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ABSTRACT

Usersofenterprisesoftwarearemultiple,andtheirrequirementsarediverse.Oftentheirspecifications
aremaskedbymundanedetailsandattimesarevaguetoo.Acknowledgingthesecomplexitiesin
requirementsengineering,thepaperproposesamultistagemethodologicalapproachbasedonApriori
algorithm,adataminingtechnique.Itextractsusefulinformationfromthegivendataonthecriteriaof
mutualassociationandsufficientfrequency.Theuserrequirementscapturedthroughinterviewsand
brainstormingarepre-processedforeliminatingunnecessarystopwordsanddevelopingauniform
structureofsmallstories.Mutualassociationandoccurrenceoftherequirementsarerepresented
throughassociation rulesand rulemetrics, forexample, ‘Lift’, ‘Support’, and ‘Confidence’.The
requirementshavingstrongandmoderateassociationareplacedin‘TopPriorityList’;thosewith
nominal,weak,ornilassociationareplacedin‘LowPriorityList’.Gapanalysisisemployedtovalidate
thedefinedrequirementswithrespecttostakeholders’expectations.Thecompleteandcorrectlists
ofrequirementssignificantlyinfluencetheclientsatisfaction,softwaredevelopmentprocess,andits
eventualsuccess.
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Apriori Algorithm, Association Rules, Confidence, Gap Analysis, Lift, Requirements Engineering, Support, 
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1. INTRodUCTIoN

Ascertaininguserrequirementsistheforemostexerciseinanyproduct,moresoBusiness-to-Business
(B2B) product development. The paper pertains to mining the user-requirements for software
development.

Thepaperacknowledgesthattheuserrequirements,especiallyinmulti-use,multi-domain,multi-
locationenvironmentsthatmostlargebusinessesoftodayarecharacterisedby,aremultiple,diverse
andvariously expressed.This necessitates development of amethodology that permits effective
sourcing,coalescingandcollatingoftheuser-requirements.

ThepaperproposesApriorialogrithmasthepreferredtechniqueforminingtheuserrequirements.
Itaddressesandautomatestwoprimeissuesofuserrequirementsinanintegratedmanner.One,it
focusesonknowledge-drivenelicitationofuserrequirements,whereknowledgeisextractedinthe
formofmutualassociationandfrequentoccurrenceofuser-requirements.Two,itstratifiestheelicited
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user-requirementsintotwocategories-“TopPriorityAprioriList”and“LowPriorityAprioriList”-
thatreflectthecomparativestrengthoftheconcernsofallcategoriesofusersandprimestakeholders
inthedevelopmentofthesoftware.Thus,Apriorialgorithmfiltersoutthemundanedetailsinthe
userdescriptionsoftheirrequirements(Mussabacher,2016;Wong,Mauricio,&Rodriguez,2017;
AlMousa,Al-Khalifa,&AlSobayel,2017).Further,therequirementssoelicitedarevalidatedwith
thehelpof a fuzzy linguistic survey togenerate “HighPrioritySurveyList” and“LowPriority
SurveyList.”Thepaperusestwo-waygapanalysistoensurethecorrectnessandcompletenessof
theuserrequirements.

1.1 Prevalent Requirements elicitation Techniques
TheprevalentrequirementselicitationtechniquesincludeUserSurveys,Scenariocentredpractices,
Investigations,Usecases,Userexpressionsusingnaturallanguage,Goal-directedstructuralmodel,
SocialNetworks,Ontology-operatedandAnalyticHierarchyProcess(AHP)etc.(Krishna&Lu,2008;
Farfelederetal.,2011;Goh&Kok,2010;Macasaet,Chung,&Garrido,2011;Lim,&Finkelstein,
2012;Jiang,Ruan,Zhang,&Li,Lew,2014;Jin,Donzé,Deshmukh,&Seshia,2015;Karras,Kiesling,
&Schneider,2016;Mishra,Aydin,&Ostrovska,2017).

Krishna et al. (2008) use domain acquaintance and Business Model to simulate the
users’requirements.

Farfelederetal.(2011)offeranexperimentbasedsemanticregulationtechniquethatsupportsthe
requirementsanalysttoelicittherequirementsfromusersusingtheprinciplesofdomainontology.
Maintaining the consistency in the requirements, however, is a challenging task within domain
ontologyframeworkinviewofthegrowingnumberofontologyaxioms.

Macasaetetal. (2011)takeintoaccount thecasestudyofmicro-businessandapplyvarious
methodsviz.business-activitymodels,pictographicblueprintsandqualityrequisitestodelineateuser-
requirements,while(Przybylek,2014;Valvas&Milani,2015)employindustrialprocessengineering
toobtaintherequirementsintendedtofulfillsystemneeds.

Limetal.(2012)makeuseofasoftwareprototypeviz.StakeNettocollectsanctionsandpriorities
from theparticipants,whereasPecchia (2013)utilizesa logicalandunderstandablestructure for
decision-makingtogathertherequirementsfromtheusers.

Jiang (2014)offers online criticismbased requirements elicitation for the future releasesof
theproduct,howeveritisaccompaniedwiththechallengetodealwiththerequirementsforanew
productfromthescratch.

Jin(2015)offersSimulinkbasedapproachtocapture therequirementsofasystemwhichis
restrictedtoatime-speficcontrol-systems.

Karras(2016)integratesvideoanalysiswithtextualnotestocaptureuserrequirements.Itappears
tobeasimplertechniqueforsmallscaleprojects,howeverwiththeincreasingsizeoftheproject,it
mayresultincomplicationsandambiguousrequirements.

Mishra (2017) proposes an effective online tool SRMS to capture the experiences of other
developers to meet adapting requirements of the system. However, this approach needs some
improvementsviz.replacingdiscreteinputvaluesoftheusersbytheirsubjectiveviews,specification
ofuser-acquantancewiththerespectivedomainetc.

Whilethetechnqieusreviewedintheforegoingparagrphshavetheirdistinctivemeritsvis-à-vis
eachother,yettheseareconstrainedinthefollowingways:

• Thesetechniquesemploythegraphicalnotations,computationallogicalbasedspecifications,
large sized graphical business models, scenarios, responders’ judgment, questionnaires and
domainaxiomsetc.Thesemethodshoweverarefraughtwiththechallengesofscalability,long
periodofmaintenanceandenhancednotations.
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• Someresearchers(Manzoor,Shaheen,&Khalid,2018)makeuseofsurveyformsandinterviews
toobtainuserrequirements.However,suchendeavoursseemsuitablemoreduringtheformative
phasesofgeneratingacomprehensivesetofsystemrequirements.

• Most techniques for requirements elicitation viz. (Przybylek, 2014; Valvas & Milani, 2015;
Kushiro,Shimizu,&Ehira2016;Lian,Rahimi,Huang,&LiZhang,2016)aremanual,instruction
basedandpictographicandhencepronetoerrors.

• Thesetechniquesmissoutontheirmutualassociationandmultipleoccurrences.Suchasomission
deviatestherequirementsanalystfromusers’actualneedsleadingtothefaultydesignandcoding
inthedevelopmentofthesoftwaresystem.

1.2 Merits of Apriori Algorithm for Mining the User Requirements
Apriorialgorithmappliedforminingtheuserrequirements,hasthefollowingbenefitsoverexisting
requirementselicitationapproaches:

• Ithasthepotentialtodealwithhugeamountofuser-requirementswithtrouble-freemaintenance.
• Itsupportsanautomatedapproachforexcavatingknowledgefromuserrequirementsintheform

ofassociationrulesandhenceislesspronetomisperceptionandflaws.
• Itiscapableofcapturingclearpatternsinuserrequirementsinstigatedbytheirmutualassociation

andfrequentoccurrenceandhencecharacterizesthetrueneedsoftheusers.
• Ityieldscompleteandcorrectprioritizedlistsofrequirements.

1.3 The Methodological Approach of the Paper
Thepaperfollowsamulti-stageapproachinwhich,atfirst,theproposedsoftwaresystemisdivided
indifferentsub-parts/modulesandseveraltypesofusersworkingindifferentdomainsareidentified.
At this stage, traditional techniques like interviewsandbrainstormingareapplied tocapture the
requirementsfromtheusers.Pre-processingisappliedtoeliminateunnecessarystopwordsfromthe
requirementswhilegivingthemauniformshapeofsmalluserstories.Apriorialgorithmisappliedon
theseuserstories,whichenablestherequirementsanalysttofindouttheassociateduserrequirements
bypredictingtheirmutualassociationandfrequentoccurrence.

