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ABSTRACT

Hospitalrankingisacumbersometask,asitinvolvesdealingwithalargevolumeofunderlyingdata.
Rankingsareusuallyaccomplishedbycomparingdifferentdimensionsofqualityandservices.Even
thequalitycaremeasurementofahospitalismulti-dimensional:Itincludestheexperienceofboth
clinicalcareandpatientcare.Inthisresearch,however,theauthorsfocusonratingsbasedonlyon
customerperception.Aframeworkwhichconsistsoftwostages—StageIandStageII—isdesigned.
Inthefirststage,themodelusesaroughsetinafuzzyapproximationspace(RSFAS)techniqueto
classifythedata;whereasinthesecondstage,afuzzysoftset(FSS)techniqueisemployedtogenerate
theratingscore.ThemodelisemployedforcomparingUSAhospitalsbyregionusingannualHCAHPS
surveydata.Thisarticleshowshowrankingofthehealthcareinstitutionscanbecarriedoutusing
theRSFAS(roughsetinafuzzyapproximationspace)andfuzzysoftsettechniques.
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1. INTRodUCTIoN

Thechoiceofhospitalisverycriticalforafamily—particularlyifanyfamilymembersarefacing
aseriousorcomplexhealthproblem.Toselectabestchoicefromamonganarrayofoptionsisan
arduoustask.Thisprocessbecomesevenmorestrenuouswhentheevaluationcriteriaarevagueor
qualitativeandwhentheobjectivesvaryinimportanceandscope.Additionally,thetypesofhealthcare
providers,theirfunctionality,thespecialistsinvolved,andthefacilitiesprovidedaredistinct.Hence,
theremustbeadecisiontoolwhichwouldaugmentthetaskofsearchinghospitalswhenneeded.In
hospitalranking,healthcareprovidersandmedicalcentresareassessedbyspeciality—i.e.,cardiology,
cancer,ENT,urology,diabetes, neurology,pulmonology,nephrology,gynaecology,orthopaedic,
ophthalmology,gastroenterology,etc.Besidescalculatingwhichhospitalsprovidethefinestcarefor
themostseriousorcomplicatedmedicalconditions,thereisaneedforfocusingonthosehospitals
withaperfectrecordofcommoncare(whichisdefinedascareinvolvingrelativelycommonplace
conditionsandprocedures).

Itisclearfromvariousreadingsthatbetterservicequalityboostscustomersatisfaction(Radwin,
2000;Gremler,Gwinner,&Brown,2001;Kumar,Smart,Maddern,&Maull,2008).Theimpactof
servicequalityoncustomersatisfactionhasbeenextensivelydiscussedbymanyauthors(Lee,2012;
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Bohm,2013;Chia-Wen,Ting-Hsiang,&Woodside,2013;Prabhakar,2014).Perceivedqualityof
servicehasadirectinfluenceonsatisfaction(Lee,Lee,&Yoo,2000;Ladhari,2009).

Today’s patients are taking active role in selecting healthcare providers. Accurate ratings
ofhospitals areessential—as suchmeasures regardhealthandwell-being.However, there isno
agreementbetweenthereportsofleadinghealthcareratingagencies.Theseagenciesagreeneitheron
thetop-rankinghospitalnoronthebottom-rankinghospital(Rothberg,Morsi,Benjamin,Pekow,&
Lindenauer,2008).Thisisduetovariationsinmethodsusedbytheratingsystems.Austinetal.(2015)
comparethereportsoffournationalratingsystems.Thefindingisthatthereisalackofagreement
amongtheirratings.Thisisbecauseeachsystemhasitsownratingmethod;andeachsystemhasa
differentmeasureofoutcomes.

AstudybyBeukers,Kemp,andVarkevissar(2014)revealedthatinasettingwherepricesdo
notmatterforpatientsduetohealthinsurancecoverage,traveltimeismostsignificantlyimpactful
whenchoosingahospital,followedbythehospital’squalityratingsandwaittime.Studiesonthe
rankingofhospitalsbyevaluatingthequalityofserviceinthosehospitalshavebeendoneindifferent
countries.Afewofthemarelistedbelow:

• Inordertodeterminethetophospitalfocusingonexcellentservicequality,multiplecriteria
decision making (MCDM) methods—Topsis, Yager’s min-max technique, OWA, and
compensatoryANDmethods—arebeingemployed to rank fewaTurkishhospitals (Akdag,
Kalayer,Karagoz,Zulfikar,&Giz,2014).

• Ananalysisofhospitalservicequality inIndonesia iscarriedoutbyHandayani,Hidayanto,
Sandhyaduhita,Kusian,&Ayuningtyas(2015).Thisresearchstudyanalyzesthedimensions
requiredbythehospitaltoincreasethequalityofhospitalservices.Thesedimensionsarehuman
resources,process,policy,andinfrastructure.

• Lietal.(2015)investigatetheservicequalityofhospitalsinnineChinesecities.TheSERVQUAL
scalemethodwasusedtoinvestigatethepatient’sperceptionofservicequalityathospitalswhich
haveoutpatientandinpatientfacilities.

• AnotherstudytodetermineservicequalityinthehealthcareindustrywasconductedbyLupo
(2016)intheSicilianregionofItaly.Itemploysananalytichierarchyprocess(AHP)toobtain
servicequalityexpectations.Thisstudyrevealedthatservicequalityimprovementshouldfocuson
theresponsivenessofhealthcarestaff;theteamworkofstaff;theabilityofdoctorstounderstand
patientneeds;self-reliability;andtheswiftnessoftheregistration-and-admissionprocedure.

• MeesalaandPaul(2018)studiedqualityandconsumersatisfactioninanIndiancontext.Their
observationreflectsreliability,andresponsivenesscontributessignificantlytopatientsatisfaction
as compared to other dimensions such as tangibility, empathy and assurance, and patient
satisfaction—which,inturn,areproportionaltothepatient’sloyaltytothehospital.

MostoftheworkusestheservicequalityframeworkknownasSERVQUALtomeasurethe
qualityofservices.(Buyukozkan,Cifci,&Guleryuz,2011).Themostwidelyknownanddiscussed
scaleformeasuringservicequalityisSERVQUAL.ItwasproposedbyParasuraman,Zeithamal,and
Berry(1985).Initially,theyidentified10componentsofservicequality:reliability,responsiveness,
competence,access,courtesy,communication,credibility,security,understanding,andtangibles.Then,
intheir1988work,(Parasuraman,Zeithamal,&Berry,1988),theylimitedthesecomponentsintofive
dimensions:reliability,assurance,tangibles,empathy,andresponsiveness.Thisscalehasbeenapplied
inthehealthcarefieldinnumerousstudies(Dagger,Sweeney,&Johnson,2007;Andaleeb,2001;
Bakar,Akgün,&AlAssaf,2008;Bowers&Kiefe,2002;Dean,1999;Devebakan,2005;Devebakan
&Aksarayli,2003;Lee&Yom,2007;Lee,Lee,&Yoo,2000;Li,1997;Ramsaran-Fowdar,2008;
Pakdil&Harwood,2005;Wisniewski&Wisniewski,2005).

