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preservatiorrepresent challengehat archaeologistsanembraceby finding novelandinno-
vativewaysto maximisethe amountof information that begainedfrom the archaeological
record.

In recentyearstheinterpretationandunderstandingof the useof spacen archaeologyas
beenincreasinglyaidedby theincorporationof geoarchaeologicéchniquessuchasgeo-
chemistry phytolith analysismicromorphologyandlipid residueanalysisalongsideartefac-
tual analysig1+8]. Thesdaechniquesavethe advantagef consideringin situ signalsof
activity,which arelesgproneto postdepositionadisturbancg4, 9]. Thedownsidehowever,
isthattheymayproduceresultswhich areequivocalsubtle or distinct,which canlimit their
interpretationpotential. Therefore while thesemethodsgreatlyincreaseour understandingpf
archaeologicaditestheir interpretativevalueis greateiwhenusedin combinationasa multi-
proxyapproachthanin isolation[2].

Inconsistencies the typeof resultsproducedby differenttechniquesandtheir resulting
datastructure howeverpftendo not favourtheir incorporationwithin asinglecomprehensive
statisticamodel[10, 11]. For examplewhile phytolith datais recordedin countform andmay
befurther aggregatethto severatategoriesepresentingplantgenusplant partsor weightof
phytolith materialpergram,measurementsf geochemicatlementsareoftenrecordedin
partspermillion, producingcontinuousdata.Many geoarchaeologicgchniquegproduce
complexhigh dimensionaldatawhich aredifficult to interpretin relationto oneanother.The
resultsof multiple analysigechniquesarethereforeoftenquantitativelyanalyseaseparately
evenwhentheyareusedwithin acombinedmethodologyandthendescribedideby sideto
form aqualitativesynthesig7, 11+15].Onewayto approaclthisissueis through standardiza-
tion andnormalizationof the dataprior to their integrationin multivariatestatistic§16+18].
However while the scaleof the datais broughtto the samegcontinuouslevel verydifferent
phenomenaremeasuredvhich do not necessarilgll translatewellinto acontinuousscale.

This paperoffersanewapproacho integrateanalysigesultsfrom multiple sourceof
information throughthe applicationof machinelearningalgorithmsalongsideother statistical
andtraditional analyticaimethodswithin asinglequantitativeframework.It is differentto pre-
viousonesin thatahypothesispr the probability of aninterpretation,canbequantitatively
addressetby theincorporationof almostanytypeof information. Its useisillustratedthrough
acasestudywherea combinationof geochemistrnand phytolith analysisvasusedto aid the
identification of activity areasn ephemerahrchaeologicaites.

Thetwo datasetsverecombinedby meansof Bayesiaronfirmationto examinewhether
suchacombinationis likely to enhancehe predictivepowerof thetechniquesomparedo
their usein isolation.Bayesiarwonfirmationis derivedfrom Bayestheorem whichis usedto
deducepropertiesaboutapopulation,or modelaprobability estimatefor unobserveakvents,
basedn a priori information [19+21].By extensiorof this, Bayesiarronfirmation combines
prior information abouta populationwith newevidencegatheredhroughobservatioror
experimentThe evidences usedto eithersupportor contradictahypothesisin effectthe
confirmation of ahypothesi®ccurswhenthe posteriorprobability (the updatedprobability of
the hypothesidollowing the consideratiorof newevidencepxceedghe prior probability (the
probability of the hypothesideforetheincorporationof newevidence)andthe greaterthe
differencexthgreaterthe confirmation[20].

In our caseBayesiartonfirmation wasparticularlyusefulsinceit enablecombininginfor-
mation from differenttypesof dataoncewe?translate%heresultsinto aform thatis meaning-
ful within aprobabilitymodel.In orderto do so,decisiontreesareusedto classifythe data.
Classificatioror decisiontreealgorithmsassigrvariablego discreteclassethroughbinary
recursivepartitioning. This processplitsdatainto subgroupdasedn valuesof predictorvar-
iablesin orderto predicthow datawill behavebasen the currentobservation$22].
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Decisiontreesareverysuitablefor 2translating®the resultsof variousanalysigechniquesnto
conditionalprobabilitiessincetheydivide the datainto pre-definedmeaningfulcategories,
providing both awayto examinethe natureof eachsampleandanindication of the overall
likelihood of acorrectclassificationThis numericaloutput, in itselfa probability,is usedasan
input for theamountof probabilitythatis eitheraddedto or deducedrom the prior probabil-
ity in the modelbasedn Bayesiarconfirmation.

By applyingaframeworkcombiningBayesiarstatisticsand decisiontreealgorithms,we
aimto maximisetheinformation that canbegainedfrom archaeologicalataand combinethe
continuousanddiscretedatasetproducedby thetwo analysigechniquesn aneffectiveway.
Bayesiaronfirmationis suitablefor this tasksinceit allowsoneto dealwith uncertaintyby
meansof allocatinga probabilityto a particularoutcome Seeingsit is not possiblgo observe
pasthumanbehaviourasit takesplace or rely on repetitionof experimentsit is not possible
to truly testthe accuracyof archaeologicahterpretation.Whatis possiblehoweverjsto pro-
videit with numericalprobability basedn multiple sourceof evidenceThemoreevidence
pointing towardsa particularscenariothe moreweightit receivesln thisway,wecanadda
quantitativelikelihoodto our qualitativeinterpretationof archaeologicdeatures.