Secondly, mutual association and occurrence of requirements are depicted in the form of
associationrules.Themetrics‘Lift’,‘Confidence’and‘Support’actasthebenchmarksformeasuring
themutualassociationandfrequentoccurrenceofrequirements.‘Support’isametricthatcomputes
thefrequencyofauserrequirementwithrespecttototalnumberofdata-capturingsessionsheldwith
theusers.Highervalueof‘Support’ofarequirementwillindicatethatrequirementishighlydesired
bytheusers.‘Confidence’and‘Lift’aretheparameterstomeasurethemutualassociationbetween
twoormorerequirements.‘Confidence’isametricthatquantifiesthemutualassociationbetween
requirements(R1,R2)byenumeratingtheirco-occurrenceswithrespecttototaloccurrenceofR1
whereas‘Lift’isametricthatisrepresentedasaratioof‘Confidence’and‘ExpectedConfidence’
of(R1,R2).‘Expectedconfidence’istheprobabilityofappearingR2intheabsenceofR1.High
valueof‘Confidence’and‘Lift’willleadtoahighlevelofmutualassociationamongrequirements.
Onthebasisoftheextentofmutualassociationandfrequencyoftheiroccurrence,therequirements
aresegregated into twoparts: ‘TopPriorityAprioriList’and‘LowPriorityAprioriList’,where
‘TopPriorityAprioriList’and‘LowPriorityAprioriList’arelistsofhighpriorityandlowpriority
requirementsobtainedafterapplyingaforementionedAprioribasedapproach.

Thirdly,forrequirementsvalidation,asurveytechniqueisadoptedandsomehighlyexperienced
stakeholdersareshort-listedtoexpresstheimportanceoftherequirementsonafuzzylinguisticscale
i.e. Highly Important (HI), Moderately Important (MI), Nominally Important (NI), and Weakly
Important(WI).‘TopPrioritySurveyList’and‘LowPrioritySurveyList’areobtainedafterapplying
thesurveytechnique.
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Finally,Gap-analysis is applied tomap the requirements inboth thedirections forwardand
backwardi.efrom‘TopPriorityAprioriList’and‘TopPriorityAprioriList’to‘TopPrioritySurvey
List’and‘LowPrioritySurveyList’respectivelyandviceversa.Ultimatemappingwillendorsethe
completenessandcorrectnessoftherequirements.

Therequirementsthus,prioritizedwillfacilitatetherequirementsanalystanduserstoinclineto
themaingoalsoffinalsystemleadingtosuccessoffinalsystem.

Thecompletelayoutofthepaperisasfollows:Section2acquaintsthereaderwithabackground
ofdataminingconceptsviz.Apriorialgorithm,associationrulesandrule-metrics.Section3presents
amethodologicalapproachforminingtheuserrequirements,whilesection4presentsanexperimental
studyexercisedoninventoryandprocurementrequirements.Section5providesacomparativestudy
ofvariousrequirementsprioritizationtechniques.Section6concludesthepaperandfinallysection
7introduceschallengesandforthcomingwork.

2. BACKGRoUNd

TheApriorialgorithm,apopulardataminingprocess,discoveredbyAgrawalandSrikantiscapable
ofdiscoveringfrequentpatternsinherentindatabasecontaininglotsoftransactions(Wang,Shi,Bai,
&Zhao2009).Thisalgorithmemploysassociationrulesandrulemetricstoextractitemsfrequently
occurring together.The followingsub-sectionsconciselyexplainsApriori algorithm,association
rulesandrulemetrics-‘Support’,‘Confidence’and‘Lift’.

2.1 The Apriori Algorithm
Apriorimethodologyisadataminingapproachthathasbeenappliedsuccessfullyinthesphereof
multipledomainsviz.marketbasket analysis, healthcaredomainande-commerce recommender
system(Abullah,2008;Wangetal.,2009).Thisalgorithmhelpsinidentifyingfrequentlyoccurring
itemsinalargedatasetbygeneratingtheassociationrulesamongthem.Thisalgorithmemploys
severalrule-metricsviz.‘Support’,‘Confidence’and‘Lift’tofilteroutintenseassociationruleswith
astrongrelationshipamongthem.Thebriefdescriptionofassociationrulesandrulesmeasurements
metricsisgiveninthefollowingsub-sections.

2.2 Brief Introduction to Association Rules
Associationrules,indataminingareusedfordiscoveringcertainpatternsinbulkofdata.Aspecific
groupofdatamaybestronglyrelatedormaylackanykindofrelationship.Associationrulesare
usedtodeterminetherelationshipasstrongorweakinacertaindata.Itisarelationbetweentwoor
moreentitieswhichisformulatedas(Abullah,2008).

P Q⇒ 

where:

• P,QaredisjointitemsЄDtSet:adatasetofmultipleitems.
• ‘⇒ ’istheassociationsymbolwhichimpliesarelationfrom‘P’to‘Q’

Anassociationrulehasthefollowingstructure:

Left Hand Side Right Hand Side− − ⇒ − − 
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Left-Hand-Side(LHS)istermedas‘antecedent’whileRight-Hand-Side(RHS)isnamed
as‘consequent’.

Theintensityofanassociationruleconsistingofantecedentandconsequentcanbefragile,strong
ornulldependinguponthevaluesofrule-measurementmetrics.‘Support’,‘Confidence’and‘Lift’
arecalledasrule-measurementmetricstoevaluatetheintensityofanassociationrule.

Ashortexplanationofassociationrule-metricsisprovidedinthesucceedingsection.

2.3 Association Rule-Metrics
‘Support’,‘Confidence’and‘Lift’aretheunitsformeasuringthestrengthofassociationrules.

2.3.1. Support
‘Support’signifiestheratioofnumberofoccurrencesofanitem‘P’withrespecttototalnumber
oftransactionsinaspecificdataset.‘Support’ofPiscomputedbyEquation1(Wangetal.,2009):

Support P
Frequency P

N
( ) = ( )

 (1)

where:

N:Totalnumberoftransactionsinacertaindataset.
Frequency P( ) :Anumericvalueinbetween[0,N]thatreferstonumberoftimes‘P’occursinthe

dataset.

Valueof‘Support(P)’isalwaysinbetween0and1.Valueof‘Support(P)’as0meansthatthere
isnotransactioninthedatasetthatcontains‘P’,whereasvalueas1signifiesthat‘P’appears‘N’
numberoftimesinthedataset.

Inthesamemanner,‘Support’ofanassociationrule‘P⇒Q’iscalculatedbyEquation2:

Support P Q
Frequency P Q

N
⇒( ) = ( ),

 (2)

Frequency P Q,( ) isthecountofco-occurrenceof‘P’and‘Q’,whereas‘N’denotesanumerical
valuereferringtooveralltransactionsinthegivendataset.

2.3.2. Confidence
‘Confidence’isameasureofassuranceofco-occurrenceoftwoormoreitemsinaspecificdataset.

InadatasetDtSet,theconfidenceoftherule‘P⇒Q’ismeasuredbyEquation3:

Confidence P Q
Frequency P Q

Frequency P
⇒( ) = ( )

( )
,

 (3)

Confidence P Q⇒( ) istheratiooffrequencyofco-occurrenceof‘P’and‘Q’withrespectto
thefrequencyofoccurrenceof‘P’inthegivendataset.Thevalueof‘Confidence’isalwaysinbetween
0and1.
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Valueof‘Confidence’as0signifies that there isnosuchtransactionin thedatabase,which
consistsofboththeitemsPandQwhilevalueof‘Confidence’as1meansQhappenstobetherein
eachandeverytransactionwherePappears.

2.3.3. Lift

Lift P Q⇒( )  is defined as the ratio of actual value of ‘Confidence’ observed and ‘Expected
confidence’asshowninEquation4(Wangetal.,2009):

Lift P Q
Confidence P Q

Expected confidence Q
⇒( ) =

⇒( )
( )

 (4)

Confidence P Q⇒( )  is the probability of appearing ‘Q’ in the presence of ‘P’, whereas
Expected confidence Q( ) istheprobabilityofappearing‘Q’intheabsenceofP.

Valueof Confidence P Q⇒( ) iscomputedbytheEquation(3)whereasexpectedconfidence
iscomputedbyEquation5:

Expected Confidence Q Support Q
Frequency Q

N
( ) = ( ) = ( )

 (5)

Valueofliftisalwaysgreaterthanzeroandcanassumeanyrationalvalueuptoinfinity(Abullah,2008).
Thevalueof lift> 1 pertainingtotherule P Q⇒ ,indicatesthatthevariablePisstrongly

relatedtothevariableQ,ontheotherhandthevalueof lift < 1 willmeanthatvariablePisnegatively
co-relatedtoQtendingtoafragilerelationbetweenPandQ.

If lift = 1 ,thenitmeansthevariableP(antecedent)andvariableQ(consequent)aremutually
independent and are not appearing together in any association rule. In case of their mutual
independence, the value of Confidence P Q⇒( )  becomes equal to Expected Confidence Q( ) 
tendingtothevalueofliftas1.