Researchersgenerallymakeinferencesbyemployingstatisticaltechniques.Thisgrowingtendency
getsaccentedinmakingefficientuseoforganisationaldatathroughdatamininganddatawarehousing
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(Beynon,Curry,&Morgan,2001).Hencethereisaneedfornewdataanalysisanddecision-making
techniques.Fuzzyset(Zadeh,1965),roughset(Pawlak,1982),andsoftsetMolodstov,1999)theories
are being established as leading theories for handlinguncertainty. However, these theories have
theirownlimitations.Theessenceofthefuzzysetliesinitsmembership’sfunctions.Determination
ofthemembershipfunctionsarebasedonintuitionandonthesituation(Chowdhary&Acharjya,
2017).So,thereisnoabsolutescalefordeterminingthemembershipfunctions.Thecorrectvalueof
membershipfunctionalwaysconfusingasitisshadedbyalackofinformationandbyavagueness
inthewaytheinformationwhichisincludedisrepresented.Ontheotherhand,roughsettheoryis
workableonlywhenanequivalencerelationinauniverseisdefined.However,inreal-lifedata,it
israretohaveanequivalenceclass.Hence,thestrictrequirementofanequivalenceclasslateronis
lessenedbyDe(1999).Heintroducedtheconceptoffuzzyproximityrelation.Thisconcept,along
withthatoftheroughset(roughsetinfuzzyapproximationspace—RSFAS)techniquehashelped
manyauthorstomaketheclassificationtaskeasier(Das&Acharjya,2014).

Softsettheorystatesthatanobjectcanonlybelongtoaparameteriftheobjectfullysatisfies
therequirementoftheparameter.Thus,theparametervaluecanbeeither0or1.However,inmany
real-life situations, information systems are quantitative rather than qualitative. It indicates that,
givenaparameter,anobjectmayliepartiallyratherthanfully.Thisintroducedtheconceptofthe
fuzzysoftset(FSS).

Therestofthepaperisorganizedasfollows:Atwo-stageinformationsystemmodelispresented
in Section 2. In Section 3, the authors discuss the rough set and RSFAS (rough set in a fuzzy
approximationspace)techniques.SoftsetandfuzzysoftsettechniquesarediscussedinSection4.In
Section5,theauthorsproposeadecision-makingmodel.InSection6,anempiricalstudytovalidate
themodelisdiscussedandtheresultisanalyzedinSection7.ThepaperisconcludedinSection8.

2. INFoRMATIoN SySTeM

Aninformationsystemcanbeviewedasatableknownasinformationtablewheretherowsconsidered
asobjectsandcolumnsasparametersorattributes(Wu,Yue,Li,&Adjei,2004).Aninformation
systemisdefinedasaquadruple I U E V f= ( , , , ) whereU  isa finitesetofobjectscalled the

universe,E isafinitenonemptysubsetofparameters,V V
a E

a
=

∈
∪ isanonemptysetofattribute

valuesand f U V: → isaninformationfunction.
LetusconsiderthesampleinformationsystemgiveninTable1,where,U x= { ,

1
x x x x

2 3 4 5
, , , } ;

E={Humidity,Windy,Cloudy,Temperature}.Theparametershavearangeofvalues,e.g.V
Cloudy

= {
Low Normal, High}, .Thisisanexampleofaqualitativesystem,wherealltheattributevaluesare
discreteandcategorical(qualitative).

Onthecontrary,theinformationsystemshowninTable2,U x x x x x= { , , , , }
1 2 3 4 5

representsa
setofcandidatesandE={Height,Weight,Chest}representsafinitenonemptysetofparameters.
Thisinformationsystemisaquantitativesystemsincealltheparametervaluesarenon-categorical.

3. RoUGH SeT

RoughsetwasfirstputforwardandestablishedbyPawlak(1982)todealwithvagueanduncertain
data.Thebasicdefinitionofroughsetsisbasedupontheapproximationofasetbyapairofsets
knownaslowerandupperapproximation(Acharjya&Das,2017).LetU betheuniverseoffinite
non-emptysetofobjects.LetR U U⊆ × isanequivalencerelationonU.Theequivalencerelation
RpartitionsthesetUintodisjointclassesanditisdenotedasU R/ .LetXbeasubsetofU.Therefore,
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thetargetsetXcanbedescribedbylowerandupperapproximationasrepresentedinequation(1)
and(2)respectively,whereRX andRX areR-lowerandR-upperapproximationsofXrespectively.

RX X U R X X= ∪ ′ ∈ ′ ⊆{ / : }  (1)

RX X U R X X= ∪ ′ ∈ ′ ∩ ≠{ }: φ  (2)

Table 1. A qualitative information system

Object Humidity Windy Cloudy Temperature

x
1

High Yes Normal Hot

x
2

Low No High Cool

x
3

Normal No Low Mild

x
4

Low Yes High Cool

Object Humidity Windy Cloudy Temperature

x
5

High No Low Hot

Table 2. Quantitative information system

Object Height Weight Chest

x
1

170 67 80

x
2

165 70 82

x
3

172 66 82

x
4

175 71 78

x
5

182 72 81
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BoundaryregionofthesetX,BN X
R
( ) ,istheobjectsinXthatcanbedistinguishedneitheras

amembernorasanon-memberofX employingtherelationR.ItisdenotedasBN X RX RX
R
( )= − .

AsetXissaidtobedefinableifRX RX= andthetargetsetisacrispseti.e.,thereisnoboundary
lineobjects.Similarly,itissaidtoberoughifRX RX≠ orequivalentlyBN X

R
( )≠ φ .

Rough set has many applications (Das, Acharjya, & Patra, 2014; Chowdhary & Acharjya,
2016).But,ithascertainlimitationswhilehandlingquantitativeinformationsystem.Thisisbecause
quantitativeattributevaluesarenotexactlyindiscernible,however,theyarealmostindiscernible.To
overcomethislimitationroughsethasextendedtoroughsetonfuzzyapproximationspace.

3.1. Rough Set on Fuzzy Approximation Space
Here, the authors present some of the definitions, notations and results of rough set on fuzzy
approximationspace(De,1999;Das,2016).

