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Abstract

For an enterpriseto take advantageof theopportunities
affordedby electronic commerce it mustbe able to make
decisionsaboutbusinesstransactionsin near-realtime. In
the comingera of segment-of-onemarketing, thesedeci-
sionswill be quite intricate, so that customertreatments
can be highly personalized, reflecting customerprefer-
ences,the customer’s history with the enterprise, and tar-
getedbusinessobjectives.Thispaperdescribesa paradigm
called“decisionflows” for specifyinga formof incremental
decision-makingthat cancombinediversebusinessfactors
in near-realtime.

This paper introducesand empirically analyzesa va-
riety of optimizationstrategies for decisionflows that are
“data-intensive”, i.e., that involvemanydatabasequeries.
A primary focusis on theuseof parallelismandeagerness
(a.k.a. speculativeexecution)to minimizework and/or re-
duceresponsetime. A family of optimizationtechniquesis
developed,includingalgorithmsandheuristicsfor schedul-
ing tasksof thedecisionflow. Usinga prototypeexecution
enginethe techniquesare compared and analyzedin con-
nectionwith decision-makingapplicationshavingdiffering
characteristics.

1. Introduction

A variety of technologieswill be neededto supportthe
explosivegrowthof electroniccommerce.Onefamily of re-
searchchallengesconcernsthedevelopmentof new frame-
works,infrastructures,andprotocolsthatpermitenterprises
maximizetheireffectivenesswhenusinge-commerce.This
paper describesa paradigmcalled “decision flows” for

specifyingandexecutingin near-realtimehighly differen-
tiateddecisionsin (e-commerce)workflows. For example,
decisionflows can be usedto personalizethe experience
of web storefrontcustomersor to help manageresources
(e.g.,decidingwhatmachinesor humanagentsshouldper-
form tasks)in the workflows that supporte-commerceap-
plications. Decisionflows supporta form of incremental
decision-making,that can easily incorporatea myriad of
businessfactorsandspecifytherelativeweightsthey should
begiven. This paperpresentsalgorithmsandheuristicsfor
executingdatabase-intensive decisionflows, anddescribes
anempiricalanalysisfocusedon minimizing workloadand
responsetime.

A decisionflow consistsin a family of attributeswhich
maybeevaluatedduringexecution.Someof theattributes
will be “target” andembodythe outputof a decisionflow,
e.g.,whatpriority of serviceto give this customer, or what
promotionalimageto displayon thenext webpage.Other
attributescorrespondto intermediateresultsof thedecision
flow. For example,a “promo hit list” attribute might hold
a listing of potentialpromomessagesto display, alongwith
scorescombiningthe likelihood that a customerwill buy
the promo and the potentialprofit that might be derived.
Someintermediateattributesmight gatherdatafrom exter-
nal sources,suchasdatabases.Sinceattribute evaluation
canhavea realcost,enablingconditionsareusedto decide
which attributesshouldbe evaluated. (If an attribute 
 is
disabled,it returnsthe null value � . Attributesthatuse 

asinput mustbe ableto executeeven if � is producesby

 .) Thesetof dataflow andenablingflow dependenciesin
a decisionflow mustform anacyclic graph.The“attribute-
centric” perspective of decisionflows permitsa systematic
approachfor specifyingwhatfactorsshouldbeincorporated
asadecisionis beingmade.

Decisionflows were first introducedin [HLS � 99a] as
part of the Vortex workflow model, that permitsthe spec-



ification of workflow schemassupportinghighly differen-
tiated treatments. In the decisionflow model a variety
of mechanismsareprovided for specifyinghow attributes
shouldbe evaluated.This includesuser-definedfunctions,
databasedips, anda generalizedfrom of “businessrules”
(see[HLS � 99a] for details). Decisionflowsareespecially
usefulin customercareapplications(e.g.,e-commerce,call
centers,insuranceclaims processing).Increasingly, these
applicationscall for “segment-of-onemarketing”, i.e., pro-
viding very personalizedtreatmentto different customers
[PR93]. In many cases,relevant data is widely dis-
tributedacrossanenterprise,andmultiple databasequeries
areneededto processeachcustomercontact.Sincecurrent
e-commerceandcustomercareapplicationsmust support
thousandsor even millions of contactsper day, thereis a
tremendousneedfor optimizationof this kind of decision
making,in termsof boththroughputandresponsetime.