3. THe MeTHodoLoGICAL APPRoACH USed IN THe PAPeR

ThemethodologicalapproachforminingtheuserrequirementsusingApriorialgorithmisshown
inFigure1.AsmaybeseenfromFigure1,atfirst,thesoftwaresystemisdividedindifferent
sub-parts/modulesandseveraltypesofusersworkingindifferentworkdomainsareidentified.
The conventional techniques “Interviews” and “Brain-Storming” are used by requirements
analyststoelicittherequirementsfromtheusers.Multipleinteractiveanditerativesessionsare
heldbetweenusersandrequirementsanalysts.Theuserrequirementsarerecordedintheform
of small user-stories. User-story is a small sequence of user requirements which represents
the crux of the requirement briefly in a few words (Gaur, Soni & Bedi, 2010). User stories
canbedocumentedmanuallyusingpaper-penordirectlykeyedinthecomputerthroughsome
requirementsfeedinginterface.

Alltheuser-storiesmaynotbeuniform.Twoormoreuser-storiesmayconsistofdistinctwords
butwithsamemeaning.Moreover,theuser-storiesmaycontainsomestopwords(theinsignificant
wordshavingnosemanticvalue)e.g.‘of’,‘from’,‘in’etc.Inordertoremovesuchkindofanomalies
andbringuniformitytotheuser-stories,apre-processingisappliedinthefollowingmanner:
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• Stopwordsareidentifiedintheuser-storiesandremoved.
• Distinctwordsbutwiththesamemeaningarereplacedbysynonymouswords.

Refineduser-storiesrepresentingtheuserrequirementsarestoredinadatabase.Apriorialgorithm
isappliedontherequirementsofeachandeverymodule.Themetrics‘Lift’,‘Confidence’and‘Support’
areusedtomeasurethelevelofmutualassociationamongfrequentlyrecurringrequirements.

This approach enables the requirements analyst to divide the requirements on the basis of
theirmutualassociation in twogroups: ‘Requirements-Clusters’and ‘Requirements-in-isolation’.
‘Requirements-Clusters’representthegroupofthoserequirementswhicharefrequentlyoccurring
togetherwhereas‘Requirements-in-isolation’representsthegroupofthoserequirementswhichare
appearinginisolationandhencedonothaveanymutualassociationamongthem.

Further,therequirementsareplacedintwotypesoflists:‘TopPriorityAprioriList’and‘Low
PriorityAprioriList’.Therequirementshavingstrongormoderateassociationareplacedin‘Top

Figure 1. The methodological approach for mining the user requirements using apriori algorithm
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PriorityApriori’ listwhereastherequirementswithmarginal,weakornilassociationareplaced
in ‘LowPriorityApriori list’.A survey technique is applied and skilled andhighly experienced
stakeholdersare involved toprovide theirview-points inonlinequestionnaires.Thegapanalysis
isutilized tobridgeup thegapbetween twosetsofprioritized requirements:oneobtainedafter
applyingApriorialgorithmwhereasanotherobtainedafterapplyingSurveytechnique.Theprocess
ofrequirements-validationusinggap-analysisisrepeateduntilallrequirementsarerefineduptothe
satisfactionofusersandallstakeholderswhichultimtelywilllowertheriskofcollapseoffinalsystem.

Theproposedapproachismentionedindetailinthefollowingsteps:

Step1:Dividetheentiresoftwaresystemin‘n’numberofmodulesandidentifyvarioustypesof
following‘UserTypes’pertainingtothesemodules:

< UserType
1


UserType
2


UserType
3


UserType
n
> 

where UserType
i i n( )<= <= referstoagroupofusersworkinginthespecificdomainofithmoduleof

thesystem.

Step2:Anyoffollowingkindoftechniquesexistinginliteraturecanbeappliediterativelytoobtain
therequirementsfroma UserType

i i n( )<= <= :
◦ Brainstorming
◦ Interviewsetc.

Step3:Let‘m’benumberofsessionsforobtainingtherequirementsfromUserType
i i n( )<= <= under

ithmodule.

Valueof‘m’canbefixedtoadiscretevaluebythemanagementcommitteetocapturethetrue
requirementsoftheusers.

Let,Dt.beadatabasethatcomprisesoffrequentlyrecurringrequirementsobtainedfromusers
duringvarioussessionspertainingtoithmodule(1<=i<=n):

Database‘Dt’

Session1: Rq ,Rq ,Rq Rq
1 3 5 1

,…
j

Session2: Rq ,Rq ,Rq ,Rq ,Rq Rq
1 2 5 6 7 2

,…
j

Session3: Rq ,Rq ,Rq Rq
1 3 6 3

,…
j

Sessionm: Rq ,Rq ,Rq ,Rq Rq
5 6 1 2

,…
jm
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whererequirementsarerepeatedovermultiplesessionsandnumberofrequirementshappenstobe
adynamicnumberwhichvariesfromsessiontosession.

Rq
jm

�

:referstojthrequirementduringmthsession

Step4:Therequirementsarestoredinadatabaseusinganydatabasemanagementsystemviz.Ms-
Access,Oracle,MySQL,Ms.Exceloranyother.

Step5:Apriorialgorithmisappliedondatabaseofrequirements‘Dt’inthefollowingmannerto
obtainfrequentrequirement-patternsandhenceforthcommonlybefallingassociationrules:
a. Scantherequirements-database‘Dt’
b. Generate a new database that consists of all candidate requirements along with their

occurrence-count.The‘occurrence-count’ofarequirementreferstoitsfrequencyina
givendatabase.

c. Scan thedatabasementioned in step-bandextract those requirementswhichhave their
occurrence-count≥2(where‘2’isassumedtobeaminimumdesiredlevelofoccurrence-
count).Therequirementswiththeiroccurrence-count≥2indicateasingleorderdatabase
offrequent-requirements-patternsandisdesignatedas‘Dt-1’asshowninTable1.

Here‘Rqji’’isarequirementpatternofsingleorderand(Count)Rqjireferstoitsoccurrence-count:

1. Applytheself-joinoperation‘Dt-1JOINDt-1’.Theself-joinoperationwillgeneratea2-order
databaseoffrequent-requirements-patternsbycombiningeachandeverycandidaterequirement
withremainingallcandidaterequirements.

2. Theaforementioneddatabaseisscannedandtherequirementswiththeiroccurrence-count≥2
arechosenandsavedindatabase‘Dt-2’asshowninTable2.Duringtheprocesstherequirements
patternse.g.{Rq2,Rqj1}and{Rq2,Rqj2}assumedtohavetheiroccurrence-count≤2areeliminated
andnotincludedindatabase‘Dt-2’.

Here ‘{Rq1, Rqj1}’ is a requirement pattern of 2nd order and (Count){Rq1, Rqj1} refers to its
occurrence-count.

Table 1. Single order database ‘Dt-1’of frequent-requirements-patterns with occurrence-count ≥ 2

Requirements Occurrence - Count (≥ 2)

Rq1 (Count)Rq1

Rq2 (Count)Rq2

Rq3 (Count)Rq3

Rq4 (Count)Rq4

………. …………

Rqj1 (Count)Rqj1

………. …………

Rqj2 (Count)Rqj2

………. …………

Rqjm (Count)Rqjm
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Theself-joinoperation‘Dt-(k-1)JOINDt-(k-1)’with‘k-1’orderisiterativelyappliedtill
Dt-k= φ ,whereDt-kisadatabaseofk-order.

During thr self-join operation, the Apriori property is applied to avoid large number of
computations.TheAprioriproperty(Wangetal.,2009)states that ifaset isnot frequent in the
databasethenallitssupersetsdefinitelywillnotbefrequentandhencecandirectlybeeliminated.

Theabovesequenceofstepsfacilitatestoobtainfrequentrequirementspatternsandinducethe
correspondingassociationrules.Forinstance,thefrequentrequirementpattern{R1,R2}obtained
throughaforesaidprocesswillindicateanassociationruleoftype:‘R1⇒R2’.

Step6:Themetrics‘Lift’,‘Confidence’and‘Support’areusedtomeasuretheintensityofsoobtained
associationrules.

Step7:Therequirementsinclinedtoassociationrulesaresegregatedintwoparts:‘Topprioritylist
ofrequirements’and‘Lowprioritylistofrequirements’.Theentireprocessforextractingdesired
setsofrequirementsisexplainedindetailthroughtheflowchartshowninFigure2.

Step8:Gapanalysisasexplainedinsection3.1,isemployedtovalidatetherequirementsoftop
prioritylistandsameprocessisrepeatedforthelowprioritylist.

Fewofthetermsusedintheflowchartaredefinedasbelow:

• Requirements-Cluster:Asetoffrequentlyoccurringrequirementstogetherin‘m’numberof
sessionspertainingtoithmoduleofthesystem(where1<=i<=n,while‘n’denotestotalnumber
ofmodules.

• Requirements-in-Isolation:Agroupofrequirementsoccurringinisolationinithsession(where
1<=i<=m).

• Top Priority Apriori List:Alistofhighlydesireduserrequirementsobtainedafterapplying
Apriori-basedapproach.

