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Abstract

For cancersvith morethanonerisk factot thesumof probabilisticestimates
of the numberof cancersattributableto eachindividual factormay exceed
the total numberof casesobsered whenuncertaintiesaboutexposureand
dose-responstr somefactorsis high. In this studywe outline a method
to boundthe fraction of lung cancerfatalitiesnot attributedto speci ¢ well-
studiedcausesn which available dataand expert judgmentare usedto at-
tribute portionsof the obsered lung cancemortality to knovn causesuch
as smoking,residentialradon,and asbestoshers. An upperboundon the
residualrisk dueto othercausess theninferredusinga coherenceonstraint
onthetotal numberof deathsa maximumuncertaintyprinciple,andimpre-
ciseprobabilities.
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1 Intr oduction

Usually, the healthrisk of exposureto an ervironmentalcontaminants calcu-
latedusinga “front-to-back” procedurewhich involvesestimatingoxic releases,
modelingenvironmentaland physiologicaltransformationsandthenemploying
exposuremodelsanddose-respondeinctions,seefor example[6]. Thatmethod-
ology works bestwhen the relevant scienceis well developed;however, when

*This work hasbeensupportedoy CNRS of France,and by the National ScienceFoundation
undergrantsSES-021689andSRB-9521914A similar paperhasbeensubmittedfor publicationin
thejournalRiskAnalysis
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Well characterizeflactors Lesswell characterizeflactors

Cigarettesmoking Occupationaéxposures:
Passve smoking Asbestos
Indoorradon Arsenic

Chromates

Chloromethylethers

Dieselexhaust

Nickel
Polygyclic aromatichydrocarbongPAHS)
Ambientair pollution

Tablel1: Examplesof ervironmentalrisk factorsfor lung cancer

thereareseveralrisk factors (asthe expressions usedin the epidemiologyliter-
ature),anduncertaintyaboutsomeof the scienceis large, sucha procedurecan
leadto estimatedor thenumbersf cancerattributableto thevariousfactorsthat,
summedexceedthetotal numberof casesactuallyobsened.

Morgan[12] arguedthat methodsof boundinganalysiscould be usedfor
ervironmentalrisk analysis.For healthrisks with multiple external causesthe
available knowledgeconstrainghe magnitudeof the poorly characterizedisks.
If mostriskswereknown with precision this would be a simplesubtractiorprob-
lem. However diseaseisks from ervironmentalcausesre often estimatedrom
modelsor inferredfrom studiesinvolving limited numberf subjectsandincon-
sistentnotionsof controlsor have othermethodologicaproblemsthatcontribute
to theuncertaintyof theresultslt is commonto seethecentraltendenciesf such
risk estimategxpressedsrangesespeciallywhentherearecompetingplausible
models.Sometimeghe sumof theindividual risks exceedghe total risk. How to
guantifyandboundtheresidual‘unclaimed”risk is the subjectof this paper

Usinglung cancemortality from ervironmentalfactorsasanillustrative ex-
ample this papempresenta methodfor boundingtheremaininguncertaintywhen
only someof therisk factorsarewell characterizedTheresultis anupperbound
on the mortality that can be attributed to all other lesswell-characterizedac-
tors. Someof the major ervironmentalrisk factorsfor lung cancerareshown in
Tablel. “Well characterizedheremeanghatpopulation-widdongitudinalattri-
butionalstudiesexist.

In the methodpresentedexpert judgmentis usedto attribute a portion of
the obsened cancergo known causesuchassmoking,radonandasbestosin-
formationaboutthe risks from unspeci edcausess inferredusinga coherence
constrainton the total numberof deathsanda principle we term maximumun-
certainty

Our methodbuilds uponthework of Walley [23, chapterd]. Mathematically
this is an applicationof Smets' TransferableBelief Model [20], which was de-
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velopedto solve someparadoxsin combiningexpert opinionin the theory of
evidence[19]. We elicit informationabouta nite setof variables(risk factors
for cancerandrepresenthisinformationasconstraint®n alinearprogramming
probleminvolving a corvex family of probabilities We invoke the maximumun-
speci city criterionin orderto estimatethe upperboundfor thelesswell-studied
memberf theset.

