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you are sitting on the terraceof Lake Mondota at the
Memorial Union of the University of Wisconsin
Madisondrinking the SpottedCow andtaking a bit at a
Wisconsinbrats Cometo join us The third meetingis
theGe o mo r p h2018te lie held in Nanjing, China,
betweenOctober16-20, 2013 Althoughit is not strictly

Tomorrowis December21st, 2012 on which one  a soils conferencebut digital terrain analysisis a key
of the three Ancient Ma y a wateddar,the Long  elementin pedometricsand digital soil mapping and
Count Calendar,will completea major cycle Some  many of active playersin pedometricsare also key
peoplehaveclaimedthat the datesignifiesthe end of playersin geomorphometryYou might find somenew
the world. There are many reasonsthat state this  friendsthere,too. BesidesNanjing wastentimescapital
cannotbe true Pedometricscan contribute at least  in history andis quite a placeto visit. Theseand other
three meetingsare just enoughto stopthe world from coming
toanend

DearFellow PedometricianandFriends,

The first is the wonderful storiesin this issueof
pedometronsranging from the spatializationof sins Thethird reasoris aboutthe climatemodelersvhom
reported by Budiman and Alex, to guessingthe  we, the pedometriciansneedto work on to stop them
variogramby Alex and his company,to Spikingto  from bringing the world to the end | haveto continue
improve by Budiman and his contributors, to  thisin the nextissuebecausé amoutof spacehere
Mu r r pigcéon Alan Turing the foundingfigure of
digital computing D a v i ibdkgeviewon A Fi e Ibgt
Sampling for  Environmental Science and
Ma n a g e hydelsterandLark keepsusin check
with recent monographs in this field. The
Pedomathemagices always challengingand fun to ~ Merry ChristmasandHappyNew Years!
re_adandto Worlf on. Th('awor_ld cannqtcometo ar_l end A-Xing Zhu,on Decembe0h, 2012in Beijing, China
without these interesting, informative, fun pieces
beingreadfirst.

The Long Count Calendarcompletesa major cycle

the world will not stopherebecausat will continue
at leastfor anothermajor cycle over which Pedometrics
will playamajorrole.

Inside this Issue
The seconds the exciting eventsto comein 2013

for pedometriciansin addition to many of the soil From t he Chair é é
science society meetings in  many countries,
pedometricianshave three major events to look Did you miss this
forward to. The first is our own meeting, . o
R R L R eI Have a gé guess theariograne e .
2013 This is thefirst time for pedometricio move .

into Africa. Many peopleare looking forward to this To Spl k e or not t
meeting The secondmeetingis the IUSS Global Soil
CarbonConferenceo be heldin Madison Wisconsin,

Alan Turing, Statistics anBedometrics
3-6 June 2013 The PedometricsCommissionwill €é.eeé. . eceeeée. . e

host a sessiontitled fiPedometrics Understanding, . =
mapping, measuringand monitoring soil carbonin B O_O k Rev _I ew on hF
spaceandt i mleedicouragepedometriciango take Environmental Science and

active partin this meeting Besides Madisonin June Management 0éééeécéé
is not only beautiful but also pleasant Imagine
yourself in shorts and slippers with soft (not just Pedomathemagicaé ¢ e ¢ ¢ . . é
gentle)andcoolwind caressingrour skin while
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Did you miss this?Sin spatialised

By BudimanMinasny& Alex. McBratney

The University of Sydney

While pedometriciansare busy with digital soil
mapping, researchersfrom the Department of
Geography at Kansas State University recently
illustratedthatmappingcanbeintriguing by analysing
the spatial distribution of the seven deadly sins
Published in the  Journal of Maps
(http://www.journalofmapsom/) in January 2012
authors Mitchel Stimers Ryan Bergstrom, Thomas
Vought, and Michael Dulin undertook the task of
mapping the sevendeadly sins at the county level
within the Midwest region of the United States The
authorsfitook a differentapproach,an approachthat
is sadly all too often forgotten in academiaand
scholarly pursuits in general, and that is one of
intellectual curiosity.0 Perhapspedometriciansould
start emulating this approach The authors added
fi s uredearchmay not solvethew o r lilld, dout if
nothingelse,it bespeak®f the possibilitieswhich are
inherentin the spatialsciences.

Each of the sinful elements Sloth, Greed, Envy,
Gluttony, Wrath and Lust were calculatedbasedon
interestinginterpretationf existing sociologicaland
economicdata In anotherinterestinginterpretation,
Pride, the A g r e aancesrt ¢ oft dll sins, was
calculatedas an aggregationof eachof the sins and
representghe total sinfulnessof a given county or
region

The authors also performed a hotspot analysis,
showing areas of high, moderate,or low values
through Gi* analysiswhich calculatesthe Z-score
The mapswhich canbe downloadedromthea ut h o r
website
(http://www.hazardgeographeom/7_sinshtml)
showed that the area including and surrounding
KansasCity, Missouri, hasaboveaverageGI* results
(> 1.65 standarddeviations)for six of the sevensins
Areas including and surroundingSt Paul, Madison,
KansasCity, Omaha,Lincoln, des Moines all show
aboveaverageGl* resultsin Greed (Theseare all
universitytowns!)

