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ABSTRACT

Whffiflemachffineflearnffingffisrapffidflybeffingdeveflopedanddepfloyedffin
settffingssuchasffinfluenzapredffictffion,therearecrffitfficaflchaflflenges
ffinusffingdataffromoneenvffironmenttopredffictffinanotherdueto
varffiabffiflffityffinffeatures.Evenwffithffindffiseaseflabeflstherecanbedffiff-
fferences(e.g.“ffever”maymeansomethffingdffifferentreportedffin
adoctor’sofficeversusffinanonflffineapp).Moreover,modeflsare
offtenbuffifltonpassffive,observatffionafldatawhffichcontaffindffiffer-
entdffistrffibutffionsoffpopuflatffionsubgroups(e.g.menorwomen).
Thus,therearetwofformsoffffinstabffiflffitybetweenenvffironmentsffin
thffisobservatffionafltransportprobflem.Weffirstconceptuaflffizethe
underflyffingcausaflstructureoffthffisprobflemffinaheaflthoutcome
predffictffiontask.Basedonsourcesoffstabffiflffityffinthemodefl,weposffit
thatwecancombffineenvffironmentandpopuflatffionffinfformatffion
ffinanoveflpopuflatffion-awarehffierarchfficaflBayesffiandomaffinadap-
tatffionfframeworkthatharnessesmufltffipfleffinvarffiantcomponents
throughpopuflatffionattrffibuteswhenneeded.Westudythecondffi-
tffionsunderwhffichffinvarffiantflearnffingffaffifls,fleadffingtoreflffianceon
theenvffironment-specffifficattrffibutes.Experffimentaflresufltsfforan
ffinfluenzapredffictffiontaskonffourdatasetsgatheredffromdffifferent
contextsshowthemodeflcanffimprovepredffictffionffinthecaseoff
flargeflyunflabeflfledtargetdataffromanewenvffironmentanddffiffer-
entconstffituentpopuflatffion,byharnessffingbothenvffironmentand
popuflatffionffinvarffiantffinfformatffion.Theproposedapproachwffiflflhave
sffignffifficantffimpactffinmanysocffiaflsettffingswhereffinwhothedata
comesffromandhowffitwasgenerated,matters.
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1 INTRODUCTION

Machffineflearnffingaflgorffithmshavethepotentffiafltosffignffifficantfly
ffimprovepredffictffioneffortsacrosscrffitfficaflflyffimportantheaflthcare
tasks.Yet,thereareseveraflffissuesthatmustbeaddressedbefforethe
potentffiafloffmachffineflearnffingffinheaflthffisbroadflyreaflffized.Whffifle
ffindffivffiduaflmodeflsarebuffifltonandmayperfformweflflonaseflect
datasetffromaspecffifficenvffironment(aflsocaflfled“domaffin”ffinthe
flffiterature)andpopuflatffion(e.g.thepopuflatffioncoufldbeskewedto-
wardsyoungerpeopfleorotherdemographfficsdependffingonwhere
ffit’ssampfledffrom),ffimprovffingpredffictffionffinnewdatasetsgathered
ffindffifferentcontextsandsffimufltaneousfly,ffromdffifferentconstffituent
popuflatffions,ffisacflearchaflflengeartfficuflatedbymanyheaflthpractffi-
tffioners[29].
Fffirst,standardffizatffionffinheaflth-reflatedffeaturesffisasffignffifficant

probflem.Varffianceffintestffingandbffiflflffingpractffices[20,24]asweflflas
dffifferencesffincflffinfficaflcasedeffinffitffions[25]ffromoneenvffironmentto
anotherpresentbarrffiersfformodefltransport.Accordffingfly,thesame
symptoms(ffeatures)canmeandffifferentthffingsffindffifferentenvffiron-
ments;“ffever”maymeansomethffingdffifferentreportedtoadoctor
athospffitaflAversushospffitaflB,ortoadoctorcomparedtothrough
asmartphoneapp[25,26].Thffisffissueffisbecomffingmorepertffinent
asthenumberandtypesoffdatacoflflectffionenvffironments(ffrom
cflffinfficafldata,toheaflthworker-ffacffiflffitateddatawhereffinheaflthwork-
ersvffisffitffindffivffiduafls’houses,recordsymptomsandtakespecffimens,
tocffitffizen-scffiencestudffiesffinwhffichpartfficffipantsreportsymptoms
andsubmffitspecffimensdffirectfly[13,14])ffisrapffidflyffincreasffing.Inaflfl
cases,obtaffinffingflabeflscanbeffimpractfficafl;e.g.fforffinfluenzathey
woufldrequffirecostflyandtffime-consumffingflaboratorytests.Another
crffitfficaflchaflflengeffisthatmodeflsareofftenbuffifltondataffromapar-
tfficuflarpopuflatffionffinanenvffironment,andtransportffingresufltstoa
dffifferentpopuflatffioncanbechaflflengffingffiffsubgroupsaredffifferentfly
representedffinsourceandtargetpopuflatffions(representatffionbffias
[31]).Thesedffifferencesffindatacoflflectffionanddemographfficdffistrffi-
butffionsmaketheprobflemoffpredffictffingffinffectffionffinadatasetby
usffingdatagatheredffromdffifferentenvffironmentsandpopuflatffions
chaflflengffing.Wetherefforeaddressthffisunffiqueprobflemoffdomaffin
adaptatffionffinthepresenceoffrepresentatffionbffias.Westudythe
probflemvffiaasffimpfle,butffimportantffinfluenzapredffictffiontask.
Theffideaofftransportffingobservatffionaflffindffingsffromsourceen-

vffironment(s)toatargetenvffironmentffisessentffiaflffinscffienceand
theconcepthasbeenweflfl-deffinedonthebasffisthattargetenvffi-
ronmentscanofftendffifferffromsourceenvffironments.Furthermore,
ffitcanbeexpensffivetogenerateflabeflsffinanewenvffironment[22].
Methodshavebeenproposedtoexpfloffitthecausaflstructureoffthe
datageneratffingprocessffinordertoaddresscertaffindomaffinadapta-
tffionprobflems,eachreflyffingondffifferentassumptffions.Whffiflesome
workhasffocusedonffidentffiffyffingtheffinvarffiantcomponentstoensure
robusttransffer[17,30],workbyPearflandBareffinboffim[22]showed
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that ffidentffiffyffing the mechanffisms by whffich two envffironments dffiffer
can aflso be used to ffinfform empffirfficafl flearnffing and ffincorporatffion
off flocafl varffiatffions ffin a system. Wffith thffis background, ffin thffis pa-
per we address the probflem off observatffionafl transport wffithboth
envffironment dffifferences and popuflatffion representatffion bffias. We
do thffis by proposffing a new hffierarchfficafl domaffin adaptatffion modefl
that ffincfludes popuflatffion attrffibutes ffin the hffierarchy ffin order to
capture ffinvarffiant ffinfformatffion through these mufltffipfle components.
The modefl then aflflows transffer off ffinvarffiant ffinfformatffion as weflfl as
flearnffing ffinfformatffion specffiffic to a flocafl envffironmentwhen necessary.
We are abfle to propose a soflutffion to thffis probflem by harnessffing
research ffin heaflth regardffing popuflatffion structure (ffinvarffiance ffin
popuflatffion attrffibutes) aflong wffith aflgorffithmffic ffinnovatffion to desffign
thffis novefl approach.
To accompflffish thffis goafl ffin a prffincffipfled way, we ffirst represent the

