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Abstract

In the coming eraof segment-of-onemarketing, decisionsaboutbusinessransac-
tionswill be quite intricate, so that customerntreatmentsan be highly individual-
ized, reflectingcustomerpreferencestargetedbusinessobjectives, etc. This paper
describesa paradigmcalled“decisionflows” for specifyinga form of incremental
decision-makinghat can combinea myriad of diversebusinessfactorsandbe ex-
ecutedin nearrealtime. Startingwith initial input, a decisionflow will iteratively
gatherand derive additionalinformation until a conclusionis reached. Decision
flows canbe specifiedin a rules-basednannerthatgeneralizeso-called‘business
rules” but provides more structurethan traditional expert systems.In mary cases
businesgmanagersvill beableto understan@ndevenmodify decisionflows.

We alsointroducean executionmodelthatsupportseagerandparallelexecution
(a.k.a.speculatie execution)of decisionflow tasks.This paperdevelopsalgorithms
thatcanhelpminimizerespons¢ime and/orworkload. Thealgorithmsdetectatrun-
time threekey propertiesof tasks: eligible for eagerevaluation,evenif the output
may not be usedin the final output; unneededi.e., the taskis not neededor com-
pleting the decisionflow instance;and necessaryi.e., the taskis definitely needed
for completingthe decisionflow instance.

1 Intr oduction

A variety of technologieswill be neededo supportthe explosive growth of elec-
troniccommerceResearclthallengesncludethe developmeniof new framewnorks,
infrastructuresand protocolsthat (a) supportcommunicatiorbetweene-commerce
players,and(b) permitindividual playersto maximizetheir effectivenessvhenus-
ing e-commerce.The currentpaperfocuseson the secondarea. Specifically the
paperdescribesa paradigmcalled“decisionflows” for specifyingbusinesgolicies
andexecutingthemin nearrealtime. Decisionflows supporta form of incremental
decision-makingthatcaneasilyincorporatea myriadof businesgactorsandspecify
therelative weightsthey shouldbe given. Decisionflows supporta rule-basedtyle
of specifyingdecisionpolicies;they aremoreexpressive thandecisiontreesandtra-
ditional businessule systemsbut canneverthelesdeunderstoodndevenmodified
by businessand marketing managersAs such,decisionflows areideal for making
mary differentkinds of decisionsduring e-commercdransactions.This paperde-
scribesandillustratesdecisionflows, andintroducesalgorithmsfor minimizing the
responsdime andwork load of decisionflow execution.

A decisionflow consistsof afamily of attributeswhich maybe evaluatedduring
execution. Someof the attributeswill be“target” andembodythe outputof a deci-
sionflow, e.g.,what priority of serviceto give this customey or what promotional
imageto displayon the next web page. Otherattributescorrespondo intermediate
resultsof the decisionflow. For example,a “promo hit list” attribute might hold
a listing of potentialpromo messageto display alongwith scorescombiningthe
likelihoodthata customemwill buy the promoandthe potentialprofit thatmight be
derived. Someintermediateattributesmight gatherdatafrom externalsourcessuch
asdatabasesSinceattribute evaluationcanhave a real cost,enablingconditionsare
usedto decidewhich attributesshouldbe evaluated.The setof dataflow andcontrol
flow dependencies a decisionflow mustform an agyclic graph. The “attribute-
centric” perspectre of decisionflows permitsa systematiapproactfor specifying
whatfactorsshouldbeincorporatedasa decisionis beingmade.

In the decisionflow modela variety of mechanismsre provided for specify-
ing how attributesshouldbe evaluated. This includesuserdefinedfunctionsand
databasealips. Importantly attribute evaluationcan be specifiedusing simple-to-
understananechanismsgor synthesizingandaggreyatinginformation. For example,
asimpletablelook-upcanbeused,e.g. to decidebetweergiving a customer nor-
mal marketing treatment,or a specialcollectionstreatment. A setof rulescanbe
specified.eachof which potentially contritutesa valuefor the attribute, alongwith
a “combining policy”, which describeow the contributedvaluesshouldbe com-
bined. As a simpleexample,eachrule might contribute a possibleintegervaluefor
the businesgriority of a customercontact,andthe valuescontributedby ruleswith
true conditionmight be combinedusing aggreyatefunctions,suchas maximumor



average.