Case study
Geochemical and phytolith data from Wadi el-Jilat sites

Fieldworkat Wadi el-Jilat(Fig 1) waspart of aseriesof excavationgn the AzragBasinduring
the 1980sTheprojectaimedto providenewinsightsinto settlemenandsubsistence the
steppeanddesertregionsof the Levantduring the periodwhensedentismagricultureand
pastoralismwerefirst developingn the morefertile regionsof the Levantand more generally
aroundthe?Fertile Crescent®f South-WesKsia[23]. Thevastmajority of Neolithic build-
ingsat Wadi el-Jilatarecircular or ovalsemi-subterraneaoonstructionswith upright slabs
forming thefragileexternalalls,which oftenenclosedhallowdepositsMany of thesestruc-
tureshadinternal divisions,hearthsand otherfeaturesuchasbenche®r storagebins[23,
p.40-1].Neverthelessinlike contemporarysitesin moisterregionsof the Levantwhich pres-
entsubstantiahrchitecturakemains the Neolithic settlementst Wadi el-Jilatleft tracesof
somewhatflimsy'structuresThesejn combinationwith the faunalevidencehint towardsa
seasonabccupation asis the casewith manyephemerastructuresusedtodayby modern
nomadicpopulationg24+28].

Theephemerahatureandlong abandonmenbf thesesiteshinderedthe interpretationof
the pastuseof spacey their inhabitants requiring additionalmeango confirm theinitial
identification of activityareasn thefield. To thatend,eighteersamplegrom the Pre-Pottery
Neolithic B (PPNB)siteof Wadi el-Jilat7 (WJ7)andthirty-one soil samplegrom the Early
LateNeolithic (ELN) siteof Wadi el-Jilat13(WJ13)wereanalysedor their phytolith andgeo-
chemicakoil signaturesspart of astudyinto the potentialof adualgeochemical-phytolith
methodologyto aid theinterpretationof ephemerabarchaeologicaite15, 29]. The soil sam-
pleswerechoserto representrangeof occupationdepositswith the aim of comparing
betweersoil signaturescrossrariouscontextcategorie¢describedn Tablel). WJ13pro-
videdasuitablecasestudyfor the applicationof Bayesiarnferenceto aid theinterpretationof
archaeologicalata,becausenlike the neighbouringsiteof WJ7 the resultsof the geochemi-
calandphytolith analyseslid not entirelycomplywith the divisioninto the contextcategories
definedin thefield.

Geochemistry data. Within anarchaeologicatontext,soil chemistryis usedto link pat-
ternsof enrichmentor depletionof certainchemicaklementsn the soilto pasthumanoccu-
pation[30, p.36].The applicationof geochemistryo archaeologicaditesis oftenusedto locate

PLOS ONE | https://doi.org/10.1371/journal.pone.0248261 March 31, 2021 3/25


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

PLOS ONE

Applying Bayesian confirmation and machine learning to combine incompatible archaeological data

o
(%1
S
&
S
S
)
S
BS]
=

4 7
R AN
P /! /,/ \
= \ /./ \
/ | \ 7 \
J ; -~
L | [ Rl \
/ \ /'/ \
| / . \
Sea of A \
Galilee /./ A\
\ ./'/ '
N 57
N N ol
N, v
N e /_/
e Amman et
5 T
S Wadi el-Jilat R
V’ -
3 o <
1) ; Tl
e s,
= 3 ) .~‘.\.‘~~
/ X
/ .
/
/
/
/
/
|
I
|
!
|
|
/
I
/
\ /
\ i
v
\ !

4/25

Fig 1. Location of the Wadi el-Jilat sites. A closeup of the Wadi el-Jilatgorgeincludesan overviev of theindividual sitelocations
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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 Explanation :

study:

Deposit Generaldepositfills within andbetweerbuildings

Activity area Locusrich in boneandlithic material

Hearth Depositconsisthg of ashysediment

Compactashyfill Compacffill containingtracesof ash

Bedrockfeature Postholeor othermanmadepitsin bedrock

Other Featureshatdo not fit the previouscategoriesthis categorymainly consistof
pits andbins

Background Backgroundsampletakenfrom the vicinity of the site

https://abi.org/10.1371djurnal.por.0248261.t00

anddelineatesettlementsiefuseareasgravesagriculturalplotsandproductionareaslt can
alsobeappliedon asitelevelto obtainabetterunderstandingf stratigraphyand sedimentol-
ogy,or helpinterpretthedistribution of activity areasandfeature429, 30]. Thegeochemical
analysisatthe Wadi el-Jilatsites(WJ) wasperformedusinga Thermo ScientificNiton XL 3t
Goldd+(geometricallyoptimisedlargeareadrift detector)handheldXRF(X-ray fluorescence)
analyserThegeochemicahterpretationin this studyfocusedn the following chemicalele-
ments,measuredn partspermillion (PPM):aluminium (Al), calcium(Ca),iron (Fe),potas-
sium (K), magnesiunm(Mg), chlorine (Cl), manganesévin), phosphorugP), strontium (Sr),
titanium (Ti), sulphur(S),zinc (Zn), chromium (Cr), andzirconium (Zr) (see48for anover-
viewof the geochemicahnalysigrotocol).

