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Trend change detection

Thefirstpartofmyworkwasaboutinvestigatingmethodstodetecttrendchangesintimeseries.
Oneimplementationofthemethodsdescribedbelowhasresultedinthesmartinsights,thatauto-
maticallydetecttrendchangesofadesiredKPI.

Themodelisbasedontheextractionofatrendintheinputdata.Differentmethodsweretested
andevaluatedforthispurpose.
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Figure 1:Comparisonofdifferenttrendingmethods

MovingaverageandEW(exponentiallyweighted)movingaveragearetwomethodsinvolvingan
averageofpastdatatodeterminethetrend.Theyaremostlyequivalentforsimilarwindowparam-
eters,althoughIhavekeptthelatterbecauseitisslightlymorequicklysensitivetotrendchangesas
shownonthegraph.

TheHodrick-Prescottfilterisobtainedwithradicallydifferentnumericaltechniquesandis
shownheremostlyforpurposeofclarity. Itisnotusedinthefinalmodelbecauseofseveralun-
desiredproperties(mainlythefactthatittakesintoaccountpreviousandfuturedataandneedsto
berecalculatedforeveryadditionofdatapoint).

Afterextractingthetrendofthedataandthusremovingundesirablenoisefromthesignaltobe
analyzed,atrenddetectionalgorithmcanbeapplied.TheoneIimplementedisverysimpleandonly
involveslinearregressionsonthedata.Twolinearfunctionsarefittedonthetimeperiodstobeana-
lyzed(lastweekandtheweekbeforeinthemodel).Theslopesofthosefunctionsarethencompared
todeterminewhetherthetrendchangeisrelevantornot.

1



Figure 2: Illustrationofthetrenddetectionpre-processing

Afterempiricalanalysisofseveraltrendthresholds,a10percentagepointsdifferencebetween
thetwoslopeswaschosen(Fortheexampleofthegraph,theslopescouldbe-5%and40%,resulting
inadifferenceof45%whichisabovethe10%threshold).

Apossibleimprovementofthealgorithmwouldbetoimplementamorecomplexand/oradap-
tivethresholdsystemthatcouldleadtomorerobustandpotentiallymoreaccuratetrendchange
detections.

Classificationalgorithmscouldbeusedwithlabeleddata(i.e.setsofdatapointsassociatedwith
thepresenceofatrendanomalyornot)andwouldprobablyyieldmoreaccurateandgeneralisable
results.

PracticalNotes:ToimplementthismethodwithFacebookdata,wehadtodealwiththewindowed
attributionsystemofactions(i.e.,thefactthate.g.installsareattributedupuntil28daysafterthe
adview)thatmadeKPIssuchastheCPIveryunstableovertimeandwithsystematicuptrendsfor
mostrecentdata.Tocopewiththis,thealgorithmisactuallyperformedon1dayattributeddata,
whichmakesitmuchmoreconsistentevenforrecentdata.Butitisbasedonthehypothesisthat
everyunusualactivityduringthefirstdaywillhavethesameimpactoverthefollowing28daysof
attribution.

Outliers detection

I’veexploredsomeoutliersdetectionmethodsondifferentkindofdatasets.Detectingoutliersin
dataimpliesrecognizingandlearningthe“normality”ofthisdata’sdistribution.Thiscanbeachieved
throughdifferentmethodsandalgorithmsdependingonthenature,dimensionalityanddistribution
oftheinput.

Ifirstworkedwithconversionratesbetweenkpisonmarketingdata.Detectingoutliersonsuch
dataseemedfairlynaturalsincetheyhaveverywelldefineddistributions.

Oneofthemostwidelyusedmachinelearningalgorithmsforprobabilitydistributionfittingis
calledtheGaussianMixturemethod.Thedistributionisassumedtobeaweightedsumofseveral
Gaussiandistributionsandtheexactparametersarecomputedwiththeexpectationmaximization
algorithmthatiteratesthroughthetrainingdata.

TheresultoftheGaussianmixturealgorithmisamodelthatcangivetheprobabilityofappari-

2



(a)Distribution1 (b)Distribution2
Figure 3:Histogramsoftwosimulateddatadistributions

tionofagiveninputwithrespecttotheobserveddata.Onthetwofigures4and5areplottedeach
distribution3aand3b,asampleddistributionfromthefittedGaussianmixturemodeltoillustrate
theaccuracyofthemodelandthelogprobabilityofeverypointintherange[0,1].

Thislearneddistributionallowsfortheimplementationofaclassifyingalgorithmwhichwill
checkforthelogprobabilityofagiveninputandtreatitasoutlierifitisbelowacertainthresh-
old.