Decision flows are especiallyuseful in customercare applications(e.g., e-
commercecall centersjnsuranceclaims processing).Increasingly theseapplica-
tions call for “segment-of-onamarketing”, i.e., providing very individualizedtreat-
mentto differentcustomer$9]. Suchtreatmentgancaterto theindividualtastesand
preferencesf customersandcansupporttargetedmarketinginitiativesandpromo-
tionsby thehostenterpriseThis individualizedtreatmenis importantin connection
with establishingand maintaininga loyal customerbase,a cornerstondo success
in businessn generalande-commerceén particular[11]. A myriad of factorsmay
beinvolvedin differentiatingbetweencustomersincludingtheir statuswith the en-
terprise(e.g., greencard, gold card), current“cases”they areinvolved with (e.g.,
home-mortgageapplication,applicationfor insurance)the history of recentinterac-
tions with the enterpriseandtheir potentialvalueto the enterprise.In mary cases,
thedatais widely distributedacrossanenterpriseandmultiple databaseueriesare
neededo processachcustomercontact. Sincecurrente-commercend customer
careapplicationanustsupportthousand®r evenmillions of contactgperday, there
is a tremendouseedfor optimizationof this kind of decisionmaking,in termsof
boththroughputandresponsgime.

Decisionflows werefirst introducedin [4] aspartof aworkflow modelthatper
mits the specificationof workflow schemassupportinghighly differentiatedtreat-
ments. The currentpaperfocusesdirectly on decisionflows andtheir applicability
in e-commerceapplications. The paperalsointroducesalgorithmsfor optimizing
the executionof decisionflows. Experimentaperformancenalysishasverifiedthe
benefitsof someof thesealgorithms.

The executionalgorithmspresentedn this paperfocuson minimizing response
time andwork load, by using paralleland eager(a.k.a.speculatie) processingof
decisionflow tasks. Similar techniquesave beenappliedin variousareassuchas
pipelinedexecutionof machinelevel instructionsin thefield of computerarchitec-
ture[8]. We develop herealgorithmsfor detectingat runtimethreekey properties
of tasks:eligible for eagerevaluation,evenif the outputmay not be usedin the fi-
nal output; unneededi.e., the taskis not neededor completingthe decisionflow
instance;and necessatryi.e., the taskis definitely neededor completingthe deci-
sionflow instance.Unlike the notion of eligible typical of mary parallelprocessing
paradigmsthenotionheretakesinto accounthe semantic®f thedecisionflow, and
in particular the enablingconditionson tasks. The notionsof unneede@&ndneces-
sary permittwo importantoptimizations by permittingthe taskscheduletto delete
unneededasksfrom considerationandto promotenecessaryasksto the front of
thequeue. Theframewnork establishedn this paperprovidesthe basisfor a future
studyof a broadvariety of heuristicoptimizations.

A prototypedecisionflow enginehasbeenimplementedthat incorporateshe
algorithmsfor detectingeligible andunneededasks. Experimentsverify thatiden-

tifying the unneededaskscan dramaticallyreduceboth responsdime and work
performed. We plan future experimentsconcerningthe usefulnesof determining
necessaryasks.

Organization. §2 presentsexamplesof decisionflows, and definesthe decision
flow model. §3 describesan architecturefor a decisionflow engine. §4 presents
algorithmsfor identifying eligible andunneededasks,and§5 presentshealgorithm
for identifying necessaryasks.§6 discusseshe advantage®f thesealgorithmsand
describegperformanceresultsconcerningthe unneededalgorithm. §7 offers brief
conclusionsDueto spacdimitationsthe presentatiorereis ratherterse.For more
detailthereademayreferto [5].

