


preservationrepresentachallengethatarchaeologistscanembraceby finding novelandinno-
vativewaysto maximisetheamountof information thatbegainedfrom thearchaeological
record.

In recentyears,theinterpretationandunderstandingof theuseof spacein archaeologyhas
beenincreasinglyaidedby theincorporationof geoarchaeologicaltechniques,suchasgeo-
chemistry,phytolith analysis,micromorphologyandlipid residueanalysisalongsideartefac-
tualanalysis[1±8].Thesetechniqueshavetheadvantageof consideringin situ signalsof
activity,whicharelessproneto postdepositionaldisturbance[4, 9]. Thedownside,however,
is that theymayproduceresultswhichareequivocal,subtle,or distinct,whichcanlimit their
interpretationpotential.Therefore,whilethesemethodsgreatlyincreaseour understandingof
archaeologicalsites,their interpretativevalueisgreaterwhenusedin combinationasamulti-
proxyapproachthanin isolation[2].

Inconsistenciesin thetypeof resultsproducedbydifferenttechniquesandtheir resulting
datastructure,however,oftendo not favourtheir incorporationwithin asinglecomprehensive
statisticalmodel[10,11].Forexample,whilephytolith datais recordedin countform andmay
befurther aggregatedinto severalcategoriesrepresentingplantgenus,plantpartsor weightof
phytolith materialpergram,measurementsof geochemicalelementsareoftenrecordedin
partspermillion, producingcontinuousdata.Manygeoarchaeologicaltechniquesproduce
complex,highdimensionaldatawhicharedifficult to interpret in relationto oneanother.The
resultsof multiple analysistechniquesarethereforeoftenquantitativelyanalysedseparately
evenwhentheyareusedwithin acombinedmethodology,andthendescribedsidebysideto
form aqualitativesynthesis[7, 11±15].Onewayto approachthis issueis throughstandardiza-
tion andnormalizationof thedataprior to their integrationin multivariatestatistics[16±18].
However,while thescaleof thedataisbroughtto thesame,continuouslevel,verydifferent
phenomenaaremeasuredwhichdo not necessarilyall translatewell into acontinuousscale.

Thispaperoffersanewapproachto integrateanalysisresultsfrom multiple sourcesof
information throughtheapplicationof machinelearningalgorithmsalongsideotherstatistical
andtraditionalanalyticalmethodswithin asinglequantitativeframework.It isdifferentto pre-
viousonesin thatahypothesis,or theprobabilityof aninterpretation,canbequantitatively
addressedby theincorporationof almostanytypeof information. Its useis illustratedthrough
acasestudywhereacombinationof geochemistryandphytolith analysiswasusedto aid the
identificationof activityareasin ephemeralarchaeologicalsites.

Thetwo datasetswerecombinedbymeansof Bayesianconfirmationto examinewhether
suchacombinationis likely to enhancethepredictivepowerof thetechniquescomparedto
their usein isolation.Bayesianconfirmationisderivedfrom Bayes'theorem,which isusedto
deducepropertiesaboutapopulation,or modelaprobabilityestimatefor unobservedevents,
basedon a priori information [19±21].Byextensionof this,Bayesianconfirmationcombines
prior information aboutapopulationwith newevidencegatheredthroughobservationor
experiment.Theevidenceisusedto eithersupportor contradictahypothesis.In effect,the
confirmationof ahypothesisoccurswhentheposteriorprobability(theupdatedprobabilityof
thehypothesisfollowing theconsiderationof newevidence)exceedstheprior probability(the
probabilityof thehypothesisbeforetheincorporationof newevidence),andthegreaterthe
difference±thegreatertheconfirmation[20].

In our case,Bayesianconfirmationwasparticularlyusefulsinceit enablescombininginfor-
mationfrom differenttypesof dataonceweªtranslateºtheresultsinto aform that ismeaning-
ful within aprobabilitymodel.In orderto do so,decisiontreesareusedto classifythedata.
Classificationor decisiontreealgorithmsassignvariablesto discreteclassesthroughbinary
recursivepartitioning.Thisprocesssplitsdatainto subgroupsbasedon valuesof predictorvar-
iablesin orderto predicthowdatawill behavebasedon thecurrentobservations[22].
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Decisiontreesareverysuitablefor ªtranslatingºtheresultsof variousanalysistechniquesinto
conditionalprobabilitiessincetheydividethedatainto pre-definedmeaningfulcategories,
providingbothawayto examinethenatureof eachsampleandanindicationof theoverall
likelihoodof acorrectclassification.Thisnumericaloutput, in itselfaprobability,isusedasan
input for theamountof probabilitythat iseitheraddedto or deducedfrom theprior probabil-
ity in themodelbasedon Bayesianconfirmation.

ByapplyingaframeworkcombiningBayesianstatisticsanddecisiontreealgorithms,we
aim to maximisetheinformation thatcanbegainedfrom archaeologicaldataandcombinethe
continuousanddiscretedatasetsproducedby thetwo analysistechniquesin aneffectiveway.
Bayesianconfirmationissuitablefor this tasksinceit allowsoneto dealwith uncertaintyby
meansof allocatingaprobabilityto aparticularoutcome.Seeingasit isnot possibleto observe
pasthumanbehaviourasit takesplace,or relyon repetitionof experiments,it isnot possible
to truly testtheaccuracyof archaeologicalinterpretation.What ispossible,however,is to pro-
videit with numericalprobabilitybasedon multiple sourcesof evidence.Themoreevidence
pointing towardsaparticularscenario,themoreweightit receives.In thisway,wecanadda
quantitativelikelihoodto our qualitativeinterpretationof archaeologicalfeatures.