LetU beuniverseofdiscourse.AfuzzyrelationonU isafuzzysubsetof ( )U U× .Afuzzy
relation R  onU  is said to be a fuzzy proximity relation if µ

R
x x( , )= 1  for all x U∈  and

µ µ
R R
x y y x( , ) ( , )=  for all x y U, ∈ . For a given α ∈  [ , ]0 1 , the α -cut of R is given by

R x y
Rα µ α= ≥( , ) .Twoelementsxandyaresaidtobeα -similarwithrespecttoR if( , )x y R∈ α 

anditiswrittenasxR yα .Similarly,twoelementsxandyaresaidtobeα -identicalwithrespectto
R ifeitherxisα -similartoyorxistransitivelyα -similartoywithrespecttoR,i.e.,thereexists
asequenceofelements ( , , , .... , )u u u u

n1 2 3
inU suchthat xR u u R u u R u u R y

nα α α α1 1 2 2 3
, , .....,

,
.Ifx

andyareα -identicalwithrespecttofuzzyproximityrelationR ,thenwewrite( , )x y ∈ R( )α .It
iseasytoseethatforanyα ∈ [ , ]0 1 ,R( )α isanequivalencerelationonU .ThenotationRα

∗ isused
todenotethesetofequivalenceclassesgeneratedbythefuzzyproximityforanyα ∈ [ , ]0 1 .TheR( )α 

equivalenceclassofanelement x inU isdenotedby [ ]x α andthepair ( , ( ))U R α iscalledfuzzy
approximationspace.

LetX U⊆ .TheroughsetonfuzzyapproximationspaceofX inthegeneralizedapproximation
space( , ( ))U R α isdenotedby X Xα α,( ) ;beingthelowerapproximationandupperapproximation
arerepresentedinequation(3)and(4).

X Y Y R Y Xα α= ∈ ⊆∗∪ { : }and  (3)

X Y R Y Xα α φ= ∈ ∩ ≠∗∪ { : }  (4)

Theα -boundaryofX withrespecttoR isdefinedasBNR X X Xα α α( )= − .ThesetX is

saidtobeα -discerniblewithrespecttoR ifandonlyifX Xα α= orBNR Xα φ( )= .ThesetX

issaidtobeα -roughwithrespecttoR ifandonlyifX Xα α≠ orBNR Xα φ( )≠ .Itisclearly
identifiedthat,roughsetonfuzzyapproximationspacereducestoPawlak’sroughsetsifα = 1 .
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4. SoFT SeT ANd FUZZy SoFT SeT

Thetheoryofsoftset(Molodstov,1999)hasbeenundercontinuousdevelopmentforoverfewdecades
andagrowingnumberofresearchershaveshowninterestinthisarea.Softsetisamathematicaltool
fordealingwithuncertain,fuzzyandnotclearlydefinedobjects.Here,wepresentthefundamental
concepts,notationsandresultsonsoftset(Molodstov,1999;Majietal.,2002)whichformsthebasis
ofourproposeddecisionmakingmodel.

LetU beauniversalsetofobjectsandE beasetofparameters.LetP U( ) denotesthepower
setofU andA E⊆ .Apair ( , )F A iscalledasoftsetoverU ,whereF isamappinggivenby
F A P U: ( )→ .Inotherwords,thesoftsetisaparameterizedfamilyofsubsetsoftheuniverseU .
Fora A∈ ,F a( ) maybeconsideredasthesetofa –approximateelementsofthesoftset( , )F A .
Forillustrationwepresentanexampleasbelow.

LetU x x x x x x= { , , , , , }
1 2 3 4 5 6

beasetofapartmentsandE={Expensive(a
1
),Swimming

pool(a
2
),Children’spark(a

3
),Cheap(a

4
),Clubhouse(a

5
)}bethesetofparameters.Suppose

F x x( ) { , }Expensive =
3 4

;  F swim gpool x x x( min ) { , , }
`

=
1 3 6

;  F Children s x( ' ) { , park =
2



x x
4 5
, } ;F x x( ) { , }Cheap =

1 2
andF C house x x( lub ) { , }=

2 5
.Thesoftset(F,E)isaparameterized

family { ( ), , , , , }F a i
i
= 1 2 3 4 5 ofsubsetsof thesetUandgivesusacollectionofapproximate

descriptionsofanobject.ConsiderthefunctionFwhichis“apartments( ⋅ )”where( ⋅ )istobefilled
upbyaparametera E∈ .Thus,F a( )

1
meansapartments(Expensive)whosefunctionalvalueisthe

set{ , }x x
3 4

.ThiscanberepresentedintheformofaninformationsystemasshowninTable3.
In this case, to define a soft set means to point out expensive apartments, apartments with

swimmingpool,apartmentswithclubhouse,andsoon.Thesoftset(F,E)describestheoverall
charmingoftheapartmentwhichapersonisgoingtobuy.Therefore,itisworthnotingthatthesets
F a( ) maybeemptyforsomea A∈ .Inclassicalmathematics,amathematicalmodelofanobject
isconstructedandthenwefindtheexactsolutionofthismodel.Ingeneral,mathematicalmodelis
toocomplicatedandcannotfindtheexactsolution.Therefore, inthenextstep,weintroducethe
notionofapproximatesolutionandcalculatethatsolution.Now,westatesomeofthefundamental
conceptspertainingtosoftsettheory.

Table 3. Tabular representation of a soft set

U Expensive Swimming pool Children’s park Cheap Club house

x1 0 1 0 1 0

x2 0 0 1 1 1

x3 1 1 0 0 0

x4 1 0 1 0 0

x5 0 0 1 0 1

x6 0 1 0 0 0
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4.1. definition (Maji, Biswas, & Roy, 2003)

Fortwosoftsets( , )F A
1

and( , )G A
2

overacommonuniverseU,wesaythat( , )F A
1

isasoftsubset

of( , )G A
2

ifthefollowingconditionsholdandwewrite( , ) ( , )F A G A
1 2
⊆ .

(i) A A
1 2
⊆ and

(ii) F a( ) andG a( ) areidenticalapproximationsforalla A∈ .

4.2. definition (Maji, Biswas, & Roy, 2003)

Twosoftsets( , )F A
1

and( , )G A
2

overacommonuniverseUaresaidtobesoftequalifthefollowing
conditionshold.

(i) ( , )F A
1

isasoftsubsetof( , )G A
2

,i.e.,( , ) ( , )F A G A
1 2
⊆ and

(ii) ( , )G A
2

isasoftsubsetof( , )F A
1

,i.e.,( , ) ( , )G A F A
2 1
⊆

Maji,Biswas&Roy(2002)introducedtheconceptoffuzzysoftsetsbycombingtheconceptof
fuzzysetintosoftset.Theauthorrecallsthedefinitionsandpropertiesoffuzzysoftset.