Related Work. Decisionflows canbe usedto supportnearrealtimedecisionmak-
ing, andarericherthandecisiontreesandtraditionalbusinessulesframeawvorks. A
problemwith someexpertsystemsresultingfrom the possibility of arbitrarylength
chaining,is a “ripple” effect whenindividual rulesare modified. Becauseadecision
flows provide more structurethan expert systemsthis ripple effect is substantially
reduced.

Decisionflows arecomplimentaryto decisionsupportanddatamining systems.
Thosesystemgrovidetoolsto analyzdargevolumesof datathatchronicleprevious
businessransactionsto help develop appropriatepolicies for future transactions.
Decisionflows canbeusedo implementhosepoliciesduringexecutionof thefuture
transactions.

Workflow systemssuchas Flowmark [7], Meteor [6], and others[12] specify
work actiities (for humanagentsr computersusinggraphswvhosenodesaretasks
andedgescorrespondingo enablingconditions.Althoughdecisionflows cansene
asthebasisfor aworkflow model(se€[4]), thecurrentpaperfocusesprimarily onthe
applicationof decisiorflows for nearrealtimeautomatedecision-makingwhereno
humanagentsareinvolved. Many currentworkflow andrelatedsystemge.g,[7, 6, 2,
12] cansupportsuchdecisionflows aspartof alargerworkflow. Alternatively, such
workflow systemsmight usea decisionflow engineas an adjunctthat is invoked
whene&era complex decisionmustbe made.

The useof enablingconditionsin decisionflows is reminiscentof their usein
the ThinkSheetmodel[10]. Two differenceshetweenthe modelsis that decision
flows canbe executedin a fully automatednode,anddecisionflows give different
handlingfor side-efectandnon-side-efecttasks.

To the bestof our knowledgetherehasbeenno work on optimizing workflow
executionsby varying the schedulingof tasksor by using speculatie evaluation.
Suchoptimizationis possiblewith decisionflows, becausef their agyclic form and
the use of speculatie evaluationof non-side-efect tasks. Coordinatingaccesses
to multiple databasewasstudiedin Carnot[1, 13], but the focusis on scheduling
policiesin the executionmodelthatensuresonsisteng ratherthanoptimization.



2 An Abstract Model of Data-intensive Decision
Flows

Thissectionpresentseveralexampleghatillustratedecisionflows andtheirpossible
applications. The sectionalso presentsa formal definition of decisionflows, that
is usedto describethe executionmodel and optimizationalgorithmsdevelopedin
subsequensections. This modelis a subpartof the Vortex model [4], which was
developedas a completelanguagefor specifyingworkflows involving substantial
decision-makingctiities.

We begin with anillustration of decisionflows in moderatedetail, and briefly
describeadditionaldecisionflows.

Decisionflow for selectingpromoswhengeneratingweb pages. Figurel(a) shovs
partof a (simplified) decisionflow thatcouldbe usedto respondo customersnter-
actingwith the web-basedtorefront of a hypotheticalclothing catalogsalescom-
pary. Thedecisionflow focuseson selectingtemsthatcanbe promoted andmight
be executedeachtime a pageis generatedor a customerAnotherdecisionflow that
might be usedfor eachpagewith a custometis decidingthe level of serviceto pro-
vide (e.qg.,give fasterserviceby moving theinteractionto alessloadedweb sener).
Otherdecisionflows might be usedwhena customeffirst visits the store-front(e.g.,
to determinewhetherto give normaltreatmenbr a collectionstreatment).

In Figure 1(a), eachdatabasend (solid boundary)rectanglecorrespondgo a
taskwhich might be performedfor a givendecisionflow instance Eachtaskhasthe
effect of producinga valuefor oneor moreattributeswhosevaluesmay be usedby
othertasksof theinstance(“intermediate”attributes)or returnedasan outputvalue
of the instance(“target” attributes). The dashedrectanglegexceptfor the far left
one)indicategroupingsof tasksinto modules this helpssupportscalabilityin the
specificatiorof decisionflows.