Thesiteof WJ7did not appeaito showanyremarkablgrendswhencomparingthe enrich-
mentof individual chemicakelementsacrossontextcategoriegfor detailedoverviewof geo-
chemicakesultssee47or 49).Thesiteof WJ13did portray morevariationin enrichmentof
chemicaklementdetweercontextcategoriedyut to alimited degreeThemostprominent
distinction betweeractivitiesappearedo berepresentedt this sitethrough P, levelsof which
wereincreasedn all anthropogenicontextsn comparisorto the backgroundsamples,
noticeablymostlyin the postholesamplegFig 2). This could beexplainedby leachingof P
downwardshut thenonewould expecto seeasimilar patternin the otherWadi el-Jilatsites,
whichis not the casg29]. Thereis aslightelevationof K andMg in the hearthsandof Mn in
activityareagFig 2). Thesdrendsaresimilarto observationsnadeat ethnographicsitesin a
relatedstudy[11].

Contraryto thevisibility of enrichmentof individual elementsacrossontextcategories,
the 3D biplot createdor the principal componentanalysigPCA) for WJ7providedabetter
resultthanthe oneproducedfor WJ13explaining89%and 72%of variancerespectivelyand
presentingbetterclusteringinto the excavator'sontextcategoriegFigs3 and4). Thegeo-
chemicalvariableghat drive mostof the variancewithin the PCAfor the siteof WJ7(Fig 3)
seento correspondatleastpartly, with the elementghat werefound to indicateanthropo-
genicinput in earlierstudiesmainly Mg, Fe,S,P,K, CaandCl (Table2 providesan overview
of chemicakelementgound atthe sitesof Wadi el-Jilatand their suggestedssociatiomwith
anthropogeni@anomaliesn earlierstudies) Thegeochemicatlementdriving thevariance
for the PCAbiplotscreatedor the siteof WJ13 howeverdo not correspondaswell with find-
ingsfrom previousstudiegFig 4). While still relyingon afewanthropogenidndicatorswhich
werefoundto berelevantin otherstudiegFe,K, Mg, Ca,P,andCl), muchof thevariances
driven by chemicaklementsvhich arenot consideredo besignificantanthropogenidndica-
tors(Ti, Si,Al, Zr, Nb, RbandV). WJ7andWJ13portray different patternsof enrichmentof
geochemicahnd phytolith soil signaturesvhich might suggesadifferencein their occupation
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sequencesheir use theinfluenceof localtaphonomicprocessesr alternativelythe degreeof
successfutentificationof their featuresn thefield (which influenceghe division of soil sam-
plesinto suitablecontextcategories).

Phytolith data. Theword phytolith in archaeologicatontextgenerallyrefersto opalor
amorphoussilicarepresentationsf plant cellstructurespf eithersinglecellsor conjoined
cells[6, 37]. Single-celleghhytolithscanbeclassifiedaccordingto their morphologiesyhich
oftenlink to differentplant parts(for examplehusksor leavespand cantherebyindicatepat-
ternsof plantuse(suchasplant-processing)n addition, both multi- and single-cellegbhyto-
liths candistinguishbetweertwo groupsof plants:monocotyledongmonocots)and
dicotyledongdicots+herave usetheterm accordingto the pre 1990gefinition to meannon-
monocotyledon)38, 39]. Byaddingup theinformation from avarietyof phytolith formsand
morphologieswithin asampleaprofile of plantuseatasitecanbecreated.

Theextractionof phytolithsfrom the WJ soil samplesvascarriedout usingthe dry ashing
method[40]. The namesof the phytolith typesfollowedthe International Codefor Phytolith
Nomenclaturd41]. In addition to phytoliths,diatomsandspongespiculesvererecorded.The
phytolith databaséncludedthe morphologicalcategoriesisedin the countingsheetand
additionalvariablesalculatedrom the raw data:dicot, monocot,single-cellmulti-cell,
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Panicoideae?ooideaeChloridoideaeArundinoideae Palmaceadordeum sp., Triticum sp.,
leaf leaf/husk]eaf/stemhusk,awn,weightpercentof extractedohytoliths,and numberof
phytolithspergramof original sedimentprocessedfor acompleteoverviewof the phytolith
analysisandrecordingmethodologyseet 7).
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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 Associated activity in previous studies
element
P Hearthsanimaldung[11]; food preparaton and

consumpton [31+33],burning andfood storagg34],
refuseareag31], excremats[33], Byreq35], Meat[36]

Mg Hearths,animaldung[11]; woodash[5], cooking
hearthsfood preparation andconsumpton [31], Meat