Case study

Geochemical and phytolith data from Wadi el-Jilat sites

FieldworkatWadi el-Jilat(Fig1) waspartof aseriesof excavationsin theAzraqBasinduring
the1980s.Theprojectaimedto providenewinsightsinto settlementandsubsistencein the
steppeanddesertregionsof theLevantduring theperiodwhensedentism,agricultureand
pastoralismwerefirst developingin themorefertile regionsof theLevantandmoregenerally
aroundtheªFertileCrescentºof South-WestAsia[23]. Thevastmajority of Neolithicbuild-
ingsatWadi el-Jilatarecircularor ovalsemi-subterraneanconstructions,with upright slabs
forming thefragileexternalwalls,whichoftenenclosedshallowdeposits.Manyof thesestruc-
tureshadinternaldivisions,hearthsandotherfeaturessuchasbenchesor storagebins[23,
p.40-1].Nevertheless,unlike contemporarysitesin moisterregionsof theLevant,whichpres-
entsubstantialarchitecturalremains,theNeolithicsettlementsatWadi el-Jilatleft tracesof
somewhat̀flimsy'structures.These,in combinationwith thefaunalevidence,hint towardsa
seasonaloccupation,asis thecasewith manyephemeralstructuresusedtodaybymodern
nomadicpopulations[24±28].

Theephemeralnatureandlongabandonmentof thesesiteshinderedtheinterpretationof
thepastuseof spaceby their inhabitants,requiringadditionalmeansto confirm theinitial
identificationof activityareasin thefield.To thatend,eighteensamplesfrom thePre-Pottery
NeolithicB (PPNB)siteof Wadi el-Jilat7 (WJ7)andthirty-onesoilsamplesfrom theEarly
LateNeolithic (ELN) siteof Wadi el-Jilat13(WJ13)wereanalysedfor their phytolith andgeo-
chemicalsoilsignaturesaspartof astudyinto thepotentialof adualgeochemical-phytolith
methodologyto aid theinterpretationof ephemeralarchaeologicalsites[15,29].Thesoilsam-
pleswerechosento representarangeof occupationdepositswith theaimof comparing
betweensoilsignaturesacrossvariouscontextcategories(describedin Table1).WJ13pro-
videdasuitablecasestudyfor theapplicationof Bayesianinferenceto aid theinterpretationof
archaeologicaldata,becauseunlike theneighbouringsiteof WJ7,theresultsof thegeochemi-
calandphytolith analysesdid not entirelycomplywith thedivision into thecontextcategories
definedin thefield.

Geochemistry data. Within anarchaeologicalcontext,soilchemistryisusedto link pat-
ternsof enrichmentor depletionof certainchemicalelementsin thesoil to pasthumanoccu-
pation[30,p.36].Theapplicationof geochemistryto archaeologicalsitesisoftenusedto locate
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Fig 1. Location of the Wadi el-Jilat sites. A closeup of theWadi el-Jilatgorgeincludesanoverview of theindividual sitelocations.

https://doi.org/10.1371/journal.pone.0248261.g001
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anddelineatesettlements,refuseareas,graves,agriculturalplotsandproductionareas.It can
alsobeappliedon asitelevelto obtainabetterunderstandingof stratigraphyandsedimentol-
ogy,or helpinterpret thedistribution of activityareasandfeatures[29,30].Thegeochemical
analysisat theWadi el-Jilatsites(WJ)wasperformedusingaThermoScientificNiton XL 3t
Goldd+(geometricallyoptimisedlargeareadrift detector)handheldXRF(X-ray fluorescence)
analyser.Thegeochemicalinterpretationin thisstudyfocusedon thefollowingchemicalele-
ments,measuredin partspermillion (PPM):aluminium (Al), calcium(Ca),iron (Fe),potas-
sium(K), magnesium(Mg), chlorine(Cl), manganese(Mn), phosphorus(P),strontium(Sr),
titanium (Ti), sulphur(S),zinc(Zn), chromium(Cr), andzirconium(Zr) (see48for anover-
viewof thegeochemicalanalysisprotocol).

Thesiteof WJ7did not appearto showanyremarkabletrendswhencomparingtheenrich-
mentof individual chemicalelementsacrosscontextcategories(for detailedoverviewof geo-
chemicalresultssee47or 49).Thesiteof WJ13did portraymorevariationin enrichmentof
chemicalelementsbetweencontextcategories,but to alimited degree.Themostprominent
distinctionbetweenactivitiesappearedto berepresentedat thissitethroughP,levelsof which
wereincreasedin all anthropogeniccontextsin comparisonto thebackgroundsamples,
noticeablymostlyin thepostholesamples(Fig2).Thiscouldbeexplainedby leachingof P
downwards,but thenonewouldexpectto seeasimilarpatternin theotherWadi el-Jilatsites,
whichisnot thecase[29]. Thereisaslightelevationof K andMg in thehearths,andof Mn in
activityareas(Fig2).Thesetrendsaresimilar to observationsmadeatethnographicsitesin a
relatedstudy[11].