The authorsalso have mappedthe sevendeadlysins

in the USA. Figure 1 showsthat Wrath and Pride

occurredmostin southernUSA. Exceptfor Florida,

the areasare dominatedby the heavily weathered
Ultisols. The results are interesting,and reasonably
convincing Canpedometricianslo a betterjob on this

sincethefirst sin wasdoneon soil? #é , cursedis the

groundfor thy sake in sorrowshaltthoueatofit all
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the days of thy lifed. Finally, thereis nothingin the
reporton uncertainty,andsomeof usthink thatis the
biggestsin of all. But of course Jet hewho is without
sin castthefirst coarsedragment

Figure 1. Hot spotsfor PrideandWrath in the USA,
with valuescorrespondingo the Z score Red areas
indicatea standarddeviationof 1.65 abovethe mean,
blue areasndicatea standarddeviationof 1.65 below
the mean,and neutral colouredareasindicate values
near the mean Used with permissionfrom Mitch
Stimers otherwisewe would havecreatednoresins

Reference

Stimers M., BergstromR., Vought, T. andDulin, M.
(201) PublishedVap. In Stimers M., BergstromR.,
Vought, T. and Dulin, M. (2011 Capital Vice in the
Midwest The Spatial Distribution of the Seven
Deadly Sins, Journal of Maps v2011 9-17.
http://dx.doi.org/10.4113jom.20111133



Have a go- guess thevariogram

By Alex. McBratney BudimanMinasny Brendan Malonge

The University of Sydne

On August 28th or thereaboutsat a meeting in

Lincoln, Nebraskaboutestimatinguncertaintyfor the
GlobalSoilmapprojectGerardHeuvelinkremindedus
that to achieve more sophisticated uncertainty
estimatesve would at somestageneedto know the
variogramof a soil propertyfor a mapunit or anarea
of interest Oftenin reality we may havelimited data
to do this so we needsomeexpertway of doing it.

Alex. saidthathe hadfor someyearshadaninformal

way of doing this and he scribbledthe following on

the board(in his fairesthand,which we know is not
all thatflash)

As thisis largelyillegible we reproducet thus

1(h)=6+{(R/m)?-6?))/10g10(D)}log,,(h)

semivariance

o2

C Iloz;n(D; '
logy,(lag (h))
where 0,2 is the measurementerror of the soil
property R is the range of data within mapping
domain (maxmin) and D is the mean circular
diameterof themappingdomain

Basically it is basedon a belief that soil properties
d o rhéverealsills (justa productof the finitenessof
areaf observationandactuallythis makedlife alot
easieri andw e 6all for an easierlife. So for a soil
propertyi we havea roughideaof the measurement
error (methoddependenbf course)i we cantie that
to say 1 m or somesmall lag unit of distance The
other information we needis the range of the data
within a map unit or areaof interesti | e saywe
know the maximum and minimum value, we then
know the range (R) and a simple estimateof the
varianceis (R/m)?, wheremis the numberof standard
deviationsthat the datarangeroughly correspondso,
and this correspondsoughly to a lag equal to the
equivalentirculardiameterof themapunit or areaof
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semivariance
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interestof areaA, D = 2sqrt@/"). If mis basedonfew
observationsthenm = 4. (If m is basedon many
observationsthenm = 6 but if you havethis many
observationsthen you can probably estimate the
variogramin the normal way.) We now draw a line
from {1, log,,(0,2)} to{D, log,((R'm)?)}. This s the
de Wijsian variogrammodel a(h) = {,2+{( R/m)2- {,2
Nog,((D) } T,khp .gThe use of the De Wijsian
model for soil propertiesis suggestedn Figure 1,
McBratney A.B. (1992 Australian Journal of Soil
ResearctB80, 913935 If thelag is nowdrawnonthe
linearscaleof distancet appeargo havea pseudesill
atanyscale Thisis justaroughmodelto getstarted
d o naéstimewe know nothingi in fact believeyou
know quitea bit.

Hereis an examplefor topsoil pH (0-10cm) from the
Huntervalley, NSW, Australia,the measuremergrror
is about0.02 pH units squaredthe areais about210
kmZ, soD is about16 km. Thevarianceatlagh=D =
((7.9-4.9)/4)> = 0.6. The range R comes from an
observedmaximum of 7.9 and a minimum of 4.8
basedn 30 observationsThis produceghefollowing
variogram (black line) i which we comparewith a
variogram basedon & 1400 data points (red line)
(Figureleft immediatelybelow)
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Not too bad Guessingthe shortrange or nugget
varianceis tricky i the semivariancdor the shortest
lag from the 1400 observationsis close to our
modelledvalue(right graphimmediatelyabove). You
can consult Pringle & McBratney (1999 Precision
Agriculture 1, 125152 for a nugget variance for
somesoil propertiesor usethe measuremengrror or
the measurementrror times two to add in some
spatialvariance Reportednuggetvariancesfrom our
community for a range of soil propertieswould be
useful here Try this out for your own area and

properties you mightbesurprised



To spike or not to spike?