• Low Priority Apriori List:AlistoflessdesireduserrequirementsafterapplyingApriori-basedapproach.

Table 2. Second order database ‘Dt-2’of frequent-requirements-patterns with occurrence-count ≥ 2

Requirements Occurrence-Count (≥ 2)

{Rq1,Rq2} (Count){Rq1,Rq2}

{Rq1,Rq3} (Count){Rq1,Rq3}

{Rq1,Rq4} (Count){Rq1,Rq4}

………. ……….……….

{Rq1,Rqj1} (Count){Rq1,Rqj1}

………. ……….……….

{Rq1,Rqj2} (Count){Rq1,Rqj2}

………. ……….……….

{Rq1,Rqjm} (Count){Rq1,Rqjm}

{Rq2,Rq3} (Count){Rq2,Rq3}

{Rq2,Rq4} (Count){Rq2,Rq4}

………. ……….……….

{Rq2,Rqjm} (Count){Rq2,Rqjm}

………. ……….……….
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Valuesof‘Lift’,‘Confidence’and‘Support’enabletherequirementsanalysttoidentifymutual
associationamongrequirementsandhenceforthplacetheserequirementsinaspecificprioritylist
inthefollowingmanner.

Valueof‘Lift=1’signifiesthatrequirementsaremutuallyindependentandoccurringinisolation.
Theserequirementshavenomutualassociation;thereforethesewillhavetheleastprioritytobeadded
inthedescendingpositionsofthe‘LowPriorityApriori’listofrequirements.

Figure 2. The flow chart depicting the methodological approach of mining user requirements
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Thevalueof‘Lift< >1’willindicatethatrequirementshavesomemutualassociationandhappen
tooccurtogetherintheformofclusters:

• Value of ‘Lift<1’ will indicate that requirements belonging to a particular domain are
negativelyassociatedtoeachotherandoccasionallyhappentooccurtogetherleadingtoaweak
associationamongthem.Hencetheseareplacedinlaterpositionsof‘LowPriorityApriori’list
ofrequirementsindescendingorderoftheirvaluesof‘Confidence’.

• ValueofLift>1,willimplysubstantiallevelofassociationamongtherequirements.Inorderto
decidepreciselevelofassociation,valuesof‘Confidence’and‘Support’areobserved.

Fixupthedesiredlevelof‘Support’and‘Confidence’asαandβrespectively.Thethreshold
valuesofαandβcanmutuallybedecidedbytherequirements-collectingteam.

• Valueof‘Confidence>=α’willindicatethatrequirementsinaclusterareoccurringtogether
quitefrequentlyleadingtoahigh-levelofdomain-binding:
◦ Forsuchrequirements,valueof‘Support’isfurtherobserved.Valueof‘Support>= β’will

implythatfrequencyofoccurrenceofrequirementsinaclusterisveryhigh.Simultaneous
valuesof‘Confidence>=α’and‘Support>=β’willimplythatrequirementsinacluster
have strong association with high frequency of occurrence. Hence these requirements
willrepresentthetrueneedsoftheuserstobeplacedonhigherpositionsof‘TopPriority
Apriori’list’.

◦ Ontheotherhand,simultaneousvaluesof‘Confidence>=α’and‘Support<β’willimply
thatthoughlevelofconfidenceoftheusersintherequirementsishighbutfrequencyofsuch
requirementsiscomparativelyless.Hencetheserequirementswillhavemoderateassociation
amongthemtobekeptinlaterpositionsof‘TopPriorityApriori’listofrequirements’.

• Valueof‘Confidence<α’will indicate thatoccurrenceofmutuallyassociatedrequirements
islessleadingtothenominalassociation.Suchrequirements,though,placedin‘LowPriority
Apriori’listofrequirements’butatthetoppositions.

ThecompletenessandcorrectnessoftheApriorilistsisvalidatedbygapanalysis.

3.1 Gap Analysis to Validate User-Requirements
GapAnalysisisportrayedasthecontrastbetweenwhatisrequiredandwhatisaccessible.Itcouldbe
acomparisonhandleoftwoframeworks,andisembracedasamethodofbridgingthecrevicebetween
them(AmaralandFaria,2010).Theobjectiveofthegapanalysisistodistinguishtheinconsistencies
withinthecharacterizednecessitiesandusers’needs.

The gap analysis in this work bridges up the gap between two lists of requirements: one
' Top Priority Apriori List' andanother ' Top Priority Survey List' .

‘TopPriorityAprioriList’isasortedlistofhighpriorityrequirementsobtainedafterapplying
aforementionedAprioribasedapproach,whereas‘TopPrioritySurveyList’isasortedlistofhigh
priorityrequirementsobatinedafterapplyingthesurveytechnique.Asurveytechniqueisatechnique
inwhichonlinequestionnairesaredesignedandskilledandhighlyexperiencedstakeholdersare
involvedtoprovidetheirview-pointsusingthelinguistictermsviz.HighlyImportant(HI),Moderately
Important(MI),NominallyImportant(NI),WeaklyImpotant(WI).Thelinguistictermsaremapped
toTriangularFuzzyNumbers(TFNs)usingthescaleshownintheFigure3.

ThelinguisticimportanceofeachrequirementismappedtoTFN(l,m,u)withlassmallest,m
as most promising and u as the largest value, which further is converted to a crisp interval
α

α αCrspIntrvl B B
l u

= 

� , � withB

lα =lowerboundandB
uα =upperboundusingtheEquation6(Gaur

&Soni,2010):
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α
α αα αCrspIntrvl m l l u m u B B
l u

= −( ) + − −( ) +



 =




, ,  (6)

whereα ∈ 

0 1, signifiestheconfidencelevelofthestakeholdersandislargelytakenas0.5tosignify

themoderatelevelofconfidence.
ThelowerandupperboundsofcrispintervalaremappedtothecrispvalueCα

µ usingtheEquation7:

C B B
u lα

µ
α αµ µ�= + −( )1  (7)

whereµ ∈ 

0 1, denotestheoptimisticlevelofthestakeholdersandisusuallytakenas0.5toshow

theirmoderatelevelofoptimism.
Thefuzzylinguisticvalidationsoftheuser-requirementsrenderedbytheexpertsaremappedto

theircrispvalues.Thefinalpriorityofeachrequirementiscomputedbytakingthearithmeticmeanof
allitscrispequivalents.Therequirementswiththeirpriorityvalues>=0.5areplacedindescending
orderinthe“Top-PrioritySurveyList”whereasremainingrequirementswithlowprioritiesareplaced
inthe“Low-PrioritySurveyList”.

Toensurethecorrectnessandcompletenessoftherequirements,‘TopPriorityAprioriList’and
‘TopPriorityAprioriList’aremappedtothe‘TopPrioritySurveyList’and‘LowPrioritySurvey
List’respectivelyinforwardandbackwarddirections.

3.1.1. Completeness 
Thecompletenessofrequirementsisacapacitythatalludestothejoiningofusers’needstotally
withinthelastlistofnecessities(Gaur&Soni,2013).Equation8isusedtoensurethecoverageof
allrelevantuserrequirementsinthe‘TopPriorityAprioriList’:

COM
Map Requirements

Top Priority List Apriori

Top Priority

 

 
 

� �

�= LList Apriori

Top Priority Survey List
TOT Requirements

�

� �

�

 
 

 (8)

where 'MapRequirements '
Top Priority Apriori List

referstonumberofthoserequirementswhicharemapped
from‘TopPriorityAprioriList’totherequirementsof‘TopPrioritySurveyList’.

Figure 3. Linguistic terms mapped to TFNs
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Thevalue COM
Top Priority Apriori List

= 1 wouldendorsethecompletenessofallrequirementsin
‘TopPriorityAprioriList’.

If  COM
Top Priority Apriori List

≠ 1 ,  then it  indicates a fur ther scope of ref inement of
requirements.Developersarerequiredtoconductworkshopswiththeuserstovalidateand
refineunmappedrequirements.

3.1.2. Correctness
Correctness(Gaur&Soni,2013)signifieswhetherthesystemreflectstherequirementsofallthe
stakeholdersprecisely.Correctnesscanbetermedasareversemappingbetweentherequirementsof
“Top-PrioritySurveylist”totherequirementsof‘TopPriorityAprioriList’.

Itdealswithfindingouttheseveralunmappedrequirementsof‘Top-PrioritySurveylist’in‘Top
PriorityAprioriList’.Onceendorsedwouldensurethecorrectnessoftherequirements.

Equation9isusedtoensurethecorrectnessofrequiremes:

CORR
Map Requirements

Top Priority Survey List

Top Priority

 

 
 

� �

�= SSurvey List

Top Priority Apriori List
TOT Requirements

�

� �
 

 

 (9)

Thevalue CORR
Top Priority Survey List

=0wouldindicatethatnoneofthestakeholders’concerns
havebeenmappedtothe‘TopPriorityAprioriList’,hence‘TopPriorityAprioriList’isconsidered
tobeerroneoustomeetusers’requirements.ThevalueCORR

Top Priority Survey List
= 1 wouldendorse

theusers’expectationsappropriately.IfCORR
Top Priority Survey List

≠ 1 ,thendevelopercannotproceed
furtherandisrequiredtoconductaworkshopwithuserstovalidateunmappedrequirements.