Contraryto thevisibility of enrichmentof individual elementsacrosscontextcategories,
the3D biplot createdfor theprincipalcomponentanalysis(PCA)for WJ7providedabetter
resultthantheoneproducedfor WJ13,explaining89%and72%of variancerespectively,and
presentingbetterclusteringinto theexcavator'scontextcategories(Figs3 and4).Thegeo-
chemicalvariablesthatdrivemostof thevariancewithin thePCAfor thesiteof WJ7(Fig3)
seemto correspond,at leastpartly,with theelementsthatwerefound to indicateanthropo-
genicinput in earlierstudies,mainlyMg, Fe,S,P,K, CaandCl (Table2 providesanoverview
of chemicalelementsfoundat thesitesof Wadi el-Jilatandtheir suggestedassociationwith
anthropogenicanomaliesin earlierstudies).Thegeochemicalelementsdriving thevariance
for thePCAbiplotscreatedfor thesiteof WJ13,however,do not correspondaswellwith find-
ingsfrom previousstudies(Fig4).While still relyingon afewanthropogenicindicatorswhich
werefound to berelevantin otherstudies(Fe,K, Mg, Ca,P,andCl), muchof thevarianceis
drivenbychemicalelementswhicharenot consideredto besignificantanthropogenicindica-
tors(Ti, Si,Al, Zr, Nb,RbandV). WJ7andWJ13portraydifferentpatternsof enrichmentof
geochemicalandphytolith soilsignatureswhichmight suggestadifferencein their occupation

Table 1. Categories of soil samples from Wadi el-Jilat sites used for the geochemical and phytolith analysis in this

study.

Categor ies used in this
study:

Explanation :

Deposit Generaldeposit,fills within andbetweenbuildings

Activity area Locusrich in boneandlithic material

Hearth Depositconsistingof ashysediment

Compactashyfill Compactfill containingtracesof ash

Bedrockfeature Postholeor othermanmadepits in bedrock

Other Featuresthatdo not fit thepreviouscategories,this categorymainlyconsistsof
pitsandbins

Background Backgroundsampletakenfrom thevicinity of thesite

https://doi.org/10.1371/journal.pone.0248261.t001
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sequences,their use,theinfluenceof localtaphonomicprocesses,or alternativelythedegreeof
successfulidentificationof their featuresin thefield (which influencesthedivisionof soilsam-
plesinto suitablecontextcategories).

Phytolith data. Theword phytolith in archaeologicalcontextgenerallyrefersto opalor
amorphoussilicarepresentationsof plantcellstructures,of eithersinglecellsor conjoined
cells[6, 37].Single-celledphytolithscanbeclassifiedaccordingto their morphologies,which
oftenlink to differentplantparts(for examplehusksor leaves)andcantherebyindicatepat-
ternsof plantuse(suchasplant-processing).In addition,bothmulti- andsingle-celledphyto-
liths candistinguishbetweentwo groupsof plants:monocotyledons(monocots)and
dicotyledons(dicots±hereweusetheterm accordingto thepre1990sdefinition to meannon-
monocotyledon)[38,39].Byaddingup theinformation from avarietyof phytolith formsand
morphologieswithin asample,aprofile of plantuseatasitecanbecreated.

Theextractionof phytolithsfrom theWJsoilsampleswascarriedout usingthedry ashing
method[40]. Thenamesof thephytolith typesfollowedtheInternationalCodefor Phytolith
Nomenclature[41]. In addition to phytoliths,diatomsandspongespiculeswererecorded.The
phytolith databaseincludedthemorphologicalcategoriesusedin thecountingsheetsand
additionalvariablescalculatedfrom therawdata:dicot,monocot,single-cell,multi-cell,

Fig 2. Averagemeasurementsin ppmfor all sampleswithin WJ13percontextcategoryfor thefollowingchemicalelements:(A) P,(B) K, (C) Mg and(D) Mn.

https://doi.org/10.1371/journal.pone.0248261.g002
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Panicoideae,Pooideae,Chloridoideae,Arundinoideae,Palmaceae,Hordeum sp.,Triticum sp.,
leaf,leaf/husk,leaf/stem,husk,awn,weightpercentof extractedphytoliths,andnumberof
phytolithspergramof original sedimentprocessed(for acompleteoverviewof thephytolith
analysisandrecordingmethodologysee47).

Fig 3. PCA biplot for the geochemical results, WJ7. Thefirst component isdrivenbyMg,Si,Ti, Fe,S,Zr, K andP,
andthesecondcomponentbyCa,SrandRb.Thethird component isdrivenbyCl.

https://doi.org/10.1371/journal.pone.0248261.g003

Fig 4. PCA biplot for the geochemical results, WJ13. Thefirst component isdrivenbyTi, Si,Fe,K, Al, Zr andNb.Thesecond
componentisdrivenbyMg,Ba,SrandCa,andthethird byCr, P,Rb,Cl andnegativelybyV.

https://doi.org/10.1371/journal.pone.0248261.g004
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Theresultsof thephytolith analysisatWadi el-Jilatrevealedonly verysubtlepatternsof dif-
ferentiationbetweenactivityareaswithin thesites,while thebackgroundsampleswereclearly
differentto theon-sitematerial.A highmonocotto dicot ratio,anabundanceof grasshusks
andahighweightpercentandnumberof phytolithspergramall appearto beassociatedwith
anthropogenicactivityat theNeolithicsites[29]. Thephytolith analysisresultsatWJ7demon-
stratethemostvariability in contextcategories.While all contextsshowanincreaseof mono-
cotsin relationto thebackgroundsamples,thecategories̀activityarea'and`compactashyfill'
(whichprobablyreflecthearths)containthehighestconcentrationsof these.Thetwo context
categoriesshowresemblancewhenit comesto plantparts,containingthelargestamountsof
huskmaterialin relationto theothercontextcategories(Fig5).