The primary focusof the currentpaperis to presentan
empirical study comparinga variety of optimizationsfor
data-intensivedecisionflows. Theoptimizationsfocuspri-
marily on the judicioususeof parallelismandspeculative
evaluationto reducethe work performedandthe response
time of processinginstancesof a decisionflow. The tech-
niqueof speculative executionhasbeenappliedin various
areas,suchaspipe-linedexecutionof machinelevel instruc-
tions in the field of computerarchitecture[PHG96]. Sim-
ilar to the prior work, dataflow playsan importantrole in
the currentapplication. In contrastwith prior work, how-
ever, is the presenceof enablingconditionson tasks.This
permitsforwardandbackwardpropagationof information
aboutquerieseligible for executionandqueriesunneeded
for successfulcompletionof thedecisionflow instance.

In 
 2, anexampledecisionflow is presented,alongwith
a formal descriptionof thedecisionflow model. In 
 3, we
presenta traditionalarchitecturefor parallelprocessingof
decisionflows basedon a prequalifieranda taskscheduler.
In 
 4 a family of optimizationtechniquesis proposed,in-
cludingalgorithmsfor theprequalifierandheuristicsfor the
taskscheduler. We implementeda prototypeexecutionen-
ginebasedonthesetechniques.In asimulatedenvironment,
the techniquesare comparedand analyzedin connection
with decisionflow applicationshavingdifferingcharacteris-
tics. Theresultsof ourexperimentsaredetailedin 
 5, along
with tuningguidelines.

Due to spacelimitations the presentationhereis quite
terse(see[HLS � 99b]). Also, to simplify thediscussionwe
assumethatall queriesaremadeagainstasingledatabase.

Additional related work. Decisionflows can be usedto
supportnear-realtimedecisionmaking,andarericher than
decisiontreesand traditional businessrules frameworks.
Decisionflowsaremorestructuredthanexpertsystems,and
therebyreducethepotentialfor a “ripple” effectwhenindi-
vidual rulesaremodified.Theuseof enablingconditionsin
decisionflows is reminiscentof their usein theThinkSheet
model[PYLS96]. Decisionflowsarecomplimentaryto de-
cisionsupportanddataminingsystems.Thosesystemspro-

vide tools to analyzelarge volumesof datathat chronicle
previousbusinesstransactions,to helpdevelopappropriate
policiesfor futuretransactions.Decisionflows canbeused
to implementthosepoliciesduringsubsequenttransactions.

Workflow systemssuch as Flowmark [LR94], Meteor
[KS95], and others specify work activities (for human
agentsor computers)usinggraphswhosenodesare tasks
andedgescorrespondingto enablingconditions.Although
decisionflows canserve asthebasisfor a workflow model
(see[HLS � 99a]), andworkflow systemscanuseadecision
flow engineas an adjunct, the currentpaperfocusespri-
marily ontheapplicationof decisionflowsfor near-realtime
automateddecision-making,wherenohumanagentsarein-
volved.

An arearelatedto data-intensivedecisionflowsis thatof
“expertdatabasesystems”which focuson theuseof oneor
moredatabasesystemstoexecuterulesetsagainstlargedata
setsin thespirit of expertsystems.For example,[BKK87]
focuseson caseswhereeachrule might be instantiatedby
a largenumberof tuples,andusesa horizontalpartitioning
of the underlyingdatasetto achieve effective parallelism.
In contrast,decisionflows areuseful in applicationssuch
ase-commerce,whereeachexecutionof thedecisionflow
involvesrelatively small datasetsobtainedfrom multiple
databases.

2. Data-intensive Decision Flows

This sectionpresentsan exampleapplicationthat illus-
tratesdecisionflows. The sectionalso presentsa formal
definitionof decisionflows, that is usedto describetheex-
ecutionmodelandoptimizationalgorithmsdevelopedlater.