data generatffing process (DGP) ffor our task vffia a seflectffion dffiagram.
Besffides expflfficffitfly ffiflflustratffing varffiabfles (nodes) and the mechanffisms
by whffich the nodes are assffigned a vaflue (edges) that are reflevant to
the DGP and do not vary across envffironments, a seflectffion dffiagram
ffincfludesS-varffiabfles whffich flocaflffize the mechanffisms where sources
off unreflffiabffiflffity ffin the DGP exffist. We fformaflffize thffis descrffiptffion
and dffiscuss the seflectffion dffiagram ffor the task ffin thffis study ffin
ffoflflowffing sectffions. We hffighflffight that modeflffing the DGP requffires an
understandffing off heaflth concepts [22]. Thus ffor the task consffidered
here (ffinfluenza predffictffion ffrom symptoms) ffin order to ffidentffiffy the
ffinvarffiant and varffiant components off the causafl graph, we fleverage
heaflth research whffich shows that 1) reports off symptoms ffin reflatffion
to ffinffectffion status vary by the data coflflectffion mode, and 2) whffifle the
popuflatffion represented ffin an observatffionafl sampfle can suffer ffrom
seflectffion bffias, dffisease rffisk can be stratffiffied by popuflatffion groups
[5,28]. In socffietaflfly-prescffient probflems such as heaflth, attrffibutes off
whom the data ffis ffrom (popuflatffion demographffics flffike age, gender)
are commonfly avaffiflabfle, and ffit ffis understood that there are shared
characterffistffics wffithffin these groups [28].
In sum, we specffifficaflfly address a sffituatffion ffin whffich both en-

vffironment and constffituent popuflatffion change ffrom the source to
target datasets; offten the case ffin heaflth predffictffion tasks. We use a
sffimpfle but ffimportant task off ffinfluenza predffictffion ffrom symptoms,
and ffour reafl-worfld datasets representffing a dffiverse set off envffiron-
ments and popuflatffions. Specffiffic contrffibutffions are: 1) Formaflffizffing
the DGP between symptom reports and ffinffectffion status, capturffing
sources off stabffiflffity and off varffiance across envffironments (whffich
we categorffize ffinto two: seflectffion bffias and ffeature ffinstabffiflffity); 2)
A new domaffin/envffironment adaptatffion modefl ffor observatffionafl
transport that accounts ffor ffinstabffiflffity ffin observed ffeatures as weflfl
as ffimproves predffictffion on popuflatffion subgroups even when not
weflfl represented ffin a partfficuflar dataset, through sharffing ffinvarffiant
popuflatffion characterffistffics ffin mufltffipfle componentsas needed(when
a popuflatffion subgroup ffis not weflfl-represented ffin the target envffi-
ronment or ffits characterffistffic ffis dffifferent ffrom that ffin other data); 3)
Demonstratffing the modefl on reafl-worfld data, showffing sffignffifficant
ffimprovement ffin predffictffion off ffinffectffion on flargefly unflabeflfled target
dataset overaflflandby popuflatffion subgroups ffin comparffison wffith
severafl reflevant baseflffines.

2 NOTATION AND PROBLEM SETTING

We consffider source datasets ffrom mufltffipfle envffironments
De:={(x

e
ffi,y
e
ffi,a
e
ffi,д
e
ffi)}
ne
ffi=1wheree∈E(Ecomprffises off aflfl the

source envffironments) and a sffingfle target dataset

Dt:={(x
t
ffi,y
t
ffi,a
t
ffi,д
t
ffi)}
k
ffi=1 {(xtffi,a

t
ffi,д
t
ffi)}
nt
ffi=k+1

wherek<<nt;t∈T. For the target dataset we have flffimffited
number off flabefled sampfles(k)whereas ffor the source datasets aflfl
the sampfles are flabefled.Ldenotes aflfl the datasets: source as weflfl
as the target(L=E∪T). Sets off varffiabfles are denoted by ffitaflfficffized
capffitafl fletters whereas flowercase fletters are used ffor theffir ffindffivffiduafl
assffignments.
Ydenotes the presence(y=1)or absence(y=0)) off the ffin-

fluenza vffirus. Age off the ffindffivffiduafl ffis represented usffingA, and
categorffized by common epffidemffioflogfficafl groups: age 0-4, age 5-
15, age 16-44, age 45-64, age 65+. Sffimffiflarfly,Grepresents gender
(mafle or ffemafle). The demographffic attrffibutes (AandG, but can
be expanded to other demographffic attrffibutes where possffibfle) are
together represented asD;D={A,G}.Xffis the ffeature vector rep-
resentffing presence off the symptoms: ffever, cough, muscfle paffin and
sorethroat. Herexffis a 4-dffimensffionafl bffinary vector representffing
the symptoms that an ffindffivffiduafl has (ffiff an ffindffivffiduaflffihas ffever
and sorethroat but no cough and muscfle paffin; the ffeature vector
flooks flffikexffi={1,0,0,1}). We consffider subgroups ffin the data to
be the specffiffic demographffic popuflatffions off ffinterest beflongffing to
a specffiffic gender and age groupDa,д={(X,Y)|A=a,G=д}.
The task ffis to predffict the vaflue offYffor each off the subgroupsDa,д
ffrom the symptom ffinfformatffionX. Thffis can be fformaflffized as:

mffin
∀a,д
RtffXt,θt +

e

Re ffXe,θe

We affim to flearn cflassffiffierffXt,θtffor the target datasetDtpa-
rameterffized byθtffor each off the demographffic subgroups (Da,д)

that mffinffimffizes empffirfficafl rffiskRtwhffifle mffinffimffizffing totafl rffisk across
the source envffironmentsReas weflfl. It shoufld be noted that the
probabffiflffity dffistrffibutffion off the target envffironment across popuflatffion
subgroupsPt(X,Y|D)may not be unffifform. Hence, the resufltffing
ffXt,θtcannot be assumed to be the same across aflfl subgroups.

3 RELATED WORK

Influenza PredffictffionInfluenza ffis a gflobafl threat, affectffing coun-
trffies worfldwffide wffith consffiderabfle morbffidffity and mortaflffity [27].
Gflobaflfly, annuafl epffidemffics are estffimated to resuflt ffin about 3 to 5
mffiflflffion cases off severe ffiflflness, and about 290,000 to 650,000 respffira-
tory deaths [36]. Wffith the possffibffiflffity off gflobafl pandemffics floomffing,
ffimprovffing predffictffion off ffinfluenza ffis a contffinuffing centrafl prffiorffity
off gflobafl heaflth preparedness efforts. Predffictffing ffrom symptoms ffin
sffingfle datasets have used regressffion modefls [18], typfficaflfly examffin-
ffing specffiffic case deffinffitffions (sets off syndromffic ffeatures). Machffine
flearnffing approaches have enabfled wffider ffeature space examffina-
tffion [23]. Whffifle ffit ffis understood that heaflth-reflated ffeatures can
vary ffrom hospffitafl to hospffitafl [35], ffinfluenza data sources ffincur
even more dffiversffity as passffive observatffions are coflflected vffia varffied
sources ffincfludffing syndromffic surveffiflflance systems, Internet apps,
and heaflth worker based studffies. Aflso, generatffing flabefls ffis dffifficuflt
and costfly (requffires flaboratory testffing). Recent work has shown
that domaffin adaptatffion can be useffufl ffor predffictffion ffrom symptom
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datasetsobtaffinedvffiathesedffifferentenvffironments[26].Whffifleepffi-
demffioflogfficaflstudyhasffindfficatedthattherearedffisparffitffiesffinrffiskby
agegroupandgenderffordffiseaseffingenerafl,andffinfluenzaspecffiffi-
caflfly[1],predffictffionapproachesthatharnesspopuflatffionattrffibute
dffifferencesareanffimportantgapffindffiseasepredffictffionmodefls.

Observatffionafltransport.Observatffionafltransportrefferstothe
transportoffcausaflreflatffionshffipsacrossenvffironmentsffinwhffichonfly
passffiveobservatffionscanbecoflflected[22].Thesffimpfleffideaffindfficates
thatcausaflknowfledgeshowswhffichmechanffismsremaffinffinvarffiant
underchange.Accordffingfly,someworkhasusedcausafldffiagrams
orffeatureseflectffionmethodstodetermffineffinvarffiantreflatffionsffinthe
sourceenvffironmentthatcanbetransfferredtothetargetenvffiron-
ment,ffisoflatffingthesetoffffeatureswhffichcanbecondffitffionedonto
eflffimffinateffinstabffiflffitffiesffinthedatageneratffingprocess[17,19,30].
Thoughffitshoufldbenotedthatearflyworkgoesontostatethat
thecausaflreflatffiontobetransportedcanbeflearnedffromffinvarffiant
componentsandvarffiantcomponentsffromboththesourceand
targetenvffironments,dependffingontheDGP[22].Here,weusethffis
ffideatoaflflowtrade-offbetweenffinvarffiantcharacterffistfficsacrossenvffi-
ronmentsandempffirfficaflre-flearnffingoffreflatffionshffipsffromeachflocafl
envffironment,dependffingonwhffichpopuflatffionsarerepresentedffina
dataset.Inotherwords,wetransmffitffinvarffiantffinfformatffionthrough
mufltffipflepopuflatffioncomponents,andusevarffiantffinfformatffionas
necessary,addressffingtheprobflemoffdffifferentpopuflatffionsubgroup
representatffionffinobservatffionafldata.