The input attributesfor this decisionflow include the profile of the customer
the currentvalue of the shoppingcart, informationaboutpromosthat the business
is especiallyinterestedn moving, andinformationaboutthe web sessiornwith the
customersofar. Basedon differentenablingconditions(shovn asdiamondnodes)
differentcategoriesof promotionswill be consideredy the decisionflow. For ex-
ample,if thereis alreadyoneboy’s item in the shoppingcart, or if thereis a child’s
item in the shoppingcart andthe customethasboughtsomethingfor a boy in the
pasttwo years,thena promofor a boy’s coatis considered.This involvesdoing a
databaselip to getinformationaboutthe climateat the customehome,deriving a
“hit list” of coatsthat might be appropriateto the customer checkingwith inven-
tory for coatsin the appropriatesize,andthencreatinga listing of possiblecoatsto
promo,alongwith info on the price, potentialprofit and degreeof confidencethat
thepromomatchesustomeltinterest.
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The decisionmodulewill estimatethe customerexpendablencome (basedon
customerprofile, shoppingcart, and perhapsother factors),and createa listing of
promosobtainedsofar. Basedonthebusinesyalueof thepromosandthelik elihood
of their successa decisionis thenmadeaboutwhetherto give promosor not.

Finally, if apromowill be given,the presentatiomoduleidentifiesimagesand
text that canbe usedto displaythe promo(s),andassembleshesefor inclusionin
thegeneratedvebpage.

Attributesandtasks. A decisionflow modelis attribute-centric the mainobjective
of theexecutionis to determinghevaluesof certainattributes,basecn othergiven
or derivedattributevalues.Decisionanadeby a decisionflow arerepresentedh the
attribute values.

Attributesare computedn decisionflows by two kinds of tasks. Foreign tasks
areexternalto the decisionflow executionengine(e.g.,databasguerieswebsener
routines,questiongo a human).Thesecanproduceoneor moreattribute value;for
brevity herewe assumehat eachproducesa single attribute. Synthesigaskspro-
ducesa single attribute value, using a framework for aggreyatingand synthesized
informationbasedon combiningpolicies. Although not a primary focusof the cur-
rentpaperwe illustratebriefly illustratethis framework now.

Theframawork for specifyingsynthesigasksis motivatedlargely by two factors:
(a) thereare mary differentwaysto combinebusinessfactors,and (b) “business
rules” provide a familiar and corvenientmechanisnfor specifyingpolicies. One
way to specifya synthesigaskis to specifya setof rulesalongwith a combining
policy. As avery simpleexample,anattribute businesspriority might be computed
by specifyingrules,eachof which contritutesa valuebetweenl and10. Example
rulesare: “if the customeris greencard,thenbusinesspriority < 4”, and*if the
customerbought> $100in the lastmonth,thenbusinesspriority « 9”. A simple
combiningpolicy would beto take the maximumvaluecontributedby any rule with
true condition. Another combining policy would be to take the averageof such
contrikutions. As a secondexample,supposéehata decisionmustbe madebetween
asmallsetof alternatves,e.g.,to chooseheagentskill neededo answemrparticular
phonecall (e.g.,salesservice,collections,high-tier). A setof rulescanbe written,
eachcontributing a (value,weight)pair, e.g.,(high-tier, 20). The combiningpolicy
couldgroupthe contributedpairsaccordingo value,addup the contritutedweights,
andchooseheskill with greatestveight.

Non-rules-basegaradigmsarealsosupported For example whendevelopinga
hit-list of promos,one could usea “weighted dot product” approach.Specifically
in the customerprofile one might have dataon the customey storedin the form of
a vectorof (attribute, confidencdevel) pairs. For example,Joemight be described
using[ < “haschildren”,70%>, < "not fashionconscious”80% >, ...]. Eachitem
to beconsiderednighthave avectorindicatingtheimportanceof differentattributes,

e.g.,for aheavy-dutyraincoathevectormightbe[ < “not fashionconscious”90 >,

< “lik esyellow”, 40 >, ...]. A scorefor eachpromorelative to Joecanbe obtained
by doing a dot product(or join) operationon Joes vector with the vector of the
promo.