4.3. definition (Maji, Biswas & Roy, 2002)
LetUbeauniversalsetandEbethesetofparameters.LetP(U)denotethesetofallfuzzysetsof
U.LetF’:A→P(U)forA⊆ E.Thenapair(F’,A)iscalledafuzzysoftset

LetUbethesetoffourhospitals,givenby,U={h1,h2,h3,h4}.LetEbethesetofparameters,
parametersarequalitative,givenbyE={excellent,outstanding,verygood,good}

e1standsforparameterexcellent;e2standsforparameteroutstanding;e3standsforparameter
verygood;e4standsforparametergood.

Nowsupposethat,

F’(e1)={h1/.3,h2/.8,h3/.4,h4/.5}.
F’(e2)={h1/.9,h2/.6,h3/.7}.
F’(e3)={h1/.7,h2/.8,h3/1,h4/.5}.
F’(e4)={h1/.1,h2/.3,h3/.4,h4/.2}

Thenfuzzysoftsetisgivenby

(F’,A)={Excellentpatientservice={h1/.3,h2/.8,h3/.4,h4/.5},
Outstandingpatientservice={h1/.9,h2/.6,h3/.7},
Verygoodpatientservice={h1/.7,h2/.8,h3/1,h4/.5},
Goodpatientservice={h1/.1,h2/.3,h3/.4,h4/.2}}

Thefuzzysoftsetisrepresentedintabularform(Table4)
Fewpropertiesoffuzzysubsetisdefinedbelow

4.4. definition
Fortwofuzzysoftsets(F’,A1)and(G’,A2)overacommonuniverseU,(F’,A1)isafuzzysoftsubset
of(G’,A2)if
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1. A1⊆ A2
2. F’(a)≤ G’(a) ∀ a⊆ A1

4.5. definition

1. Softsetisaspecialcaseoffuzzysoftset
2. Afuzzysoftset(F’,A)issaidtobeuniversalfuzzysoftsetifF’(a)=1 ∀ a∈ A
3. Afuzzysoftset(F’,A)issaidtobenormalfuzzysoftsetifF’(a)=0 ∀ a∈ A
4. Complementofafuzzysoftset(F’,A)isgivenby(F’,A)c=(1-F’(a),A) ∀ a∈ A

5. PRoPoSed FRAMewoRK

In this section, we propose a decision-making model for an information system. The proposed
modelconsistsoftwostages:StageI(pre-process)andStageII(post-process).Anabstractviewof
themodelisrepresentedinFigure1.Ingeneral,thedatainaninformationsystemareinmultiple
formatscontainingbothqualitativeand/orquantitativedata.Hence,thequantitativedatahavetobe
convertedintoqualitativedata.Inthepre-processstage,thedataiscleanedandaggregated;further,
thequantitativedata isprocessedbyusingaRSFAS(roughset ina fuzzyapproximationspace)
technique.Inadditiontothis,themodelhastheprovisionofroughsetreductiontechniquestoreduce
thenumberofattributesthatdonothaveaninfluenceintheinformationsystem.Further,basedon
theclassificationobtainedduringthepre-processphase,FSS(fuzzysoftset)techniquesareusedin
thepost-processphasetodiscoverdecisionsfromtheinformationsystem.Themainadvantageofthis
modelisthat,itworksforbothqualitativeandquantitativedata.Inaddition,itgivesdueandexact
importancetodatavaluesinsteadofcategorizingthemintotwoclasses(0and1).

5.1. Stage I (Pre-Process) design
Thissectionpresentsthedesignofthepre-processphasewhichconsistsofunderstandingtheproblem
alongwiththetargetdata,datacleaning,fuzzyproximityrelation,anddataclassificationasshown
inFigure2.Definingtheproblemandincorporatingpriorknowledgearethefundamentalstepsof
anymodel.Inaddition,atargetdataset—onwhichdecisionminingistobeperformed—isfound.
For each parameter, near-equivalence classes are computed using a fuzzy proximity relation as
discussedinSection3.1.Inordertoidentifythealmostindiscernibilityamongtheobjects,afuzzy
proximityrelationasdiscussedinsection3.1.Inordertoidentifythealmostindiscernibilityamong
theobjects,afuzzyproximityrelationR x x

i j
( , ) isdefinedamongtheobjectsx

i
andx

j
,where

R x x
V V

i j

x xi j( , )
| |

= −
−

1
Mean value

 (5)

Table 4. Tabular representation of fuzzy soft set

e1 e2 e3 e4

h1 0.3 0.9 0.7 0.1

h2 0.8 0.6 0.8 0.3

h3 0.4 0.7 1 0.4

h4 0.5 0 0.5 0.2
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V
xi

andV
xj

arethevaluesofobjectsx
i
andx

j
;meanvalueistheaveragevalueoftheparameter

foralltheobjectsintheinformationsystem.Themembershipfunctionhasbeenadjustedinsucha
mannerthattheirvaluesliein[0,1]andthefunctionmustalsobesymmetric.Thefuzzyproximity
relationidentifiesthenearindiscernibilityamongtheobjectsandinducesα -equivalenceclasses.
Atargetdatasetispreparedwhichwouldbeprocessedbyroughsetwithfuzzyapproximationspace.
For eachattributeα-equivalence classbasedon indiscernibility relation is computed.The fuzzy
proximityrelationRisframed,subsequentlyforeachattributecheckwhetherµ α

R
x y( , )≥ ;0 1≤ ≤α 

.Ifitisso,furtherwecheckforthirdattributez,
Whether µ α

R
x y( , )≥ and µ α

R
y z( , )≥ ,ifitsoclassconsistofattributes{x,y,z}.Similarly,

associationbetweenalltheattributesaredetermined.

5.2. Stage II (Post-Process) design
Inthissectiontheauthorsdiscusshowfuzzysoftsettechniquescanbeusedtoobtaindecisions.The
classificationobtainedinthepre-processistheinputtothepost-process.LetU x x x x

n
= { , , , .... , }

1 2 3


betheuniverseofdiscourse.Lettheclassificationobtainedbythe ith parameter ( )a
i

beU Rai/ α .
LetusassumetheclassificationU Rai/ α containsq-numberofequivalenceclasses,C j q

j
; 1≤ ≤ .