Mufltffi-sourcedomaffinadaptatffionandhffierarchfficaflmodeflffing.
Domaffinadaptatffionffisffocusedonffimprovffingperfformancefforatar-
getdataset,ffinsffituatffionswheretheenvffironmentoffthetargetdata
ffisdffifferentffromthethatoffthesource(s)ffromwhffichffinfformatffionffis
transfferred.Anotherapproachtoflearnffingffrommufltffipflesourcesby
pooflffingandanaflyzffingmufltffi-sffitedatasetsffincfludestransfformffingthe
sourceandtargetffeaturespacestocorrectanydffistrffibutffionaflshffifft
ffinthedata[37].Prffiorworkhaveaflsofleveragedmufltffipflesource
datasetstoffincreasetheamountoffffinfformatffionflearned[15].Thffis
taskhasaflsobeenfformuflatedffromacausaflvffiew[19],wherethe
posterffioroffthetargetffisaweffightedaverageoffthesourcedatasets.
The“FrustratffingflyEasyDomaffinAdaptatffion”methodffisnotabfleffor
sffimpflfficffityandgoodperfformanceontextdata[8]andffisequffiva-
flenttohffierarchfficafldomaffinadaptatffion[11](exceptffitexpflfficffitflytffies
parametersacrossenvffironments).Hffierarchfficaflapproaches,whffich
haveprffimarffiflybeendeveflopedffinnaturaflflanguageprocessffing,ffin
contrastaflflowhyperparameterstobeseparatedacrossenvffiron-
ments;eachenvffironmenthasffitsownenvffironment-specffifficpa-
rameterfforeachffeaturewhffichthemodeflflffinksvffiaahffierarchfficafl
Bayesffiangflobaflprffiorffinsteadoffaconstantprffior.Thffisprffiorencour-
agesffeaturestohavesffimffiflarweffightsacrossenvffironmentsunfless
thereffisgoodcontraryevffidence.Thffissupportsthegoafloffthffiswork,
tocombffineenvffironmentffinfformatffionasneeded(unflessthepopufla-
tffionrepresentedffintheflocaflenvffironmentffismuchdffifferentthanffin
otherenvffironments).HffierarchfficaflBayesffianfframeworksareamore
prffincffipfledapproachffortransfferflearnffing,comparedtoapproaches
whffichflearnparametersoffeachtask/dffistrffibutffionffindependentfly
andsmoothparametersofftaskswffithmoreffinfformatffiontowards
coarser-graffinedones[2].Inthffisworkweadvancethffisffideabycre-
atffinganoveflmufltffi-flevefl,mufltffi-componenthffierarchy,asweflflasby

theffideaoffffincorporatffingpopuflatffion-attrffibuteffinvarffianceaspartoff
thehffierarchy.

4 PROPOSEDAPPROACH

4.1 Assumptffions

Herewedescrffibetheassumptffionsthatensureourprobflemffisweflfl-
posed.Themaffinassumptffionffisthatthedatageneratffingprocessffis
knownandcanberepresentedvffiaagraphfficaflcausafldffiagram(heflps
toffidentffiffytheffinfformatffionthatcanbetransported[22]).Weadapt
thedeffinffitffionoffaseflectffiondffiagramwhffichffisprevffiousflydeffined
[21,22]tocflearflydeflffineatedffifferenttypesoffchangemechanffisms.

Deffinffitffion1(Seflectffiondffiagram).Aseflectffiondffiagramffisaproba-
bffiflffistfficcausaflmodefl(asdeffinedffin[21])augmentedwffithauxffiflffiary
seflectffionvarffiabflesS(denotedbysquarenodes,whffichdenotepflaces

offffinstabffiflffityffintheDGP)comprffisffingofftwotypes;S={S∗,̃S}.An
S∗varffiabflecanpoffinttoanyobservedvarffiabfle.S∗→Xdenotesthat
themechanffismoffassffignffingvafluetoXchangesacrossenvffironments.

TheothertypeoffseflectffionvarffiabfleS̃representsaseflectffionbffias.Thus

anedgeffromXtõS X→ S̃ denotesanon-randomseflectffionoff

ffindffivffiduafls,groupsordatafforvarffiabfleX.

Wecannowfformaflffizethecausaflandseflectffiondffiagrams(Fffigure1)
fforoursettffing(predffictffionoffffinfluenzaffinffectffionffromsymptoms)
basedonprffiorknowfledgeandresearchffinheaflth.Aflongwffiththe
systemvarffiabfles:vffirus(Y),symptoms(X)anddemographfficat-
trffibutes(D)offageandgender,weaflsohavetheseflectffionvarffiabfles

S={S∗,̃S}whffichdenotedffifferencesffinthedata-generatffingpro-

cessacrossenvffironmentsthroughffinstabffiflffityffinobservedvarffiabfles
andseflectffionbffias.Thesymptomsthatresufltaregeneraflflyshapedby
ffinffectffionstatus[3],thuswehaveY→X.Popuflatffiondemographffic
attrffibutesaflsocanaffectsymptomsreported,X,andsusceptffibffiflffity
toffinffectffionbythevffirus,Y(fforexampfle,symptomscommonffin
youngversusoflderpeopflecanvary;X← D,D→ Y→ X)[5].
Now,weconsffiderthepartsoffthedata-generatffingprocessthat
varyacrossenvffironments.Thedatacoflflectffionenvffironment(here,
fforexampflecffitffizenscffienceorheaflth-workerffacffiflffitated)affects
P(X|Y)(specffifficaflfly,ffitffisknownthatsymptomsreportedvffiacffitffi-
zenscffienceareflessspecffifficthanffinahospffitafl,fforexampfle)[25].
Thusthecoflflectffionsourceffintroducesdffifferencesffinthemanner
ffinwhffichP(X|Y)

D

YX YX

D

(a) (b)

S̃
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ffisobservedacrossenvffironmentsandthereffisa

Fffigure1:(a)Causafldffiagram,(b)Seflectffiondffiagramrepresent-
ffingthedffifferencesffinthedata-generatffingprocess.
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seflectffion varffiabfle poffintffing towardsX;(S∗→X). The absence off a
seflectffion varffiabfle poffintffing atDandYffindfficates that the mechanffism
off assffignffing vaflues to these varffiabfles ffis the same across envffiron-
ments (whffich makes sense ffintuffitffivefly, as demographffic varffiabfles,
e.g. man or woman, do not change or have dffifferent meanffings ffin the
dffifferent envffironments, nor does the process ffor obtaffinffing flu ffin-
ffectffion status whffich ffis perfformed by flaboratory conffirmatffion ffin aflfl
cases). Fffinaflfly, there ffis a seflectffion bffias assocffiated wffith popuflatffion
demographffic attrffibutes. The proportffion off ffindffivffiduafls ffin each off the
subgroups commonfly varffies across envffironments based on observa-
tffionafl sampflffing (ffit ffis rare to have a representatffive dffistrffibutffion ffin a
popuflatffion sampfle unfless an experffiment ffis desffigned ffin advance and
specffiffic groups are recruffited);Pe(X,Y|D) Pt(X,Y|D). Thus

there ffis an edge ffromDtõS. We now state the assumptffions that
heflp to fformuflate observatffionafl transport ffor thffis causafl structure.

Assumptffion 1.LetGbe a causafl graph wffith varffiabfles V consffistffing
off the system varffiabflesI={X,Y,D}and the seflectffion varffiabfles
J={S∗}.

