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Radiocarbon calibration in R

R is an open-source programming language and environment for statistical computing (R Core Team 2014). R can be extended using ‘packages’ written in R and other languages, or subroutines created in R code for special tasks. It is possible to achieve a radiocarbon age calibration by storing a curve (e.g. Reimer et al. 2013) in memory as an array of data:   

IC13<-read.csv("intcal13.14c",header=F,skip=11)

To calibrate a date the following procedure can be used. For a 14C date µ±σ, it is reasonable to exclude the possibility that the sample dates to outside its 99.994% (4σ) confidence limit:


 (1)
This permits a region of interest, four standard deviations on either side of 14C age, to be selected from the calibration curve in R by indexing the ‘rows’ of the matrix that holds it. The probability density  of a calibrated radiocarbon date  for a given calendar year x can be calculated using the normal distribution’s density function:


 (2)

Thus to achieve a basic ‘row’ calibration, the following R code can be used: 

1 rowcal_basic<-function(date, sigma, calcurve) {   
2  curve<-calcurve[
       (calcurve[,2]<= (date+(sigma*4)) & 
        calcurve[,2]>= (date-(sigma*4)) ),]
3  calibrated<-curve[,1:2] 
4  calibrated[,2]<-dnorm(curve[,2],mean=date,sd=sigma)
5  calibrated[,2]<-calibrated[,2]/sum(calibrated[,2])/5
6 calibrated }

In line 4, the built-in R function ‘dnorm’, applies equation (2) for each value of x. Under equation (1) the density function equation (2) should be normalised so that its sum equals unity, which is approximated in line 5 by dividing each row in the array by five times their sum – the factor of five being the resolution of the IntCal13 curve in the Holocene and therefore requires adjustment for pre-Holocene dates (see below). The probability distribution function is then returned in a two dimensional array containing a list of calendar years with associated probability densities and can be visualised, e.g. plot(rowcal_basic(5000,30,IC13))

The resulting probability function is numerically identical to Bchron, which computes the probability densities using the t distribution (Parnell, forthcoming) and sees widespread use (e.g. Crema et al. 2016; Drake et al. 2016; Porčić et al. 2016). If wanted, the curve can be smoothed post-calibration using a smoothing spline (Hastie and Tibshirani 1990).

However to match the output of OxCal (Bronk Ramsey, C 2009) or Calib (Stuiver and Reimer 1993) the uncertainty of the calibration curve needs to be taken into account. This is achieved by applying equation (2) to two arrays, once for either side of the standard deviation of the calibration curve, and finding the average. To do this in R, line 5 above is replaced with the code below, where (H+L)/2 represents the probability density. This code also demonstrates how the correct normalisation condition for any calibration curve can be calculated from the data, storing the result in and a new variable “Res”.

H<-dnorm(curve[,2]+curve[,3], mean=date, sd=sigma)
L<-dnorm(curve[,2]-curve[,3], mean=date, sd=sigma)
ol<-length(curve[,1])
Res<-(-(curve[,1]-curve [1,1])/ol-1))[ol]
calibrated[,2]<-(H+L)/2/Res/sum((H+L)/2)

This function matches almost exactly the outputs of OxCal and Calib for the Holocene, and closely corresponds to their output for earlier dates (Figure S1). The function can easily be adapted to work with different calibration curves or indeed mixed models. A version of the function, rowcal, is supplied as further supplementary R code. The confidence limits of the calibration can be obtained by various methods, most simply and elegantly by using the highest-density region function in the R package ‘hdrcde’ (Hyndman 1996). An exhaustive discussion of all the possibilities of working with chronological probability distributions in R is well beyond the scope of this paper, although some further utilities described below have proved useful when working through archives of chronological information.
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Figure S1: comparison of ‘rowCal’, OxCal, Calib and Bchron for a 14C date 5000±40 BP calibrated using the IntCal13 curve
 

Weighted mean 

The weighted mean (), of a radiocarbon probability distribution function can be calculated using the equation


 
where w are ‘weights’ calculated using the ratio of the probability density for a year x and the maximum probability density for any year of the calibration. This may be calculated in R, e.g.:

D<-rowcal(5000,40,IC13)
sum(D[,1]*D[,2]/max(D[,2]))/sum(D[,2]/max(D[,2]))

Which, for the above example (5000±40 14C BP) returns the “answer” 5738 cal BP. 