Oursis not the rst combinationof linear programmingexpert elicitation,
and impreciseprobabilities.Lins combinedtheseelementq10] to assesgprior
probabilitiesfor a singlecontinuougparameter

The paperis organizedasfollows. Section2 presentghe conceptuamodel,
which is an applicationof the mathematicallransferableBeliefs Model to risk
assessmenBasedon this, Section3 discussesur methodto elicit andvalidate
expertopinionusinga maximumunspeci city criterion. From our readingof the
literature,we thenprovide a tentative attribution amongthe causegbecausehe
expertelicitation phaseof this projectis currentlyincomplete) andin Section4
illustratethe methodwith a numericalapplication.

2 Model

2.1 Multiple pollutants may causelung cancer

Let N denotethe magnitudeof the healthend-point,in this case thetotal annual
numberof lung cancerdeathsLet Wdenotethe setof all possiblecause®f lung
cancedeathsFor example W= fC; R; A; XgwhereC meandobaccesmole
primarily from cigarettesR meansindoor exposureto radon,A meansasbestos
andX is the groupof all othermorepoorly understoocervironmentalfactorsof
interest.

The modelassumeghat N is readily obsenable and thereforeknown with
precision.While this is not strictly truein the caseof lung cancer3, 2] the as-
sumptionis notlimiting, sincetheresultsof the methodcanbe statedn percent-
agetermsandthenappliedto arangeof possiblenumericalvaluesof N. We also
assumesxposureto be binary, which is of coursenot true, but the assumptions
consistenwith the exposurede nitions usedin the supportingepidemiological
studies.With thesetwo assumptionseachdeathcanbe linked to zeroor more
possiblecausesn W. Most lung cancerdeathsarecausedy smokingalone,but
there are syneqistic casesin which more than one causeis involved, suchas
smokingandradon.

Figure 1 shavs oneway to subdvide N by causeghatincludessynegistic
effects.We denotethe numberof deathdinkedto causes asn(s), wheresis ary
subsebf W. In ourexamplewe considerfour possiblecausesn W, sotherecould
besixteen(= 2%) possibles, but to simplify the analysisandto be consistentvith
the cancetliterature,we will consideronly the two-factorinteractionsnvolving
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N = All lung cancercases

n( ) n(C) n(R)| n(CR) |n(X)] n(XC) [n(XR)| n(W)

Figurel: Thebasicstatisticn, simpli ed to includeonly therisk factorscigarettes
(C), radon(R), andall othercausegX). N is thetotal numberof lung cancerfatal-

ities. n is the numberof fatalitiesattributableto eachrisk factor or combination
of factorsn( ) is thebackgrounchumberof lung cancerdeathghatwould occur

absentll thevariousrisk factors.n(W) = n(CRX), thosecasedor which no risk

factorcanbeexcluded.

cigarettesmole.

To adopta morepreciseand cautiousde nition, n(s) is the numberof cases
not causeddy pollutantsnotin s. This impliesthatcausesiotin s areknown to
be non-contriluting to that lung cancer For deathsin n(s), ary causein s may
have causedhelung cancerbut which oneis uncertairandtheremayhave been
synegies.

Ourintuitiveinterpretatiorfor this de nition of “ambiguouscausality”is that
n(s) representshe numberof caseshat were exposedto the possiblymultiple
risk factorsin s.

Thenumberof lung cancerdeathavhereall cause®f Whave beenpositively
excludedis n( ) shavn to theleft of thebarin Figurel. Caseghatcouldnotbe
linkedto ary pollutantin Wareconsideredgpontaneouking cancerlt is impor-
tantto underlinethatn( ) doesnot have the samestatusasn(X), which will be
deducedasaresidual.lt correspondso the backgroundate of lung cancerthat
occursin a populationwithout exposureto ary ervironmental,dietary occupa-
tional or othercarcinogen.

Thefunctionn doesnotcomefrom realdata.Direct measuremerdf the basic
statisticn is impossible sinceexposureto a pollutantdoesnot necessarilyesult
in a cancerfatality andbecauseetrospectiely, lifetime exposurego the various
carcinogensanonly beroughlyestimatedit is only amathematicatool usedin
to supportexpertelicitation of consistenbounds asdiscussechext.