Decisionflow for selectingpromoswhen generatingweb
pages. Figure 1(a) shows part of a (simplified) decision
flow thatcouldbeusedto respondto customersinteracting
with theweb-basedstorefront of aclothingretailer. Thede-
cisionflow focusesonselectingitemsthatcanbepromoted,
andmight be executedeachtime a pageis generatedfor a
customer. Otherdecisionflows might beusedto decideon
thekind or level of service.

In Figure1(a),eachdatabaseicon and(solid boundary)
rectanglecorrespondsto a taskwhich might be performed
for a given decisionflow instance. Eachtask producesa
valuefor oneor moreattributeswhosevaluesmaybeused
by other tasksof the instance(“intermediate” attributes)
or returnedasan outputvalueof the instance(“target” at-
tributes).Thedashedrectangles(exceptfor thefar left one)
indicategroupingsof tasksinto modules; this helpssupport
scalabilityin thespecificationof decisionflows.

The input attributes for this decisionflow include the
profile of the customer, the currentvalueof the shopping
cart, information aboutpromosthat the businessis espe-
cially interestedin moving,etc.Basedondifferentenabling
conditions(shown asdiamondnodes)differentcategories
of promotionswill beconsideredby thedecisionflow. For
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Figure 1. Decision flo w for selecting and generating promo images in web-based storefr ont



example,if thereis alreadyoneboy’s item in theshopping
cart,or if thereis achild’s item in theshoppingcartandthe
customerhasboughtsomethingfor a boy in the pasttwo
years,then a promo for a boy’s coat is considered.This
involvesdoing a databasedip to get informationaboutthe
climateat thecustomerhome,deriving a “hit list” of coats
that might be appropriateto the customer, checkingwith
inventoryfor coatsin the appropriatesize,andthencreat-
ing a listing of possiblecoatsto promo,alongwith info on
theprice,potentialprofit anddegreeof confidencethat the
promomatchescustomerinterest.

Thedecisionmodulewill estimatethecustomerexpend-
ableincome(basedon customerprofile, shoppingcart,and
perhapsother factors),andcreatea listing of promosob-
tainedso far. Basedon the businessvalueof the promos
andthelikelihoodof success,adecisionis thenmadeabout
whetherto givepromos.

Finally, if a promowill begiven,thepresentationmod-
ule identifiesimagesandtext thatcanbeusedto displaythe
promo(s),andassemblesthesefor inclusion in the gener-
atedwebpage.

Attributesand tasks. A decisionflow is attribute-centric:
themainobjective of theexecutionis to determinetheval-
uesof certainattributes,basedon other given or derived
attributevalues.Decisionsmadeby adecisionflow arerep-
resentedin theattributevalues.

Attributesarecomputedin decisionflows by two kinds
of tasks.A foreigntaskis externalto thedecisionflow ex-
ecutionengine(e.g.,databasequeries,webserver routines,
questionsto a human).In generalthesecanproduceoneor
moreattributevalue,but for brevity in thispaperweassume
thateachproducesa singleattribute. A synthesistaskpro-
ducesa single attribute value, specifiedby a user-defined
functionor usinga specializedframework involving “busi-
nessrules” (see[HLS � 99a]),

Dataflow andenablingflow. Thedecisionflow modelpre-
sentedto usersis modular, to supportscalabilityandlevels
of abstraction.However, for executionwe focuson a “flat-
tened”versionof the decisionflow model,which permits
morefreedomwith regardsto the orderof taskexecution.
Toflattenamodule� , wecombine(with the“and” connec-
tive) theenablingconditionfor � with theenablingcondi-
tion of eachtaskandsubmodulewithin � . The“flattened”
versionof thedecisionflow of Figure1(a) is shown in part
(b). (Ignorethelinesandarrowsfor now.) For example,the
enablingconditionfor theboy’scoatpromomodule(abbre-
viatedas ‘C’) hasbeen“anded” into eachof the enabling
conditionsfor thefour tasksinside.

More formally, a (flattened) decisionflow schemais a
4-tuple ��������������������� ��!#"%$�&'�)(+*�"-,.&/�10 where

1. ����� is a setof attributes. For eachnon-sourceattribute

 thereis auniqueforeignor synthesistaskwhichcom-
putesthevalueof 
 .