Data flow and enabling flow: The decisionflow modelpresentedo usersis mod-
ular, to supportscalabilityandlevels of abstraction Basically a moduleconsistsof
a setof tasksand submodulesall of which computevaluesof attributes,the mod-
ule then specifiesenablingconditionsfor thesetasksand submodules.In turn the
modulecanbe usedin specifyinga higherlevel model.

Definition 2.1 A (decisionflow modulg is a 4-tuple (Att, Cond, Source, Target)
where

1. Attisasetof attributes For eachnon-sourcettribute A thereis ataskor module
which computeghevalueof A.

2. Source and Target aredisjoint subsetf Att, correspondingo the source and
targetattributes respectiely. Thetargetattributesareusedoutsideof the current
decisionflow. In anexecutionof the decisionflow, a valueshouldbe produced
for eachtargetattributethatis enabledseebelow).

3. Cond = {Cy, | m is ataskor modulecomputinga non-sourcettribute } is the
setof enablingconditions,onefor taskor moduleused.

The flow of dataandenablingin a decisionflow is largely implicit. Figure1(b)
shavsthedataflow (usingdashedarrows) andtheenablingflow (usingsolid arrows)
for the exampledecisionflow. A dataflow edgeis includedfrom task/moduleA to
task/moduleB if anattribute specifiedby A is usedasinputfor B. For example the
outputof promahit_list is usedasinput for identifying imagesthatshow the promo
items.A enablingflow edgeis includedfrom task A to task B if anattributespecified
by A is usedin the enablingconditionfor B. For example,customerexpendable
incomeis usedin determininggive_promo(s).

A modulecanberepresentedy its correspondinglependencgraphthathigh-
lights theenablinganddatadependencielsetweerattributes.Nodesof thegraphare
Att. The dependeng graphcontainstwo kind of edges:Data flow edgesof form
(A, B) wherethevalueof attribute A is usedin the modulefor B andEnablingflow
edgedform (A, B) whereattribute A is referredto in the enablingconditionCp for
B. Figurel(b) shawvs a variantof a Dependeng Graph,whereenablingconditions
arealsoshovn asnodesandwhereflow modulesarepresent.

A decisionflow moduleS is well-formedif thedependenggraphof S is agyclic.
The agyclicity conditionimplies that attribute assignments monotonic if an at-
tribute valueis assignedthenit will never be overwritten. This is becauseluring
executionof adecisionflow eachmodulewill be executedat mostonce.



Target and side-efectattributes. Intuitively, a targetattribute is onethatmustbe
stablein orderfor executionof adecisionflow instanceto successfullycomplete.ln
the examplethe only targetmoduleis the onefor imageandtext assemblyshavn
in gray). If this moduleis enabledthenexecutionwill not completeuntil avalueis
obtained If themodulebecomeglisabledthenexecutioncanhaltimmediately

A side-efectattributeis onewhoseevaluationhasa significantside-efect, such
asperforminga fundstransferissuinga confirmation,or incurringa substantiatost
(e.g.,if a queryagainstan external databasdnasan associated¢hage.) In the ex-
ample thedatabasgueryconcerningcoatinventoryis a side-efectattribute (shovn
with bold outline). This might be becausehe inventorydatabasés heavily loaded,
or becauséghe databasavill be updatedo indicatethatoneor morecoatshasbeen
“resened” for this customerin casethey decideto purchasea coatthat was pro-
moted. The determinatiorof side-efect vs. non-side-eflect queriesdependon the
application.

During executionnon-side-€iectattributesmight be evaluatedspeculatiely, be-
fore their enablingconditionis known to be true. This is prohibitedfor side-efect
attributes.