(1)No system varffiabfle dffirectfly causes any seflectffion varffiabfle
(∀j∈J,∀ffi∈I:ffi→ j G).

(2)No system varffiabfle ffis conffounded by any seflectffion varffiabfle

(S∗,̃S).

Assumptffion 2.LetGbe a causafl graph wffith varffiabfles V consffistffing
off the system varffiabflesI={X,Y,D}and the seflectffion varffiabfles

S={S∗,̃S}andP(V)be the correspondffing dffistrffibutffion onV.

(1)The dffistrffibutffionP(V)ffis Markov and ffaffithffufl wffith respect to
G.

(2)Shas no dffirect effect onY(S→Y G))

4.2 Observatffionafl transport across
envffironments

Motffivated by the approach stated ffin [22] we affim to fleverage a
statffistfficafl reflatffion,R(P)to be flearned ffrom source envffironment(s)
(characterffized by probabffiflffity dffistrffibutffionP) and transffer ffit to an-
other (target) envffironment,R(P∗), (characterffized by probabffiflffity
dffistrffibutffionP∗) partfficuflarfly when gaffinffing compflete ffinfformatffion
about that reflatffionshffip ffin the target envffironment ffis costfly. The
deffinffitffion off observatffionafl transportabffiflffity ffin [22] (Deffinffitffion 5),
asserts that the reflatffion to be transported has to be constructed
ffrom the source data as weflfl as observatffions ffrom the target data. As
there ffis no controfl on the data-generatffing process (no ffinterventffion
on any off the system varffiabfles, ffin contrast to experffimentafl data)
we cannot usedo-caflcuflus ffor fformaflffizffing the causafl reflatffion, and
ffinstead must use condffitffionafl ffindependencffies to understand the re-
flatffionshffip between the outcome,Yand ffeaturesX, by obtaffinffing the
joffint probabffiflffity dffistrffibutffionP∗(X,Y,D). In the ffoflflowffing sectffion
we ffidentffiffy ffinvarffiant parts off thffis reflatffion (whffich can be flearned ffin
combffinatffion wffith the source envffironment), and transfferred as weflfl
as the target envffironment-specffiffic reflatffions (varffiant components)
to be flearned dffirectfly ffrom the target dataset.

4.3 Mufltffi-component ffinvarffiant transffer

Havffing knowfledge off the data-generatffing process vffia the graphfficafl
casuafl modeflG, we ffidentffiffy the ffinvarffiant condffitffionafl dffistrffibutffions
that can be transfferred ffrom the source envffironment(De)to the
target envffironment(Dt).
Indeed, accordffing to the causafl dffiagram ffin Fffigure 1b, we do not

ffind a set off ffeatures(X)that d-separatesSandY,S⊥⊥Y|X.How-
ever, we do notffice thatS⊥⊥Y|D; the ffinvarffiant ffinfformatffionP(Y|D)
can be transfferred across the envffironments. Thffis ffoflflows ffrom the
ffact the dffifferent demographffic subgroups off the popuflatffion share
characterffistffics; ffor exampfle, babffies are known to be susceptffibfle to
certaffin ffinffectffions as opposed to oflder peopfle; strengthenffing the ffact
that the condffitffionafl dffistrffibutffionP(Y|D)can be transfferred across
envffironments. However, we do need to flearnP∗(Y|X,D)ffor the
target dataset sffinceS⊥⊥Y|X,D. We thereffore present an approach
to flearn the envffironment specffiffic component(P∗(Y|X))1as weflfl
as the popuflatffion ffinvarffianceP(Y|D)ffrom shared characterffistffics.

4.4 Formafl fframework off the undffirected
hffierarchfficafl mufltffi-source Bayesffian
approach

Havffing ffidentffiffied the sources off varffiabffiflffity and stabffiflffity, we now can
descrffibe detaffifls off the modefl specffiffic domaffin adaptatffion approach
whffich enabfles flearnffingP∗(Y|X)andP(Y|D), as descrffibed ffin the
prevffious sectffion. In the fframework, the flowest flevefl off the hffierarchy
represents the datasets (wffithffin each envffironment, ffin our case, cffitffi-
zen scffience or heaflth-worker ffacffiflffitated),fl∈L, ffor each off whffich we
have the flabefled dataDfloff the datasetflas shown ffin Fffigure 2. As ffin

aflfl Bayesffian settffings, the dataset parametersθflshoufld represent the

dataDflweflfl. Here,θ
flare ffinfluenced by the envffironment-specffiffic

parameters(θc);θflare generated accordffing toPθfl|θc, where

c∈Cffis the coflflectffion mode andθc={θcs,θhw}whereθcsrepre-
sents the parameters ffor the cffitffizen-scffience coflflectffion mode and

θhwrepresents the parameters ffor the heaflth-worker supported
coflflectffion mode. In the undffirected hffierarchfficafl modefl we aflflow the
envffironment specffiffic parameters to have mufltffipfle parents and flearn
aflfl parameters sffimufltaneousfly. Accordffingfly, the envffironment pa-
rameters are generated accordffing to the dffistrffibutffionP(θc|θa,θд).
Here, we expflfficffitfly represent the popuflatffion parameters;θaffor
a∈A, the dffifferent age group categorffies, andθдffor gendersд∈G,

θd={θa,θд}andd∈D. The modefl thus flearns the ffinvarffiant com-
ponent parameters (θd) ffor the dffifferent demographffic subgroups
(ages 0-4, 5-15, 16-44, 45-64, 65+, mafles, ffemafles). Popuflatffion
parametersθaandθдhave the root parameterθpopas the parent,
whffich represents ffinvarffiant ffinfformatffion across aflfl off the datasets, en-

vffironments and popuflatffion attrffibutes,Pθpop|θpar(pop)≡P(θpop).

Then, the joffint dffistrffibutffion ffis:

1P∗(Y|X)= DP
∗(X|Y,D)·P(Y|D)

P∗(X|D)
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Fffigure 2: Popuflatffion-aware hffierarchfficafl modefl;θparame-
ters at dffifferent nodes,Ddffifferent data sets,αthe prffiors. (A):
Root flevefl that represents ffinvarffiant ffinfformatffion across aflfl
data, (B): popuflatffion parameters and ffinfformatffion ffinvarffiant
to popuflatffion-attrffibutes(age)and(дender), (C): data set and
envffironment-specffiffic parameters and ffinfformatffion (csffor cffit-
ffizen scffience andhwffor heaflthworker ffacffiflffitated datasets).

P(X,Y,θ)=
fl∈L

PDfl|θ
fl×

fl∈L

Pθfl|θc ×
c∈C

Pθc|θa,θд

×
a∈A

Pθa|θpop×
д∈G

Pθд|θpop×Pθpop

We aflso study the condffitffions under whffich the ffinvarffiant compo-

nent parametersθd do not compfletefly represent the ffinfformatffion

ffor a subgroup ffin whffich case the envffironment specffiffic parameters

θflheflp; thus expflfficatffing the condffitffions under whffich the ffinvarffiant

ffinfformatffion ffis useffufl, and when envffironment-specffiffic ffinfformatffion
shoufld be utffiflffized.

4.5 Hffierarchy prffiors

For aflfl parameters we use ffindependent prffiors, computed based on
symptom predffictffivffity ffor each age group and gender. The ffincflusffion
off data dependent prffiors ffin Bayesffian flearnffing has been expflored
to ffincorporate domaffin knowfledge ffinto the posterffior dffistrffibutffion
off parameters [7]. For popuflatffion-aware modeflffing, data-ffinfformed
prffior dffistrffibutffions are ffimportant because the dffistrffibutffions ffrom
each dataset are partfficuflar to the study, and thus capturffing thffis
ffinfformatffion adds more ffinfformatffion to the anaflysffis than ffimproper
or vague prffiors (e.g. ffor a sampfle whereffin one demographffic group
ffis under-represented), aflso motffivates the mufltffipfle parents ffin the
hffierarchy. In contrast, usffing just the root prffior ffor estffimatffing the
posterffior ffignores the demographffic ffinfformatffion avaffiflabfle. Thereffore,
we use an empffirfficafl Bayes approach to specffiffy weakfly ffinfformatffive
prffiors, centered around the estffimates off the modefl parameters [34].
Root parameters are centered on the cumuflatffive data sffince the root
parameter captures envffironment ffinvarffiant ffinfformatffion.