Theenrichmentof silicaaggregatematerialat thebedrockfeatures,hearthsanddepositsof
WJ13might alsoindicateahighanthropogenicinput, albeitof adifferentkind (Fig5).Silica
aggregateisconsideredto bederivedfrom woodymaterial,andcouldindicatethepresenceof
woodor charcoalwithin thesefeatures[42,43].Nevertheless,whencomparingtheresults
amongthedifferentcontextcategories,theindividual phyolith trendsatWJ13do not portray
theexpectedanthropogenicenrichmentinput identifiedfor WJ7andothersimilarsites[7, 8,
29,44±46].ThePCA3D biplotscreatedfor thephytolith resultsat theWJsitesdo portray
someclustering,but to alimited degree(Figs6 and7).Aswith theresultsof thegeochemical
analysis,thesecondandthird componentsrepresentlessof theoverallvariancebut demon-
stratebetterclusteringof contextcategoriesthanthefirst two components.

Methods and results

Decision trees

Decisiontreeswereusedin thisstudyto understandandvisualisehowwell thequantitative
datafrom phytolith andgeochemicalsamplesarecategorisedinto thepre-definedactivity

Table 2. Associations between chemical elements and anthropogenic related activities found in earlier studies

and, where applicable, anomalies found at the Wadi el-Jilat sites [after 29, p.271-7).

Chemical

element

Associated activity in previous studies Associated activity in this study

P Hearths,animaldung[11]; foodpreparation and
consumption [31±33],burning andfoodstorage[34],

refuseareas[31], excrements [33], Byres[35], Meat[36]

Generalanthropogenic occupation(all
WJsites),bedrockfeatures(WJ13)

Mg Hearths,animaldung[11]; woodash[5], cooking
hearths,foodpreparation andconsumption [31], Meat

[36]

Hearths(WJ13)

Ca Hearths[11,31],foodstorageandpreparation[33,34],
lime use?[5]

Generalanthropogenic occupation(all
WJsites)

K Hearths,animaldung[11]; woodash[5], cooking
hearths,foodpreparationandconsumption [31]

Hearths(WJ13)

Mn Hearths/burning [11,34],vegetable[36] Activity areas(WJ13)

S Hearths,animaldung[11] Hearthsandbedrockfeatures(WJ7)

Sr Hearths[11,35],excrementsandfoodpreparation[33],
Limeuse?[5]

Slightelevationsin hearths(all WJsites)

Cl Animal dung,hearths,animalpens[11]

Fe Background[11]; Craftproduction(high levelsin
combination with burning) [34], burning [33]

Ti Background[11,34]

Al Background[11,34]

Cr Not measuredin previousstudies Bedrockfeatures(WJ7,WJ26)

https://doi.org/10.1371/journal.pone.0248261.t002
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areas,andwhichvariablesareimportant within thisclassification.Decisiontreealgorithms
assignvariablesto discreteclassesthroughbinaryrecursivepartitioning,aprocesswhichsplits
datainto subgroupsbasedon valuesof predictorvariables.

Thedecisiontreeswerecreatedin Weka3.6.13,asoftwarepackagewith arangeof classifi-
cationandpredictionmachinelearningalgorithms.TheJ48classifierwasusedin thisanalysis,
adecisiontreeclassificationalgorithmbasedon atop-downrecursivedivide-and-conquer
mechanism[22,47,48].An attributeisselectedfor thetop (root) node,andabranchiscreated
for eachpossibleattributevalue.Theprocesssplitstheinstancesinto subsets(onefor each
branch).Theprocessis repeatedrecursivelyfor eachbranchuntil all instanceshavethesame
class.Thedesiredoutcomeis thesmallestpossibledecisiontreewith purenodes.

Therearemanydifferentpossibilitiesfor carryingout asimilarclassificationwhichwould
resultin similaroutcomes±aclassificationinto pre-definedcategorieswith theassociated
probabilitiesof asuccessfulclassificationwhichareneededasinput for theBayesiancalcula-
tion (which isdescribedin thefollowingsection).However,theJ48classifierproducesawell
prunedtree,meaningthataparticularprobabilityof classificationwill beconservativelyesti-
mated[49]. Thisconservativeestimateisusefulwhenusedasevidencein Bayesianconfirma-
tion to preventoverinflation of final, posterior,probabilityestimates.

In our case,eachsoilsamplewasidentifiedin thefield asaparticularactivitytype,basedon
theexcavators'interpretationof therelevantlocus/context(Table1).Thedatafor eachsample,
includingacontextcategoryandtheresultsof thesoilanalyses(seedescriptionof datasets
above),providedtheinput for thedecisiontreealgorithm.Thevaluesfor thechemical

Fig 5. A) Ratioof monocot to dicot percontextcategory atWJ7;B)Plantpart ratio percontextcategoryatWJ7;C)
Silicaaggregateandphytolith countratio percontextcategoryatWJ13.

https://doi.org/10.1371/journal.pone.0248261.g005

Fig 6. PCA biplot for the phytolith results, WJ7. Thefirst componentisdrivenbymonocots,unidentifiedanddegraded
phytoliths,leaf,leaf/stem,Pooideaeandsingle-cellphytoliths. Thesecondcomponentisdrivenbyweightpercent,Chloridoideae
andnegativelybyburnt phytoliths. Thethird componentisdrivenbyPanicoideae, leaf/huskandweightpercent.

https://doi.org/10.1371/journal.pone.0248261.g006

PLOS ONE Applying Bayesian confirmation and machine learning to combine incompatible archaeological data

PLOS ONE | https://doi.org/10.1371/journal.pone.0248261 March 31, 2021 10 / 25

https://doi.org/10.1371/journal.pone.0248261.g005
https://doi.org/10.1371/journal.pone.0248261.g006
https://doi.org/10.1371/journal.pone.0248261


elementsmeasuredin thesample,or thepropertiesof thephytoliths,wereexaminedto create
aseriesof decisionsaccordingto thesplittingvariables(e.g.> or< 2079PPMof phosphorus
in thesample)chosenby thealgorithmto bestclassifythemaximumnumberof samplesasper
theexcavatorsinitial judgement(i.e.theidentificationof contextin thefield).Theanalysis
providedaclassificationtreewhichcanbevisualised,andreportedtheamountof caseswhich
were`correctly'and`incorrectly'classifiedaccordingto thesetparameters,i.e.sampleswhich
resemblethegeneraltrendsobservedwithin their contextcategory.