Therefore,

U R C C C Ca

q
i/ { , , , .... , }α = 1 2 3



Fortabularrepresentationofafuzzysoftset,computationoftheentriesofthetablewhichis
doneasfollows:

LettheclassificationC
J

containsN-objects;| |C N
J
= .Inordertoobtainthetabularentries

forthe ith parametera
i
,computeµai foreachequivalenceclassC

J
∈U Rai/ α ,where

Figure 1. An abstract view of proposed model
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Figure 2. Detailed pre-process architecture
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µa x

i

i t
V

m a
=

∑

×Maximum value of parameter 
;x C

t J
∈ 

Computeµai foreacha E
i
∈ .Fromthetabularrepresentationoffuzzysoftset,onecanobtain

thedecisionsbasedonthechoicevalue.Thechoicevalueofanobject x U
k
∈ isC

vk
andisgiven

asC
v

a E
k

a

k
i

i= ∑
∈
µ

whereµ
k

ai aretheentriesinthetableofthesoftset.Now,analgorithmisproposedfordecision
making

Algorithm
Input:Classificationobtainedinthepre-process
Output:Objecthavinghighestvalue.

1. Fortabularrepresentationoffuzzysoftset,computeentriesofthetablebyusing

µa x

i

i t
V

N a
=

∑

×Maximum value of parameter 
;x C

t J
∈ 

2. Determinechoicevalueofeachobjectoffuzzysoftsetbyusing

C
v

a E
k

a

k
i

i= ∑
∈
µ 

3. Findtheobjectforwhichthechoicevalueismaximum
4. Ifmorethanoneobjecthasthesamechoicevalue,then

a) Computeforthoseobjects δ µ µmn a am n= −| | and∆ =
≠
∑∑ δmn
n m nm ( )

Findtheobjecthavingminimum∆ value.

6. eMPIRICAL STUdy oN RANKING HoSPITALS

Thissectionpresentsareal-lifeapplicationtodemonstratethemodel.Inordertovalidatetheproposed
model,theauthorsconsideraninformationsystemwhichisacollectionofUSAhospitalsbyregion.
Theobjectiveistocomparetheregionsforhospitalserviceontopicsthatareimportanttopatients
andconsumers.Ashealthcareneedstransparency,itispreferredtohaveapublicreportingdata.

6.1. Stage I (empirical Study)
TheHCAHPS(Hospitalconsumerassessmentofhealthcareprovidersandsystems)surveyisannual
surveyandtheresultispubliclyreported.Thesurveyisaboutthepatient’sexperiencewhoarerecently
dischargedanditisconductedinrandomforadultinpatientsbetween2daysandsixweeksafter
discharge.Thesurveyisaboutthevariousfactorsofhospitalcareaccordingtopatient’sperceptiveness.
Themeasuresarecommunicationwithnurses(CN),communicationwithdoctors(CD),responsiveness
ofhospitalstaff(RHS),painmanagement(PM),communicationaboutmedicines(CM),cleanliness
ofhospitalenvironment(CHE),quietnessofhospitalenvironment(QHE),discharge information
(DI),caretransition(CT),hospitalrating(HR)andrecommendthehospital(RH).
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GroupsofstatesdefinedbytheUnitedStatescensusbureauarelistedbelow

NewEngland(NE)-CT,ME,MA,NH,RI,VT
Mid-Atlantic(MA)-NJ,NY,PA
SouthAtlantic(SA)-DC,DE,FL,GA,MD,NC,SC,VA,WV
EastNorthCentral(ENC)-IL,IN,MI,OH,WI
EastSouthCentral(ESC)-AL,KY,MS,TN
WestNorthCentral(WNC)-IA,KS,MN,MO,NE,ND,SD
WestSouthCentral(WSC)-AR,LA,OK,TX
Mountain(M)-AZ,CO,ID,MT,NM,NV,UT,WY
Pacific(P)-AK,CA,HI,OR,WA

DatasetusedforinvestigationispresentedinTable5.Thefuzzyproximityrelationcorresponding
toparametersCN,CD,RHS,PM,CM,CHE,QHE,DI,CT,HRandRHarecomputedandpresented
inTables6-16respectively.

Wehaveconsideredalmostsimilarityof98%i.e.α≥0.98;itisevidentfromTable6that

Table 5. Information system under study

CN CD RHS PM CM CHE QHE DI CT HR RH

NE 81.3 81.7 69 71.5 65.8 75.8 55 89 54.3 72 73.8

MA 78.3 78.3 64 69 61.7 71 54.3 86 49.3 67 67.3

SA 78.7 80.4 64.6 69.7 63.2 70.4 60.9 86.2 49.8 68.6 68.6

ENC 81.8 82 71.2 72.2 66 76.2 62.2 88.4 54.2 74.4 72.8

ESC 81.5 85.5 69.8 72.5 66.5 74 70 86 51 72.3 70.8

WNC 82.3 84.4 73.9 72.4 68 78.4 67.4 88 55.4 76.1 75.4

WSC 81.8 84.5 71 73.5 67.5 75.5 70.3 86 53.8 74.3 73.3

M 78.4 80.5 69.4 70.5 65 73.2 61.5 87.4 52.1 71.4 70.6

P 78.2 80.4 68 69 64.2 74 57.2 87.2 51.4 70.2 71.8

Table 6. Fuzzy proximity relation for attribute CN

RCN NE MA SA ENC ESC WNC WSC M P

NE 1 0.962 0.967 0.993 0.997 0.987 0.993 0.963 0.961

MA 0.962 1 0.995 0.956 0.96 0.95 0.956 0.998 0.998

SA 0.967 0.995 1 0.961 0.965 0.955 0.961 0.996 0.993

ENC 0.993 0.956 0.961 1 0.996 0.993 1 0.957 0.955

ESC 0.997 0.96 0.965 0.996 1 0.99 0.996 0.961 0.958

WNC 0.987 0.95 0.955 0.993 0.99 1 0.993 0.963 0.961

WSC 0.993 0.956 0.961 1 0.996 0.993 1 0.957 0.955

M 0.963 0.998 0.996 0.957 0.961 0.963 0.957 1 0.997

P 0.961 0.998 0.993 0.955 0.958 0.961 0.955 0.997 1
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RCN(NE,NE)=1,RCN(NE,ENC)=0.993,RCN(NE,ESC)=0.997,RCN(NE,WNC)=0.987,
RCN(NE,WSC)=0.993;
RCN(MA,SA)=0.995,RCN(MA,M)=0.998,RCN(MA,P)=0.998;

HencefuzzyproximityrelationforparameterCNiscalculatedas

U/Rα
CN={{NE,ENC,ESC,WNC,WSC},{MA,SA,M,P}}

Similarly,α-equivalenceclassofparametersCD,RHS,PM,CM,CHE,QHE,DI,CT,HR,RH
ascomputedfromTable7-16aregivenbelow