Figure 4: Gaussianmixtureof3GaussiansfitfordistributionofFigure
3aandlogprobability

Thisthresholdcanbedeterminedempiricallybychoosingtheoutlierelementsfromtheoriginal
distributionandbysettingthethresholdsuchastheywouldbeindeedclassifiedasoutliers.

Alimitationappearsrapidly.Forinstance,thefirstdistributionhasitscenterofmassveryclose
tozeroandthusmakesitimpossibletodetectsmalloutliersclosetozerosinceitwouldimplysetting
thethresholdtoapproximately-0.6andthereforeclassifyalargechunkofthetailofthedistribution
asoutlier.

Thisalgorithmcouldnonethelessprovidearobustandpowerfulmethodtodetectoutliersona
setofdatawithawelldefinedprobabilitydistribution.Itcanbeappliedtodatasetsofanydimen-
sion,andpotentiallyverycomplexdistributionssinceanarbitrarynumberofGaussiancanbeused
forfitting.

3



Figure 5: Gaussianmixtureof3GaussiansfitfordistributionofFigure
3bandlogprobability

Themainobstacletoapplyingthemethodtononuniformdataistheabilitytoextractthe“ex-
plicable”componentofthisdata,thatisthepartthatcanbeexplainedandshouldn’tbelookedat
fordetectingoutliers.Ofcourse,the“trend”itselfcouldbeunexpectedbutisn’tanoutlierinthe
sensethatbydefinitionitisasomehowdurablephenomenon.Oncethetrendcomponenthasbeen
extractedfromdata,thesameprocessasabovecanbeappliedandunlikelydatapointscanbede-
tected.

Todemonstratethemethodwithnonprioryboundeddata,Iwillshowanexampleofthisalgo-
rithmappliedtoagenerateddatasetwithaknownunderlyingtrendandarandomnoise.Letf be
thefunctionsampledtogenerateadataset,definedby

f(x) =
(x
3
+ 1

)
(0.5sin(1.5x) + 3) +N (0, 0.8)

WhereN (µ, σ)denotesthenormaldistributionofmeanµandstandarddeviationσ.Anexample
sampleforthefunctionf isshowninthegraphbelow:

Figure 6: Datasetgeneratedwithfunctionf. Theunderlyingtrendis
showningreenonthegraph

Thepresenceofoutliersinadatasetissubjecttodebate,sincetheunlikelinessofapointdepends
ofthesubjectiveideaofwhatthedatasetshouldlooklike.Butinthisparticulargenerateddata,they
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arewelldefinedbythepointswhichrandomcomponentcannotbeexplainedbythenormaldistri-
bution.Inotherterms,thosepointswereveryunlikelytoappeargiventheunderlyingrandomdis-
tributionandthereforecanbeconsideredasoutliers.

ByremovingthetrendfromthedataandclassifyingasoutlierselementsfromtheGaussiandis-
tributionhavinglessthan2%probabilityofoccurring,theoutliersofFigure7areobtained.

Figure 7: OutliersdetectionondatasetfromFigure6

Thoseoutliersmightnotexactlybetheonesahumanagentwouldhaveclassifiedassuch,but
theynonethelessfollowaratherrobustdefinitionofwhatanoutliercouldbeforthisdataset.

Inpractise,therealtrendofthedatacannotbeknownpreciselyandneedstobeestimated.It
canbeachievedbyextractingthewithmethodssimilartothosedescribedinTrendchangedetection
section.Forexample,whenestimatingthetrendwithanexponentiallyweightedmovingaverage,
theoutliersshownonfigure8aredetected.

OnFigure8,itappearsthatsomeoutliersweren’tcorrectlydetectedwiththeestimatedtrend.
Itisalsoobvious(andthisisaknownpropertyoftheEWmovingaveragebecauseittakesintoac-
countallpreviousdata,thuslessinformationforthefirstpoints)thattrendisn’twelldefinedforthe
firstdatapoints.Ithappensheretocorrespondtothepositionofundetectedoutliers.

Whentheunderlyingrandomdistributionisn’taGaussian,itcansimplybelearnedfromdata
withamixtureofGaussiansforinstancetobesuretodetecttrulyunlikelydata.

Thealgorithmworkswellforthisparticulardatasetbutcannotbebluntlyappliedtoanytimese-
rieswithoutadjustingitsparameters.Forexample,thesmoothnessofthemovingaveragewillhave
agreatinfluenceonwhatwillbeinterpretedasanoutlierornot.Themostcommonwaytoproceed
istodecomposethetimeseriesintotrendandseasonalityandtoperformoutlierdetectiononthe
residualdata.