[36]
Ca Hearths[11, 31],food storageand preparation[33, 34],
lime useq5]
K Hearths,animaldung[11]; woodash[5], cooking
hearthsfood preparationand consumptia [31]
Mn Hearths/burnng [11,34], vegetabl¢36]
S Hearthsanimaldung[11]
Sr Hearthg[11, 35], excrement&ndfood preparation[33],
Limeuse5]
Cl Animal dung,hearthsanimalpens[11]
Fe Background11]; Craft production (high levelsn
combindion with burning) [34], burning [33]
Ti Background11,34]
Al Background11,34]
Cr Not measuredn previousstudies

https://abi.org/10.1371djurnal.por.0248261.t0D

Associated activity in this study

Generalnthropogaic occupation(all
WJsites) bedrockfeatureqWJ13)

Hearths(WJ13)

Generalnthropogeic occupation(all
WJsites)

Hearths(WJ13)

Activity areagWJ13)
Hearthsand bedrockfeatureqWJ7)
Slightelevationsn hearths(all WJsites)

BedrockfeaturegWJ7,WJ26)

Theresultsof the phytolith analysisat Wadi el-Jilatrevealenly very subtlepatternsof dif-
ferentiationbetweeractivity areaswithin the siteswhile the backgroundsamplesvereclearly
differentto the on-sitematerial. A high monocotto dicotratio, anabundancef grassusks
andahighweightpercentandnumberof phytolithspergramall appearo beassociatedith
anthropogeniactivity atthe Neolithic siteg[29]. The phytolith analysigesultsat WJ7demon-
stratethe mostvariabilityin contextcategorieswWhile all contextsshowanincreasenf mono-
cotsin relationto the backgroundsamplesthe categoriesactivityarea'and "compacashyfill’
(which probablyreflecthearths)containthe highestconcentration®f theseThetwo context
categorieshowresemblancghenit comedo plant parts,containingthe largestamountsof
huskmaterialin relationto the othercontextcategoriegFig 5).

Theenrichmentof silicaaggregatenaterialat the bedrockfeatureshearthsand depositof
WJ13might alsoindicateahigh anthropogenidnput, albeitof adifferentkind (Fig 5). Silica
aggregatés consideredo bederivedfrom woodymaterial,and couldindicatethe presencef
woodor charcoalwithin thesefeature442, 43]. Neverthelessyhencomparingthe results
amongthe differentcontextcategoriegheindividual phyolith trendsat WJ13do not portray
the expectedinthropogenienrichmentinput identified for WJ7andothersimilar siteg[7, 8,
29,44+46].ThePCA3D biplotscreatedor the phytolith resultsatthe WJsitesdo portray
someclusteringbut to alimited degredFigs6 and 7). As with the resultsof the geochemical
analysisthe seconcandthird componentgepresentessof the overallvariancebut demon-
stratebetterclusteringof contextcategorieshanthefirst two components.

Methods and results

Decision trees

Decisiontreeswereusedin this studyto understandandvisualisehowwell the quantitative
datafrom phytolith andgeochemicatamplesrecategorisedhto the pre-definedactivity
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areasandwhichvariablesareimportant within this classificationDecisiontreealgorithms
assigrvariablego discreteclassethrough binary recursivepartitioning, aprocessvhich splits
datainto subgroupsasedn valuef predictorvariables.

Thedecisiontreeswerecreatedn Weka3.6.13asoftwarepackagevith arangeof classifi-
cationand predictionmachinelearningalgorithms.The J48classifiewasusedin this analysis,
adecisiontreeclassificatioralgorithmbasedn atop-downrecursivedivide-and-conquer
mechanisni22,47,48].An attributeis selectedor thetop (root) node,andabranchis created
for eachpossiblaattribute value The processplitsthe instancesnto subsetgonefor each
branch).Theprocesss repeatedecursivelyfor eachbranchuntil allinstance$havethe same
classThedesiredoutcomeis the smallespossibledecisiontreewith purenodes.

Therearemanydifferentpossibilitiesfor carryingout asimilar classificatiorwhich would
resultin similar outcomeszalassificatiorinto pre-definedcategoriesvith theassociated
probabilitiesof asuccessfutlassificatiorwhich areneededasinput for the Bayesiartalcula-
tion (whichis describedn thefollowing section) However the J48classifieproducesawell
prunedtree,meaningthat aparticularprobability of classificatiorwill beconservativelgsti-
mated[49]. This conservativestimatds usefulwhenusedasevidencean Bayesiarconfirma-
tion to preventoverinflation of final, posterior,probability estimates.

In our casegachsoil samplewasidentifiedin thefield asa particularactivity type,basedn
theexcavatorghterpretationof therelevaniocus/contex{Tablel). Thedatafor eachsample,
including acontextcategoryandthe resultsof the soil analysegseedescriptionof datasets
above) providedtheinput for the decisiontreealgorithm. Thevaluedor the chemical
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elementsneasuredn the samplepr the propertiesof the phytoliths,wereexaminedo create
aserief decisionsaccordingto the splitting variablege.g.> or < 2079PPM of phosphorus
in the sample)choserby the algorithmto bestclassifithe maximumnumberof samplessper
theexcavatornitial judgement(i.e.theidentification of contextin thefield). Theanalysis
provideda classificatiorireewhich canbevisualisedandreportedthe amountof casesvhich
were correctly'andincorrectly'classifiedaccordingto the setparameters, e.samplesvhich
resembleéhe generatrendsobservedvithin their contextcategory.