U/Rα
CD={{NE,SA,ENC,M,P},{ESC,WNC,WSC},{MA}}

U/Rα
RHS={{NE,ESC,ENC,WSC,M,P},{MA,SA}.{WNC}}

U/Rα
PM={{NE,ENC,ESC,WNC,WSC,MA,SA,M,P}}

U/Rα
CM={{NE,ENC,ESC,WNC,WSC,SA,M,P},{MA}}

U/Rα
CHE={{NE,ENC,WSC},{MA,SA},{ESC,M,P},{WNC}}

U/Rα
QHE={{NE,MA},{ESC,WSC},{SA,M,ENC},{WNC},{P}}

U/Rα
DI={{NE,ENC,ESC,WNC,WSC,MA,SA,M,P}}

U/Rα
CT={{NE,ENC,WSC},{MA,SA},{ESC,M,P},{WNC}}

U/Rα
HR={{NE,ESC,M,P},{MA},{SA},{ENC,WSC},{WNC}}

U/Rα
RH={{NE,ENC,WSC,ESC,M,P},{MA,SA},{WNC}}

SinceU/Rα
PMcontainsoneclass.ItindicatesU/E=U/(E-PM).Itshowsalltheparametervalues

ofPMareα-indiscernible.HencetheparameterPMmaybeexcludedfromtheinformationsystem.
SimilarlytheparameterDIalsocanbeexcluded.

6.2. Stage II (empirical Study)
Inthisstageofpostprocessanalysis,let’sconsidertheclassificationobtainedforparameterCN.Itis
seenthattheclassificationconsiststwoclasses.

LetC1={NE,ENC,ESC,WNC,WSC}andC2={MA,SA,M,P}}
Theproposedalgorithmforcomputingtopratingwasappliedtotheclassificationsobtained.
ThevalueofµCNforclassC1iscomputedas

µCN=
V V V V V

CN
x x x x x1 2 3 4 5

5

+ + + +

× max
= 81 3 81 8 81 5 82 3 81 8

5 82 3

. . . . .

.

+ + + +
×

=0.993

Similarly,thevalueofµCNforclassC2iscomputedas0.952.Thecomputationalprocedureis
repeatedforeachparameterCD,RHS,PM,CM,CHE,QHE,DI,CT,HRandRH.Nowtheoutput
isfuzzysoftsetvaluesoftheattributeswhicharerepresentedinTable17.However,thechoicevalue
(Cv)ofeachobjectispresentedinTable18.

Inordertoselectthebestregionforhospital,proposedalgorithmasdiscussedinsection5.2
isimposed.Accordingtoalgorithm,thechoicevalueofeachregioniscomputedandpresentedin
Table18.

7. ANALySIS oF THe eXPeRIMeNTAL ReSULT

ItisevidentfromTable18thatWNChasthehighestchoicevalueof8.909;hence,ittopsthelist
followedbyWSC(withachoicevalueof8.761)andESC(withachoicevalueof8.656).
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Table 7. Fuzzy proximity relation for attribute CD

RCD NE MA SA ENC ESC WNC WSC M P

NE 1 0.958 0.984 0.996 0.953 0.967 0.965 0.985 0.984

MA 0.958 1 0.974 0.954 0.912 0.925 0.924 0.973 0.974

SA 0.984 0.974 1 0.98 0.937 0.951 0.95 0.998 1

ENC 0.996 0.954 0.98 1 0.957 0.97 0.969 0.981 0.98

ESC 0.953 0.912 0.937 0.957 1 0.986 0.987 0.939 0.937

WNC 0.967 0.925 0.951 0.97 0.986 1 0.998 0.952 0.951

WSC 0.965 0.924 0.95 0.969 0.987 0.998 1 0.951 0.95

M 0.985 0.973 0.998 0.981 0.939 0.952 0.951 1 0.998

P 0.984 0.974 1 0.98 0.937 0.951 0.95 0.998 1

Table 8. Fuzzy proximity relation for attribute RHS

RRHS NE MA SA ENC ESC WNC WSC M P

NE 1 0.927 0.936 0.968 0.988 0.928 0.971 0.994 0.985

MA 0.927 1 0.991 0.895 0.915 0.856 0.898 0.921 0.942

SA 0.936 0.991 1 0.904 0.924 0.865 0.907 0.93 0.95

ENC 0.968 0.895 0.904 1 0.979 0.96 0.997 0.973 0.953

ESC 0.988 0.915 0.924 0.979 1 0.94 0.982 0.994 0.973

WNC 0.928 0.856 0.865 0.96 0.94 1 0.957 0.934 0.914

WSC 0.971 0.898 0.907 0.997 0.982 0.957 1 0.976 0.956

M 0.994 0.921 0.93 0.973 0.994 0.934 0.976 1 0.979

P 0.985 0.942 0.95 0.953 0.973 0.914 0.956 0.979 1

Table 9. Fuzzy proximity relation for attribute PM

RPM NE MA SA ENC ESC WNC WSC M P

NE 1 0.964 0.974 0.99 0.985 0.987 0.971 0.985 0.964

MA 0.964 1 0.99 0.954 0.95 0.952 0.936 0.978 1

SA 0.974 0.99 1 0.964 0.96 0.961 0.946 0.988 0.99

ENC 0.99 0.954 0.964 1 0.995 0.997 0.981 0.976 0.954

ESC 0.985 0.95 0.96 0.995 1 0.998 0.985 0.971 0.95

WNC 0.987 0.952 0.961 0.997 0.998 1 0.984 0.973 0.952

WSC 0.971 0.936 0.946 0.981 0.985 0.984 1 0.957 0.936

M 0.985 0.978 0.988 0.976 0.971 0.973 0.957 1 0.978

P 0.964 1 0.99 0.954 0.95 0.952 0.936 0.978 1
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Table 10. Fuzzy proximity relation for attribute CM