Intheexampledatasetabove,Iassumedthatthe”seasonality”orperiodiccomponentwaspart
oftheunderlyingtrendbutmoreelaboratetechniquesforextractingtheperiodiccomponentcould
yieldbetterresultsbybetterisolatingthestrictlyrandompartofthedata.

Intheend,itallcomestothesameprinciple:learningthedistributionofthe”random”compo-
nentofthedataanddeducingfromthisdistributionthedatapointsthatwereunlikelytoappear.
Ofcourselotsofexamplesexistwherethiskindoftechniqueswon’tworkperfectlyandwillyield
falsepositivesandfalsenegativesbuttheycouldinsomeothercasesprovideagoodenoughwayto
efficientlydetectoutliersintimeseries.
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(a)Estimatedtrend (b)Residualdatawithlimitsat2%probabilityfor
thefittedGaussian

(c) Outlierdetectionwithestimatedtrend(Red:
”True”outliers, Blue: outlierswithestimated
trend)

Figure 8:Estimatedtrendandcorrespondingdetectedoutliersfordata
ofFigure6

Toapplythisalgorithmonrealtimedata,atrade-offbetweentheacceptedlagoftheresults
(numbersofdaystoletpassbeforeprocessingdataandlookingforoutliers)andthenumberoffalse
positivesmustbemade.Atooshortlagwillresultinapoorlyestimatedtrendforrapidlychanging
databutforatoolonglag,datawillrisktobeoutdatedwhenanoutlierisdetected.

On predicting spend

I’vespentsometimetryingdifferentmodelsandarchitecturesforpredictingbudgetspendand
haven’tgotverycompellingresults.Ibelievethisisduetothefactthateventhoughsomepatterns
existandcanbeeasilypredicted,thisspendisformostparttotallyunpredictable,oratleastthat
Facebookdoesn’tgiveenoughdataoutoftheboxtodoso.

Thefirstmostintuitiveapproachthatcanbeexplorediswhatiscalledauto-regression,thatis
tryingtoinfernextdatapointswithalinearregressionoversomefeaturesextractedfromtheprevi-
ousdatapoints.Itallowstoeasilypickupseasonalpatternsbutwon’tbeabletolearnand/orpredict
changesinthetrendexceptiftheyfollowapatternthatexistsinthedata.

Thisauto-regressivemodelcanbeenhancedbyaddingexternaltemporalinformationsuchas
anothermetric(itcouldbethepastnumberofimpressions,installs,etc,forspendprediction)totry
andpickupcorrelationsbetweenoneanother.Thiswouldworkreallywellforsituationswhereac-
tionsonaparticulardayhaverepercussionsonthefollowingdaysbutthatisnotalwaysthecase.

Auto-regressioncanalsobeimprovedbydividingataskintosmallerones:e.g.havingonemodel
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tryingtopredictanextractedtrendcomponentofthedataandanotheronetheseasonalcompo-
nent.Thisallowsonemodeltospecializeinpickinguprepetitivepatternsandworkingwithbounded
datawhiletheotherwillperformauto-regressiononthetrendandextrapolateit.

I’vestartedtoimplementamodelthattriestopredictthespendbasedonpreviousvalues. It
splitsthedataintotrendandseasonalityandtrainsasimplelinearregressiononthetrendcom-
ponentofthedataandamorecomplexoneinvolvingRandomForestbasedregressionsandRidge
regressions(regularizedLinearregressions)forpredictingtheseasonalcomponentofthedata.This
hasyieldedinterestingresults,allowingtopredictthespendwith80%accuracyonaverageontest-
ingdata.

Thisisnotbadinitself(althoughitcouldstillmeanwronglyestimatingby$2,000thespendfora
$10,000budgetistobeexpectedfromthemodelonaregularbasis),butthelackofaccuracyessen-
tiallycomesfromthefactthat,intheparticularcaseofFacebook,theusersetsinadvanceabudget
thatwillbethetargetforthetimeperiod.However,theeffectiveamountspentforthesametime
periodwilldependonseveralexogenousfactors(mainlythehighestallowedbid,thebiddingstrat-
egy,andofcourse,thesamecharacteristicsforeveryotherpeopletargetingthesameaudiences)
whichimpactishardlypredictable.