By Budiman Minasny andontributors

Introduction
BudimanMinasny(TheUniversityof Sydney)

A methodcalledé s p i hkaisbeenproposedin the

recentsoil scienceliterature It appearsmainly in

papersaboutcalibrationfor soil infraredspectroscopy,
but it hasbeensuggestedhat it could be appliedto

other pedotransferfunctions or predictive models
moregenerally

Spiking is concerned with the development of
predictionfunctionsthat were calibratedon soil data
from a regional or broader set for use in a local
area Prediction functions generated from data
collectedat a regionalscalemay not performwell in a
local field. We havea large regionaldatasetelating,
for example nearinfrared spectrato soil carbon and
we want to use such datato producea prediction
function to usein a local area Spiking involves the
additionof a small numberof samplesrom the local
areato the largerregionaldatasetand the subsequent
re-training or re-calibrationof the model It hasbeen
suggestedhat model developedbasedon this spiked
or augmentediatawill providea betterpredictionfor
thelocal area It hasalsobeenproposedasa strategy
to combine local and more general datasetsfor
reducingthe numberof local samplesand achieving
morereliablepredictions

Several studies showed spiking improved the

performance when compared to prediction with

functionscalibratedfrom the regionaldataset, mainly

through a decreasen bias Some people suggested
that by addinga limited numberof local sampleshe

new model will cover the variation of soils not

capturedn thelargerandmoreregionaldatabase

A presenterat a conferenceonce said that after
spiking, the new model work miraculously for the
local area Do miracles happenin statistics? As
pedometricianswe needa rigorous analysisof how
andwhy beforewe canmakea conclusion We asked
severapedometrician$or their opinions

Comments

David Brown (WashingtorStateUniversity)

We have utilized 6 s p i Ini thre glévelopmentof
VisNIR calibrations and usually find improved
predictionsat a particularfield with the inclusionof a
few local samplesin the calibration As was notedin
theintroduction,improvementshroughspikingare
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usually (thoughnot always!) relatedto a reductionin

prediction bias | d o nthibnk there is anything
miraculous about the effectiveness of spiking

Chemometriomodelingis an empirical approachthat
relies upon a similarity between calibration and
prediction samples For any kind of empirical,
statisticalmodeling,interpolationis morereliablethan
extrapolation For thatreasonijt is standardorocedure
in NIR food and grain analysesto continuouslyadd
sampledo calibrationsetsas predictionsare madefor

new batches, locations or seasons The mineral
compositionof soils quite often variesfrom field to

field (particularlyat higherlatitudeswith greatersoil

mineral diversity), sowe s h o u lbalsorgrisedthat
soil-VisNIR calibrationsd o nabways transfer well

from field to field within a particularregion

It would be more costeffective and convenientf we
could minimize the number of i s p i ksamplgsd
required This could potentially be accomplishedoy
screeningnew samplesfor spectralsimilarity to an
existing soil-spectraldatabaséasis routinely donein
productionNIR labs) The challengefor this approach
is that (1) soil composition and spectra vary
considerablymore than most processedfoods (2)
sometimescompositionally different soils can have
similar spectra and (3) small spectraldifferencescan
potentiallyresultin major differencesin the predicted
response&ariable

As aresearctcommunity,we could alsodevotemore
effort toward the developmentof fundamentalsoil-
spectralrelationships For example,Roger Clark and
colleaguesat the USGS SpectroscopyLab (Denver,
CO, USA) havederiveda mineralidentification tool
baseduponthe measuremenf mineratspecificband
depths(adjustedfor albedq. The challengefor soil
scientistswould be that we generallydeal with much
more complicated mixtures and less well defined
materialghangeologists

Finally, it is worth notingthatsometimeave aremore
interestedn field-scalepatternsthan absolutevalues
of targetedsoil propertiesin thatcasea strongbiasin
predictionsfor a particularfield maynot be a problem
aslong asthespatialvariability is well represented

Bo Stenberg (Swedish University of Agricultural
SciencesSLU)

In our experiencespiking hasthe potentialto adjusta
calibrationfrom a regionallibrary to betterfit a local
predictionareawerethedependentariable for



To spike or not to spike?

example organic carbon or clay content may vary
enough but the geologicaland managemertistory is

basicallythe same Whatwe haveseernis thatthe bias
is what mainly is correctedfor and in caseswhere
thereis no bias spiking makeslittle or no difference
(Wetterlindand Stenberg2010. The relationship,or

ranking,betweerpredictedvaluesis markedlysimilar,

spiked or not The interpretationis that soils with

compositionalqualities, for examplemineralogyand
organic matter quality, not well representedn the
regional data set will show larger residuals in the
calibration If alocal datasedf this type is predicted,
then the result could be biased By spiking, this soil

type is betterrepresentedthe calibrationis adjusted
andtheresidualsarereducedseeFigurel).