RCM NE MA SA ENC ESC WNC WSC M P

NE 1 0.936 0.96 0.996 0.989 0.966 0.973 0.987 0.975

MA 0.936 1 0.976 0.933 0.926 0.903 0.91 0.949 0.961

SA 0.96 0.976 1 0.956 0.949 0.926 0.933 0.972 0.984

ENC 0.996 0.933 0.956 1 0.992 0.969 0.976 0.984 0.972

ESC 0.989 0.926 0.949 0.992 1 0.976 0.984 0.976 0.964

WNC 0.966 0.903 0.926 0.969 0.976 1 0.992 0.953 0.941

WSC 0.973 0.91 0.933 0.976 0.984 0.992 1 0.961 0.949

M 0.987 0.949 0.972 0.984 0.976 0.953 0.961 1 0.987

P 0.975 0.961 0.984 0.972 0.964 0.941 0.949 0.987 1

Table 11. Fuzzy proximity relation for attribute CHE

RCHE NE MA SA ENC ESC WNC WSC M P

NE 1 0.935 0.927 0.994 0.975 0.964 0.995 0.964 0.975

MA 0.935 1 0.991 0.929 0.959 0.9 0.939 0.97 0.959

SA 0.927 0.991 1 0.921 0.951 0.891 0.931 0.962 0.951

ENC 0.994 0.929 0.921 1 0.97 0.97 0.99 0.959 0.97

ESC 0.975 0.959 0.951 0.97 1 0.94 0.979 0.989 1

WNC 0.964 0.9 0.891 0.97 0.94 1 0.96 0.929 0.94

WSC 0.995 0.939 0.931 0.99 0.979 0.96 1 0.968 0.979

M 0.964 0.97 0.962 0.959 0.989 0.929 0.968 1 0.989

P 0.975 0.959 0.951 0.97 1 0.94 0.979 0.989 1

Table 12. Fuzzy proximity relation for attribute QHE

RQHE NE MA SA ENC ESC WNC WSC M P

NE 1 0.988 0.906 0.885 0.761 0.803 0.757 0.896 0.965

MA 0.988 1 0.895 0.874 0.75 0.792 0.746 0.885 0.953

SA 0.906 0.895 1 0.979 0.823 0.896 0.85 0.99 0.941

ENC 0.885 0.874 0.979 1 0.876 0.917 0.871 0.988 0.92

ESC 0.761 0.75 0.823 0.876 1 0.958 0.995 0.865 0.796

WNC 0.803 0.792 0.896 0.917 0.958 1 0.953 0.906 0.885

WSC 0.757 0.746 0.85 0.871 0.995 0.953 1 0.86 0.792

M 0.896 0.885 0.99 0.988 0.865 0.906 0.86 1 0.931

P 0.965 0.953 0.941 0.92 0.796 0.885 0.792 0.931 1
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Table 13. Fuzzy proximity relation for attribute DI

RDI NE MA SA ENC ESC WNC WSC M P

NE 1 0.965 0.967 0.993 0.965 0.988 0.965 0.981 0.979

MA 0.965 1 0.997 0.972 1 0.977 1 0.983 0.986

SA 0.967 0.997 1 0.974 0.997 0.979 0.997 0.986 0.988

ENC 0.993 0.972 0.974 1 0.972 0.995 0.972 0.988 0.986

ESC 0.965 1 0.997 0.972 1 0.977 1 0.983 0.986

WNC 0.988 0.977 0.979 0.995 0.977 1 0.977 0.993 0.99

WSC 0.965 1 0.997 0.972 1 0.977 1 0.983 0.986

M 0.981 0.983 0.986 0.988 0.983 0.993 0.983 1 0.997

P 0.979 0.986 0.988 0.986 0.986 0.99 0.986 0.997 1

Table 14. Fuzzy proximity relation for attribute CT

RCT NE MA SA ENC ESC WNC WSC M P

NE 1 0.903 0.913 0.998 0.936 0.978 0.99 0.957 0.944

MA 0.903 1 0.99 0.905 0.967 0.882 0.913 0.946 0.959

SA 0.913 0.99 1 0.915 0.976 0.892 0.923 0.955 0.969

ENC 0.998 0.905 0.915 1 0.938 0.976 0.992 0.959 0.946

ESC 0.936 0.967 0.976 0.938 1 0.915 0.946 0.978 0.992

WNC 0.978 0.882 0.892 0.976 0.915 1 0.969 0.936 0.923

WSC 0.99 0.913 0.923 0.992 0.946 0.969 1 0.967 0.953

M 0.957 0.946 0.955 0.959 0.978 0.936 0.967 1 0.986

P 0.944 0.959 0.969 0.946 0.992 0.923 0.953 0.986 1

Table 15. Fuzzy proximity relation for attribute HR

RHR NE MA SA ENC ESC WNC WSC M P

NE 1 0.93 0.952 0.966 0.995 0.943 0.968 0.991 0.975

MA 0.93 1 0.977 0.897 0.926 0.873 0.898 0.938 0.955

SA 0.952 0.977 1 0.919 0.948 0.895 0.92 0.961 0.977

ENC 0.966 0.897 0.919 1 0.97 0.976 0.998 0.958 0.941

ESC 0.995 0.926 0.948 0.97 1 0.947 0.972 0.987 0.97

WNC 0.943 0.873 0.895 0.976 0.947 1 0.975 0.934 0.918

WSC 0.968 0.898 0.92 0.998 0.972 0.975 1 0.959 0.943

M 0.991 0.938 0.961 0.958 0.987 0.934 0.959 1 0.983

P 0.975 0.955 0.977 0.941 0.97 0.918 0.943 0.983 1
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Inordertohavemoresimulationoftheproposedmodel,dataresultsfromtheHCAHPSsurvey
ofdischargedpatients(betweenJanuary2017toDecember2017)areusedfortestingthemodel.
ThedataareprocessedinStageIandStageIIexactlyinthesamewayasthepreviousdatahave
been.Keepingthelengthofthepaperinview,wehaveomittedthedetailedstep-by-stepprocedure.
However,thefinalresultisrepresentedinTable19.

Inordertogivethemmorevisibility,thescoresarevisualizedinFigure3below.Itisclearthat
thehighesthistogrambaristhatofWNC,whichstandsatthetopposition

Further,theauthorsanalyzeFSS(fuzzysoftset)valuesinTable17fromadifferentperspective.
Theynowdefineauniversalfuzzysoftsetinformationsystem—asisrepresentedinTable20.

Now theHammingdistancebetween thecorrespondingentriesofTable17andTable20 is

computed.ThehammingdistancebetweenµA(x)andµB(x)isgivenby 1

2
µ µ
A B
x x( ) ( )−∑ .The

distances,calculatedaccordingtoregion,arepresentedinTable21.
FromTable21,itisclearthatWNCisleastdistantfromthetargetset.Hence,theserviceoffered

byWNCismostoptimizedascomparedtoitscounterparts.Thecomparativechoicevaluescore,as
listedbyregion(for2016and2017dischargedata),isrepresentedgraphicallyinFigure4.

7.1. Comparative Analysis with existing Techniques
Itisevidentfromtheliteraturethatmostoftheagencyrankingsarebasedonstatisticaltechniques.
Theymeasurevariousqualityparametersandaggregatethemtocalculatethefinalscore.Hence,
theproposedresearchispresentedincomparisontothestatisticalmodeltoshowtheviabilityofits
result.TheempiricaldatafromtheresultsoftheHCAHPSsurveyfordischargedpatientsin2016
aretakenintoconsiderationintheanalysisoftheresults.