Theprocessofiterativelyrefiningtherequirementsisrepeatedtillboththelists‘TopPriority
Apriori List’ and ‘Top-Priority Survey list’ are completely mapped leading to the values
COM

Top Priority List Apriori
andCORR

Top Priority Survey List
as‘1’.

Theprioritisedlistofrequirements,thus,obtainedwillnotonlyensuretheusers’concerns
basedonmutualassociationandoccurrence,butwillalsobeclosetothesubjectiveconcernsof
allthestakeholdersandthuswillactasabaselineforthegoalsoffinalsystemincliningtoits
completesuccess.

Thesectionmentionedbelowoutlinestheproposedmethodologiesthroughanexploratoryponder.

4. eXPeRIMeNTAL STUdy

Anexperimentwascarriedouttodemonstratethefunctionalityoftherecommendedapproachon
the requirements elicitation from employees of a commercial ceramic manufacturing company.
OrientBellsPvt.Ltd.Industrywaschosenasacandidateclientfortheexperiment.Thecompany
manufacturesceramicandvitrifiedtilesandhasitsheadofficeinDelhiandthreefactoriesspread
acrossatBaroda(Gujarat),Sikandrabad(UttarPradesh)andBengaluru(Karnatka).Around1500
usersareworkinginitsvariousdepartmentsacrossmultiplelocations.

Asoftwaresystemenvisionedtobereplacedbythemanualsystemof‘SupplyChainManagement’
willconsistofdifferentmodulesrepresentingtheoperationsofvariousdepartmentsviz.Inventory
Management and Procurement Operations, IT Operations, Sales and Marketing Operations and
Production&QualityOperationsetc.

Itwasdividedinfivemoduleswithsuccessivefunctionalitiestobeachieved:
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Module1: Inventory Management and Procurement-Thesoftwareshouldbecapableofmanaging,
storingandanalysingthewidespreadinventoryandprocurementofmaterialsatallbranchesof
thecompany.

Module2: Production and Quality Operations- The software should be capable of handling
productionfunctionsinacentralizedmanner.

Module3: Sales and Marketing Operations-ThesoftwareshouldbecapableofhandlingSalesand
Marketingfunctionsfordifferentbranchesofthecompany.

Module4: IT Operations-ThesoftwareshouldbecapableofhandlingITfunctionslikecreating
differentusersindifferentlocations,providingthemaccesspermissionsandsettingpasswordsetc.

Module5: Accounts and Financial Operations- The software should be capable of handling
accountingandfinancialfunctions.

Foreachmodule,varioususerrepresentativesviz.InventoryOfficials,PurchaseExecutives,Sales
andMarketingexecutives,ProductionOfficials,ITadministrators,accountsandfinancialofficials
engagedinthecompanyinmultipledomainswereidentified.

ThisexperimentalstudyfocusesonlyontherequirementsminingoftheModule1‘Inventory
ManagementandProcurement’.Similarly,sameexperimentwasrepeatedforallmodulesofthesystem.

A team of requirements analysts was made for the experiment of the proposed approach.
Wecontactedandrequestedfewrequirementsprofessionalsfromsomeofsoftwaredevelopment
industriesviz.HCL, Infosys andTCS toprovide their contribution in requirements elicitation
process of ‘Inventory and procurement’ requirements. Multiple physical and video conference
sessionsofinterviewsandbrainstormingwereheldindifferentbranchesofceramicindustryto
capturetheuserrequirements.

The inventoryofficialsweredivided in thegroupof fourusers inall fourbranchesof the
company. A total of 80 sessions were held to obtain user-requirements. Some of the sessions
wererepeatediterativelyforsamesetofuserstocaptureleft-outrequirements.Alargenumber
ofrequirementsincludingalltrivialandnon-trivialwereobtainedfromtheusersworkinginall
branchesofthecompany.

Anillustrationofasessionforcapturinguserrequirementsofmodule1‘InventoryManagement
andProcurement’wouldbeinorderasshowninFigure4.

AuserstoryinterfaceasshowninFigure5,wascreatedtoeliminateunnecessarystopwords
fromtherequirementsandconverttherequirementsinbriefuserstoriesofmeaningfulwords.

Acombinedexperimentalenvironment involvingJSPandMySQLwasused togenerate the
userinterface.ThespecificationoftheIntel-makeCPUfortheexperimentsisasfollows:4.00GB
ofrandomaccessmemorywithspeed2.4GHz.and‘JBoss’web-server.

Fewoftheuser-storiesaftereliminationofinsignificantwordsarelistedinTable3.
Apriorialgorithmwasappliedonbulkofabovetypesofuser-stories.R-programming-3.4.3.was

usedfortheexperiment.Theminingofuserrequirementswasexpressedintheformofassociation
rules.Rules-metrics‘Support’,’Confidence’and‘List’wereevaluatedtoestimatethestrengthof
therules.Total206associationrulesweregeneratedformininguserrequirements,thescreenshotof
whichisshowninFigure6.ThegroupmatrixshowsalluserrequirementsonLHSandRHSalong
withnumberofrulesshowingtheirassociation.

The15associationruleswith2ndorderasshowninFigure7,wereextractedhavingthevalue
of‘Support>0.5’.

FollowingistheinterpretationoftherulesregardingtherequirementsinLHS(Left-Hand-Side)
andRHS(Right-Hand-Side):

Rule 1 & 2: If theuserrequirement“Analysisofdemandandsupply”wascaptured,“Inventory
analysis”wasalsobaggedandviceversa.

Rule 3 & 4:“ABCanalysis”alsoindicatestherequisitionof“Inventoryplanning”&vice-versa.
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Figure 4. Inventory Session1

Figure 5. User story interface

Table 3. Few User-stories after elimination of stop words

User Type: 
Inventory Officials

User Requirements Expressed in the Form of User-
Stories

User1 “inventoryreport”

User2 “inventoryplanning”

User3 “inventoryanalysis”

User4 “receiveandupdateinventory”
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Rule 5 & 6:Thepresenceof“ABCanalysis”alsoindicatesthepresenceof“Tomaintainoptimum
inventory”andviceversa.

Rule 7 & 8:Thepresenceof“ABCanalysis”alsoindicatesthepresenceof“Analysisofdemand&
supply”andviceversaandsoon.

4.1. Results and Strength Analysis of Association Rules
TheApriorialgorithmappliedonuser-requirementsyieldedtwoprioritylists.‘Top-PriorityApriori
List’ofrequirementsimplyingmostdesirableattributesinthesoftwareistobeimplementedthe

Figure 6. Group matrix to display break-up of 206 association rules for user-requirements

Figure 7. Top fifteen 2nd order association rules with value of Support>0.5
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foremost,‘Low-PriorityAprioriList’ofrequirements’incontrast,istobeimplemented,ifatall,
later.Associationruleswereanalysedonthebasisoftheirstrength.StrongandModeraterulesled
toobtain‘Top-PriorityAprioriList’ofrequirements,whereasassociationruleswithnominal,weak
orNILstrengthwereincludedinthe‘Low-PriorityAprioriList’.Someoftheassociationrulesthat
werecausingredundancieswereleftout.

4.1.1. Obtaining Top-Priority Apriori List of User-Requirements 
With Strong and Moderate Association

4.1.1.1. Case 1 Lift >1 and Confidence=100%
Inorder to focuson the true andmostdesirable requirementsof theuserswhichare frequently
occurringtogether,thresholdlimitofconfidencewaschosenas100%bytheresultanalysts-team.

The association rules with values ‘Lift>1’ and ‘Confidence=100%’ were filtered which
represent thoserequirementsof theuserswhicharecloselyrelatedtoeachotherunder thesame
domainandcontributeinextractingclustersofuserrequirementsoccurringtogether.Figure8shows
a network graph of four clusters of user-requirements obtained from frequently occurring rules
with100%confidenceandhighervaluesofSupportandLift.Theseclustersexhibithighlyneeded
userrequirementstobegivenutmostpriority.Thefourclustersofuser-requirementsare‘Inventory
analysis,‘InventoryEditing’,‘InventoryIndent’and‘InventoryProcurement’.Thelargersizeofcircles
indicatesthehighervalueofsupportwhereassmallsizedcirclesindicatelowervalueofsupportand
thearrowsrepresenttheassociationamongdifferentnodes.Intheabovegraph,therearefourclusters
ofuser-requirementsallhaving100%confidencewhichindicatefrequentjointoccurrenceofthe
requirementsandhencethecloseassociationamongtherequirementsofacluster.