‘o €)
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Figure 1. A graphicalrepresentatioron explanation
the effect of spiking The blue circles represent

David Clifford (CSIROMathematicaland Information
Services)

"Spiking" a large databasewith a small amount of
local data could well lead to an improvementin
inferenceat the local level but that dependson how
large,how small,andwhatkind of statisticalinference
is takingplace

Many nonspatial statistical models place equal
weight on all observationsby default,andin sucha
caseaddinga smallnumberof observationgo alarge
databasewill have little noticeable effect If the
addition is immediately noticeableit could be for

severalreasondut none of themare good The new
data could be outliers relative to prior information
(and vice versa) New data could also be points of

high leverageindicating the covariatespacescovered
by the databasendthe local areaare quite different

Such incompatibility betweeninformation indicates
that the useof the databasdor inferencein the new
areawould beinappropriate

For a processthat varies spatially, and for inference
procedureghat are flexible enoughto take advantage
of such spatial relationships,the use of additional
local data can be informative but good performance

6 r e g idataaad tide red circles representd | oc a l

data (a) A regional model was fitted to the data ~  5intainedn this newarea Thisis truefor full spatial
representedy the red line, (b) the regionalmo d e | 6 S oy yeisor evenfor modelswherea randomeffect is

performanceon local datawherea more 6 g e n e 1 a |;djspecifya local meanor trendterm If thatis all

Qill be reliant on the overall spatial propertiesbeing

modelmay not be suitable,(c) by addinga few known
local samples to the calibration(spiking) and
recalibrating the model, the bias of the model is
reduced

Thus,thereis nothingmiraculouswith spiking, but its
effect can be substantial on validation statistics,
especially if you compare with what is usually
achieved with various spectral transformationsor
calibrationalgorithms

Many issuesregardingspiking needto be elucidated,
for examplequestionsaboutthe methodof selection
and optimal size, and weight, of spiking sets It can
alsobe questionedf spikingis necessarilypetterthan
other alternatives In our study (Wetterlind and
Stenberg2010, we found that local calibrationwith

aslittle as25 calibrationsamplegypically performed
as good as or evenbetterthan a regional calibration
spiked with the same 25 samples There were,
however, indications that spiking might perform
almostequallywith fewer samplesAnotheralternative
couldbeto selectonly the mostsimilar samplesn the
regional datasetfor calibration, with or without
spiking
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thatis differentabouta newareathena smallamount
of datais enoughto makeimprovementsbut it will
dependntheprocessanddataquality.

Finally, any modelfor the new areathatis basedon a
smallamountof additionallocal datawill beevaluated
using evenfewer independentocal validation points
(or possibly via cross validation) Users should be
wary of overfitting in suchcasesand be scepticalof
miraculousmodelperformance

GerardHeuvelink(WageningetJniversity)

I had never heard of spiking until Budi askedme
about my opinion As | understandit is about the
choice betweenrelying on a large datasetfrom a
largerregionandrelying on a small datasefrom the
local studyareafor which predictionsareto be made
Spiking offers someadditionalflexibility to mix both
dataset@andassignweights,but essentiallyit is about
the tradeoff betweenthesetwo approachesThis is a
difficult problem becausewe know that in the real
world the stationarity assumptionis never truly
satisfied,which suggestghat we should use models
thatarecalibratedocally, butwe alsoknowthatin



To spike or not to spike?

caseof few observationamodel inferenceis poor. |
d o nthink there is a universal solution to this
problem, and although (cross)validation may be
usefulbecausét will tell which of thetwo approaches
works out bestin a practical case,it is not always
entirelyvalid andresultscannotbe generalized

Whencomparingmy personakthoiceswith thatof my
peersl think | tendto go more often for the global
approach For instance,l prefer global kriging over
kriging in a local neighbourhoodand | am quite
sceptic about methods such as moving-window
kriging and geographically weighted regression |
guessit is becausel prefer approacheghat use an
explicit statisticalmodelasa startingpoint for which
the assumptionsare clearly defined, and do the
inferenceand predictionin a way that automatically
follows from the model that is assumed The
advantagesof this are that ad hoc solutions are
avoided and that the assumptions behind the
predictions are unambiguouslydefined If data are
abundant | would obviously make use of the
opportunityandrelax the assumptiondy assuminga
more complex model, but I would keep the
complexitywithin limits suchthatthe resultingmodel
remainsestimable

In conclusion|] d o nthink spiking is a methodthat |
ameagetto usebut| do recognizets meritsbecausét
makesa lessrigorousstationarityassumption

Murray Lark (British GeologicalSurvey)

As | understandt spiking entailsthe augmentatiorof
a global calibration databasewith local observations
prior to the estimationof parametersof predictive
models It is saidthatthis hasimprovedthe quality
of predictionsn variouscircumstances

One might expect that predictive models with
parameters estimated from a calibration dataset
collectedin region A will generally be better than
modelswith parametergstimatedrom a global data
set for region A becausein many cases these
parametersnay vary with climatic conditions,parent
materialetc This i s rspking, however Spiking
entailsthe use of the global datasetbut the effectis
claimedto comefrom addingsomelocal observations
to this dataset It is saidthat this practicehasbeen
shownto work in anumberof casestudies