2.2 Bounding the risk attrib utable to single and joint pollu-
tants

The basicstatisticn can be usedto boundthe numberof casesattributableto
smokingC asfollows, wheren(C) andn(C) denotethe upperandlower bounds
onn(C), respectiely:

The lower boundis the numberof casesattributed only to smoking(we
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Synegistic effects

n(C) n(CX) n(X) n( )
LowerboundonC Upperboundon X
UpperboundonC Lowerboundon X

Figure 2: Upper and lower boundson the numberof lung cancerdeathsat-
tributableto C andX

lump both passie andactive smokingtogether) Thatis n(C)=n(C).

The upperboundis the numberof casesexposedto smolke and possibly
otherfactors.Thatis n(C) = n(C) + n(XC) + n(CR) + n(XCR) + n(CA) +
n(XCA) + n(CRA) + n(XCRA) or:

n(C) = Z n(E) for all subsetE of WcontainingC
E

Figure?2 illustratesthis de nition of the upperandlower boundsof the num-
ber of lung cancerdeathsattributableto X andC. For clarity the gure is drawvn
shawing only two causeswith W= fC; Xg.

In epidemiologiststerms,the attributablefraction of pollutantC is the pro-
portionof all caseshatcouldbeavoidedif this pollutantwereeliminateddenoted
af(C). The modelsuggestshe following boundsfor smokingattributablefrac-
tion:

0 1w afc "Da )
The lower boundaccountsfor the 1 ro shareof spontaneoutung cancer
casesn thosecaseexposedo cigarettesTheupperboundattributesall cigarette-
exposeddeathdo thisfactor
For this paperwe will assumehatthe backgroundate of lung cancermor-
tality in the U.S.,rg, is 3 deathsper 100000 people.This backgroundateis the
numberof lung cancerdeathsn the unexposedpopulationdivided by the unex-
posedpopulation Denotingpc, pr andpa astheexposureprobabilitiesof C; R; A;
andT asthetotal population;assumingndependencémeaningthat peoplewho
smoke areno moreor lesslikely to beexposedo radonor to asbestos):

_ n( )
T P PRI paT

)

fo
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Considemow the boundson deathsattributedto multiple synegistic causes.
Denotethesecauses, a subsetof W, for examples= CR. For the lower bound
onthenumberof deathsttributableto thesecausesctingjointly, we continueto
adoptthe numberof casesxposedonly to thesecausesthatis:

n(s) = n(s) ©)

And astheupperbound,we continueto adoptthe numberof casesxposedo
sandpossiblyotherfactors thatis:

n(s) = Z n(E) for all subset€ of Wcontainings (4)
E

This n correspondgo the commonalityfunction in the TransferableBelief
Model[20]. Boundsontheattributablefractioncanbe computedasin equationl.

2.3 Unspeci city, a measute of uncertainty

Structurally theonly uncertaintyin this boundinganalysismodelcomesrom the
synegistic causesbecausét is not possibleto attribute the cancerto ary oneof
thesecausesConsiderthesetwo (of thethree)extremecases:

If eachdeathwereattributedto exactly onecausethentherewould be no
uncertainty and all lower boundswould coincidewith their uppercoun-
terpart.We would have n(C) + n(R) + n(A)+ n(X) = N n( ). Notethat
sincen is a positive functionthatsumsup to N, thisimpliesthatn(s) = 0
for all othersubsets.

If noinformationwereavailable,eachdeathwould beattributedto thesyn-

ergy of all factors.We would have all the lower boundsat 0 andall upper
boundsat N. Mathematically this is n(W) = N. Note thatthis constitutes
a properuninformatie distribution: it is not the Bayesianuniform prior

probabilitydistribution on W. It representshefamily of all probability dis-

tributionsthatcanbede ned on'W.