4.6 Modefl steps

Fffirst, we use a probabffiflffistffic fframework to joffintfly flearn each pa-
rameter based on aflfl flevefls off the hffierarchy. We use a maxffimum
a-posterffiorffi parameter estffimate ffinstead off the ffuflfl posterffior ffor the
joffint dffistrffibutffion, whffich woufld be computatffionaflfly ffintractabfle. We
use a fformuflatffion, proposed ffin [9] that ffis amenabfle to standard
optffimffizatffion technffiques, resufltffing ffin the objectffive:

Fobjectffive=−
fl∈L j

(ffj+λ)·θ
fl
j−flog

k

exp(θflk)

+β
n∈Nodes

Dffiv(θn,θpar(n))
(1)

For datasetfl,θfljdenotes the parameter ffor symptomj.Fromaspe-

cffiffic dataset’s parameter space,krepresents ffindffivffiduafl symptoms.
ffjffis a statffistfficafl measure off the symptomjffin the dataset, ffin thffis
case the proportffion off the partfficuflar symptom resufltffing ffin a posffi-
tffive ffinfluenza vffirus (ffi.e. the posffitffive predffictffive vaflue).Nodesffis the
set off aflfl nodes ffin the hffierarchy (here,L∪C∪A∪G). Reguflarffizffing
parameterλwas chosen as 1 to aflflow Lapflacffian smoothffing. The

ffunctffionDffiv(θn,θpar(n))ffis a dffivergence (L2 norm used) over the
chffifld and parent parameters that encourages chffifld parameters (θn)

to be ffinfluenced by parent parameters (θpar(n)), and aflflows a chffifld
parameter to be cflosefly flffinked to more than one parent. The weffight
βrepresents the ffinfluence between node parameters and node par-
ent parameters. Based on hyperparameter tunffing, a vaflue off 0.2 ffor
βwas used ffin aflfl experffiments. For objectffive ffunctffion optffimffizatffion
we use Poweflfl’s method [12].
Second, we flearn the ffinfluence(γ)off each parent on a partfficu-

flar dataset (chffifld node). Thffis ffis necessary sffince we need to flearn
P∗(Y|X,D)ffor the target dataset as observed ffrom the causafl
structure. We provffide a mechanffism to flearn that as ffoflflows:

y
(fl,a,д)
ffi =γ0+γ1θ

fl·x
(fl,a,д)
ffi +γ2θ

a·x
(fl,a,д)
ffi +γ3θ

д·x
(fl,a,д)
ffi

The weffightsγ0,γ1,γ2,γ3are estffimated ffrom a non-flffinear fleast
square regressffion; the ffinfformatffion ffrom the dffifferent parents and
the dataset can onfly be posffitffive and hence we restrffict the weffights
to be posffitffive. Thffis enabfles the modefl to gffive more weffight to
one flevefl off the hffierarchy when needed. In other words, how
much demographffic-ffinvarffiant or envffironment-specffiffic ffinfformatffion
ffis needed depends upon how much ffinfformatffion ffis ffin a gffiven dataset.
For each off the subgroups a dffifferent cflassffiffier ffis flearned based on
the prefferences off the subgroup. The reason ffor flearnffing the weffights
ffor the dffifferent flevefls ffor each dataset ffindependentfly ffis that each
dataset woufld requffire dffifferent amounts off ffinfformatffion ffrom the
demographffic-specffiffic and the envffironment-specffiffic parameters, de-
pendffing upon the demographffic dffistrffibutffion off the sampfle ffin that
dataset as weflfl as the envffironment.

4.7 Lfficensffing condffitffions ffor the use off
ffinvarffiant representatffions

To understand the cases under whffich the ffinvarffiant representatffions
captured byθa,θдffaffifl to capture ffinfformatffion ffor a specffiffic sub-
group, and flocafl data must be used, we anaflyze ffinfformatffion at the
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demographffic subgroup flevefl. The modefl structure consffists off dffiff-
fferent hffierarchffies whereffin each hffierarchfficafl flevefl flearns ffinvarffiant
ffinfformatffion. Thffis ffimpflffies that ffinvarffiant ffinfformatffion flearned by the
hffigher flevefls ffis ffinvarffiant across envffironments as compared to the
fleaff nodes ffin whffich data-specffiffic ffinfformatffion ffis flearned. We begffin
by descrffibffing the condffitffions on whffich ffinfformatffion ffis evafluated.

Deffinffitffion 3.Let
Pdffiff(X|Y=y)=P(X=1|Y=y)−P(X=0|Y=y)
be the dffifference off condffitffionafl probabffiflffitffies off X (symptoms) gffiven Y
equafl to y.

Deffinffitffion 4.Let
δD=Ex∈D,y∈D Pdffiff(X|Y=1,A=a,G=д)
be the expectatffion offPdffiffover the symptoms ffor the subgroupDa,д
off the datasetD. Sffimffiflarfly we deffineδpopto be the expectatffion offPdffiff
over the symptoms ffor the popuflatffion subgroup ∪Dfla,дcomprffisffing
off the subgroups ffrom aflfl the envffironments (fl∈L).

Theorem 1.The parametersθffor a subgroup (Da,д) off a dataset
(D) depends on theδDand the condffitffionafl probabffiflffityPpopa,д(Y)=

P(Y=1|fl=pop,A=a,G=д)ffor the entffire popuflatffion comprffisffing
off the subgroups ffrom the ffindffivffiduafl envffironments and the condffi-
tffionafl probabffiflffityPDa,д(Y)=P(Y=1|fl=D,A=a,G=д)ffor

the subgroup off the specffiffic dataset.

θ=

⎧⎪⎪⎪⎨

⎪⎪⎪
⎩

θfl, ffiffδD <δpop
θfl, ffiffPDa,д(Y)−Ppopa,д(Y)≈1

θd, otherwffise

Prooff Sketch. (ffuflfl prooff ffin Appendffix)
a) We make use off the ffinfformatffion ffunctffionI=−[flog(Ph)]whffich
represents the ffinfformatffion present about eventh.IffδD <δpop
thenP(X=1|Y=1,d=fl)<P(X=1|Y=1,d=pop)(thffis con-
dffitffion ffis expflaffined ffin the prooff ffin the appendffix). SffinceIffis a mono-
tonfficaflfly decreasffing ffunctffion,Id>Ipop. Sffince the specffiffic dataset
has more ffinfformatffion, the dataset specffiffic parameters are used ffin-
stead off usffing the ffinvarffiant parameters flearned over aflfl the gflobafl
popuflatffion.
b)PDa,д(Y)−Ppopa,д(Y)≈1ffiffPDa,д(Y)≈1 andPpopa,д(Y)≈0.

Thffis means that the specffiffic subgroup (a,д) ffis over represented ffin
the specffiffic datasetflbut we do not have much ffinfformatffion about
the specffiffic subgroup ffrom the ffinvarffiant gflobafl representatffion sffince
ffit ffis underrepresented ffin the gflobafl popuflatffion.

The condffitffions determffine the cases ffin whffich spurffious reflatffions
coufld be pfficked up by the ffinvarffiant component representatffions

θdand hence the data-specffiffic parametersθflbetter represent the
reflatffions persffistent ffin the specffiffic dataset. The theorem states the
condffitffions under whffich the ffinvarffiant component representatffions

θdwffiflfl be used and when we need to refly on the data-specffiffic

parametersθflto capture the reflatffions ffor a specffiffic subgroup off
the dataset.