Statisticsis not an experimentalscience Thatis to
say, we do not establishwhat is sound statistical
practiceby empirical means We establishwhat is
soundstatisticalpracticeby theory We maythenuse
empiricalstudiesto establishfor examplewhether
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certain assumptions,such as stationarity in the
variance or a normal distribution, are generally
plausible in soil science or to establishsampling
requirementgor particulartasks,but thesestartwith a
clear theoretical framework in the light of which
informationcanbe deducedrom data Studieswhich
use spiking are different, they set out to establish
empirically that the spiking techniqueis appropriate,
andconcludethatit may be usefulon purelyempirical
grounds | would argue that the findings of such
studiesare plausiblebut do not establishthat spiking
is anacceptabl@ractice

In somecircumstancesomethinglike spiking might

be sensible Considera situation where we have
strongprior groundsto believethata soil variablez is

linked to anotherx by a linear relationship,and that

this relationship holds over a very wide range of

valuesof thetwo variables We mayhold onedataset
in which x falls in someinterval [X., , Xnad and

developa PTF (or spectralcalibration function) by

linear regression If we thenwantedto usethe PTF

somewherewhere for at leastsome observationsx<

Xmin thenwe know that adding someobservationsn

this range and refitting the PTF will improve the

precisionof predictions,that is becausehe expected
meansquare error of a linear regressiondepends
inverselyon the dispersionof the valuesof x in the

calibrationset,ascanbe seenin the standardormula
for the prediction error variance in any statistics
textbook An empirical studywould be usefulin the

light of this theory, becauseit would provide the

statisticsthatwe needto estimatethe gainin precision
from using some new observationsto refit the

regressionandso to decidewhetherit is worthwhile

But we would know why there was a benefit, and
know that there is a real benefit (it is not just a

coincidencdrom randomerrorin the formationof the

data set that we have) Furthermorewe benefitin

thesecircumstancedy reducingthe samplingerrorin

our estimatesof the regressionparametersnot by

reducing bias, so this is not the empirical effect
commonlyreportedn spikingstudies

In othercircumstancegve canseewhy somethindike

spiking might appeatto improvepredictions Saythat
the relationshipbetweenz andx in oneregionis best
describedy thelinearrelationshipz = a, + b,x, andin

a secondregion z = a, + bx. The two sets of
coefficientsmay differ becausef variousfactorsthat
differ betweerthe environments Now if our original
PTFis fitted to datafrom the first region, thenit will

do poorly at predicting for observationsfrom the
secondin sofar asthe parametersliffer. If we added
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some observationsfrom the secondregion then, in
generalwe would expectthe new PTFto be closerto
the function for the secondregion and so to predict
better However thatis aratherarbitraryeffect,andif
we really understoodwhat was going on we would
choseratherjust to fit the new PTF to datafrom the
region in which we now want to predict The

somewhatbetter performanceof the 6 s p i RT&d 6

would notjustify thespikingapproach

If we approachedhe developmentf PTFscritically,
then we would look at the distributions of the
predictorvariablesand the predictandsand examine
their functional relationships That would tell us
which of the two above situationspertainedin any
particularcase,and we would act accordingly,either
supplementinga commondata set (first case)or, in
the secondcase producinga new PTF for the second
region Oneof the manygoodreasondo avoid data
mining is the 6 b | -la @ skaureof the PTFsthat are
produced,which preventstheir critical assessment
Having saidthat,thevery leastthatwe shoulddo is to
examine the data distributions (predictor and
predictandl andavoidfitting PTFsfor usein onedata
set with observationsn a very different part of the
predictorspace

In short, the spiking effect is not surprising, but to
deduceas many have,that spiking is the solution, is
to fail to think critically about what is done in
statisticalprediction

Summary

We have read the comments from a couple of
proponenton spiking andthreeotherswhich are not
so keenon the method Proponent®f spiking mainly
usedit for soil infrared spectralcalibration, with the
aim to reducethe number of samplesneededfor
calibration They observedthat there is generallya
reductionin biaswhenthelargerdatabasevasspiked
However Bossealso observedthat spiking doesnot
alwayswork andthat smalllocal calibrationsmay do
abetterjob.

The questionremainshow andwhy it works Murray
warnedthat this could be just an arbitrary effect, and
we shouldfirst understandv h a gjodgon ratherthan
try andsee While in spatialprediction,local datamay
be useful for additional improvement, the use of
spiking is mainly for nonspatial calibration As
pointedby David Clifford, in mostcalibrationmodel,

addingfew sampledo alargerdatases h o u maka 6 t

a differenceto the calibrationmodelasthe weightsof
the spiked samples are quite small (only 1-5%)
comparedo theregionaldatasetUnfortunately
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mathematicalkpiking doesnot work like chemicals,
wherea small potentconcentratiorof a chemicalcan
affecta largervolumeof solution Thenthe question
is when there is a noticeable difference in the
calibrationfunction, thereis somethinggoing on. The
spiked samplescould be very different from the
originaldataset

In simple linear model, spiking can be explained
simply by looking at the covariate space of the

predictors, the relationship between the spiked
samples to the regional database Most spiking

techniqueis used in soil spectroscopicmodelling
where the model is a high dimensionalmultivariate
model While Partial Least Squaresmodel is still

linear, it is madeup of few hundredsof predictors,
and difficult to seeif the model overfits the data