TheWekadecisiontreescreatedfor thegeochemistryresultsshowarelianceon P,Si,Fe,
CaandSin distinguishingtheclustersof thecontextcategoriesfor bothsites(Figs8 and10).
Aswith thePCAresults,thedecisiontreescreatedfor WJ7weremoresuccessfulin clustering
thedataaccordingto thecontextcategoriesthantheonesproducedfor WJ13,reflectinga
clearersplittingprocessandhigherpercentageof correctlyclassifiedcases(Figs8±10).

Whenplotting decisiontreesbasedon thephytolith analysisresults,similarbranching
complexitiescanbeseenastheonescreatedfor theresultsof thegeochemicalanalysis.The
decisiontreecreatedfor WJ7hadahigheramountof correctlyclassifiedcasesthantheone
createdfor WJ13(46%)andproducedthepurestdivisions;Panicoideaeanddiatomswere
usedto differentiatebetweenthebackground,depositandpostholecategories(Fig10).The
decisiontreecreatedfor thephytolith resultsof WJ13(Fig9) standsin sharpcontrastto it,
with only 21%of casescorrectlyclassifiedandextensivesplitting requiredto producenodes.

Theloweramountof correctlyclassifiedcasesandhighdegreeof branchingin thedecision
treesof WJ13suggestthat thecontextcategoriesusedin theanalysis,or thedivisionof samples
to these,doesnot correspondwellwith thephytolith andgeochemicaldatafor thissite.The
highdegreeof branchingalsodemonstrateswhytheJ48classifierwaspreferredin thisanaly-
sis,asit producesawellprunedtree±othermethodswouldcreatemorecomplextrees.

Fig 7. PCA biplot for the phytolith results, WJ13. Thefirst componentisdrivenby thevariablesmonocots,leafand
leaf/stem,thesecondisnegativelydrivenbydicotsandsingle-cell phytoliths.Thethird component isdrivenby
numberof phytolithspergramandmulti-cell phytoliths.

https://doi.org/10.1371/journal.pone.0248261.g007
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Bayesian calculation

Themodelappliedto thedatacombinesinformation from theexcavator'sclassification,the
geochemistryandthephytolith analysisto provideanoverallestimateof certaintyin theclassi-
ficationof anactivityarea.Essentially,wherebothgeochemistryandphytolith analysisresults
agreewith theexcavator'sclassification,thecertaintyof theexcavator'sclassificationincreases.
Wherethereisdisagreement,if certaintyfallsbelowtheprior probability(setaccordingto
excavator'sclassification),thentheclassificationis reconsidered(Fig11).

Fig 8. Decision tree created for WJ13 based on the geochemical results, including the categories: Deposit, hearth, bedrock feature, activity area, fill and background.

38%of caseswerecorrectlyclassified.Thenumberswithin eachsubset(or treenode)representtheamountof instancesthatarefoundwithin thesubset.In caseswhere
two numbersappearwithin thetreenode,thefirst numberindicatesthe`correct'instancesandthesecondreflectsthe`incorrect'instancesfallingwithin thesubset(i.e.
sampleshavingcategorieswhichagreeor disagreewith thecategoryrepresented in thenode).Thenumbersappearingbetweenthetreenodesandthevariablesrepresent
thesplittingpoint, i.e.thevaluethatsplit theinstancesaccordingto thosecontainingvaluesof thisvariablethataresmaller,largeror areequalto thisnumber.

https://doi.org/10.1371/journal.pone.0248261.g008
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Fig 10. Decision trees created for WJ7 based on the geochemical analysis (left) and phytolith counts (59% and 46% of cases correctly classified, respectively). The
numberswithin eachsubset(or treenode)representtheamountof instancesthatarefoundwithin thesubset.In caseswheretwo numbersappearwithin thetreenode,
thefirst numberindicatesthe`correct'instancesandthesecondreflectsthe`incorrect' instancesfallingwithin thesubset(i.e.sampleshavingcategorieswhichagreeor
disagreewith thecategoryrepresented in thenode).Thenumbersappearingbetweenthetreenodesandthevariablesrepresentthesplittingpoint, i.e.thevaluethatsplit
theinstancesaccordingto thosecontainingvaluesof thisvariablethataresmaller,largeror areequalto thisnumber.

https://doi.org/10.1371/journal.pone.0248261.g010

Fig 9. Decision tree created for WJ13 based on the phytolith results, including the categories: Deposit, hearth, bedrock feature, activity area, fill and background.