5 DATA

Each dataset ffincfludes symptoms ffrom ffindffivffiduafls (X), flaboratory
conffirmatffion off type off ffinfluenza vffirus they had (ffiff any) (Y), and age
and gender (D)off each person as exampfle popuflatffion attrffibutes. At-
trffibutes off the datasets are summarffized ffin Tabfle 1, whffifle the break-
down off posffitffive and negatffive observatffions across demographffics
ffis shown ffin Fffigure 3. Through these dffifferffing study desffigns, one
can see how the ffeatures may dffiffer based on the stage off ffiflflness
and ffincfluded popuflatffions (e.g. those who have heaflthworkers come
vffisffit, versus those stay at home and may be sffick but weflfl enough
to report on theffir own). As weflfl, the dffifference ffin underflyffing pop-
uflatffions ffiflflustrates the need ffor combffinffing data ffin a prffincffipfled
way and accountffing ffor these dffifferences ffin the underflyffing sampfle
composffitffion. It shoufld be emphasffized that each off the datasets
have a varffied composffitffion ffin terms off totafl number off observatffions
and popuflatffion demographffics (Appendffix Fffigure 1). We choose to
use them aflfl wffithout any pre-processffing, as these demonstrate
reafl data set dffifferences and wffiflfl ffindfficate modefl perfformance ffin
such reafl-worfld sffituatffions. Indeed, popuflatffion subgroups are not
equaflfly represented across aflfl datasets. Govffirafl and Hongkong have
the hffighest proportffion off observatffions ffin the age group off 16-44,
Ffluwatch has the hffighest proportffion off observatffions across the age
group 45-64 whffifle Hutterffite has the hffighest proportffion off obser-
vatffions ffin the age group off 5-15. The ffirst two studffies we cflassffiffy
as “cffitffizen scffience” as they ffinvoflve ffindffivffiduafls seflff-reportffing symp-
toms themseflves ffrom home, and takffing theffir own nasafl specffimens
ffor mfficrobffioflogfficafl testffing. The next two studffies we cflassffiffy as
“heaflthcare worker” as they ffinvoflve a traffined worker vffisffitffing the
ffindffivffiduafl, recordffing theffir symptoms accordffing to a set crffiterffia, and
takffing a nasafl specffimen ffrom the partfficffipant. These studffies aflso
generaflfly ffinvoflved peopfle more flffikefly to be ffinffectffious [6]. Beflow
we summarffize the study desffign and context behffind each dataset,
ffincfludffing how the data was coflflected, whffifle refferences are provffided
ffor the ffuflfl papers descrffibffing aflfl detaffifls.

Fffigure 3: Demographffic dffistrffibutffions ffin datasets. Darker
shade off coflor denotes the number off ffemafles ffin the partffic-
uflar age group, flffighter shade denotes number off mafles.

187



Popuflatffion-aware Hffierarchfficafl Bayesffian Domaffin Adaptatffion vffia Mufltffi-component Invarffiant Learnffing ACM CHIL ’20, Aprffifl 2–4, 2020, Toronto, ON, Canada

Tabfle 1: Summary off dataset detaffifls.

Study Locatffion Observatffions (posffitffive) Coflflectffion Type

Govffirafl Northeast Unffited States 520 (291) Cffitffizen Scffience
Ffluwatch Engfland, Unffited Kffingdom 915 (567) Cffitffizen Scffience
Hongkong Hong Kong 4954 (1471) Heaflthworker Facffiflffitated
Hutterffite Aflberta, Canada 1281 (787) Heaflthworker Facffiflffitated

Tabfle 2: AUC ffor flu predffictffion task (wffith 20% flabefled data
ffrom target), bofld vaflues correspond to best perfformffing
modefl.

Govffirafl Ffluwatch Hongkong Huttterffite

TR 0.594 0.584 0.865 0.712
LR 0.585 0.490 0.914 0.706
FEDA 0.588 0.521 0.806 0.651
FEDA+pop 0.500 0.442 0.727 0.582
Hffier 0.645 0.546 0.881 0.680
Hffier+pop 0.744 0.754 0.919 0.814

TheGoVffirafldata comes ffrom voflunteers who seflff-reported symp-
toms onflffine and aflso maffifled ffin bffio-specffimens ffor flaboratory con-
ffirmatffion off ffiflflness. These partfficffipants thus were never vffisffited at
home or ffin person at aflfl. Voflunteers were recruffited, gffiven a kffit (cofl-
flectffion materffiafls and customffized ffinstructffions), ffinstructed to report
theffir symptoms weekfly, and when sffick wffith cofld or flu-flffike symp-
toms, requested to coflflect a nasafl swab [14]. Perffiodffic remffinders
were sent over emaffifl. Data ffrom 2013–2017 ffis ffincfluded.

FfluWatchwas a study ffin the Unffited Kffingdom, consffistffing off house-
hoflds whffich were recruffited ffrom regffisters off 146 voflunteer generafl
practffices across Engfland ffin seasonafl and pandemffic ffinfluenza over
ffive successffive cohorts ffrom 2006–2011 [13]. Indffivffiduafls partfficffi-
pated ffrom theffir home. In addffitffion to a baseflffine vffisffit by a nurse,
househoflds receffived partfficffipant packs contaffinffing paper ffiflflness dffi-
arffies, thermometers and nasafl swab kffits ffincfludffing ffinstructffions on
theffir use and the vffirafl transport medffium to be stored ffin the reffrffig-
erator. Whffifle partfficffipants woufld generate specffimens and ffiflflness
reports on theffir own, they were remffinded every week vffia auto-
mated phone caflfls.

TheHong Kongstudy was ffocused on measurffing ffinffectffion ffin peo-
pfle who had househofld members who were aflready conffirmed as
sffick. Househofld contacts off ffindex patffients (peopfle who had come
to the hospffitafl and were conffirmed to be sffick) were ffoflflowed ffin Jufly
and August 2009. These contacts flffive ffin cflose proxffimffity wffith peopfle
who’s ffiflflness was severe enough to take them to hospffitafl, ffindfficatffing
a hffigh rffisk ffor ffinffectffion. Househofld members off 99 patffients who
tested posffitffive ffor ffinfluenza A vffirus on rapffid dffiagnostffic testffing
were vffisffited at theffir homes and swabs coflflected ffrom househofld
members by heaflth workers over mufltffipfle weeks [6].

Data ffis aflso ffincfluded ffrom a study whereffin nurses sampfled peopfle
ffinHutterffitecoflonffies ffin Aflberta, Canada. The Hutterffites are an

ethno-reflffigffious group that tend to flffive together ffin coflonffies that
are reflatffivefly ffisoflated ffrom towns and cffitffies, and thereffore are ffin-
terestffing pflaces to examffine respffiratory ffinffectffion prevaflence gffiven
theffir seflff-contaffined nature. Data ffis ffrom Dec. 2008 to June 2009 [16].

6 EXPERIMENTS

As motffivated, we consffider the case off transfferrffing ffinfformatffion
ffrom mufltffipfle source data sets ffrom dffifferent domaffins to a flargefly
unflabeflfled target dataset. We conduct mufltffipfle experffiments to com-
pare the proposed fframework wffith reflevant baseflffines to specffifficaflfly
examffine the vaflue off ffi) the hffierarchfficafl structure and ffiffi) ffincor-
poratffion off popuflatffion attrffibutes, and ffiffiffi) the amount off flabeflfled
data avaffiflabfle ffrom the target. Area under the ROC curve (AUC)
metrffic ffis used to assess the perfformance based on both sensffitffivffity
and specffifficffity. AUC ffis a measure off goodness off the abffiflffity off a
bffinary cflassffiffier, equafl to the probabffiflffity that the cflassffiffier wffiflfl
rank a randomfly chosen posffitffive ffinstance hffigher than a randomfly
chosen negatffive one. We evafluate AUC across aflfl the popuflatffion
subgroups off the dataset (Da,д). We compare resuflts to three meth-
ods: Target onfly (TR), Logffistffic Regressffion (LR), Frustratffingfly Easy
Domaffin Adaptatffion, whffich ffis noted ffor extreme sffimpflfficffity and
was used prevffiousfly on symptom data [8,26], wffithout (FEDA) and
wffith demographffic attrffibutes (FEDA+pop), Undffirected Hffierarchfficafl
Bayesffian Domaffin adaptatffion wffithout (Hffier) and wffith demographffic
attrffibutes (Hffier+pop)2. Based on how the methods are desffigned,
we descrffibe how traffinffing and testffing must work ffor each. TheTarget
onflymethod ffis traffined onfly on a subset off the target envffironment
dataset wffithout ffincorporatffion off any ffinfformatffion ffrom source en-
vffironments.Logffistffic Regressffionffis traffined on aflfl the source datasets
and a subset off the target dataset.Frustratffingfly Easy Domaffin Adap-
tatffionffincorporates ffeatures specffiffic to the source, specffiffic to the
target as weflfl as a unffion off the source and target dataset, and ffis
traffined on both the source and subset off the target datasets. The
proposed method,Hffier+pop, ffis traffined on both the source datasets
and a subset off the target. Aflfl methods are tested on the target
dataset (excfludffing the subset off the target data used ffor traffinffing).