Neverthelessve canstill examinethe covariatespace
of the predictors, by simply plotting the first two

principal componentsAs an examplewe see from

Figure 2, a plot of thefirst 2 principal component®of

soil near infrared spectra(Figure courtesy of Fan

Deng, Aarhus University). The black dots represent
the Danish national databasewhich containedabout
2800 samples,which were scannedunder dried and
groundconditions Thebluetrianglesarethe principal

componentsfrom the spectraobtainedfrom a field

called Vindum in Denmark, the 36 sampleswere
scannedin field conditions Spiking would involve

mixing the Vindum samplesnto the nationaldata We

canseethatthe two dataset®ccupydifferent partsof

the principal componentspace And the Vindum

spectraexhibit a large variation Doesit make any
sensdo combinethese? incompatibledatasetfioping
that it will make a better model? In this case,we

shouldremovethe effectof moisturefrom the spectra
Thereis achemometrigrocedurghatdoesthat

pc2 4 Absorbance

<> National

AVindum

PC1

Figure 2. Plotsof the first two principal components
of the nearinfrared absorbancespectra The black
diamondrepresentghe Danshnationaldataset(2500
samplesscannedn groundanddried condition) The
blue trianglesare spectrafrom a field called Vidum
(in Denmark)thatwerescannedn thefield condition
(Figurecourtesyof FanDeng,AarhusUniversity).
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In summary,while spiking works in somecaseswe
shouldbe critical andestablishgoodsciencebasedon
theoreticalgroundsWe s h o u bageutéempirically
by trial anderrorto seeif it works How will we know
it will work if we makea predictionon a new field
wherethereis no validation?We should at leastsee
where the predictorslay in the covariatespaceand
thenmakea judgement

References

Wetterlind J. and B. Stenberg(2010. Nearinfrared
spectroscopyfor within-field soil characterization
small local calibrations compared with national
libraries spikedwith local samplesEuropeanJournal
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Alan Turing, Statistics and Pedometrics

By Murray Lark
British Geological Surve

Pedometrorcannotet the
year 2012 pass without
noting the centenary of
the birth of Alan M.
Turing, the  British
mathematician  whose
contributions to the
~ development of digital
computationmake him a
founding figure of the
modernage Turingwasa

mathematicianand his PhD and associatedvork was
on mathematicalogic. His bestknown contribution
was on the Entscheidungsproblemattributed to
Hilbert: is there a definite methodin arithmetic that
canbe appliedto any propositionto decidewhetherit
is true? Turing tackledthis by developingthe concept
of computablenumbers A computablenumbercan
be obtainedby implementingwhatwe would now call
a programon a Turing machine a hypotheticaldevice
thatprocesseaumbersheldon atapethatservesasits
memory according to its particular configuration
(which may be changeddependingon the numbersit
finds). What Turing showedis that there must be

uncomputablenumbers, and this settled Hi | ber t

problem

Sofar, soabstract The pointwasthat Turing, despite
his interestin thesetheoretical problems,was also
deeplyinterestedn real machines Whenthe Second
World War broke out he becameinvolved in the
British ForeignOf f i @ngtdgsaphyschool,based
at Bletchley Park (not very far from Rothamstedto
the north of London) It soonbecameapparenthat
someof the propertiesof Turing machinescould be
realizedin very realcomputingmachineryandapplied
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to otherwiseintractablecryptographicproblems The
particular challenge was to decrypt intercepted
messagedhat had been encryptedon the Enigma
machingHodges2012.

Well, pedometricians use computers directly

descendedrom thosethat Turing and his colleagues
developed,but have we any other reasonsto be

interestedn Turing? In fact thereare two particular
areasof statisticsto which he contributed As an

undergraduatde cameup with a proof of the central

limit theoremby which the aggregatiorof manysmall

random effects is a normally distributed random
variable He wasjust scoopecby anothemworker, but

wrote his work up for a thesiswhich securedhim a

fellowship of Kings College,Cambridge The second
areain which Turing contributedto understandingf

statisticalinferencewas his work on quantifying the

weightof evidence

Weightof Evidence

Imagine that you have a choice between two
alternative, mutually exclusive values for the
underlyingstateof a systemp and-p. We canassign
rior probabilities to these states, " (p) and " ()

respectively Clearly " (p) =1i "(p). FromBay e s ¢

rule we cancomputethe posteriorprobability for state
p givensomedata,D: “ (p|D).

“(pID) ="(p) " (DIp)/ " (D).

Where " (D|p) is the probability of the datagiven the
state(i.e. the likelihood of the state)and " (D) is the
probability of the data Turing did not work in terms
of probabilitiesbut ratherthe odds The oddsof the
systembeing in statep are given by the ratio “ (p):
“(#). Now, fromB a y eridedve canseethatthe
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posterioroddsratio, " (p|D): * (=p|D) is givenby { " (p)/
"(P)H " (Dlp) " (D|p)}. Thatis to say,the posterior
oddsis equalto the prior oddstimesthe ratio of the
two likelihoods This latter term is now called the
Bayesfactor,K. The Bayesfactoris a measuref the
strengthof evidencefor statep. It is independenbf
the priors (which may vary from personto person),
but indicates how the priors should be rationally
modified by the evidenceprovidedby D. The idea
thatthis ratio is a measureof weight of evidencewas
proposedby Turing and his colleagueat Bletchley
Park, 1.J. Good, but not explicitly in Bayesianterms
(Good,1979.