Figure 8. Clusters of user requirements obtained from frequently occurring rules
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Thecluster1belongingtothe‘Inventoryanalysis’groupofrequirementsconsistsoflargestsized
circleswhichindicatethehighestvalueofsupportgreaterthanorequalto50%.Thismeans‘Inventory
analysis’user-requirementsbelongingtothecluster1havenotonlystrongmutualassociationdueto
100%confidencebutalsotheirfrequencyofoccurrenceishighestmost.Therefore,theserequirements
willhavethetopmostprioritytobekeptintheuppermostpositionofthe‘Top-PriorityAprioriList’
ofrequirements.

Further,itisobservedthatinthegraph,thesizeofcirclesisdecreasinginremainingthreeclusters-
cluster2,cluster3andcluster4respectively.Thedecreasingsizeofthecirclesinaparticularcluster
indicatesthatthesizeofthesupportisalsodecreasingwhichindicatesthatthoughrequirementsof
theseclustersarecloselyrelatedtoeachotherduetohaving100%confidencebutthefrequencyof
occurrenceoftheseclustersiscomparativelylow.

Suchkindsofrequirementswith100%confidenceandvalueofsupportbelow50%,willhave
‘moderateassociation’andwillbeplacedinthe‘Top-PriorityAprioriList’butatthelowerpositions
indecreasingorderoftheirvalueofsupport.

Table4enumerates therequirementsof‘Top-PriorityAprioriList’alongwith thevaluesof
supportandtypeofassociation.

RemainingrequirementswithLift>1andConfidence<100%wereplacedinthetoppositionsof
‘LowPriorityAprioriList’ofrequirements.

4.1.2. Obtaining Low-Priority Apriori List of User-Requirements 
With Nominal, Weak and NIL Association
Following is the description of obtaining user requirements with ‘nominal’, ‘weak’ and
‘NIL’association.

Table 4. Top priority apriori list of requirements (with 100% confidence)

Clusters of 
Requirements in 

Descending Order of 
Their Priority

User Domain User Requirements Value of 
Support

Type of 
Association

Cluster1 Inventory
Analysis

•InventoryAnalysis
•Tomaintainoptimuminventory
•ABCinventoryanalysis
•InventoryPlanning
•Analysisofdemandandsupply

Greaterthanor
equalto50% Strong

Cluster2 Inventory
Editing

•Addnewinventorystock
•Viewcurrentinventoryreport
•Editexistinginventory
•Removeinventory

Inbetween
(40%-50%) Moderate

Cluster3 Inventory
Indent

•Generateitemindent
•Pendingindents
•Indentsummary
•Viewitemsledgerentries

Lessthan40% Moderate

Cluster4 Inventory
Procurement

•Inventoryprocurement
•Vendorselection&costnegotiation
•Purchaseinvoices
•Purchasereturnorders
•Purchasecreditmemo

Lessthan40% Moderate
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4.1.2.1. Case 2. Value of Lift>1 but Confidence<100%
Theassociationruleswith2ndorderhaving‘Lift>1’and‘Confidence’<100%’weregeneratedas
showninFigure9.TherequirementsobtainedfromLHSandRHSofsuchrulesweresaidtohave
nominalrelationandwereplacedontoppositionsof‘Low-PriorityAprioriList’.

4.1.2.2. Case 3. Value of Lift=1
Theuser-requirementswhichareoccurringinisolationwillhave‘Lift=1’andlowvalueofsupport
aswellas‘Confidence’andhencewillhavetheleastprioritytobegivenbythedeveloper.

The value of ‘Support’ and ‘Confidence’ for such requirements will always be equal.
Such requirements will be taken care by the developer in last in descending order of the
valueof‘Support’.Theserequirementsarehavingnoparameterinlefthandside(lhs).These
requirementsareoccurringinrighthandside(rhs)intheassociationrules.Figure10showsall
suchrequirementsappearinginisolation.Alltheselow-priorityrequirementshavetheirvalue
ofsupportandconfidenceintherange(0-0.1).Figure11showsascatterplotofalltheseleast
importantmutuallyindependentuser-requirements.

Figure 9. Low-priority apriori list with value of lift greater than 1 and confidence less than 100%

Figure 10. Low priority mutually-independent user-requirements
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4.1.2.3. Case 4. Value of Lift<1
Requirementswithnegativeco-relationwillbeplacedonmiddlepositionsof‘Low-PriorityApriori
List’indescendingorderoftheir‘Support’.TheserequirementswithweakrelationaslistedinFigure
12,occurrtogetheroccasionally.

Thecomprehensiverecordof low-priorityrequirementsresultedafterapplyingtheproposed
methodologyarecitedinTable5.

Soobtainedsegregationofuser-requirementsin‘TopPriorityAprioriList’and‘LowPriority
AprioriList’willincorporatetheprimeconcernsofallusers.

4.2. endorsing Completeness and Correctness of User Requirements
Tovalidatethecorrectnessandcompletenessofsoobtained‘TopPriorityAprioriList’and‘Low
PriorityAprioriList’withrespecttoskilledandhighlyexperiencedstakeholders’expectations,gap
analysiswasapplied.

Figure 11. Scatter plot of low priority requirements having no mutual association
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Asurveywasdone.FourtosixstakeholdersfromthetophierarchyofInventoryDepartmentof
allthreebranchesofOrientBellsPvt.Ltd.werechosenwhowerehavingtheirworkexperienceof
morethan15years.OnlinequestionaireasshowninFigure13,waspreparedandthestakeholders
wereaskedtofeedtheirview-pointsfortheprioritiesoftherequirementsusinglinguistictermsviz.
“HighlyImportant”,“ModeratelyImportant”,“NominallyImportant”,“WeaklyImpotant”.

Equations(4)and(5)wereappliedtomapthefuzzyview-pointsofallstakeholderstotheircrisp-
valuesandhenceforththefinalprioritiesofrequirementswereobtainedbycalculatingthearithmetic
meanoftheirrespectivecrisp-priorities.Thisresultedintworequirementslists:‘Top-PrioritySurvey
List’and‘Low-PrioritySurveyList’.

Thegapanalysiswasappliedtobridgethegapbetween‘Top-PriorityAprioriList’and‘Top-
PrioritySurveyList’.TheanalysisisshowninFigure14.Sameprocesswasappliedforlowpriority
listofrequirements.

Forwardandbackwardmappingwasappliedon therequirementsofboth lists ‘Top-Priority
Apriori’and‘Top-PrioritySurvey’.Theperformancemetrics‘Completeness’and‘Correctness’,as
mentionedintheproposedapproachwereapplied.

The requirements of ‘Top-Priority Apriori List’ were mapped in forward direction to the
requirementsof‘Top-PrioritySurveyList’.Numberoflinksmappedwasfoundtobe15leadingto
thevalueofcompletenessas60%,whereastheremainingrequirementsviz.‘RemoveInventory’,
‘PendingIndents’,‘Viewitemsledgerentries’and‘Purchasereturnorders’werefoundtobemissing
in‘Top-PrioritySurveyList’’

Duringthebackwardforwarding,13requirementsof‘Top-PrioritySurveyList’weremapped
totherequirementsof‘Top-PriorityAprioriList’leadingtothevalueofcorrectnessas72.22%.

It was observed the some of the additional requirements viz. ‘Inspecting sales patterns’,
‘Computerisedinventorytracing’and‘AutomationofVendor-analysis’werefoundin‘Top-Priority
SurveyList’whereasmissingin‘Top-PriorityAprioriList’.

Tofulfilthegapinthecorrectnessandcompletenessofrequirementsandbringtherequirements
closetothe‘Top-PrioritySurveyList’,workshopswererequiredtobeheldwithanintegratedteam
ofusersandstakeholders.Theprocesswasiterativelyexecutedtillallrequirementswererefinedand
allusersandstakeholdersweresatisfiedleadingtothevaluesofcompletenessandcorrectnessas1.

Thesameprocesswasextendedforrestofallmodulesof“SupplyChainManagement”.