21%of caseswerecorrectlyclassified.Thenumberswithin eachsubset(or treenode)representtheamountof instancesthatarefoundwithin thesubset.In caseswhere
two numbersappearwithin thetreenode,thefirst numberindicatesthe`correct'instancesandthesecondreflectsthe`incorrect'instancesfallingwithin thesubset(i.e.
sampleshavingcategorieswhichagreeor disagreewith thecategoryrepresented in thenode).Thenumbersappearingbetweenthetreenodesandthevariablesrepresent
thesplittingpoint, i.e.thevaluethatsplit theinstancesaccordingto thosecontainingvaluesof thisvariablethataresmaller,largeror areequalto thisnumber.

https://doi.org/10.1371/journal.pone.0248261.g009
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Fig 11. Flowchart illustrating the use of decision trees and Bayesian calculation to combine the results of the soil analyses.

https://doi.org/10.1371/journal.pone.0248261.g011
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Within theapplicationof themodelbasedon Bayesianconfirmationin thisstudy,theprior
probabilityreflectsexpertopinion. It wassetat0.5,providingan`uniformedprior'. Thefocus
of thisstudywastheadditionof evidencefrom thegeoarchaeologicalsourcesof information,
andno attemptwasmadeatestimatingthecertaintyof theinitial identificationin thefield.
However,this input mayvaryin futurestudies.It maybethat theexpertopinion isgiven
higheror lowerweight,or perhapsthatcertaincontextcategories,whichareeasierto identify,
receiveahigherprior probabilitywhileothercategories,whicharedifficult to distinguishin
thefield,areattributedalowerprior probability(for example0.7,or 0.4).Futurestudiesmight
thereforechooseto incorporatedifferentprior probabilitiesfor certaintypesof contextcatego-
rieswithin themodel,basedon theexpectedcertaintyof their initial identification.

Thefollowingequationwasused:

Ppost ¼ Pexc þ f½ð1 � PexcÞ� faðPexc�PgeoÞ þ bðPexc�PphytÞg�=ng;

wherePpostis thefinal certaintyof theclassification,Pexcis theexcavator'scertainty(theprior
probability,setat0.5in thisstudy),PgeoandPphyt aretheprobabilitiesassociatedwith overall
correctclassificationfrom thedecisiontrees(seedescriptionof resultsin previoussection)
andaandb aresetto 1 whenthereisanagreementbetweenexcavatoranddecisiontreeclassi-
ficationand-1 wherethereisdisagreement.n is thenumberof extrapiecesof evidenceused
beyondexcavator'sclassification,in thiscase2.Thisapproachhaspreviouslybeensuccessfully
usedin environmentalstudiesto applyaBayesianstatisticalframeworkto remaininguncer-
tainty from aprior evaluationof probability,or to decreasecertaintyof aprior evaluationif
newevidencedisagrees[50,51].

Theequationwasusedasanexcelfunction to calculatetheprobabilityof acorrectidentifi-
cationof activityareain thefield for eachof theWJ13samples.Thiswasachievedbymanually
examiningthevaluesof therelevantsplittingvariablefor both thegeochemicalandphytolith
resultsbaseddecisiontreesfor eachsample.Table3containsalist of theresultsof theapplica-
tion of themodelto thesamplesfrom WJ13.In caseswheretherewasadisagreementbetween
theresultsof eitherthegeoarchaeologicalor phytolith analyses,or both,analternativecontext
categorywassoughtin line with thedecisiontrees.Thisresultedin thereclassificationof cer-
tain samples(Table3).

ThePCA3D biplotsbelow(Fig12)visuallyillustratethechangein definition of activityfor
someof thesamplesfollowing thereclassificationof theresults.Threesampleswerere-catego-
rizedashearths,two asactivityareas,andtwo postholesampleswerereclassifiedasdeposits.
Thenewbiplot portraysclearerclustersof contextcategories,especiallywhenit comesto the
hearthcontextcategory.Thecategorỳother'nowappearsto sharethesamecharacteristics
with thelatter,andsomeof thefeaturesclassifiedunderthiscategory,suchasbinsandpits
(Table1),might thereforereflecthearthlocationswhichwerenot identifiedassuchin the
field.

Theimprovedclusteringof samplesshownin thePCAscatterplotisnot surprising,asthe
reclassificationwasbasedon thesoilanalysisresultsincorporatedinto themodel.Theincrease
of clusteringwasnot thegoalof thiscalculation.ThePCAbiplotsmerelydemonstratethe
changesin classificationof thesamplesaccordingto thegeochemicalandphytolith analyses
results.In thisway,thesoilanalysescanbecombinedandusedasanadditionalindicationor
identificationof archaeologicalfeatures,guidingthearchaeologicalinterpretationof activity
areasafterexcavation.

To illustratehowthereclassificationof sampleswouldchangetheinterpretationof theuse
of spaceat thesite,thelocationof thesamplesanalysedin thisstudyarepresentedwith their
associatedcontextcategorybeforeandaftertheapplicationof theBayesianmodel.Within the
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Table 3. Overview of the classification of samples from WJ13 in the field, the results of the application of the probability model, and proposed reclassification

based on the results of the geochemical and phytolith analyses. Theprior probabilitywassetat0.5,theweightof theresultsof thegeochemicalandphytolith analyses
wassetat0.38and0.21(respectively) to reflecttheamountof correctlyclassifiedcasesin thedecisionstrees.

