,2), whisklty=c(1,1,2,2), points=c(0.05,0.17,0.5,0.83,0.95), plot=TRUE), 2)

#With +/- 20% forcing etc uncertainty added but without 1.333x EIV_to_TCR_G13 uncertainty 
### ENDS ###