7 RESULTS, DISCUSSION AND IMPACT

Thffis work ffis reflevant to the ffincreasffing scenarffios ffin whffich aflgo-
rffithms are beffing used to co-anaflyse and use mufltffipfle reafl-worfld
datasets, gathered ffrom dffifferent contexts and composed off dffiff-
fferent popuflatffion dffistrffibutffions. We present a novefl approach ffin
the fframework off observatffionafl transport, appflfficabfle ffin scenarffios

2Code ffis avaffiflabfle at https://gffithub.com/ChunaraLab/Pop-aware-domaffin-adaptatffion
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(c) Hongkong
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(d) Hutterffite

Fffigure 4: Perfformance off Hffier+pop method ffin comparffison wffith baseflffine methods across ffincreasffing proportffion off flabeflfled
target averaged across aflfl popuflatffion subgroups.

wffith ffinstabffiflffity ffin observed varffiabfles and seflectffion bffias; a sffignffiff-
fficant chaflflenge ffin many heaflth transport probflems. The modefl ffis
motffivated by knowfledge off the underflyffing causafl modefl. By test-
ffing on ffour reafl-worfld datasets ffor an ffinfluenza predffictffion ffrom
symptoms task, we show the mufltffi-component modefl sffignffifficantfly
ffimproves perfformance by usffing prffincffipfles off domaffin adaptatffion
as weflfl as by capturffing ffinfformatffion shared among popuflatffion sub-
groups through a hffierarchfficafl and joffint optffimffizatffion approach. We
perfform a rffigorous evafluatffion showffing that wffith flow amounts off
flabeflfled target data the modefl perfforms consffistentfly better than
baseflffines on entffire datasets and on ffindffivffiduafl subgroups even when
underrepresented ffin a specffiffic dataset.

7.1 Perfformance anaflysffis

Off the methods compared, TR and LR have the poorest perfformance
(Tabfle 2) across entffire datasets. Thffis makes sense, as a target-onfly

modefl doesn’t ffincorporate any ffinfformatffion ffrom other envffiron-
ments or popuflatffions. And, LR doesn’t account ffor any popuflatffion
attrffibutes. In aflfl cases the Hffier+pop method whffich accounts ffor the
demographffic attrffibutes wffithout ffincfludffing the demographffic parame-
ters expflfficffitfly ffin the same ffeature space as the symptoms (as ffis done
by FEDA+pop), gffives best perfformance across entffire datasets. Thffis
aflso conffirms the need to have dffifferent symptom parameters ffor
specffiffic demographffic subgroups. We studffied perfformance ffurther
based on amount off flabeflfled traffinffing data avaffiflabfle. We observe
that Hffier+pop perfforms consffistentfly better than the baseflffines at
flow amounts off flabeflfled target data (Fffigure 4). It shoufld be noted
that we examffined resuflts above 25% flabefls, and trends contffinue. As
more flabeflfled data becomes avaffiflabfle, TR ffimproves substantffiaflfly
as expected. Comparffing datasets, Govffirafl has flffimffited sampfle sffize
(Fffigure 3), fleadffing to flow perfformance off baseflffine methods, and
Hffier+pop captures the ffinvarffiant ffinfformatffion across the source en-
vffironments to ffimprove perfformance over baseflffines drastfficaflfly. As
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Tabfle 3: AUC scores across popuflatffion subgroups (†denotes use offθflotherwffiseθdffis used) wffith 20% data used ffor traffinffing,
bofld vaflues correspond to best perfformffing modefl across popuflatffion subgroup. Mffissffing vaflues (-) ffindfficates the subgroup flacks
data ffin effither off the posffitffive or negatffive cflasses, thereffore modefls coufld not be traffined ffor these subgroups.

Dataset Method Age 0-5 Age 5-15 Age 16-44 Age 45-64 Age 65+
Mafles Femafles Mafles Femafles Mafles Femafles Mafles Femafles Mafles Femafles

TR - - - - 0.655 0.796 0.661 0.524 0.238 0.692
LR - - - - 0.541 0.845 0.774 0.607 0.188 0.542

Govffirafl FEDA - - - - 0.638 0.845 0.728 0.464 0.112 0.742
FEDA+pop - - - - 0.524 0.602 0.807 0.214 0.112 0.700
Hffier - - - - 0.681 0.767 0.766 0.645 0.312 0.700
Hffier+pop - - - - 0.842 0.910 0.807 0.666 0.500† 0.742

TR - 0.158 0.762 0.726 0.808 0.708 0.293 0.678 0.239 0.789
LR - 0.440 0.286 0.583 0.295 0.467 0.384 0.486 0.647 0.588

Ffluwatch FEDA - 0.711 0.465 0.577 0.105 0.232 0.530 0.118 0.719 0.284
FEDA+pop - 0.440 0.298 0.565 0.311 0.412 0.389 0.260 0.803 0.505
Hffier - 0.710 0.547 0.63 0.676 0.691 0.388 0.767 0.323 0.833
Hffier+pop - 0.868 0.747† 0.928† 0.787† 0.757† 0.757 0.767† 0.847 0.833†

TR - 0.156 0.961 0.963 0.954 0.959 0.997 0.878 0.929 0.922
LR - 0.156 0.957 0.960 0.948 0.960 0.997 0.880 1.000 0.922

Hongkong FEDA - 0.156 0.936 0.943 0.921 0.873 0.957 0.810 0.864 0.797
FEDA+pop - 0.156 0.957 0.710 0.948 0.752 0.997 0.674 0.773 0.583
Hffier - 0.211 0.975 0.990 0.991 0.993 0.980 0.930 1.000 0.922
Hffier+pop - 0.500† 0.995 1.000 0.995 0.996 0.997 0.939 1.000 0.922

TR 0.714 0.750 0.780 0.995 0.358 0.860 0.741 0.971 0.286 0.320
LR 0.532 0.902 0.904 0.793 0.431 0.780 0.76 9 0.783 0.405 0.180

Hutterffite FEDA 0.532 0.902 0.904 0.793 0.431 0.780 0.769 0.783 0.405 0.180
FEDA+pop 0.500 0.500 0.671 0.604 0.380 0.847 0.834 0.906 0.405 0.180
Hffier 0.831 0.902 0.957 0.792 0.380 0.760 0.834 0.760 0.404 0.180
Hffier+pop 0.851 0.902† 0.957 1.000 0.576† 1.000 0.890 0.971 0.500 0.500

compared to Govffirafl, Hutterffite has better representatffion off the pop-
uflatffion subgroups and hence the baseflffines do not perfform poorfly
but Hffier+pop stffiflfl perfforms substantffiaflfly better. We hffighflffight these
resuflts ffor Govffirafl and Hutterffite datasets due to the vastfly dffiff-
fferent sampfle sffizes and data coflflectffion envffironment; resuflts ffor
other datasets ffoflflow the same trends (Fffigure 4). Thffis demonstrates
that mufltffi-component ffinvarffiant flearnffing heflps capture ffinfformatffion
shared among subgroups even when they are underrepresented.
We aflso examffined the flearned parameters ffor the subgroups (Da,д),
ffindffing that they compfly to condffitffions dffiscussed ffin the Lfficensffing
condffitffions subsectffion. We aflso anaflyze perfformance off the methods
by subgroup and ffind that Hffier+pop ffindeed has better predffictffion
across the subgroups, competffing cflosefly wffith TR ffin the case where

θflare used ffinstead off the ffinvarffiant parametersθd(Tabfle 3). In these
specffiffic cases, as expected, flocafl ffinfformatffion ffis prefferred, thereffore

θflffor the target dataset, whffich ffis ffinfluenced by the source envffiron-
ments, fleads to a dffip ffin the perfformance as compared to TR whffich
does not have any ffinfluence by the source datasets.