Sample Context Prior
probability

Geochemical results
weight

Phytolith results
weight

Both
agree

Geochemical results
disagree

Phytolith results
disagree

Neither
agree

Alternative
category�

WJ135a
3

Deposit 0.5 0.38 0.21 0.47875 Other

WJ137a
5

Deposit 0.5 0.38 0.21 0.42625 Hearth

WJ138 8 Deposit 0.5 0.38 0.21 0.47875 Other

WJ1316a
13

Deposit 0.5 0.38 0.21 0.57375

WJ1320b Deposit 0.5 0.38 0.21 0.42625 Other

WJ1325
19

Deposit 0.5 0.38 0.21 0.42625 Deposit2

WJ1350a
30

Deposit 0.5 0.38 0.21 0.57375

WJ1353a
32

Deposit 0.5 0.38 0.21 0.57375

WJ1356b
40

Deposit 0.5 0.38 0.21 0.57375

WJ1362a
40

Deposit 0.5 0.38 0.21 0.57375

WJ1370a
38

Deposit 0.5 0.38 0.21 0.57375

WJ1371b
80

Deposit 0.5 0.38 0.21 0.57375

WJ1383a
46

Deposit 0.5 0.38 0.21 0.52125 Deposit2/hearth

WJ1310a
9

Other 0.5 0.38 0.21 0.47875 Hearth

WJ1322
17

Other 0.5 0.38 0.21 0.52125 Deposit

WJ1347
29

Other 0.5 0.38 0.21 0.47875 Hearth

WJ1352a
31

Other 0.5 0.38 0.21 0.57375

WJ1357a
33

Other 0.5 0.38 0.21 0.52125 Activity area

WJ1315a
12

Activity
area

0.5 0.38 0.21 0.57375

WJ1345a
46

Activity
area

0.5 0.38 0.21 0.57375

WJ1359a
31

Activity
area

0.5 0.38 0.21 0.57375

WJ1366b
39

Activity
area

0.5 0.38 0.21 0.57375

WJ1312
12

Hearth 0.5 0.38 0.21 0.57375

WJ1318
13

Hearth 0.5 0.38 0.21 0.57375

WJ1322
14

Hearth 0.5 0.38 0.21 0.52125 Deposit

WJ1324
20

Posthole 0.5 0.38 0.21 0.52125 Deposit/bedrock
2

(Continued )
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planof WJ13showingtheearlyandmiddlephasesof occupation,thechangeis reflectedin a
broadeningof asectionof `activityarea'at thenorth-easternendof thebuilding,andtwo fea-
turesat thesouth-westernendof it now fall underthecategorỳother'(mainly representing
pitsandbins)insteadof `deposit'(Fig13).Thechangesin thelateoccupationphasemainly
concerntheadditionof externalhearthsto thebuilding insteadof thecategories̀deposit'and
`other'(Fig14).

Discussion
Thispaperexploredtheuseof adigital frameworkconsistingof classificationalgorithmsand
Bayesianconfirmationto integrateoutput from diverseanalysismethodsandsourcesof infor-
mation.Theprincipalbehindthismethodologyis to translatethedatainto aform wherethey
canbebroughtto thesamelevel,sothat information canbeextractedthateithersupportsor
contradictsaparticularhypothesis.

Thecasestudypresentedhereillustrateshowsuchaframeworkcanhelpmaximisethe
information gainedthroughanalysistechniqueswhendealingwith ambiguityin their inter-
pretation.AlthoughWJ13andWJ7shareasimilarenvironmentalandhistoricalsetting,and
areadjacentto oneanother,theresultsof thegeochemicalandphytolith analyseswerenot as
straightforwardin interpretingtheuseof spaceatWJ13aswith WJ7.Thedataproducedfor
thelattersiteexhibitsaclearclassificationinto distinguishablecontextcategorieswhenexam-
inedthroughPCAÐmainly dueto thegeochemicalinput, whilethegeochemicalandphytolith
analysisof WJ13hints towardsverysubtlespatialtrendsandproducedlessstraightforward
PCAbiplots.Thedecisiontreescreatedfor thetwo sitestell thesamestory,thoseproducedfor
WJ7depictacompacttreeandcleardivision into contextcategories,while theoutput treesfor
WJ13portrayextensivebranchingreflectingsignificantlylowerclassificationsuccess.It might
bethat theshort-livednatureandrelativesimplicityof astructuredoccupationsequenceof
WJ7contributedto theeaseof its interpretation,while therelativelycomplexsequenceof
occupationatWJ13madeits interpretationlessstraightforward[15].

Becauseof thecomplexity,ambiguityandincompatibilityof thegeochemistryandphytolith
analysisresultsfor WJ13,additionalmeansof dataanalysiswerenecessaryfor utilising these
datato aid theinterpretationof spatialtrendsatWJ13.Decisiontreesprovidedprobabilities
relatedto thesuccessof classificationinto thepre-definedcontextcategories,indicatedhow
well thesedescribethedata,andidentifiedthekeyvariablesthatsplit thedatainto context

Table 3. (Continued)

Sample Context Prior
probability

Geochemical results
weight

Phytolith results
weight

Both
agree

Geochemical results
disagree

Phytolith results
disagree

Neither
agree

Alternative
category�

WJ1385
54

Posthole 0.5 0.38 0.21 0.57375

WJ1390a
56

Posthole 0.5 0.38 0.21 0.57375

WJ1392a
57

Posthole 0.5 0.38 0.21 0.52125 Deposit/bedrock
2

WJ1396
59

Posthole 0.5 0.38 0.21 0.57375

WJ13104
65

Posthole 0.5 0.38 0.21 0.57375

� Thenumber2 indicatescaseswherethesuggestedreclassification fallsunderthesamecontextcategoryaccordingto thedecisiontree,but within adifferentnode.In

caseswherethegeochemical andphytolith resultssuggestdifferentalternativecategories,two reclassificationoptionsareprovided(respectively).

https://doi.org/10.1371/journal.pone.0248261.t003
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Fig 12. A) PCAbiplot for WJ13basedon thegeochemicalanalysisresults;B)PCAbiplot for WJ13basedon thegeochemicalanalysis
resultsafterthechangein thecategoriesof someof thesamplesaftertheapplication of theBayesianbasedmodel.

https://doi.org/10.1371/journal.pone.0248261.g012
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Fig 13. A plan of early and middle phases at Wadi el-Jilat 13, before (top) and after (bottom) the reclassification of

samples.

https://doi.org/10.1371/journal.pone.0248261.g013
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Fig 14. A plan of late phase at Wadi el-Jilat 13, before (top) and after (bottom) the reclassification of samples.

https://doi.org/10.1371/journal.pone.0248261.g014
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categories.Thisoverviewenabledtheidentificationof typicalsignaturesfor specificactivity
areas,andmadethedivisionof eachsampleinto acontextcategorybasedon theresultsof the
soilanalysispossible.