TheWekadecisiontreescreatedor the geochemistryesultsshowarelianceon P, Si,Fe,
CaandSin distinguishingthe clustersof the contextcategorie$or both sites(Figs8 and 10).
Aswith the PCAresultsthe decisiontreescreatedor WJ7weremore successfuh clustering
thedataaccordingto the contextcategorieshanthe onesproducedfor WJ13 reflectinga
clearersplitting processandhigherpercentagef correctlyclassifiedcasegFigs8+10).

When plotting decisiontreesbasedn the phytolith analysigesults similar branching
complexitiescanbeseerasthe onescreatedor the resultsof the geochemicahnalysisThe
decisiontreecreatedor WJ7hadahigheramountof correctlyclassifiedcaseshanthe one
createdor WJ13(46%)and producedthe purestdivisions;Panicoidea@and diatomswere
usedto differentiatebetweerthe backgrounddepositand postholecategoriegFig 10). The
decisiontreecreatedor the phytolith resultsof WJ13(Fig 9) standsn sharpcontrastto it,
with only 21%0f casegorrectlyclassifiedand extensivesplitting requiredto producenodes.

Theloweramountof correctlyclassifieccasesind high degreeof branchingin the decision
treesof WJ13suggesthatthe contextcategoriesisedin the analysisor the division of samples
to thesedoesnot correspondwellwith the phytolith and geochemicadiatafor this site.The
high degreeof branchingalsodemonstratesvhy the J48classifiewaspreferredin this analy-
sis,asit producesawell prunedtree+othemethodswould createmore complextrees.
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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%o0f casesverecorrectlyclassifiedThe numberswithin eachsubsef{or treenode)representhe amountof instanceghat arefound within the subsetin casesvhere
two numbersappeamithin thetreenode,thefirst numberindicatesthe “correctinstancesandthe secondeflectshe “incorrectinstancesalling within the subseti.e.
samplehavingcategoieswhich agreeor disagreevith the categoryrepresentd in thenode). Thenumbersappearim betweerthetreenodesandthe variablesrepresent
the splitting point, i.e.the valuethat split theinstancesccordingto thosecontainingvaluesf this variablethat aresmaller Jargeror areequalto this number.

https://da.org/10.1371¢urnal.pon®248261.g08

Bayesian calculation

Themodelappliedto the datacombinesnformation from the excavator'slassificationthe
geochemistrandthe phytolith analysido providean overallestimateof certaintyin the classi-
fication of anactivity area Essentiallywhereboth geochemistryand phytolith analysigesults
agreewith the excavator'slassificationthe certaintyof the excavator'slassificationincreases.
Wherethereis disagreementf certaintyfallsbelowthe prior probability (setaccordingto
excavator'slassification)thenthe classificatioris reconsideredqrFig 11).
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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 casesverecorrectlyclassifiedThenumberswithin eachsubsetor treenode)representhe amountof instanceshatarefound within the subsetln casesvhere
two numbersappeamithin thetreenode,thefirst numberindicatesthe “correctinstancesandthe secondeflectshe “incorrectinstancesalling within the subseti.e.
sampledavingcategoieswhichagreeor disagreevith the categoryrepresentd in thenode). The numbersappearimg betweerthe treenodesandthe variablerepresent
the splitting point, i.e.the valuethat split theinstancesccordingto thosecontainingvaluesof this variablethat aresmaller Jargeror areequalto this number.
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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 eachsubsetor treenode)representheamountof instanceshatarefound within the subsetin casesvheretwo numbersappeamwithin thetreenode,
thefirst numberindicateshe “correctinstancesndthe secondeflectsthe “incorrect' instancedallingwithin the subse(i.e. sample$avingcategoieswhich agreeor
disagreavith the categoryepresentd in thenode). Thenumbersappearingbetweerthe treenodesandthe variablesepresenthe splitting point, i.e.the valuethat split
theinstancesiccordingto thosecontainingvaluef this variablethat aresmaller Jargeror areequalto this number.

https://da.org/10.1371durnal.pon®248261.g0Q
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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://da.org/10.1371durnal.pon®248261.g01
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Within the applicationof the modelbasedn Bayesiaronfirmationin this study,the prior
probability reflectsexpertopinion. It wassetat0.5,providing an “uniformedprior'. Thefocus
of this studywasthe addition of evidencdrom the geoarchaeologicaburce®f information,
andno attemptwasmadeat estimatingthe certaintyof theinitial identificationin thefield.
However thisinput mayvaryin future studieslt maybethatthe expertopinion is given
higheror lowerweight,or perhapghat certaincontextcategoriesyhich areeasieto identify,
receiveahigherprior probabilitywhile other categoriesyhich aredifficult to distinguishin
thefield, areattributedalower prior probability (for exampleD.7,or 0.4).Futurestudiesmight
thereforechooseo incorporatedifferentprior probabilitiesfor certaintypesof contextcatego-
rieswithin themodel,basedn the expectedertaintyof their initial identification.