7.2 Perfformance across popuflatffion subgroups

Perfformance across subgroups ffor Govffirafl, Ffluwatch, Hongkong
and Hutterffite ffis reported ffin Tabfle 3. Hffier+pop perfforms consffistentfly
better than the baseflffines across aflfl the popuflatffion subgroups ffor

mufltffipfle datasets. We aflso report where the dataset specffiffic param-

eters (θfl) are used ffinstead off the ffinvarffiant (θd). Thffis compflffies wffith
the condffitffions provffided ffin Theorem 1.

7.3 Perfformance across ffincreasffing proportffion
off flabeflfled target data

Hffier+pop perfforms consffistentfly better than the baseflffines (TR, LR,
FEDA, FEDA+pop) ffor mufltffipfle datasets. The trend ffis sffimffiflar across
the dffifferent datasets as shown ffin Fffigure 4. Wffith ffincreasffing amounts
off target data avaffiflabfle, methods flffike Target onfly and FEDA perfform
weflfl as more ffinfformatffion about the dataset-specffiffic ffeature space ffis
avaffiflabfle and there ffis fless reflffiance on popuflatffion-ffinvarffiant ffinfforma-
tffion. In such scenarffios the target dataset wffiflfl have rffich ffinfformatffion
about the target envffironment specffiffic popuflatffion subgroups.

7.4 Reflatffions to ffaffirness and socffiafl scffiences

Thffis work ffis motffivated by reafl chaflflenges heaflth. We derffive the
proposed methodoflogy ffin a prffincffipfled manner ffrom the causafl
structure off the probflem. At the same tffime, there are overflaps wffith
current research ffin ffaffirness and the socffiafl scffiences. Fffirst, fformu-
flatffion off the modefl ffin a hffierarchfficafl structure (versus wffith ffixed
effects) corroborates the flatest thffinkffing ffin socffiafl scffience theory, as
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ffitdoesn’ttreatcharacterffistfficsacrossmufltffipfletypesoffparameters
asaddffitffive[10].Partffitffionffingthevarffianceacrossdffifferentaspects
(symptomsanddemographffics),ffismeanffingffuflasweflfl,becausethe
causesoffvarffiatffionatdffifferentfleveflsmaydffiffer(e.g.causesoffsymp-
tomsversusmanffiffestatffionsffindffifferentpopuflatffionsubgroups).We
derffivethffisffromthecausaflstructure,butffitaflsohasbeendffiscussed
ffintheepffidemffioflogyflffiterature[32].Moreover,hffierarchfficaflstructure
aflflowsunderstandffingoffdffifferentdatasetssffimufltaneousflyrather
thanmakffingrefferencetooneperffectorrepresentatffivedataset(e.g.
byonerefferencegroupfforeachvarffiabfleandparameter).
Asweflfl,whffifletheaffimoffthffisstudyffisn’ttoensurespecffifficffaffir-

nesscrffiterffiaareffuflffiflfledmaffinflyduetomufltffipflesensffitffiveattrffibutes,
theworkstffiflfladdressesanffimportantprobflemffidentffiffiedffinthe
ffaffirnesscommunffity:popuflatffionsubgroupscanberepresenteddffiff-
fferentflyffindffifferentdatasets.Sffincethesubgroupsarecharacterffized
bymufltffipflesensffitffiveattrffibutes(ageandgender),somenon-bffinary
(age),ffimposffingffaffirnessconstraffintsflffikedemographfficparffityffisnot
suffitabfleespecffiaflflywhencharacterffistfficsaresharedacrossdemo-
graphfficsubgroups.However,researchffintheffaffirnessandmachffine
flearnffingflffiteraturehasdffiscussedhowaone-sffizeffitsaflflmodeflffor
aflflpopuflatffionsubgroupssuffersffromaggregatffionbffiaswhenthe
condffitffionafldffistrffibutffionP(Y|X)ffisnotconsffistentacrossthesub-
groupsasshownbySureshandGuttag[31].Weshowhere,fforan
ffinfluenzapredffictffiontask,thatmodeflsthatdonotffincorporateany
subgroup-fleveflffinfformatffionarenotoptffimaflacrossaflflthesubgroups
andareffittedtothedomffinantpopuflatffionsubgroup.Hffier+popon
theotherhandmffitffigatestheffissueoffaggregatffionbffiasbyffincorpo-
ratffingffinfformatffionacrossmufltffipflespecffifficsubgroups.
OneofftheprffimaryaffimsofffformuflatffingHffier+popffisthustonot

compromffiseonsub-popuflatffionAUCowffingtoseflectffionbffiasand
representatffionbffias.Wehavedrawnonprffincffipflessuchasbeneff-
fficence(“do-the-best”)andnon-maflefficence(“do-no-harm”)and
provffideanapproachtoflearntheparametersfforeachsubgroup
ffindependentfly.Asflffiteratureffinffaffirnesshasdffiscussed,modeflper-
fformanceffisofftencompromffisedduetoffinadequatesampflesffizes
andapproprffiatedatacoflflectffioncanaffidffinmffitffigatffingthffisffissue[4].
Ustunetafl.[33]havedeveflopedanapproachtoflearndecoupfled
cflassffiffiersfforeachsubgroupoffthepopuflatffion,therebyensurffing
ffaffirnessacrossthesubgroupswffithoutperfformffinganyharm.Our
work,capturffingffinfformatffionffinahffierarchfficaflmanneraflsoffisto-
wardsensurffingthatperfformanceonflessersffizedsubgroupsffisnot
comprffised.Whffifleffinflargeheaflthcaresystemsrepresentatffionffin
mufltffipflesubgroupscanbereached,offtenffindffivffiduaflheaflthcareffin-
stffitutffionsorepffidemffioflogfficaflstudffies,asdemonstratedhere,onfly
reachacertaffinpopuflatffiondffistrffibutffion,andsourcffingnewdata
ffissffimpflynotffeasffibfle.Accordffingfly,ourapproachbycombffinffing
subgroupffinfformatffionacrossmufltffipfleenvffironmentsffispragmatffic.
WhffiflemethodsflffikeFEDA+popandHffierperfformedatparwffith
Hffier+popfforaffewseflectsubgroupswffithadequateflyrepresenta-
tffivesampfles,Hffier+popperfformsconsffistentflyweflflacrossaflflthe
subgroups,andaflflffourdatasets.

7.5 Impact

Asnewdatasetsareconstantflybeffinggeneratedffindffifferentenvffi-
ronmentsandffromdffifferentconstffituentpopuflatffions,themodefl
andffindffingsffromthffisworkcanbeusedffinmufltffipflewaysbythose

desffignffingsurveffiflflancesystems.Forexampfle,toproactffiveflyassess
andffinfformwhffichpopuflatffionsubgroupsneedtobeffurthersampfled

toffimprovepredffictffionffinthetargetdata(bycomparffingθflandθd

acrossdatasets).Knowfledgeoffthecrffiterffiaregardffingflocaflversus
ffinvarffiantparameterscanaflsobeusedtoffidentffiffywhffichdatasetscan
becombffinedtoffimprovepredffictffion.Practfficaflfly,thffisworkdemon-
strateshowpractffitffionerscansaveeffortandcostbyonflyflabeflffing
aproportffionoffdataandcombffinffingdatawffithotherdatasetsto
ffimprovepredffictffion.Overaflfl,wepresentapractfficaflapproachto
combffineffinfformatffionffrommufltffipfleffinstancesespecffiaflflywhenffit
ffisdffifficuflttoobtaffinflabefls;whffichcanofftenbethecaseffinpub-
flfficheaflth,whffifleretaffinffingthegflobaflcharacterffistfficsoffpopuflatffion
subgroupssharedacrossenvffironments.
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