FromTable22,itisclearthattheresultsobtainedbytheproposedresearchandbythestatistical
method are quite in agreement with each other. WNC and WSC are ranked first and second,
respectively,bybothofthemethods.Likely,regionsM,P,SA,andMAoccupiedthesixth,seventh,
eighth,andninthposition,respectively,ascomputedbybothtechniques.However,thereisaslight
variationintherankingobtainedbyregionsNE,ENC,andESCwhilecomparingbothtechniques

8. CoNCLUSIoN

ThisstudyproposesahybridtechniqueemployingtheRSFAS(roughsetinafuzzyapproximation
space) and FSS (fuzzy soft set) techniques. RSFAS is an extension of the rough set technique,

Table 16. Fuzzy proximity relation for attribute RH

RRH NE MA SA ENC ESC WNC WSC M P

NE 1 0.909 0.927 0.986 0.958 0.977 0.993 0.955 0.972

MA 0.909 1 0.981 0.923 0.951 0.987 0.916 0.954 0.937

SA 0.927 0.981 1 0.941 0.969 0.905 0.934 0.972 0.955

ENC 0.986 0.923 0.941 1 0.972 0.963 0.993 0.969 0.986

ESC 0.958 0.951 0.969 0.972 1 0.936 0.965 0.997 0.986

WNC 0.977 0.887 0.905 0.963 0.936 1 0.97 0.933 0.95

WSC 0.993 0.916 0.934 0.993 0.965 0.97 1 0.962 0.979

M 0.955 0.954 0.972 0.969 0.997 0.933 0.962 1 0.983

P 0.972 0.937 0.955 0.986 0.986 0.95 0.979 0.983 1
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whereasFSSisanextensionofthesoftsettechnique.Theauthorshaveproposedamodelfordecision
making.Themodelhasbeenusedforrankingthehospitals.Thisresearchreflectshowcomputational
intelligencetechniques—suchasroughsetandsoftsettechniques—canbeemployedforrankingthe
hospitals.Inadditiontothis,theproposedframeworkwouldbemoresuitableforhandlingreallife
problemswherethedataisquantitativeinnature.

Everytechniquehasitslimitations.Similarly,theproposedframeworkcannotsuitablyprocessa
largevolumeofdata,asthecomplexitywouldincreaseinpolynomialtime.However,wecanaddress
thisissuebythediscretizationofrawdata.Thisresearchcanbecarriedoutfurtherbyproceeding
inthefollowingdirections:

1. InTable21,wehavederivedtheHammingdistancebyregion.Ofthemall,theWNCregionhas
theminimumdistance(0.0455),whereastheMAregionhasthemaximumdistance(0.5015),from
thetargetset.ItsignifiesthattheerrorassociatedwithWNCisleast,whiletheerrorassociated
withMAishighest.Infutureresearch,anoptimizationtechniquesuchasaGeneticalgorithm
canbeemployedtominimizetheerror.

2. ThispaperemploystheRSFAS(roughsetinafuzzyapproximationspace)techniqueinthefirst
stage.Afutureresearchframework,replacingtheRSFASapproachwithanRSIFAS(arough
setinanintuitionisticfuzzyapproximation)technique,canbedesigned.Similarly,thefuzzysoft
set(FSS)approachcanbereplacedbytheintuitionisticfuzzysoftset(IFSS)technique.

3. Futureresearchcanalsobecarriedoutbyusingamulti-granulationroughsettechnique.

Table 17. Tabular representation of fuzzy soft set

CN CD RHS CM CHE QHE CT HR RH

NE 0.993 0.947 0.943 0.967 0.96 0.777 0.976 0.939 0.957

MA 0.952 0.915 0.87 0.907 0.901 0.777 0.894 0.88 0.901

SA 0.952 0.947 0.87 0.967 0.901 0.875 0.894 0.901 0.901

ENC 0.993 0.947 0.943 0.967 0.96 0.875 0.976 0.977 0.957

ESC 0.993 0.991 0.943 0.967 0.94 0.997 0.929 0.939 0.957

WNC 0.993 0.991 1 0.967 1 0.958 1 1 1

WSC 0.993 0.991 0.943 0.967 0.96 0.997 0.976 0.977 0.957

M 0.952 0.947 0.943 0.967 0.94 0.875 0.929 0.939 0.957

P 0.952 0.947 0.943 0.967 0.94 0.813 0.929 0.939 0.957

Table 18. Choice value region wise

Region NE MA SA ENC ESC WNC WSC M P

Choice
value

8.459 7.997 8.208 8.595 8.656 8.909 8.761 8.449 8.387

Table 19. Choice value by region (for 2017 data)

Region NE MA SA ENC ESC WNC WSC M P

Choicevalue 8.414 8.038 8.243 8.599 8.683 8.899 8.751 8.497 8.332



International Journal of Healthcare Information Systems and Informatics
Volume 15 • Issue 1 • January-March 2020

58

4. Theresultobtainedthroughallthesetechniquescanbecomparedsoastoidentifythecombination
mostsuitedtosolvingthegivenproblem.

Figure 3. Choice value (score) by region

Table 20. Universal fuzzy soft set

CN CD RHS CM CHE QHE CT HR RH

NE 1 1 1 1 1 1 1 1 1

MA 1 1 1 1 1 1 1 1 1

SA 1 1 1 1 1 1 1 1 1

ENC 1 1 1 1 1 1 1 1 1

ESC 1 1 1 1 1 1 1 1 1

WNC 1 1 1 1 1 1 1 1 1

WSC 1 1 1 1 1 1 1 1 1

M 1 1 1 1 1 1 1 1 1

P 1 1 1 1 1 1 1 1 1

Table 21. Hamming distance (according to region)

Region NE MA SA ENC ESC WNC WSC M P

Distance 0.2705 0.5015 0.396 0.2025 0.172 0.0455 0.1195 0.2755 0.3065
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Figure 4. Comparison of choice value (Score) by region

Table 22. Comparative analysis

Region Proposed Research Statistical Technique

Choice value Rank Normalized score Rank

NE 8.459 5th 6.826 4th

MA 7.997 9th 0.099 9th

SA 8.208 8th 1.76 8th

ENC 8.595 4th 7.824 3rd

ESC 8.656 3rd 6.65 5th

WNC 8.909 1st 10.086 1st

WSC 8.761 2nd 8.351 2nd

M 8.449 6th 4.369 6th

P 8.387 7th 3.372 7th
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