Forthisreason,althoughpatternsinspenddatacanbelearnedbymachinelearningmodels,
theydon’taccountforallthevariationsobservedinspendevolution.Thoseeffectmightbemore
orlessmeaningfuldependingontheconditionsofaparticularaccount/campaign/...,asforinstance
accountswithautomaticallyadjustedbudgetsseemtoexhibithighregularitiesintheirspenddata.
Figure9showstwoexamplesofspendfortwoadaccounts:onehavingautomaticallymanagedbud-
get,theotherhavingafreely(toacertainextentprobably)fluctuatingspend.

(a)Automaticallymanagedspend (b)Freelyfluctuatingspend
Figure 9:Twoexamplesofspenddatafordifferentlymanagedaccounts

Moreover,sinceeverycampaignorcountryinasingleaccountmighthaveveryspecificbehav-
ior/management,modelsoftenneedtobetrainedonaspecificandthereforelimitedinsizedataset,
whichoftenyieldscasesofoverfittingsuchaslearningveryspecificevents.Oneexampleofover-
fittingwouldbetolearnthestepsofFigure10bor10caspartofthepredictionandthuspredicting
radicalspendchangesdecisionsthatwereprobablymadebyahumanagentforcomplexreasons.
TheextinctionofthecampaignsofFigure10dmightalsobelearnedbysuchamodel,althoughit
isalsolikelytobeaman-madedecisionwithcomplex(oratleastnotreachablethroughFacebook)
motivations.
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(a) (b)

(c) (d)

Figure10:Moreexamplesofspendevolutionsfordifferentcountrieson
oneaccount

Further ideas

Clustering

Ialsocarriedoutsomeexperimentswithdataclustering,butdidn’tdigintoitmuchbecauseoflack
oftimeanddata.Theinitialideawastoclusterdatafromseveralcampaigns/countriesbrokendown
byageandgender.Everypointwouldcorrespondtoacombinationofbreakdownsandclustering
wouldbeperformedinthespaceof,forinstance,30daysofCPI/CPSU/Spend/etcdatawiththeeu-
clideandistanceasclusteringdistance.

Forasinglecountry,theonlyresultswereinformationabouttheproximityofdifferentgendersin
thesameagerangebutonceaddingseveralofthem,certaininterestingpatternsstartedtoemerge:
forinstancetheparticularityofsomecountriescomparedtoothersortheproximityofsomeother
countries(e.g.FrancewasoftenclosetoUnitedKingdom,SpaintoItaly).

Tobecomplete,severaltypesofdistancesshouldhavebeenstudiedwithmorethoroughlyen-
gineeredfeaturesinordertoreallydetectspecificbehaviorsandefficientlyinterprettheproxim-
ity/distanceofcountriesandbreakdowncombinations.Oneotherlimitationofthemodelwasthe
natureofthedataitself:thebreakdownscouldhavebeenmuchmoregranular,withdatacorre-
spondingtospecificaudiences,publishersoranycharacteristicthatcouldservetolabelthedata.
Thiskindofcategoricalwouldallowformuchmorecomplexpatternrecognition.

However,directapplicationsofthosefindingsneedsomethinkingsincetechniquessuchasclus-
tering,whicharepartoftheunsupervisedlearningfamilyofalgorithms,won’tallowforeasilyauto-
matedandproduction-readypipelinesbecausetheywilloftenneedahumanagenttoobserveand
interpretdataafterprocessing. However,theycouldyieldinterestingrecommendationsystems,
withwhichcountries,audiencesoranyothercharacterisautomaticallyassociatedwithit’sclosest
neighborsthatarelikelytobehavesimilarly.
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Computer Vision

Asoftoday,thisismoreofalongshotbutcomputervisiontechniquesalsocouldbeleveragedon
adcreativestoyieldallsortofresultsaboutCTRpredictionorthingslikecreativereportingand
efficiencyanalysis. Onerecent paper fromMITAIresearchandAdobe,duetobepresentedata
conferenceinTorontoinOctober2017showsveryinterestingresultsforamodeltrainedonvisual
attentiondata. Theyareabletopredictthe”zonesofattention”ofavisualdesignandtherefore
guidethedesignerinchoosingtherightcomponents,position,fonts,fontsizesandimagesbyup-
datinginrealtimetheamountofattentionacomponentwilltrigger.Anotherapplicationcouldbe
thelearningoffeaturevectorsencodingthecreatives’characteristics,alongwithothercategorical
informationabouttheadinordertobeusedinFactorizationMachinesormore elaborate models
basedonittopredicttheirbestplacementandresults.

Theremightbeotherpapersliketheoneaboveforattentionprediction,andtherewillcertainly
bemoreasthefieldofcomputervisionisstartingtobematureenoughtobeappliedtoseveralpre-
viouslyuntouchedindustries.
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