Unspeci city is an numericindicatorthatequalsonein the rst caseandin
thesecondtaseequalghenumberof elementof W. It is theexpectedralueof the
numberof elementsf s with respecto the probability distribution m(s) = %

thatis:

n(C) + n(R) + n(A) + n(X) + 2(n(CR) + n(RA) + :::) + 3:::+ 4n(W) (5)
N

In this paperunspeci city is a kind of generalizeccardinality that speci es
thenumberof alternatves.Thereasorfor usingthis word is thatwhena deathis

U=
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attributedto the synegy of k factors,it canbe saidthatthe unspeci city of this
informationis k. See[16] for anextensie discussiorof this concept.

A lower unspeci city measurecorrespondgo betterinformation, so a third
extremecaseneeddliscussionunspeci city is zerowhenandonly whenn( ) =
N. Thisisthecasewhenfor all deathsall non-spontaneowsause®f Whave been
positively excluded.lt meanghatall the substancem W areactuallysafe(with
respecto lung cancer).Thisis the highestlevel of informationachievable,to the
pointthatit makesWirrelevant.

Regardingunspeci city asa measuref informationallows to implementnu-
mericallythegeneraprinciple of maximumuncertaintyalsoknown asLaplaces
principle of “raisoninsufsante”. The principle statesthat one shouldselectthe
statisticthatis the mostunspeci ¢, compatiblewith existing information.Thisis
theprinciplethatwe usein thenext sectionto estimateheboundsontheunknavn
causegiveninformationaboutall others.

3 Expert elicitation

3.1 Procedure

Whenwe apply this procedurewe will elicit a setof judgmentsregardingn(s)
from a numberof leadinghealthscientistsusing methodspreviously developed
for expert elicitation in domainsin which thereis considerablescienti ¢ evi-
dencd13, 14, 15]

The resultsfrom an elicitation will be interpretedaslinear constraintson n.
Theseconstraintgleterminea setB of basicstatisticsthatis asetof n thatareall
compatiblewith the expert's judgmentsThe mostunspeci cn in B is choserto
representhe expertjudgment,accordingto the maximumuncertaintyprinciple.
This amountso solvingalinearprogramin aspacewith 2™ dimensions.

Otherwaysof translatingiludgmentsinto constraintsare possible for exam-
ple usingrelative risk, but arenot usedin this introductorypaper Note that both
guantitatve and comparatie judgmentsare possible,which may ultimately be
importantbecausesomeof the pollutantshave beenwell studied,but we arein-
terestedn thelesswell-known pollutants.

In additionto elicitedinformation,we imposetheseconstraints:

It is understoodhatall n(s) arenon-neyative,summingupto N.

Three-vayinteractionsandhigherarenotallowed.Thatis, n(s) = 0if shas
3 or moreelements.

Theconstrainbnthree-vay interactionis azero-ordeapproximationWe as-
sumethat that the numberof deathscausedby multiple interactionsare a very
small numberthat canbe neglected.In a more sophisticatecapproachthis as-
sumptioncould be replacedby explicit considerationsiboutcausesnteractvity
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andindependenceBut thereis little scienti ¢ empiricalknowledgeaboutthese
interactions.

3.2 Ensuring consistency

Maximizing unspeci city is possibleonly if B is notempty This meanghatthe
differentitemsof informationgiven by the expert shouldbe coherentwith each
other For example,one could not allow the expertto saythat the lower bound
for C is 90 percent,andthe lower boundfor R is 20 percentat the sametime,
because¢hatwould exceedl00percentWalley hasshovn [23] thatthecoherence
conditionis:

af(s)+ ) af(s) 1 af(s)+ ) af(s)

i6i iBi

Besidesmathematicatonsisteny, it is alsoimportantto provide safeyuards
sothattheexpertcancheckthatformalimplicationsof theelicitedn areconsistent
with its informal understandingf the problem.We proposewo checks.

The rst checkon n is to make surethat the resultsin termsof boundson
relative risks and on interactionshetweenpollutantsmake sense The de nition
of relative risk for smokingcigarettesr(C), for example,is the lung cancerate
associatedvith exposureto tobaccesmole dividedby thebackgroundung cancer
rate. Given exposureprobabilitiesin the generalpopulation,we will assesshe
boundson the relative risk for the various pollutantsusing the formulain [6,
appendixC p. 229].

