
ModelingtheEcologyandEvolutionof

InfluenzaAViruses

JonathanDushoff

DiseaseEcologySymposium2005
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emptyprophecies.Thedangeralreadyexists

thatmathematicianshavemadeacovenant

withthedeviltodarkenthespiritandconfine

mantothebondsofHell.

—St.Augustine
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InfluenzaAviruses

•Animportantcauseofmorbidityandmortalityonan

annualbasis.

•Causeoccasionalpandemics,withextremelyhigh

infectionrates,andsometimesextremelyhigh

mortality.

•Endemicinmanymammalandbirdpopulations,

withtremendous,stableantigenicdiversityinwild

waterfowlpopulations.

•Aremarkablecapacityforantigenicevolution.

•EpidemiologicallymoresignificantthaninfluenzaB

andCviruses,whichcirculateprimarilyinhumans.



Aninfluenzavirion



Ahumanhost(juvenile)



http://homepage2.nifty.com/yamasaki-clinic/



Shiftevolution

Majorantigenicchangecausedbyreassortmentbetween

humanandavianvirussegments.

1918Spanishflu(H1N1)replacesearlierstrain.

1957H2N2replacesH1N1.

1968H3N2replacesH2N2.

1977H1N1mysteriouslyreappears.

Itisestimatedthattherehavebeenroughly10influenza

pandemics(presumablycausedbyshifts)inthelast250

years.



DriftEvolution

•Eachinfluenzasubtypeundergoesgradual,

antigenicallysignificantmutationstoHA.

•Afterafewyears,descendantsofaninfecting‘strain’

willhavechangedenoughtore-infectmost

individuals.

•Unusualphylogeneticpatterngenerated:agreatdeal

ofdiversity,butadominantmaintrunk.

•InfluenzaBvirusesshowasimilar,butlessdramatic,

pattern.
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Rambaut,etal.,2001Fitch,etal.,1997



Humaninfluenzaisanexcitingsystem

•Importantsourceofmortalityandmorbidityonan

annualbasis

•Unpredictableandsometimesdevastatingpandemics

•Excellentmodelsystemforevolutionaryecology.

–Interactionsacrossscales,fromcellularto

individualtogrouptoglobe.

–Driftevolutionisdrivenby,andshapes,landscape

ofhumanHAantibodies.



Influenzamodelingframework

VisionAmodelingframeworkthatlinksscalesfrom

cellular,toindividual,topopulation,toglobeto

predictinfluenzadriftevolution,atthelevelofHA

amino-acidsequences.

RealityThisvisionmayormaynotbeachievable.

Importantly,itprovidesausefulunifyingframework

forexcitingresearchquestions.

Linksgenomics,structuralinvestigationsofproteins,

epidemiologyandmathematicalmodeling.
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Themortalityburdenofinfluenza

Dushoff,Plotkin,Viboud,EarnandSimonsen(submitted)
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Howmanypeopledieofinfluenzaintemperate

countries?

SourceMethodEstimate

(ann.deathsper100K)

U.S.Public-usedatainfluenzadeaths1

Keatinge&Donaldsondailyregression3

Simonsenetal.excessmortality12

Reichertetal.excessmortality20

Thompsonetal.weeklyregression20

U.S.Public-usedatapneumoniadeaths80
∗∗

Nicholetal.cohort>100
∗



Pitfallsofweekly(ormonthly)regression

•Doyouhavetherightshapeoftheseasonaltrend

(sinusoidorexponentiatedsinusoidarewhatare

used)?

•Howtofitthemodel:doyouremoveseasonal

componentsfirst,orfitthewholemodelatonce?

•Whataboutdeathsthatoccurweeksafterinfection?

•Atwhattimescaleareyoumeasuringdeaths?



Annualizedapproach

Weeklyapproachpowerfulbutproblematic,becauseso

manythingsfollowaseasonalpattern:school,weather,

otherviruses.

Annualapproachlessstatisticallypowerful,butmore

robust.

Compare:

•Timingofdifferentdeathseries

•Annualdeathsvs.viralprevalence

usingyearsasdatapoints.



Timeseriesused

Unlikeearlierresearch,takeadvantageof‘multiple-cause’datato

classifydeathsbycausesappearinganywhereonthedeath

certificate.

NameDefinitionDeaths/month

P&Ideathswithanymentionofpneu-

moniaorinfluenza

16,405

R&Cdeathswithanymentionofrespi-

ratoryandcirculatoryconditions

129,279

non-R&Cdeathswithnomentionofrespira-

toryandcirculatoryconditions

52,447

Alldeaths181,726

OtherR&CR&C−P&I112,874



Mortalitytimeseries
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Annualmortality

CauseP&IOtherR&CNonR&C

H3N211861
∗∗∗

12317
∗

1124

H1N11531
∗

1673226

B4018
∗∗∗

4068775

Total17411
∗∗∗

18058
∗

2126

Adj.R
2

0.84050.2785-0.1189
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Burdensummary

•Multiple-causemortalitydataisausefultool

•R&CdeathswithnomentionofP&Iarecorrelated

withP&Ideaths:

•Annualizedapproachsupportslessconservative

excess-mortalityorweeklyregressionapproaches.

•Coldtemperaturedoesnotaffectmortalityonan

annualtimescale.

•Influenzareallyiskillingpeopleindirectly,onan

annualtimescale.Yearsoflifelostareconsiderable,

butlessperlifethanforothercauses.