Thefollowing equationwasused:

Ppost = Pexc + {[(1 - Pexc)>|< {a(Pexc*Pgeo) + b(Pexc*Pphyt)}}/n}7

wherePygis thefinal certaintyof the classificationPe,cis the excavator'sertainty(the prior
probability,setat0.5in this study),PyecandPyhy: arethe probabilitiesassociatedith overall
correctclassificatiorfrom the decisiontrees(seedescriptionof resultsin previoussection)
andaandb aresetto 1 whenthereis anagreemenbetweerexcavatoanddecisiontreeclassi-
ficationand-1 wherethereis disagreement is the numberof extrapiecef evidencaused
beyondexcavator'slassificationin this case2. This approachhaspreviouslybeensuccessfully
usedin environmentalstudiesto applyaBayesiarstatisticaframeworkto remaininguncer-
tainty from aprior evaluationof probability,or to decreaseertaintyof aprior evaluationif
newevidencealisagreefs0,51].

The equationwasusedasan excelfunction to calculatehe probability of a correctidentifi-
cationof activityareain thefield for eachof the WJ13samplesThis wasachievedy manually
examiningthe valuef the relevantsplitting variablefor both the geochemicahnd phytolith
resultshasediecisiontreesfor eachsampleTable3 containsalist of theresultsof the applica-
tion of the modelto the samplegrom WJ13.In casesvheretherewasadisagreemeribetween
theresultsof eitherthe geoarchaeological phytolith analysesr both, an alternativecontext
categorywassoughtin line with the decisiontrees This resultedin thereclassificatiorof cer-
tain samplegTable3).

The PCA3D biplotsbelow(Fig 12)visuallyillustratethe changen definition of activity for
someof the sampledollowing thereclassificatiorf the results.Threesamplesverere-catego-
rizedashearthstwo asactivity areasandtwo postholesamplesverereclassifiedsdeposits.
Thenewbiplot portraysclearerclustersof contextcategoriesgspeciallyvhenit comego the
hearthcontextcategoryThe category other'now appearso sharethe samecharacteristics
with thelatter,and someof the featureslassifiedunderthis categorysuchasbins and pits
(Tablel), might thereforereflecthearthlocationswhichwerenot identified assuchin the
field.

Theimprovedclusteringof sampleshownin the PCAscatterplois not surprising,asthe
reclassificationvasbasedn the soil analysigesultsincorporatedinto themodel. Theincrease
of clusteringwasnot the goalof this calculation.The PCAbiplotsmerelydemonstratehe
changeén classificatiorof the samplesccordingto the geochemicahnd phytolith analyses
resultsin this way,the soilanalysesanbecombinedandusedasanadditionalindication or
identification of archaeologicdkaturesguiding the archaeologicahterpretationof activity
areasfterexcavation.

To illustratehowthereclassificatiornf samplesvould changeheinterpretationof the use
of spaceatthesite thelocationof the samplesnalysedn this studyarepresentedvith their
associatedontextcategonbeforeandafterthe applicationof the Bayesiamimodel . 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,the weightof the resultsof the geochemicand phytolith analyses
wassetat 0.38and0.21(respectivly) to reflectthe amountof correctlyclassifiedcasedn thedecisiondrees.

Sample Context Prior Geochemical results | Phytolith results |  Both Geochemical results | Phytolith results | Neither Alternative
probability weight weight agree disagree disagree agree category*
WJ135a | Deposit 0.5 0.38 0.21 0.47875 Other
3
WJ137a | Deposit 0.5 0.38 0.21 0.42625 Hearth
5
WJ1388 | Deposit 0.5 0.38 0.21 0.47875 Other
WJ1316a| Deposit 0.5 0.38 0.21 0.57375
13
WJ1320b Deposit 0.5 0.38 0.21 0.42625 Other
WJ1325 | Deposit 0.5 0.38 0.21 0.42625 Deposit2
19
WJ1350a Deposit 0.5 0.38 0.21 0.57375
30
WJ1353a| Deposit 0.5 0.38 0.21 0.57375
32
WJ1356b| Deposit 0.5 0.38 0.21 0.57375
40
WJ1362a| Deposit 0.5 0.38 0.21 0.57375
40
WJ1370a, Deposit 0.5 0.38 0.21 0.57375
38
WJ1371b| Deposit 0.5 0.38 0.21 0.57375
80
WJ1383a Deposit 0.5 0.38 0.21 0.52125 Deposit2/hearth
46
WJ1310a| Other 0.5 0.38 0.21 0.47875 Hearth
9
WJ1322 Other 0.5 0.38 0.21 0.52125 Deposit
17
WJ1347 Other 0.5 0.38 0.21 0.47875 Hearth
29
WJ1352a; Other 0.5 0.38 0.21 0.57375
31
WJ1357a; Other 0.5 0.38 0.21 0.52125 Activity area
33
WJ1315a Activity 0.5 0.38 0.21 0.57375
12 area
WJ1345a| Activity 0.5 0.38 0.21 0.57375
46 area
WJ1359a Activity 0.5 0.38 0.21 0.57375
31 area
WJ1366b | Activity 0.5 0.38 0.21 0.57375
39 area
WJ1312 | Hearth 0.5 0.38 0.21 0.57375
12
WJ1318 | Hearth 0.5 0.38 0.21 0.57375
13
WJ1322 | Hearth 0.5 0.38 0.21 0.52125 Deposit
14
WJ1324 | Posthole 0.5 0.38 0.21 0.52125 Deposit/bedrock
20 2
(Continued)
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Table 3. (Continued)