The secondcheckon n is to make surethatthe risk-rankingit implies makes
senseWe will askexpertsto rank risks during the elicitation processThe con-
sisteny of resultswill be assesselly comparingthe partialorderderivedfromn
with theexpert'sa priori risk ranking.

Informally, this partial ordersaysthatthe lung cancerrisk relatedto R is not
largerthantherisk relatedto C whenwe know with certaintythatR causedewer
lung cancerdeathsthanC. For example,onesufcient conditionfor thisis that
thelower boundonC is greatetthantheupperboundon R. But the mathematical
de nition of the naturalpartial orderrelationassociatedvith a basicstatisticn
requiresmoreexplanations.

Let P denoteafunctionsuchthatP(C) + P(R) + P(A) + P(X) = N. It isabasic
statisticwith unspeci city one,describinganhypotheticalworld whereeachlung
cancerdeathis attributedto oneandonly onecauseFor sucha P, the numberof
deathsausedy ary setof causesis &, P(X), for all causex in s. We saythatP
is compatiblewith the basicstatisticn if andonly if for all s, thatnumbermrespects
thebounddeterminedy n in thefollowing way:
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8s WYPX Y n(y (6)
X2s Y8\ y6
The right handsideof Equation6 canbe interpretedn the presentmodelas
the upperboundon the numberof deathsrelatedto the causesn s actingeither
jointly or sepaately. This functionof s correspondso the belieffunctionin the
Transferabldelief Model.
The heartof the problemis that P is hypothetical.Becausahereare inter-
actions,more than one P is compatiblewith n. DenoteP the family of all P
compatiblewith n. The naturalpartialorderis mathematicallyde ned by:

R C, 8P2P:P(R P(C) @)

Numerically this is determinedby checkingthe sign of the minimum of
P(C) P(R) underconstraint6. It is tractableto work with the full partial or-
der, sincethereis at mostjW(jW\f 1)=2 comparisonsAssumingj\W = 7 for
example,thereare no morethan 21 informationitems, which canbe presented
naturallyin the diagonalhalf of atable.Moreover, practicallytherewill befewer
than21items,sincenotall risks canbe comparedlt is to be expectedfor exam-
ple,thatsomeexpertsmaypreferto nd thatsomeof theless-knevn risksarenot
comparablebecaus®f missingscienti ¢ information.

4 Application

Our numericalsimulationswereperformedusinga MathematicanotebooR. The
codedirectly implementamatrix calculusfor belief functionsasoutlinedin [21].
Thisis the moststraightforvard methodgiventhatWremainssmall,but it would
not scalewell to tensof pollutants,sinceit involvessquarematriceswith 244
elementsFor example,10 pollutantsimplies storingin memoryarrayswith 1M
numbers.
In ourillustrationW, the setof possiblecause®f lung cancerconsistof:
C Smoking
R Radon
A Asbestosglasswool, ceramic bers
X All otherervironmentalrisk factors
Basedon our own review of theliterature[6, 7, 4,18, 22, andothers)we have
constructeda setof judgmentsattributing lung cancerdeathsamongthe major
causesasthe expertelicitationshave not at this time beenperformed We offer
thefollowing breakdevn: Cigarettesmokingcombinedwith passve smokingac-
countsfor 70to 95 percentof lung cancemortality; indoor radonexposuregor
02to 21 percentasbestosl to 5 percent.

1Availableonthewebathttp: //www.andrew.cmu.edu/user/mduong, OF uponrequest,
underthe GNU GeneraPublicLicense.
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Bounds C R A X
af 95% 21% 5% 3.2%
a_f 70% 02% 1% 0%

Exposue probability 45% 50% 5% 5%
T 432 153 205 1.66
rr 6.19 104 120 1.

Table2: Resultof optimization:Upperandlowerboundonattributablefractions
andrelative risks

We useda 3% backgroundrate[1, 5, 11, 9, 17]. With our assumption®n
exposureprobabilities equation2 impliesthatn( ) = 0:013N.