Sampling from a probability density function

[bookmark: _GoBack]To undertake the Monte Carlo method for ‘bootstraping’ a Gaussian KDE that incorporates information from the calibration curve, or as a first step in algorithms designed for Bayesian analysis, it is necessary to sample a ‘year’ from the probability distribution of calibrated dates. This can be done in R by calculating the cumulative probability function, and normalising it to unity (see Figure S2). A linear approximation of this function, sampled at a random point between 0 and 1 thereby draws a data point (a year) from the calibrated date range, and does in a way that responds to the probability structure of the calibrated date (i.e. consider the x-axis in Figure S2, right). In R, therefore, the following function draws any number of samples (default of one) from a calibrated 14C date:

rowcalsam<-function(date, sigma, N=1, ...) {
  g<-rowcal(date, sigma, ...)
  random.points <- approx(cumsum(g[,2])/sum(g[,2]),g[,1],runif(N))$y
  random.points
}
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Figure S2: a 14C date’s calibrated probability distribution function (left) and inverse cumulative probability function (right)

Summed probabilities

To produce a cumulative radiocarbon probability in R, two steps can be used; firstly, the calibrated radiocarbon probability densities can be transposed, using the R function t(), and stored in a data frame that also can contain metadata about the site or sample (e.g. Table S1).

	Date ID
	Site type
	Easting
	Northing
	Material dated
	4000
	3995
	3990
	…
	3800

	LAZ-2601
	Burial
	302165
	306757
	Charcoal
	0.000
	0.001
	0.002
	
	0

	LAZ-2602
	Burial
	302165
	306757
	Cremated bone
	0.000
	0.000
	0.001
	
	0.001

	SUM
	
	
	
	
	0.000
	0.001
	0.003
	…
	0.001



Table S1: Example row from a space-time matrix, here containing columns for every five years between 4000 and 3800 cal BP or cal BC

Secondly, the columns of the matrix are summed using the built-in function “colsums”. This produces a two-dimensional vector that can be plotted as a time series. It is possible to select what rows of the matrix to sum based on the metadata, or compute different time series for multiple datasets and compare them on the same graph. Including information about the material dated allows for the automatic selection of the most appropriate calibration curve, e.g. Marine13 for fish bones, etc. Suggested functions for achieving this, together with example data are provided in the supplementary electronic dataset 2.

Gaussian Kernel Density Estimation using a Monte Carlo process

The first step in estimating the Gaussian kernel density of a set of radiocarbon dates (described in section 2.4.1 of the main paper) is to obtain a list of radiocarbon determinations whose temporal distribution addresses a research question of some kind. To plot the density using the Monte Carlo process, this data is sent to the following function as a two-column matrix of numbers, containing the radiocarbon date BP and its standard deviation.

MCdensity_simple<-function(DATA,N=500,col=rgb(0,0,0,0.01),add=F,bw=25,...) 
{
    if (!add) plot(density(MCsam(DATA),bw,na.rm=T),col=NA,...)
    for (P in 1:N) lines(density(MCsam(DATA),bw,na.rm=T),col=col)
}

MCsam<-function(L, ...) {
   O<-c()
   for (N in 1:length(L[,1])) O[N]<-rowcalsam(L[N,1],L[N,2], ...)
   Ondbandwidth

The helper function, MCsam, simply samples from each radiocarbon calibration’s probability density using the rowcalsam function described above and returns this as a vector (note that these are hard-coded to use the default calibration curve, although this could easily be changed). The Gaussian Kernel density is estimated by the built-in R function density() (Silverman 1986). The Monte Carlo process is essentially the iterations provoked by for (P in 1:N) … By default, the input data is calibrated and sampled 500 times, and a kernel density estimated for each of these iterations. There is plenty of scope to optimise these functions, although the process only takes a few minutes to run on modern computers even with large input data sets. The supplementary R code contains a much more flexible and powerful version of this function, MCdensity(), which outputs a matrix of density estimations that can be used in statistical tests, and contains S3 methods for interfacing with R’s plot() and summary() functions. Typically, convergence (the difference between the mean KDE after each run and after many runs) is achieved quickly, after about 50-100 runs (Figure S3). If very robust results are required, the process can be set to run for many more iterations. There currently no built-in check for convergence (see comments in the supplementary R code), but this could be easily added to the programme.
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Figure S3: Convergence of the Mean KDE after each Monte Carlo run compared to the Mean KDE across 500 iterations