Ongoingwork

Inferringpandemicrisksbycomparingcurrent,historical

mortalitydata.

Spatiotemporalpatternsformortalitydatabase.Linking

toviralstrainsurveillancewherepossible.

Forexample:whenantigenicallysimilarinfluenzastrains

circulateinconsecutiveyears,canwedetectadifferent

spatialpatternofdeaths?
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Quasispeciesstructureandtheantigenic

evolutionofInfluenzaA

Plotkin,DushoffandLevin;PNAS99:6263,2002

Questions

•Whatdomodelersmeanbya‘strain’?

•Whatdoesstrainspacelooklike?

•Doinfluenzavirusesclusterinto‘quasispecies’?



Randomclusteringtechnique

•Lookatsequencesinamino-acidspace

•Examinerandomclustersatdifferentlengthscales

•Lookforscalesatwhichclusteringsarestable;these

arenaturalclusterings
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Clustersthroughtime

•Quasispecieshavelimitedtemporalrange

•Dominantquasispeciesreplaceeachotheronatime

scaleof2–5years

•Evolutionislinearoverthistimespaninamino-acid

space
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Clusteringsummary

•Sequencesareclusteredinamino-acidspace,forming

natural‘quasispecies’.

•Clustersreplaceeachotheronatimescaleof2–5

years.

•Clustersdisplayinterestinginteractionswith

antibody-combiningregions(epitopes).

•Formalclusteringmethodshavepotentialfor

predictingthedirectionofinfluenzaevolution.



Ongoingwork

Structuralclustering

Usestereochemicalproperties,locationofsidechains.

Workonhomologymodeling.

Investigatemoreadvancedclusteringtechniques.

•Evaluatingrandomcluster-sizecurves,and

constructingcorrespondingclusterings.

•Paramagneticclustering.

Methodsofcharacterizingwholemolecules.
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Influenzamodelling

•Howdostrainsinteract,andwhatdoesthistellus

aboutdriftandshift?

•Whydoesinfluenzaincidenceshowsuchmarked

seasonaloscillations?

•Understandingsimplestochasticmodelsasastep

towardsnavigatingmorecomplex,realisticmodels.



Event-basedmodelling

Levin,DushoffandPlotkin(Math.Biosci.188:17,2004);

Dushoff,Plotkin,LevinandEarn(PNAS101:16915,

2004)

•Insteadofmodellingcontinuouschangesthrough

time,modeldiscreteevents.

•Fundamentallystochastic:whendoesaparticular

personbecomeinfected?Whatparticularmutations

occur?

•Stochasticityduesolelytotreatingindividualsas

individualsiscalleddemographicstochasticity
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Astochasticpotential-transmissionevent



SIRmodelwithbirthanddeath

SIR
--

???

?

µN

µµµ

βIγ

dx/dt=ρ(1−x)−R0xy

dy/dt=R0xy−y



SIRmodelwithbirthanddeath

SIR
--

???

?

µN

µµµ

βIγ

Eventtransitionrate

RebirthI→S,R→Sρ

InfectionS→IR0I/N

RecoveryI→R1−ρ
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Demographicstochasticity

Persistentoscillationseveninlargepopulations,when

thereislong-termimmunity.

Frequencywellpredictedbythe‘naturalfrequency’of

thedeterministicsystem.

Sizeof(small)oscillationswellpredictedbydiffusion

approximations.

Nogoodtheoryfortimetoextinction,eveninsimplest

case.



Seasonality

Influenza(andotherdiseases)arestronglyseasonal,but

noobviousstrongunderlyingmechanism.

Possiblemechanismsinclude:

•coldstressonimmunesystem

•crowding

•viruspersistenceinenvironment

•schoolterms

Butwhyiscausenotevident?



Effectsofintrinsicdynamicsonseasonalityof

disease

Canasmallunderlyingseasonalvariationintransmission

leadtolargeseasonalvariationindiseaseincidence?

•Demographicstochasticity

•‘Natural’periodofdiseasedynamics



Moderateforcing(±10%),strongresonance(11mo.)
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Demographicstochasticityandstraincompetition

Doesdemographicstochasticitychangepredictionsabout

straininteractions?

Aredynamicssensitivetostandardmathematical

assumptions?

Whatdoestheexponentialdistributionreallymean?
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Modelingsummary

•Stochasticmodelsarenecessaryforunderstanding

importantbiologicalphenomena.

•Betterunderstandingofsimplestochasticmodelscan

helpustounderstandthebehaviorofmorecomplex

ones.

•Modellingmustbeguidedbydataanalysis,andvice

versa



Ongoingwork

Basicscalinglawsfordiseasesystemswithdemographic

stochasticity

Invasion,persistenceandcompetitioninrealisticmodels.

•Understandingtimedelays

•Populationandspatialheterogeneities



Conclusion

Tyingthingstogether

Canscalingbeextendedtomorerealistictime

distributions,toallowmoreefficientsimulations?

Canwemathematicallysummarizecommunityand

regionalinteractionsthatwillenableustoscalefrom

smallpopulationstotheglobe?

CanweunderstandwhatmakesparticularHAstructures

functionalandeffectiveatescapingexistingantibodies?

Canweexpandourunderstandofimmunodominance,

andtheimportanceofT-cellandinnateimmunity?
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