The next table shaws the implicationsfor boundsof af andrr of the most
unspeci c impreciseprobability distribution compatiblewith theseconstraints.
The exposureprobabilitiesneededo computerr areexogenousradonexposure
is de ned asliving in a homewith radonconcentratiorat or above 25 Bgm 1,
and exposureto X is our estimate.The effect of this calculationon the bounds
of rr would sene asa calibration/alidationreferenceor the expertwho maybe
morefamiliarwith smallsamplestudieghanpopulationeffects,andmight adjust
his or herinitial responsem light of seeingheir mathematicaimplications.

This resultattributesbetween0 and 3.2 percentof lung cancerdeathsto X,
thegroupof unknovn ervironmentalpollutants For thegroupof known andsus-
pectedung carcinogenstherthanC, A andR, therisk analystconcludeghat, if
oneis con dentin the boundsassignedo the well undeistoodrisk factors, the
sumof the effectsof the otherfactorsaccountsor no morethan 3.2% of total
lung cancemortality.

Theimplicationfor judging future risk assessmentsf memberof X is that,
if theassessmenmtrojectsthelung cancerrisk in the U. S. populationfrom these
pollutantsto be in excessof 3.2% of the annuallung cancermortality, thenthe
assumption®f the model shouldbe re-examinedand the upperboundon the
resultingestimateconstrained.

5 Concluding remarks

5.1 Discussion

With lessthanten pollutants,computingtime is not a problem.Expertelicitation
couldbedoneinteractively, solvingfor n aftereachexpert'sreply. Thiswould al-
low theinterviewerto point out andresolwe inconsisteng whenthereis no solu-
tion. But assuminghatexpertswerewilling to form judgmentson awiderrange
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of pollutants,the curseof dimensionalitycan be addresse@longthe following

lines. Ratherthan using matrix calculus,it is possibleto usefasteralgorithms
(namelythe FastMobiustransform)for belief function computationslf this is

not enough further simpli cations canbe madeif additionalassumption®n n,

for exampledisalloving 3-way or higherinteractionsareaccepted.

The proposednethodtakesall informationitemsprovidedby the expertwith
equalforce. A potentialadvanceof this researcktould be to askexpertsto rank
thereliability of eachinformationitem, or evento give anestimateof con dence
for them.

Furtherresearcltoulddealwith inter-expertvalidation,aquestiorinkedwith
the unresohedissueof judgmentfusion. The TransferableBelief Model under
lying this work offers a measureof contradictionbetweendifferent sourcesof
information:it reinterpretsn( ), the numberof spontaneouling cancerdeaths
foundwhenonecombineghe opinionof all experts.Theproblemis how to com-
binethe experts.

Eachexpert's judgmentdeterminesa setB of coherenbasicstatisticsIf the
intersectiorof all thesesetsis non-emptythenexpertsagreeon this intersection.
The principle of maximumunspeci city canbe usedto form agroupjudgment.

If theintersectioris empty the expertscontradicteachother Studyingwhich
informationitemscausehe contradiction(which constraintsnake the LP infeasi-
ble) canidentify the substantie sourceof disagreementaindin thatway inform
both future researctpriorities aswell asthe decision-makingprocessHow (or
if) to fusethejudgmentsandquantifythe degreeof contradictions still anactive
researclyuestion see[8] for example.

5.2 Conclusion

This paperhasproposedan applicationof the TransferableBelief Model [20] to
estimatean upperboundon the numberof lung cancerscausedannuallyby the
groupof causedor which comprehensie longitudinalstudiesarelacking.Sucha
resultis interestingfrom arisk managemerperspectie, asit givesanindication
of thelevel of effort controlof thesepollutantsdesere.

This was done by attributing a portion of the obsened cancersto known
causesuchassmoking,radonandasbestosandthendeducingnformationabout
the residualusingmaximumunspeci city. The critical aspectof this procedure
are:

1. Uncertaintyin the known causess explicitly stated,usingstatement®n
upperandlower bounds.

2. Synegpistic effectsin the known causesrepartof the framework.

3. Consisteng betweenknown causesand poorly understoodagentsis re-
quired.(As Figure2illustratesijt is thelowerboundon smokingthatmostly
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constrainghe upperboundontheresidual.)

This paperpresentghe methodology The resultsrevealedby future expert
elicitationwill bethe subjectof anothempaper
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