The following list of typical prehistoric radiocarbon dates were used to test the differences between  the KDE_Plot command in OxCal 4.3.2 and MCdensity(): 4308±56; 4286±49; 4263±33; 4237±30, 4215±31, 4208±73, 4195±28, 4186±65, 4184±33, 4182±37, 4177±36, 4168±38, 4162±35, 4161±45, 4150±45, 4147±31, 4140±39, 4136±30, 4133±41, 4131±25, 4131±29, 4130±33, 4129±39, 4128±29, 4124±64, 4118±33, 4109±34, 4107±37, 4106±35, 4102±30, 4099±27, 4076±42, 4069±33, 4068±46, 4066±27, 4065±26, 4061±37, 4061±50, 4048±40, 4047±32, 4047±39, 4043±27, 4039±39, 4039±29, 4036±30, 4036±27, 4034±36, 4033±27, 4032±31, 4032±34, 4031±32, 4031±36, 4023±26, 4018±40, 4017±31, 4009±30, 3995±54, 3989±38, 3987±27, 3986±34, 3983±48, 3970±25, 3963±32, 3962±50, 3955±31, 3953±42, 3952±55, 3947±32, 3942±28, 3940±36, 3926±28, 3923±32, 3904±30, 3903±31, 3893±28, 3877±32, 3858±36, 3857±36, 3849±26, 3846±33, and 3842±28. The results appear in Figure S4. The OxCal output, derived from the Markov-Chain process described by Bronk Ramsey, Christopher (2017) falls entirely within the bootstraped ±1σ envelope of the MCdensity function for these data, using a 30 year bandwidth. Although unable to work within phase bounds and other prior information, the fact that the MCdensity function hundreds of times faster than OxCal may encourage readers to use it for exploratory work. 
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Figure S4: Comparison between MCdensity and the central trendline in OxCal’s KDE_plot. The OxCal plot has been rescaled by dividing the OxCal ‘probability density’ by the number of dates (81)


Simulation and model building

Simulating sets of radiocarbon dates involves ‘reverse calibrating’ or looking to the calibration curve and selecting a plausible radiocarbon age measurement for a given calendar date. The following function achieves this in R:

revcal<-function(N, calcurve, BC=TRUE) {
 out<-NA
 if (BC) {
   calcurve$BC<-1950-calcurve$calBP
   out<-calcurve[
which(abs(calcurve$BC-N)==min(abs(calcurve$BC-N))),2]	  
   }
   if (!BC) out<-calcurve[
which(abs(calcurve$calBP-N)==min(abs(calcurve$calBP-N))),2]
 out
}

By setting BC to FALSE the function reverse calibrates a cal. BP date rather than a cal. BC one. Using this function for 4000 cal. BC, revcal(-4000,IC13) returns the ‘answer’ 5234 14C yrs BP.

As discussed in the main paper, one of the advantages of the Monte Carlo Gaussian density approach is the ease that models can be formulated and tested against data. There are two possible methods for model building, namely through defining a mathematical equation, or by supplying data that traces out the model from which a distribution of radiocarbon dates will be simulated. An example of an application of the equation method is the taphonomic exponential decay function of Surovell et al. (2009):



Where Nt is the expected relative number of dates for time t and the correlation coefficients are a=5726442, b=2176.4, and c=1.3925309. To implement this in R:

t<-c(0:10000)
Nt<-5726442*(t+2176.4)^-1.3925309
mod<-list(x=1950-t, y=Nt)

For data-based models, the data can be read from a file. Turning once again to the  Black Death example, a time series describing the population of Europe is held in the file Black_Death.csv, which is read into R then smoothed to even out the sampling interval:

bd<-read.csv("Black_Death.csv",head=F)
mod<-approx(x=bd$V1, y=bd$V2, xout=1000:1700, rule=2)

Alternatively, the model can be defined by clicking with the mouse cursor over the current plot window (right-click to finalize):

model_raw<-locator(100)
mod<-approx(x=model_raw$x, y=model_raw$y, xout=1000:1700, rule=2)

The function drawmodel() in the supplied supplementary R code can be used instead. At this point, in all cases, the R object mod is now an x-y trendline defining the model. To randomly sample, reverse-calibrate, re-calibrate and compute the Gaussian KDE, the following function can be used, which uses the revcal function discussed above to calibrate a radiocarbon date with a random error term between 25 and 40 years. 