4.3. Performance Analysis
Theproposed techniquewasexecuted fordifferent setsofuser requirementsandexecution time
wasrecordedforvariousrequirements-setsbysubtractingthebeginningandculminationtimeof
theprogramcode.Inordertoobservetheperformanceoftheproposedapproach,twomostpopular
methodsnamedAHP(Goh&Kok,2010)andIntegratedPrioritizationApproach(Dabbagh&Lee,
2014)werechosenandexecutedforthesamesetsofrequirements.Theexecutiontimerecordedfor
thesetwotechniquesincludingtheproposedapproachisshowninFigure15.Itwasobservedthatfor

Figure 12. Association rules with value of lift less than 1 (requirements with weak relation)
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Table 5. Low-priority Apriori list of requirements

Lift>1 With Confidence<100%

User Requirements Support Confidence Type of 
Association

Listoutvendorsettlementformaterials
in-houseprocessforbuyingmaterials 0.6034211 0.6711233 Nominal

VendornegotiationforacquiringrawmaterialsListoutmonthlyvendorsreport 0.5331233 0.7711203 Nominal

Appraisingvendorsperformance
Listoutvendorswithlowestcost 0.5331231 0.7711203 Nominal

Developvendorsforsupplyingfuels
Monthlyreportofconsumablefuels 0.4331236 0.8711231 Nominal

Developvendorsforsupplyingconsumableitems
Monthlyreportofconsumableitems 0.4331231 0.7711233 Nominal

Displayvendorsettlementforpackagingitems
in-houseprocessforbuyingpackagingitems 0.4034210 0.8711233 Nominal

Vendornegotiationforsecondarygoods
in-houseprocessforbuyingsecondarygoods 0.3001335 0.6710239 Nominal

Procureconsumableitems
Preparepurchaseorderforconsumableitems 0.3001232 0.7711203 Nominal

Displayvendorsettlementforconsumableitemsin-housesourcingforconsumable
items 0.2536213 0.6711233 Nominal

Procurefuel
Preparepurchaseorderforfuels 0.2403331 0.6711233 Nominal

Displayvendorsettlementforfuels
in-housesourcingforprocuringfuels 0.2334216 0.7711203 Nominal

Procurerawmaterials
Preparepurchaseorderforrawmaterials 0.2201237 0.8711231 Nominal

Procurepackagingitems
Preparepurchaseorderforpackagingitems 0.2001230 0.8711231 Nominal

Lift<1

Appointinventorystaff,Listmatketingstrategies 0.3457113 0.0176354 Weak

Negotiatecost,Salesauditing 0.2349103 0.4331230 Weak

Expandvendorlist,createsalesorder 0.1879132 0.2034210 Weak

Importandexportofgoods 0.1331221 0.2001231 Weak

Lift=1

Confidence=Support for Requirements-in-isolation

Inventorycostvariance
Minimumstockstatus
Warehousereceipt

Inbetween(0.08-0.1] NIL

Daybookreport Inbetween(0.07-0.08] NIL

Itemwiseminimum-maximumreport Inbetween(0.06-0.07] NIL

Itemscommentreport
Createsalesorder
Createissueslip

Inbetween(0.05-0.06] NIL

Indentdetail
Maximumstockstatus Inbetween(0.04-0.05] NIL

Vendor-itempurchaselist
Transporterlist
Createvendorcard
Reportofclosingstock

Inbetween(0.03-0.04] NIL

Vendorledger
Inventoryconsumptionreport
Inventoryvaluationreport
Importorder
Listofrealeasedpurchaseorders
Processtransporterpayment

Inbetween(0.02-0.03] NIL

Inventorypricelist
Transferorderexternal
Transferorderinternal

Inbetween(0.01-0.02] NIL
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Figure 13. Questionnaire (Stakeholder-View Point)

Figure 14. Gap analysis to validate Top-Priority Apriori List and Top-Priority survey list
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smallsetsofrequirements,theexecutiontimeofallthreeapproachesisalmostsame.Butasthenumber
ofrequirementsincrease,theincreaseintheexecutiontimeoftheproposedapproachissignificantly
lesserthantheincreaseintheexecutiontimeofAHPandIntegratedPrioritizationApproach.

5. A CoMPARATIVe ANALySIS oF ReQUIReMeNTS 
PRIoRITIZATIoN TeCHNIQUeS

Requirements prioritization is an indispensable and vital but stimulating pursuit in software
development.Variousrequirementsprioritizationpracticestestifiedinliterature(Goh&Kok,2010;
Dabbagh&Lee, 2014;Santos&Albuquerque, 2016;Minas,Asif,&Borstler, 2019)own their
keycharacteristics.“AnalyticalHierarchyProcess”(AHP)(Goh&Kok,2010)isachoice-making
techniquethatactsontheconceptofmatchingeverytworequirementspairwisewithrespect to
variousparameters. Itworksefficiently indecisionmakingwith respect tomultiple criteria and
objectives,however,itisrestrictedtosmallprojectsduetolargenumberofpair-wisecomparisons
involved.“TowardstheAppliedHybridModel”(Santos&Albuquerque,2016)envisagesmarket-
drivenfeaturesforrequirements-prioritizationwhereas“MiningandPrioritizationofAssociation
Rules” (Ait-Mlouk, Agouti, & Gharnati, 2017) is capable of dealing with big data at the quick
responsetime,however,itdoesnotcopewithrealtimeandfuzzydata.“RFPbasedRequirement
Prioritization”(Krishnan,2018)isasimple-solutionmodelthatguaranteesthechoiceofreasonable
andbestprioritizationstrategybasedontheneedsofaclient,however,itisatitsprimitivejunctures
forconferringamplepointsofinterest.“VerbalDecisionAnalysis”(Barbosaetal.,2019)facilitates
prioritizationofrequirementswithrespecttogoals,constraintsandavailablebudget,however,itis
quitechallengingduetorequirements-elicitationbasedonverbalfactors.“Stakeholders’,Weight,

Figure 15. Performance analysis
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VoteandPriority”(SWVP)(Minhas,2019)isabasicvotingbasedapproachwhichstrengthensthe
issuesofcommunicationandcoordinationamongstakeholdersduringrequirements-prioritization.

Anevaluationofcertainrequirementsprioritizationmethodsprevalentintheliteratureincluding
theproposedapproachwasdone.Theweaknessesandstrengthsofthesemethodologiesalongwith
severalkeyparametersviz.authorandpublisherdetails,key-concepts,performanceanalysis,fuzzy
concernsandautomationarepresentedinTable6.

Itwasobservedthatallrequirementsprioritizationtechniqueshavetheirownprominentfeatures
accompaniedwithsomeweaknesses.However,theproposedapproachprovidesanumberoffollowing
benefitsoverthecitedmethods:

• Itisabletocaptureclearpatternsofuserrequirementsintheformoftheirmutualassociation
andfrequentoccurrenceandhencerepresentsthetrueneedsoftheusers.Itisanautomated
approachthatexcavatestheknowledgefromuserrequirementsintheformofassociationrules.
Duetoautomation,itislesspronetomisperceptionandflaws.

• It is capable of producing prioritized lists of huge number of complete and correct user-
requirementsinsignificantlylessertime.

6. CoNCLUSIoN

Correctandcompleteminingofuserrequirementsisanimportantprecedenttosoftwaredevelopment.
ThepaperdemonstratesthatamultistagemethodologicalapproachbasedonApriorialgorithmcan
yielddulyvalidatedprioritizedlistofdesiredattributesfromthevaguelyandvariouslyexpressed
user-requirements.Themethodological approachdisplayedheremaybe a clear changeover the
extantapproaches.

7. CHALLeNGe ANd FUTURe woRK

Thisapproachcapturestheclearpatternsintheuser-requirements.Therequirementsoverlappingin
multiplegroupsandwithvaguepatternsneedtobetreatedcautiously.Suchrequirements-forecastingis
simultaneouslyascienceandanartevolvingfromtherulesofthumbtotherulemetrics.Anaspectthat
needstobeconsideredhereisthepossibilityofincorporatingdynamiccapabilitiesinthesoftwarethat
adapttomodificationintheuserstoriesonreal-timebasis.Borderingonartificialintelligence,Apriori
algorithmappliedonuserrequirementsneedstobeextendedtorealtimerequirementalgorithms.



Journal of Cases on Information Technology
Volume 22 • Issue 4 • October-December 2020

27

ReFeReNCeS

Krishna,A.,&Lu,H.(2008).Requirementelicitationusinggoal-basedorganizationalmodel.InASWEC ‘08 
Proceedings of the 19th Australian Conference on Software Engineering.IEEE.

Gaur,V.,Soni,A.,&Bedi,P.(2010).AnAgent-OrientedApproachtoRequirementsEngineering.InProceedings 
2010, IEEE 2nd International Advance Computing Conference.IEEEPress.

Gaur,V.,&Soni,A.(2010).AnIntegratedApproachtoPrioritizeRequirementsusingFuzzyDecisionMaking.
International Journal of Engineering and Technology, 2(4).

Amaral,L.M.G.,&Faria,J.P.(2010).AGapAnalysisMethodologyfortheTeamSoftwareProcess.Proceedings 
of the Seventh International Conference on the Quality of Information and Communications Technology,424-
429.doi:10.1109/QUATIC.2010.78

Wang,P., Shi,L.,Bai, J.,&Zhao,Y. (2009). MiningAssociationRulesBasedonAprioriAlgorithmand
Application.InInternational Forum on Computer Science-Technology and Applications.IEEE.

Goh,H.H.,&Kok,B.C.(2010).ApplicationofAnalyticHierarchyProcess(AHP)inloadsheddingschemefor
electricalpowersystem.In9th International Conference on Environment and Electrical Engineering (EEEIC).
IEEE.doi:10.1109/EEEIC.2010.5489942

Farfeleder,S.,Moser,T.,Krall,A.,Stalhane,T.,Omoronyia,I.,&Zojer,H.(2011).Ontology-DrivenGuidance
forRequirementsElicitation.In8th Extended Semantic Web Conference, LNCS 6644,212–226.