Themodelbasedon Bayesianconfirmationreliedon this information in orderto testand
reclassifyspecificsamplesinto thecontextgrouptheyresembledmostbyconsideringmultiple
sourcesof evidence.It couldpotentiallyincorporateanynumberof additionalresultsto com-
plementthoseof thegeochemicalandphytolith analyses.Severalsamplesseemedto fit well
within thepre-definedcontextcategoryallocatedto them,whileotherswerereclassified
accordingto thedecisiontrees.While theprocessof testingwhichcategoryeachsamplefits
bestwascarriedout manuallyin thisstudy,it maybeautomatedin futurestudiesif necessary,
for examplewhenalargenumberof samplesor sourcesof information isconsidered.

Thismannerof combininginformation from varioussourcesof information within asingle
model,wheretheyareconsideredindependentlyfrom eachother,carriesmuchpotentialfor
aidinginterpretationof ambiguousfeaturesin general.Theapplicationof thismodelto the
samplesfrom WJ13illustratesthat theuseof evenonetypeof additionalevidencemayimprove
theoriginal interpretationof theuseof spaceatasite,but that thecertaintyof thenewidentifi-
cationincreaseswhenanothermethodisadded.In thissense,thedifferencein thetypeof data
achievedfrom thetwo analysistechniquesmakestheidentificationof activityareasmorecon-
vincing.Thephytolith analysis,for example,reflectspatternsof plantuse,whilethegeochemis-
try is relatedto varioussignalsof activitiessuchasburningandanimalhusbandry.If bothof
thesedifferentsourcespoint towardsaconfirmationor rejectionof theinitial interpretationof
acontextcategory,it ismorecompellingthanis thecasewith morecloselyrelatedsourcesof
information (suchasphytolithsandmacrobotanicalremainsfor example).

Overall,thereclassificationof theWJ13samplesresultedin areductionof themorecommon,
generalcontextcategories̀deposit'and`other'in favourof morespecificcontextcategoriessuch
asthe`hearth'and`activityarea'categories.It couldbethat thesecontextcategoriesaremorediffi-
cult to identify in thefield in somecases,whilethephytolith andgeochemicaltracesin thesoil
provideadditionalmicroscopicmeansto distinguishthem.On theotherhand,it isnot possibleto
determinewhichinterpretationismoreaccurate;theoriginal identificationin thefield or theone
basedon theresultsof thephytolith andgeochemicalanalyses,sincethereclassificationaccording
to themodelmerelyreflectsthelatter.Themodelrefinestheinitial interpretationof activityareas
byusingtheanalysesresultsaseithersupportingor contradictingevidence.The`correct'levelof
classificationwaslow in our case,whichmeansthat thegeoarchaeologicalresultsdid not havea
largeeffecton thefinal probabilities.Hadthedecisiontreespredicted90%of casescorrectly,they
wouldhavehadagreaterinfluenceon thefinal probability.Weakclassificationsuccesswould
resultin agreaterweightingon theclassifier'sresults,andviceversa.

Nevertheless,it isencouragingto observethatwhenplottedagainsttheplanof thesite,the
reclassificationof samplesdoesnot seemto bespatiallyrandom.Clearerspatialclustersof the
categories̀activityarea',̀ hearth'and`other'wereformedafterthechange.Thissuggeststhat
themodelwassuccessfulin identifyingandapplyingvalid indicatorsof activityareasin the
geochemistryandphytolith data,whichappearto provideameaningfulalternativeinterpreta-
tion of spaceat thesite.Futurestudiescouldhelpestablishthevalueof theapproachpresented
in thispaperfor interpretingdifferenttypesof sitesandidentify otherapplications±suchas
testingcontradictingsourcesof evidence,or its usefor archaeologicalprospection.

Conclusions
While increasinglyusedto aidarchaeologicalinterpretation,scientificanalysistechniques
oftengenerateresultswhichareequivocal,subtleor distinct,andthereforedifficult to relate
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backto pasthumanbehaviour.A multiproxy approachcanhelpcombatissuesof equifinality
andambiguity,but producesincompatibleresultsdueto differencesin thelevelof measure-
mentof varioussourcesof information.

Byexploringanewwayto combinemultiproxy data,this researchaimedto maximisethe
information gainedfrom siteswhicharedifficult to interpret.Ratherthantrying to find
ªhardº archaeologicalevidence,theapproachtakenin thisstudywasto bridgethegapbetween
thescientificmethodsusedandtheambiguityinherentin archaeologicaldata.Thisrequired
fitting, or scalingdown,hardmethodsto softdata,whichwasenabledby theuseof decision
treesandBayesianinference.Byallowingfor expertopinion to contributeto theoutcomeof
themodel,anddealingwith theuncertaintytypicalto archaeologicaldata,suchmodelsmay
provideausefultool for theincorporationof thewiderangeof sourcesof information that
archaeologistsmustconsiderwhileinterpretingancienthumanbehaviour.Thepotentialappli-
cationsof thismodelarebroaderthanarchaeology,asanyfield seekingto incorporateexpert
opinion with additionalsourcesof information couldbenefitfrom its application.
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