MCsimulate<-function(mod,Nd=1000,...) {
   S<-approx(cumsum(mod$y)/sum(mod$y),mod$x,runif(Nd))$y
   # by default 1000 random simulated dates drawn from ‘mod’
   S<-S[!is.na(S)]
   datelist<-matrix(nrow = length(S),ncol=2)
   datelist[,1]<-sapply(S,'revcal')
   datelist[,2]<-sample(25:40,length(S),replace=TRUE)
   out<-MCdensity(datelist,...)
   class(out)='MCd'; return(out)
}

GIS analysis of radiocarbon data with R, MapTools and GRASS GIS

Vector animated map

The first step in creating an animated radiocarbon map is to define a large matrix that holds the probability density functions of each radiocarbon date on the map, aligned by year. The additional supplementary R code contains a function, time_matrix that does this; its input is a data frame, with at least three columns containing the lab id, and the radiocarbon determinations (mean, s.d.), and any number of other columns containing metadata about each radiocarbon date (location, sample type, context). This metadata is transferred to the output matrix, with also contains the calibrated radiocarbon dates aligned on each five year interval. From these data, the frames of the animated map are drawn.

In the following example, the spread of the Neolithic in Europe (Pinhasi et al. 2005), a relatively straightforward animated map is considered. The ‘maptools’ R package (Bivand and Lewin-Koh 2016) makes plotting maps from the ubiquitous ‘shapefile’ format straightforward. Quality coastline data is freely available from the internet with no restrictions on its use (e.g. http://www.naturalearthdata.com). 

Firstly, Pinhasi et al.’s data was arranged in a spreadsheet so that the columns from left to right were sample ID, age BP, lab error, Latitude and Longitude. This was read into R:

pin<-read.delim('clipboard') 
# or pin<-read.delim(pipe('pbpaste') on macOS)

Then a shapefile from NaturalEarth.com was saved to the working directory and read using the maptools package:

library(maptools)
earth<-readShapeSpatial('simple_coast.shp')

The calibrated probability distributions are then added to the data. Also computed is a KDE:

stmap<-time_matrix(pin)
dens<-MCdensity(pin[,2:3])

The fifth and fourth (longitude and latitude) columns contain the site locations that become the x- and y-axes on the plots. We need to know the start and end dates of the output map: 

Now the each frame of the map is written to a page in a pdf file containing (in this case) 1289 ‘pages’. The for() loop in the following code plots a dot for each date if a threshold probability density (0.002) is passed. The size of the dot is scaled from the probability density of each date per year. Below the frame for each year, a summed probability plot is made, overlayed with a kernel density confidence interval. 

pdf("test_animated_map.pdf")
layout(as.matrix(c(1,1,1,1,2,2)))
for (y in 200:1489) { # i.e. the interesting region of time
	par(mar=c(0.25,2,2,2))
	plot(earth,xlim=c(-10.5,35), ylim=c(28,49)); box()
	title(main=paste(-as.numeric(colnames(stmap[y])),"cal. BC"))
	l<-length(stmap[,1])
	for (n in 1:l) 
if (stmap[n,y] > 0.002)              points(stmap[n,5],stmap[n,4],pch=16,cex=35*stmap[n,y]^0.5,col=rgb(0.8,0.2,0.2,0.5))
	par(mar=c(3,2,0.25,2))
      psum(stmap,xlim=c(-10000,-3500),ylab="")
      plot(dens,add=T,col=rgb(.3,.3,.3,.4),scalefactor=nrow(pin))
      abline(v=as.numeric(colnames(stmap[y])),col="red",lwd=2)
}
dev.off()	

Animated heat map

There are three steps to calculating the animated heatmap using R and GRASS GIS discussed in the main paper. Firstly, the radiocarbon data need to be collected and calibrated, which I in this example is done in R using the same ‘time_matrix’ data structure used by the vector animated map and summed probability routines described above. In the burnt mounds in Ireland example, the R object holding this information was called Fmap, e.g. Fmap<-time_matrix(Data). Secondly, for each frame of the animation, this table this queried so that only entries exceeding a probability theshold are included in the output. These are written to a series of files containing a list of co-ordinates, from which the spatial kernel density is estimated. A complicating factor is that the GRASS programme that plots Kernel Density maps, (v.kernel) does not currently have the capacity to cope with a weighting or count field, so a number of iterations of identical points for each radiocarbon date must be written; the exact number being a reflection of the probability density of each radiocarbon date for a given year. In the code below, the number of iterations is 1000 times the radiocarbon probability density.