Execution of decisionflows. Beforepresentinghe declaratve semanticgor deci-
sionflows we describeintuitively how they canbeimplemented During execution,
anattribute becomestableif its enablingconditionbecomedrue andthetaskspec-
ifying the attribute hasexecutedandreturneda value, or if its enablingcondition
becomedalse,in which the attribute is assignedhe value L, i.e., null value. (In
a generalizatiorof this model[4] we could distinguishexceptionvaluesfrom other
valuesto explicitly modelsituationswherea moduleis launchedout unsuccessful.)
A modulecanbe executedafterall of its input attributeshave becomestable.
Importantly tasksin a decisionflow mustbe capableof executingoncetheir
input attributesare stable,evenif someof themhave value L. This requiremenis
appropriatein mary e-commerceapplicationswherea decisionmustbe madeon
the basisof incompleteinformation. For example,evenif the inventorydatabasés
unavailable,a decisionmustbe madeaboutwhetherto includea promoor not.

Declarative semanticsof decisionflows. In the abstract,during executionan
attribute will have one of four states: UNINITIALIZED, ENABLED, VALUE or
DISABLED. (Additional statesare possibleanddescribedvhenspecificexecution
detailsare involved; see§3 belon.) Sourceattributesstartwith stateVALUE. An
attribute will becomeENABLED if its enablingconditionbecomegrue, andit will
becomeDISABLED if its enablingconditionbecomedalse.lf ENABLED, anattribute
will takeavalueandwill thenreachtheVVALUE state.If DISABLED, theattributewill
take thenull value L.

The semanticof decisionflows is declaratve, and definedusingthe notion of
“completesnapshot”.

Definition 2.2 A completesnapshots a pairs = (o, i), where

(a) thestatefunctiono mapseachnon-sourcettributeinto {VALUE, DISABLED},

(b) the value function . mapseachnon-sourceattribute A with stateVALUE into
the valuereturnedby the moduleproducingA (usingthe valuesgivenby u for
attributesoccurringin themodule)andmapseachnon-sourcettribute with state
DISABLED into thenull value L, and

(c) non-sourcattributesA is in stateVALUE if theenablingconditionC 4 evaluates
to true (using the valuesgiven for attributesoccurringin C4), andis in state
DISABLED otherwise.

The agyclicity assumptiorguaranteeshat thereis a uniquecompletesnapshot
for givensourceattribute values.An executionof a decisionflow instances correct
if it producesstatesandvaluesfor the setof targetattributes,andis compatiblewith
the uniquecompletesnapshot(The statesandvaluesproducedor not producedor
otherattributesareviewedasirrelevant.)

In this papewe we assumehatfor eachgiveninstanceof the decisionflow, the
dataneededby the databaseueriesto computethe attribute valuesremainsfixed
during the processingf this decisionflow instance. We view this assumptioras
reasonabldor the kinds of decisionflows thatarisingin e-commercethat execute
automaticallyin nearrealtime. This assumptiorpermitsflexibility in thetiming of
launchingqueriesandthe useof speculatie execution.

Snapshotsand reporting. A crucial aspecbf arny productionsystemusedin busi-
nessis the ability to understandhow well it is achievzing the objectivesof the enter
prise. The snapshotonstructof decisionflows providesa naturalmechanismnfor
reportingon how decisionsaremade.To illustrate, supposdéhatoneis interestedo
seehow well the exampledecisionflow is functioning. A (possiblynestedyelation
canbe created whereeachrow correspondgo a single executionof the decision
flow. Eachrow will be constructedrom the snapshobf the execution,for example,
holding selectednput attributes(e.g., customermprofile, shoppingcart,...),selected
internalattributes(e.g.,promohit list, give_promos?,...)andthe targetattributes(in
this case perhapghelist of promoitemspresentedo the user). Therow mightalso
include “outcome” attributes, suchas whetherthe customerpurchasedary of the
promoteditems. (In somecaseghe outcomeattributesmight be availableimmedi-
ately; in othercaseghesemight becomeavailable after somedaysor monthshave
passed.We shallcall this relationa snapshotistory.

A snapshohistorycanbeusedin avariety of ways. Manualandautomatediata
mining techniqguexanbe usedto find patternsandrelationships Thesecanbe used
in turn to determinethatthe specificationof somesynthesigaskscanbe improved,
andthat other synthesigaskshave little impact (and canbe eliminated). In some
casesthe snapshohistory couldbeusedto supporta feedbackoop, thatrefinesthe
decisionflow on adaily basis.