2. � ��!#"%$�& and (+*�"-,.&/� are disjoint subsetsof ���-� , cor-
respondingto the source and target attributes,respec-

tively. Thetargetattributesareusedoutsideof thedeci-
sionflow. In anexecutionof thedecisionflow, a value
shouldbe producedfor eachtarget attribute that is en-
abled(seebelow).

3. ���2�3�5476�8:9<;�
 is anon-sourceattribute = is thesetof
enablingconditions,onefor eachnon-sourceattribute.

The flow of dataandenablingconditionsin a decision
flow is largely implicit. Associatedto a (flattened)deci-
sion flow schemais its dependencygraph, that highlights
thesetwo kinds of dependenciesbetweenattributes. Fig-
ure 1(b) shows the dataflow (using dashedlines and ar-
rows) andthe enablingflow (usingsolid linesandarrows)
for theexampledecisionflow. A dataflow edgeis included
from attribute 
 to attribute > if 
 is usedasinput for >
(e.g.,promo hit list to the moduleidentifying imagesthat
show thepromoitems). An enablingflow edgeis included
from attribute 
 to attribute > if 
 is usedin theenabling
condition for > (e.g., customer expendable income to
give promo(s)?.

A decisionflow schema? is well-formedif the depen-
dency graphof ? is acyclic. We consideronly well-formed
decisionflow schemas.

Executionof decisionflows. Beforepresentingthedeclar-
ative semanticsfor decisionflows we describeintuitively
how they can be implemented. During execution,an at-
tribute becomesstable if its enablingcondition becomes
true andthe taskspecifyingthe attribute hasexecutedand
returneda value,or if its enablingconditionbecomesfalse,
in which the attribute is assignedthe value � , i.e., null
value.(In [HLS � 99a] wedistinguishexceptionvaluesfrom
othervalues.) A taskcanbe executedafter all of its input
attributeshave becomestable.This andtheacyclicity con-
dition imply that attribute assignmentis monotonic: if an
attributevalueis assigned,thenit will neverbeoverwritten.

Tasksin a decisionflow must be capableof executing
oncetheir input attributesarestable,even if someof them
have value � . This requirementis appropriatein many e-
commerceapplications,wherea decisionmay have to be
madewith incompleteinformation, e.g., if a databaseis
down.

A straightforwardapproachto implementinga decision
flow is to proceedin anordergivenby a topologicalsortof
theattributesaccordingto thedependency graph.Whenan
attribute 
 is considered,all of the inputs to the enabling
conditionof 
 , andall thedatainputsfor 
 , will bestable.
Thus, the enablingcondition of 
 can be evaluated,and
if true, the task defining 
 can be evaluated. This paper
developsoptimizationsof thatapproach,usingparallelism,
speculative evaluationandruntimealgorithmsthatanalyze
thestructureof decisionflow schemas.

Intuitively, a targetattributeis onethatmustbestablein
orderfor executionof a decisionflow instanceto success-
fully complete. In the examplethe only target attribute is
theonefor imageandtext assembly(shown in gray). If this
attribute is enabled,thenexecutionwill not completeuntil



a valueis obtained.If theattributebecomesdisabled,then
executioncanhalt immediately. (This attributewill bedis-
abledif attributegive promo(s)? is false,whichcanoccur
if customer expendable income = 0.)

Declarative semanticsof decisionflows. In the abstract,
during executionan attribute will have oneof four states:
UNINITIALIZED, ENABLED, VALUE or DISABLED. (Addi-
tional statesare possibleand describedwhenspecificex-
ecution details are involved; see 
 3 below.) Sourceat-
tributesstartwith stateVALUE. An attribute will become
ENABLED if its enablingconditionbecomestrue,andit will
becomeDISABLED if its enablingconditionbecomesfalse.
If ENABLED, an attribute will take a value and will then
reachtheVALUE state.If DISABLED, theattributewill take
thenull value � .