Sample Context Prior Geochemical results | Phytolith results | Both Geochemical results | Phytolith results | Neither Alternative
probability weight weight agree disagree disagree agree category*
WJ1385 | Posthole 0.5 0.38 0.21 0.57375
54
WJ1390a| Posthole 0.5 0.38 0.21 0.57375
56
WJ1392a Posthole 0.5 0.38 0.21 0.52125 Deposit/bedrock
57 2
WJ1396 | Posthole 0.5 0.38 0.21 0.57375
59
WJ13104 Posthole 0.5 0.38 0.21 0.57375
65

* Thenumber2 indicatescasesvherethe suggestedeclassifiation fallsunderthe samecontextcategoryaccordingto the decisiontree,but within adifferentnode.In
casesvherethe geochemidaand phytolith resultssuggestlifferentalternativecategorieswo reclassifiation optionsareprovided(respetively).

https://da.org/10.1371durnal.pon®248261.t003

planof WJ13showingthe earlyandmiddle phase®f occupationthe changdsreflectedn a
broadeningof asectionof “activityarea'atthe north-easterrend of the building, andtwo fea-
turesat the south-westerrendof it now fall underthe category other'(mainly representing
pitsandbins)insteadof “deposit(Fig 13). Thechangesdn the lateoccupationphasemainly
concernthe addition of externahearthsto the building insteadof the categoriesdepositand
“other'(Fig 14).

Discussion

This paperexploredthe useof adigital frameworkconsistingof classificatioralgorithmsand
Bayesiaronfirmationto integrateoutput from diverseanalysisnethodsand source®f infor-
mation. The principal behindthis methodologyis to translatethe datainto aform wherethey
canbebroughtto the samdevel sothatinformation canbeextractedhat eithersupportsor
contradictsaparticularhypothesis.

Thecasestudypresentedhereillustrateshow suchaframeworkcanhelpmaximisethe
information gainedthroughanalysigechniqguesvhendealingwith ambiguityin their inter-
pretation.AlthoughWJ13andWJ7sharea similar environmentaland historicalsetting,and
areadjacento oneanother theresultsof the geochemicahnd phytolith analysesverenot as
straightforwardn interpretingthe useof spaceat WJ13aswith WJ7.Thedataproducedfor
thelatter siteexhibitsaclearclassificationinto distinguishableontextcategoriesvhenexam-
inedthroughPCABmainly dueto the geochemicahput, while the geochemicadnd phytolith
analysiof WJ13hints towardsverysubtlespatialtrendsand producedlessstraightforward
PCADbiplots.Thedecisiontreescreatedor the two sitestell the samestory,thoseproducedfor
WJ7depictacompactreeandcleardivisioninto contextcategoriesyhile the output treesfor
WJ13portray extensivéoranchingreflectingsignificantlylower classificatiorsuccesdt might
bethatthe short-livednatureandrelativesimplicity of astructuredoccupationsequencef
WJ7contributedto the easef its interpretation,while the relativelycomplexsequencef
occupationat WJ13madeits interpretationlessstraightforward15].

Becausef the complexity,ambiguityandincompatibility of the geochemistrandphytolith
analysigesultsfor WJ13 additionalmeansof dataanalysisverenecessarfor utilising these
datato aidtheinterpretationof spatiatrendsat WJ13 Decisiontreesprovidedprobabilities
relatedto the successf classificatiorinto the pre-definedcontextcategoriesndicatedhow
wellthesedescribehe data,andidentifiedthe keyvariableghat split the datainto context
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Fig 12. A) PCAbiplot for WJ13basedn thegeocheritalanalysisesults8) PCAbiplot for WJ13basedn the geochemial analysis
resultsafterthe changen the categoriesf someof the samplesfterthe applicaton of the Bayesiatbasednodel.
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PLOS ONE | https://doi.org/10.1371/journal.pone.0248261 March 31, 2021 18/25


https://doi.org/10.1371/journal.pone.0248261.g012
https://doi.org/10.1371/journal.pone.0248261

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

Q
Wadi el Jilat 13 /

Early & Middle Phases f O
Before reclassification

Q
Wadi el Jilat 13 /

Early & Middle Phases j Q)
After reclassification

Fig 13. A plan of early and middle phases at Wadi el-Jilat 13, before (top) and after (bottom) the reclassification of
samples.
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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.
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categoriesThis overviewenabledhe identification of typical signaturegor specificactivity
areasandmadethedivision of eachsamplanto a contextcategorybasedn the resultsof the
soilanalysigossible.