Bayesfactors have beenquotedat leastoncein the
Pedometricditerature (Orton et al., 2011). Jeffreys
(1961 proposeda scalefor the interpretationof the
Bayesfactor. If 3< K @0 thenthe evidencefor statep
is saidto be substantial If K G100 thenthe evidence
is saidto bedecisive

Thedeciban

Turing wantedto assesshe evidencethat intercepted
messagesprovide for the underlying state of the
Enigmamachine Oncethis informationwasobtained
messagesould be decoded,until the state of the
machinewas changedagain One semimechanized
procedure to extract information from intercepts
entailedthe comparisonof two messageso identify
phaseshifts at which lettersmatchedmore frequently
thanis expectedor randomsequences This process
was hamedBanburismusat Bletchley Park This is
becauseBanburismusused punchedcardsto detect
interestingshifts,andthesewere printedin the nearby
town of Banbury

Observedshiftsin Banburismusmight offer evidence
for two contrastingstatesof the Enigma machine

The evidence can be weighed by looking at the
[Bayeg factor (i.e. the likelihood ratio) for the
different states If anotherpair of messageare then
comparedadditionalevidencemay be gathered The
updatedoddsratio for a particularstateis obtainedby

multiplying the posterior odds after the previous
evidence by the likelihood ratio from the new
observations However,this getsmessywhatwe are
really interestedin is not the odds ratio (which

dependson the priors) but the accumulatedevidence
A naturalway to look at the accumulatingevidence
for the different statesis to takelogarithms The log

of the posterior odds ratio, after severalrounds of

observationsis equalto thelog of the prior ratio plus
the sumof the log likelihood ratios for eachpieceof

evidence Thissumof logsof likelihood ratiosis
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T u r i prapdsedweight of the evidence He used
logsto basel0, andthe unit of evidenceon this scale
is the Ban (after Banburismuys & in practice one
works with deciBans (10-1 Bans) so substantial
evidenceonJ e f f soalgis5018 dB. As is often
the case,this innovation was not entirely new, the
philosopherCharlesPeircehad proposedthat weight
of evidencebe measuredy just sucha log-ratio in
1878 (Good, 1979. It has beensuggestedhat 6 a
deciban or half deciban is aboutthe smallestchange
in weight of evidencethat is directly perceptibleto
humani nt u i(Goodd®/9. Goodsuggestshatit
might be usefully applied by 6 d o ¢ tawyers gr
otherc i t i. Maybealéoby pedometriciansOrton
etal. (2011 providean example evaluatingevidence
for contrasting assumptionsabout the kinetics of
denitrificationin soil in differentsectionsof atransect
in termsof categoriesof weightof-evidenceabout5
dB wide.
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Field Sampling for
Environmental Science
and Management

Richard Webster and
Mumray Lark

WebsterR., & Lark, R.M. (2013. Field Samplingfor
EnvironmentalScienceand ManagementAbingdon,
Oxon(UK): Routledge

http://www.routledgecom/books/detail§7818497136
72/ Also availablease-bookandKindle book

Book reviewsbecomelessrelevantin the digital age,
sincefor this book and many othersreaderscanform
their own opinionswith the very nice "look insidethe
book" from the Amazon online bookseller
(http://www.amazorcom/FieldSampling
EnvironmentaiScience
Management/di84971368% which showsthe table
of contents,jndex, and selectedpages Still, thatdoes
notstopmefrom giving my opinionin this review.

Theauthorgpositionthis book asa bridgebetweerthe
statistics taught in typical environmental science
coursesand what the graduatewould then needto
know about sampling to make good decisionson
samplingdesign It is consciouslyesscomprehensive,
lessexpensiveand,the authorshope,moreaccessible
than the new standardreferenceon the topic, de
Gruijteretal. (2006. Theauthorsarewell-known,to
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saytheleast,in pedometricsandthe seniorauthorhas
produced excellent didactic material for 35 years,
most notably (to this reviewer) the 1990 "Statistical
methodsin soil and land resourcesurvey", which

unfortunately has been allowed to go out of print.