Macasaet,R.,Chung,L.,&Garrido,J.L.(2011).AnagilerequirementselicitationapproachbasedonNFRs
andbusinessprocessmodelsformicro-businesses.InThe 12th International Conference on Product Focused 
Software Development and Process Improvement.ACM.

Lim, S., L., & Finkelstein, A. (2012). Using Social Networks and Collaborative Filtering for Large-Scale
RequirementsElicitation.IEEE Transactions on Software Engineering,38(3),707-735.

Gaur,V.,&Soni,A.(2013).AFuzzyTraceabilityVectorModelforRequirementsValidation.International 
Journal of Computer Applications in Technology, 47(2/3).

Dabbagh,M.,&Lee,S.P.(2014).AnApproachforIntegratingthePriortizationofFunctionalandNon-Functional
Requirements.The Scientific World Journal.

Przybylek,A.(2014).Abusiness-orientedapproachtorequirementselicitation.In9th International Conference 
on Evaluation of Novel Approaches to Software Engineering (ENASE).IEEE.

Jiang,W.,Ruan,H.,Zhang,L.,Lew,P.,&Jiang,J.(2014).ForUser-DrivenSoftwareEvolutionRequirements
ElicitationDerivedfromMiningOnlineReviews.LectureNotesinComputerScience,8444,584–595.

Valvas,S.,&Milani,F. (2015).RequirementElicitationUsingBusinessProcessModels.Lecture Notes in 
Business Information Processing,(229),67-81.

Jin,X.,Donzé,A.,Deshmukh,J.V.,&Seshia,S.A.(2015).MiningRequirementsfromClosed-LoopControl
Models.IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems,34(11),1704–1717.
doi:10.1109/TCAD.2015.2421907

Santos,R.,&Albuquerque,A. (2016).Towards theAppliedHybridModel inRequirementsPrioritization.
InformationTechnologyandQuantitativeManagement,ProcediaComputerScience,909-918.

Karras,O.,Kiesling,S.,&Schneider,K.(2016).SupportingRequirementsElicitationbyTool-SupportedVideo
Analysis.IEEE 24th International Requirements Engineering Conference,1-10.

Kushiro,N.,Shimizu,T.,&Ehira,T.(2016).Requirements Elicitation with Extended Goal Graph. Procedia 
Computer Science, 96,1691–1700.

Lian,X.,Rahimi,M.,Huang,J.C.,&Zhang,L.(2016).MichaelSmith,MiningRequirementsKnowledge
fromCollectionsofDomainDocuments.IEEE 24th International Requirements Engineering Conference,1-10.

Mishra,D.,Aydin,S.,Mishra,A.,&Ostrovska,S.(2017).Knowledgemanagementinrequirementelicitation.
ComputerStandards&Interfaces,49-61.

http://dx.doi.org/10.1109/QUATIC.2010.78
http://dx.doi.org/10.1109/EEEIC.2010.5489942
http://dx.doi.org/10.1109/TCAD.2015.2421907


Journal of Cases on Information Technology
Volume 22 • Issue 4 • October-December 2020

28

Wong, L. R., Mauricio, D., & Rodriguez, G. D. (2017). A Systematic Literature Review about Software
RequirementsElicitation.Journal of Engineering Science and Technology,12(2),296–317.

AlMousa,M.,Al-Khalifa,H.,S.,&AlSobayel,H.(2017).RequirementsElicitationandPrototypingofaFully
Immersive Virtual Reality Gaming System for Upper Limb Stroke Rehabilitation in Saudi Arabia. Mobile 
Information Systems.

Ait-Mlouk,A.,Agouti,T.,&Gharnati,F.(2017).MiningandPrioritizationofAssociationRulesforBigData:
Multi-CriteriaDecisionAnalysisApproach.Journal of Big Data,4(1),42.doi:10.1186/s40537-017-0105-4

Manzoor,M.I.,Shaheen,M.,&Khalid,H.(2018).RequirementElicitationMethodsforCloudProvidersinIT
Industry.I.J.Modern Education and Computer Science,10,40–47.

Krishnan, M. S. (2018). RFE based Requirements Prioritization –A One Step Solution. Materials Today: 
Proceedings,5(1),642–649.

Barbosa,P.A.M.,Pinheiro,P.R.,&Silveira,F.R.V.(2019).Selection and Prioritization of Software Applying 
Verbal Decision Analysis.HindawiComplexit.

Minas, N. M., Asif, M., & Borstler, J. (2019). SWVP-A Requirements Priortization Technique for Global
SoftwareDevelopment.In45th Euromicro Conference on Software Engineering and Advanced Applications.
IEEE.doi:10.1109/SEAA.2019.00010

http://dx.doi.org/10.1186/s40537-017-0105-4
http://dx.doi.org/10.1109/SEAA.2019.00010


Journal of Cases on Information Technology
Volume 22 • Issue 4 • October-December 2020

29

APPeNdIX

Table 6. A comparative analysis of various requirements prioritization methods

Requirements 
Prioritization 

methods
Year Publisher Author Concepts

Support for
Automation 

Tool Weaknesses StrengthsPerformance 
Analysis

Fuzzy 
Concerns

AHP 2010 IEEE Goh,
H.H.

Pair-Wise
Comparison,
Electrical
PowerSystem

Missing Missing Missing

Restricted
tosmall
projectsdue
tooverheads
ofpair-wise
comparisons

Worksefficiently
indecisionmaking
withrespectto
multiplecriteria
andobjectives

Integrated
Prioritization
Approach

2014 Hindawi Dabbagh

Functional
&Non-
Functional
Requirements,
Decision
Matrix

Execution
time

Linguistic
Terms

MicrosoftVisual
Studio2008,
NetFramework
3.5,C#
Programming,
MicrosoftSQL
Server

Limitedto
smallventures
withlarge
numberof
pair-wise
comparisons

Supports
prioritizationof
bothfunctional
andnon-functional
requirements

Towardsthe
AppliedHybrid
Model

2016 Elsevier Santos,R.

Hierarchical
Cumulative
Voting,
HCVPoints,
Macbeth

Benefit,
competition
andvolatility
analysis

Missing

Partiallyin
theformof
Web-based
questionnaire

Itseemsto
beinitsearly
phasesfor
imparting
adequate
operative
details

Dealswiththe
market-driven
featuresin
requirements-
prioritization

Mining&
Prioritization
ofAssociation
Rules

2017 Springer
Ait-
Mlouk,
A.

PFPGrowth,
Bigdata,
ApacheSpark,
Mutli-Criteria
Decision
Analysis

Quality
measurement
ofassociation
rules

Missing ApacheSpark

Itshouldbe
strengthened
toprocessreal
timeandfuzzy
data

Capableofdealing
withbigdataat
thequickresponse
time

RFPbased
Requirement
Prioritization

2018 Elsevier Krishnan.
M.,S.

Transitional
Process-Flow
Model

Missing Missing

Illustrative
casestudybut
automationof
theapproachis
missing

Itisatits
primitive
juncturesfor
conferring
amplepoints
ofinterest

Simple-solution
modelthat
guarantees
thechoiceof
reasonableand
bestprioritization
strategybased
ontheneedsof
aclient

VerbalDecision
Analysis 2019 Hindawi Barbosa,

P.,A.,M.

Search
basedS/W
Engineering,
ORClass,
VDA

Cost&Budget Missing

Instance
generator,
ORclassWeb,
AranauTool

Thisapproach
isquite
challenging
dueto
requirements-
elicitation
basedon
verbalfactors

Thiswork
facilitatesto
prioritizethe
requirementswith
respecttogoals,
constraintsand
availablebudget.

SWVP 2019 IEEE Minhas,
N.,M. SWVP, Weight-vote-

priority
Linguistic
Terms PHP,MySQL

Abasic
votingbased
approach
confinedto
littlemeasure
ventures

Thistechnique
emphasesand
strengthens
theissuesof
communication
andcoordination
among
stakeholders

Proposed
Approach Communicated

User-Story,
Apriori
Technique,
Gapanalysis,
Survey
Analysis

Strength
Analysis:
Association-
RulesMetrics,
Gapanalysis:
‘Completeness’
and
‘Correctness’,
Performance
Analysis:
ExecutionTime

Triangular
Fuzzy
Numbers

Automation
supportusing
JSP,MySQL,
JBossWeb-
Server&
R-Programming

Relatively
challenging
tocapture
dubiousand
overlapping
patterns
inuser-
requirements

Itsettlestwo
primeconcerns
ofRequirements
Engineering
whileusing
singleapproach.
One,itsupports
knowledge-driven
elicitationofuser
requirements;
Second,it
enablesmutual
associationand
occurrence-driven
prioritizationof
requirements.
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