Themodelbasedn Bayesiarconfirmationreliedon this information in orderto testand
reclassifyspecificsamplesnto the contextgrouptheyresemblednostby consideringmultiple
source®f evidencelt could potentiallyincorporateany numberof additionalresultsto com-
plementthoseof the geochemicahndphytolith analysesSeverasampleseemedo fit well
within the pre-definedcontextcategonallocatedo them,while otherswerereclassified
accordingto the decisiontrees While the procesof testingwhich categoryeachsamplefits
bestwascarriedout manuallyin this study,it maybeautomatedn future studiesf necessary,
for examplevhenalargenumberof sample®r source®f information is considered.

This mannerof combininginformation from varioussourceof information within asingle
model,wheretheyareconsideredndependenthiffrom eachother,carriesmuch potentialfor
aidinginterpretationof ambiguoudeaturesn generalTheapplicationof this modelto the
sampledrom WJ13illustratesthat the useof evenonetypeof additionalevidencenayimprove
theoriginal interpretationof the useof spaceat a site,but that the certaintyof the newidentifi-
cationincreasesvhenanothermethodis addedn this sensethe differencen thetypeof data
achievedrom thetwo analysigechniquesnakegheidentification of activity areasmore con-
vincing. The phytolith analysisfor examplereflectspatternsof plant use while the geochemis-
try isrelatedto varioussignalsof activitiessuchasburning andanimalhusbandryIf both of
thesadifferentsourcespoint towardsa confirmation or rejectionof theinitial interpretationof
acontextcategoryit ismore compellingthanis the casawith more closelyrelatedsource of
information (suchasphytolithsand macrobotanicatemainsfor example).

Overall thereclassificatiomf the WJ13samplesesultedn areductionof the morecommon,
generakontextcategoriesdepositand “other'in favourof more specificcontextcategoriesuch
asthe “hearth'and"activityarea'categoriedt couldbethatthesecontextcategoriesremore diffi-
cultto identify in thefield in somecasesyhile the phytolith andgeochemicaracesn the soil
provideadditionalmicroscopiameandgo distinguishthem.On the otherhand, it is not possibleo
determinewhichinterpretationis moreaccuratethe original identificationin thefield or theone
basedn the resultsof the phytolith and geochemicahnalysessincethe reclassificatiomccording
to the modelmerelyreflectshe latter. The modelrefinestheinitial interpretationof activityareas
by usingthe analysesgesultsaseithersupportingor contradictingevidenceThe “correctlevelof
classificatiorwaslow in our casewhich meanghatthe geoarchaeologice¢sultsdid not havea
largeeffecton thefinal probabilities Had the decisiontreespredicted90%of casesorrectly they
would havehada greaterinfluenceon thefinal probability. Weakclassificatiorsuccessould
resultin agreatemweightingon the classifier'sesultsandviceversa.

Neverthelesst is encouragingo observehatwhenplottedagainsthe plan of the site,the
reclassificatiorof samplesloesnot seemnto bespatiallyrandom.Clearerspatialclustersof the
categoriesactivityarea', hearth'and other'wereformedafterthe changeThis suggestthat
themodelwassuccessfuh identifying and applyingvalid indicatorsof activityareasn the
geochemistrnand phytolith data,which appeato provideameaningfulalternativeinterpreta-
tion of spacetthesite.Futurestudiescould helpestablistthe valueof the approachpresented
in this paperfor interpretingdifferenttypesof sitesandidentify otherapplicationstsuchs
testingcontradictingsourcef evidenceor its usefor archaeologicgbrospection.

Conclusions

While increasinglyusedto aid archaeologicahterpretation,scientificanalysigechniques
oftengenerateesultswhich areequivocalsubtleor distinct, andthereforedifficult to relate
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backto pasthumanbehaviour A multiproxy approachcanhelpcombatissuef equifinality
andambiguity,but producesncompatibleresultsdueto differencesn thelevelof measure-
mentof varioussource®f information.

By exploringanewwayto combinemultiproxy data,this researclaimedto maximisethe
information gainedfrom siteswhich aredifficult to interpret. Ratherthantrying to find
ahard® archaeologicatvidencethe approachtakenin this studywasto bridgethe gapbetween
the scientificmethodsusedandthe ambiguityinherentin archaeologicalata.Thisrequired
fitting, or scalingdown, hard methodsto softdata,which wasenabledby the useof decision
treesand Bayesiatinference By allowingfor expertopinion to contributeto the outcomeof
themodel,anddealingwith the uncertaintytypicalto archaeologicalata,suchmodelsmay
provideausefultool for theincorporationof the wide rangeof source®f information that
archaeologistmustconsidermwhileinterpretingancienthumanbehaviour.The potentialappli-
cationsof this modelarebroaderthan archaeologyasanyfield seekingo incorporateexpert
opinion with additionalsourceof information could benefitfrom its application.

Supporting information

S1 File. Geochemical and phytolith data for WJ7 and WJ13 relied on for the analysis in
this paper, in a format used as input for the WEKA decision trees.
(Csv)
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