Most readerf this newsletteiwould be interestedn

the presenbffering asa textbookfor their studentsor

a selfstudy book for new researchassociateswith

weak backgroundsn statistics Each chapterbegins
with boxed"key points",andtherearenumerousase
studieswith real datasetgo illustrate how the theory
worksoutin practice Fromthe didacticpoint of view,

especiallyfor selfstudiers,it is a real pity that these
datasetandtheanalyticalproceduregrenot provided
as supplementarymaterial (as for example Tom
Hengl'swork andin the UserR seriese.g., Bivand et
al.). Finally, I missa summaryaidememoire,listing

the key decisionsto be madeduring samplingdesign
and referring back to the main text, as Websterhas
providedin previoustexts

Whatdo | makeof this book?! beginwith whatis, to
me, a misleadingtitle "Field sampling..", reinforced
by a cover photo of a power core sampler,implying
that the book will be mainly abouthow to carry out
sampling in the field. There is absolutely nothing
aboutthat here One addedword would havecleared
up the confusion "Planning..", andthe cover should
haveshowna samplingdesign Secondgventherest
of the title is somewhatmisleading,in that the book
coversseveralpurely statisticalissues(t-distribution,
simple linear regression ANOVA) at an elementary
level, presumably to lay the groundwork for
discussingsamplingdesignsthat optimize inferences
from these However,thesesectionsare not at useful
level of detail comparableto the 1990 book readers
who have not studied these in an introductory
statisticscoursewill not find the explanationshere
sufficient, and thosewho have will skip over them
The introduction to geostatisticsis more justified,
sincethat is rarely coveredin a first environmental
statisticscourse | would havepreferreda book purely
on samplingdesign,and a reprint of the 1990 book
plus referencego the 2008 geostatistichook for the
theory,

Thereis certainlyusefulinformationhere | especially
liked Chapter4 "Efficiency, economyand logistics",
wheretheauthorsbuild up anapproacto extracting
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maximuminformationat minimumcost however this
is on the basis of uncertainty tolerance, not an
economicloss function Especiallyinterestingto me
was the section of rankedset sampling, where the
number of determinations(not samples)is fixed,
usually becauseof their high cost Chapter8 is yet
anotherpresentationof a Websterfavourite nested
sampling,updatednow with REML estimatesof the
variance components Here the mathematicallevel
takesa hugeleapoverthe extremelysimple approach
of the previousChapter7 on samplingfor regression,
wherethereis not a matrix let alonea likelihood in
sight Surprisingly, structural relations are not
mentioned in that chapter, despite Webster's two
excellentarticles(1989 1997 onthesubject Chapter
5 on predictionfrom spatialclassificationsbringsthe
expertsoil surveyorbackinto the samplingplan -- if
we can properly stratify the landscapeinto classes
with reducedwithin-classvarianceandplaceunbiased
purposivesamplesin them! The problemis, we have
no way of objectively knowing how successfullywe
achievedhis objective

In summary,experiencededometricianshould leaf

throughthe book, looking for interestingdetailsthat
may have escapedheny howevertheir time is better
spentwith de Gruijter and colleagues They should
alsoevaluatewhetherthe book is usefulfor its stated
didactic purpose,in their context | still hopefor the

1990 text to be reissued it gives a much sounder
theoreticalbasis, with abundantpractical advice, on

which to basefurtherstudyandpractice | would have
liked to see the current book implementedas an

extensiorof thatwork.
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PEDOMATHEMAGICA

Problem 1 (easy)

Philippe, a French winemaker, has two barrels of wine that each contane®6f wine. One barrel has red

wine, the other white wine. Philippe decides to make roséwine by mixing the wine from the two barrels (even

though French law does not allow this!). He takesltieeo f  wi ne from t he 6redd ba

O6whited barrel, mi xliesf winé from they eixtuye avd @duts it intd tlze lbbarel with ned
wine. Intrigued by this ingenuous way of making roséwine, he wonders: is there more red wine in the white
barrel or more white wine in the red barrel? Once you solved this problem, can you also tell how often the

mixing should be done in order to ensure that each barrel has between 49 and 51 per cent of red and white w

Problem 2 (medium)

After solving Probleni Philippe decides to have a few drinks with his friend Marc. He has had quite enough

wine, so they decide to drink beer instead. Both Philippe and Marc like drinking beer and like solving puzzles :
they decide to play a game. The 21 glasses of beer that they wish to drink are placed on six horizontal lines a

shown in the figure below. They agree to take turns and that in each turn they can take and drink as many
glasses from any one of the rows as they wish (but from just one row and at least one glass). The one whg
the last glass must pay the bill. Philippe is the first to start. Can you advise him a strategy that ensures tha
will have free drinking?

[?,_) [? ) [? ) L{P
1 H SRR

| 834

(From GerardHeuvelink

ta

< 4
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Problem 3:

Alf and Bert the soil surveyors go to the pub for a Christmas celebration with their colleagues Cbatlet:§,
EnglebertFaraj Guinevere antflai. They are disturbed by a visit from some cainfers who are performing
the traditional English carol:

On the first day of Christmas my true love sent to me; a partridge in a pear tree.

On the second day of Christmas my true love sent to me; two turtle doves and a partridge in a pear ftree

On the third day of Christmas my true love sent to me; theeehhens, two turtle doves and a partridge
in a pear tree....

At this point the soil surveyors drive the singers away with aaeled volley of bar snacks. Once peace is
restored Alf says AThat song is actually quite
Christmas, three on the second day, six on the
many presents she would receive ontheé@zmy of Chri st maso.

Guinevere, who is a dab hand with R, generates the correct answer with a simple algorithm on her laptop
generates the sequence of answers for n =1, 2,
cheating, which is certainly not in the spiritRédomathemagicaSo what is the general solution to the numbe
of presents received on th& day? (The answer that there are only 12 days of Christmas is n