count<-0
for (Y in seq(-3000,-100,5)) {
  count<-count+1
  NN<-as.character(Y)
  pointlist<-Fmap[Fmap[,NN]>0.0025 , c('E','N',NN)]
  L<-length(pointlist[,1])
  if (L>0) for (N in 1:L) {
  	P<-round(pointlist[N,3]*200,0)
  	if (P>1) 
for (S in 2:P)
pointlist[length(pointlist[,1])+1,]<-pointlist[N,]
  	}
  write.csv(pointlist[,1:2], paste("F",sprintf("%04d",count),".csv",sep=""),row.names=FALSE)
}

Now 581 individual co-ordinate lists, from which site density can be estimated, exist for every 5 years between 3000 and 100 BC (these are written to disc in the current directory). 

The third step in the process is to perform the density estimation and draw the map for each frame. This need not be done through R, as any scripting environment will work, but for consistency the following is R-based. As discussed in the main paper, it is important to compute site density relative to an overall risk surface, to control for sample density. This must therefore be calculated first, by extracting the unique sites from the list of dates then calling GRASS, inputting these co-ordinates and creating an output raster called All_F_sites. In this example, the standard deviation of the kernel is set at 20km, meaning each pixel in the output will be more strongly influenced by activity within that distance. The first two calls to GRASS modules (g.region and r.mask) sets-up the spatial extent of the working environment and ‘masks’ all subsequent output to coastline data that had already been imported into the GRASS mapset.

List<-unique(Fmap[,c('E','N')])
write.csv(List,"F_SitesList.csv",row.names=FALSE)
system("g.region w=-200000 e=200000 s=190000 n=640000 res=1000")
system("r.mask input=Brit_Ire_Simp_mask@PERMANENT")

system("v.in.ascii input=F_SitesList.csv output=All_F_Sites fs=, skip=1 x=1 y=2")
system("v.kernel input=All_F_Sites@PERMANENT output=F_density stddeviation=20000")

We can now draw each map frame, using the hundreds of individual co-ordinate list files. These are divided by the overall risk surface using raster algebra in GRASS (r.mapcalc). The map is actually drawn by the GRASS cartography module ps.map, using a template saved to file called ‘map_template_x.map’ that reads:

 paper 
 	width 6
 	height 6 
 	left 0 
 	right 0 
 	bottom 0 
 	top 0 
 	end 
 vareas Brit_Ire_Simp@PERMANENT 
   width 0.5 
   color black 
   fcolor none 
   end 
 text -120000 600000 XXXX 
    ref center left 
    end 
 raster temp_d@PERMANENT 
 border n
 end 

The label in this example is written by changing XXXX above to a text string indicating the year; in the following this is done for each frame using the standard UNIX stream editor sed and the output piped into GRASS (therefore will only work on Linux, macOS, or Windows 10 with the Linux subsystem). The individual frames are saved to a directory called ‘finished’. This calls helper programmes to manipulate the output (epstopdf and pdftk) which allow a final pdf containing the animation to be written.

for (N in 1:581) {
	Y<--3000+5*(N-1)
	yeartext<-paste(-Y,'cal. BC')
	system(paste("v.in.ascii --overwrite input=F",sprintf("%04d",N),".csv output=temppointlist fs=, skip=1 x=1 y=2",sep=""))
	system("v.kernel --overwrite input=temppointlist@PERMANENT output=temp_k stddeviation=20000")
	system("r.mapcalc 'temp_d = temp_k@PERMANENT / F_density@PERMANENT'")
	system("r.colors -n map=temp_d@PERMANENT color=ryb")
	system(paste("cat map_template_x.map | 
                    sed -e 's/XXXX/",yeartext,"/' | 
                    ps.map -e output=../finished/",sprintf("%04d",N),".eps",sep=""))
      system(paste("epstopdf ../finished/",sprintf("%04d",N),".eps",sep=""),wait=FALSE)
}
system("pdftk ../finished/*.pdf cat output ../AniHeatmapF.pdf")

In the example of the Irish burnt mounds, each frame took a modestly specified computer (2012 Intel core i7 machine with 32GB RAM running Ubuntu Linux) approximately one second. The relative ease and speed that similar animated heat maps can be produced (e.g. for different cultural phenomena, or for all dates in a region taken together) is encouraging, as animations such as this can be made as a matter of routine in the exploratory analysis of large and complex datasets.
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