The semanticsof decisionflows is declarative, andde-
finedusingthenotionof “completesnapshot”.A complete
snapshotis apair @A4B�-C��EDF0 , where

(a) thestatefunction C mapseachnon-sourceattributeinto
6 VALUE, DISABLED = ,

(b) the valuefunction D mapseachnon-sourceattribute 

with stateVALUE into thevaluereturnedby thetaskpro-
ducing 
 andmapseachnon-sourceattributewith state
DISABLED into thenull value � , and

(c) non-sourceattributes 
 is in stateVALUE if the en-
abling condition 8:9 evaluatesto true (using the val-
uesgivenfor attributesoccurringin 8:9 ), andis in state
DISABLED otherwise.

Theacyclicity assumptionguaranteesthatthereis a unique
completesnapshotfor given sourceattribute values. An
executionof a decisionflow instanceis correct if it pro-
ducesstatesandvaluesfor thesetof targetattributes,andis
compatiblewith theuniquecompletesnapshot.(Thestates
andvaluesproducedor notproducedfor otherattributesare
viewedasirrelevant.)

In this paperwe assumethat for eachgiven instanceof
thedecisionflow, thedataneededby thedatabasequeriesto
computethe attribute valuesremainsfixed during the pro-
cessingof this decisionflow instance.This assumptionas
reasonablefor near-realtimedecisionsin e-commerceap-
plications.Thisassumptionpermitsflexibility in thetiming
of launchingqueriesandtheuseof speculativeexecution.

Snapshotscanprovide a basisfor reportingon the be-
havior of a decisionflow. In particular, a (possiblynested)
relationcanbeformed,whereeachtupleis thesnapshotof
oneexecutionof the decisionflow. Attributesconcerning
the successor failure of the decisioncanbe incorporated.
Manualandautomateddatamining techniquescanbeper-
formedon this relation,to discoverpossiblerefinementsto
thedecisionflow.

3. An Execution Model for Decision Flows

This sectionpresentsthe executionmodel for decision
flowsandthearchitectureof theexecutionmodule.Thekey
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. . .External Systems

Task SchedulerCandidate Tasks Pool

Figure 2. Architecture of execution module

featureof this executionmodelis its flexible schedulingof
parallelexecutionsof thetasksin thedecisionflow.

Architecture of the execution module. Figure 2 shows
the architectureof the executionmodule. The threeround
boxes representdata repositories. One containsdecision
flow schemas, andanothercontainsruntimeflow instances
of the decisionflows. Whenever a new case,e.g. a new
setof promosfor a webpageneedsto begenerated,a new
flow instanceis created.The rectanglesrepresentsoftware
modules.Theexecutionengineworkson thedecisionflow
instancesto executethetasksin thedecisionflow andprop-
agatetheeffectsof theexecutionsuntil thegoalis reached.
The engineworks in a multi-threadfashion,so that paral-
lel processingof multipleflow instances,andmultiple tasks
within one instanceis possible. To executethe tasks,the
engineconsultsthetaskschedulerthatdynamicallychooses
oneor moretasksfrom a pool of candidatetasks,i.e., the
roundboxcandidatetaskspool. Moreprecisely, thereis one
pool of tasksper flow instanceandthe schedulerchooses
tasksfor eachflow instanceindependentlyfrom the other
flow instances. The candidatepool is maintainedby the
prequalifier. Recallthatwe areassumingin this paperthat
eachtaskcomputesa singleattribute. This meansthat we
canidentify eachtaskby theattribute that that it produces.
Further, we interchangeablyrefer to executionof a taskor
evaluationof thecorrespondingattribute.

The execution algorithm. We now give a sketch of the
executionalgorithm, whichsummarizesthethreeimportant
phasesof executingdecisionflows. Thisalgorithmis based
on a generalizednotion of snapshot,which is described
shortly. Theexecutionprogramis invokedeachtime a new
decisionflow instanceis initiated,andeachtimenew values
of attributesareobtainedfor a runningflow instance.
(1) Evaluationphase:

(a) Constructa new snapshotthat incorporatesthenew
attributevalue(s).

(b) If a terminal snapshot(i.e., all the target attributes
arestable)is reached,thenexit.

(2) Prequalifyingphase(prequalifier): Identify asetof can-
didateattributesin thedecisionflow thatarereadyto be
evaluated.




