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ABSTRACT

Inthisarticle,theeffectivenessoftheintuitionisticfuzzyTOPSISmodel(IF-TOPSISEF)
is tested for addressing, capturing, and resolving theeffectof correlationbetween
attributes,otherwisecalledthedependencyofattributes.Thiswasachievedbyusing
several normalization methods in the implementation of the IF-TOPSISEF model.
Furthermore,theresultofthecomputationiscomparedwiththeoneobtainedwhenthe
normalizationmethodsareimplementedusingatraditionalTOPSISmodel.Thestudy
contributesandextendsthestateoftheartinTOPSISmethodstudy,byaddressing,
capturingandresolvingtheeffectofcorrelationbetweenattributesotherwisecalled
dependencyofattributes.
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Dependency of Attributes, IF-TOPSISEF, Intuitionistic Fuzzy TOPSIS Model, Traditional 
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1. INTRODUCTION

TOPSIS is one of the most widely used decision-making techniques (Aikhuele &
Turan, 2017). It was developed by Hwang and Yoon in 1981, and is based on the
conceptthatthemostappropriatealternativeinasetofalternativesshouldhavethe
shortestdistancefromthepositiveidealsolutionandthefarthestdistancefromthe
negative ideal solution. Where the positive ideal solution tends to maximizes the
benefitcriteriaandminimizesthecostcriteria,whereasthenegativeidealsolution
maximizesthecostcriteriaandminimizesthebenefitcriteria(Behzadianetal.,2012).
Themethodhasacompensatoryaggregation, thatcomparessetsofalternativesby
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identifyingtheweightsforeachcriterion,andthenormalizethescoresforthecriterion
andcalculatingthegeometricdistancebetweeneachofthealternativeandtheideal
alternative,whichisregardedasthebestscoreineachofthecriterion.Theratingand
assigningofweightaredonebyagroupofdecisionmakershencetheprocessissaid
tobeimprecise,sincehumanjudgmentsarevagueandcannotbeestimatedwithexact
numericvalues.However,toresolvetheambiguityarisingfromtheratingscaleand
vaguehumanjudgments,Chen(2000)presentedanextensionoftheTOPSISmodel
to the fuzzyenvironment,givingnumericalexampleofasystemanalysisengineer
selectionforasoftwarecompany.

Ever since, several other authors have contributed and extended the TOPSIS
modelinthefuzzyenvironment,someofwhichinclude,Awasthietal(2011)who
presentedafuzzyTOPSISmodelfortheevaluationandselectionofthebestlocation
forsitinganurbandistributioncentre,themodelusedthefuzzyset-basedtheoryfor
quantifyingthecriteriavaluesunderuncertainty.ChenandTsao(2008)proposes
anextensionoftheTOPSISmethodbasedoninterval-valuedfuzzysetsindecision
analysis,usingacomprehensiveexperimentalanalysistoobservetheinterval-valued
fuzzyTOPSISresultsyieldedbydifferentdistancemeasures.Chu(2002)appliedthe
fuzzyTOPSISmodelfortheselectionofplantlocation,wheretheratingsandweights
assignedbydecisionmakersareaveragedandnormalizedintoacomparablescale.
Tsauraetal.(2002)appliesthefuzzysettheoryfortheevaluationofservicequality
ofanairlinecompany.Ding(2011)usesthefuzzyTOPSISmodelforimprovingthe
qualityofdecisionmakingandforrankingalternatives,thefuzzyTOPSISmodel
alsoaccountsfortheclassificationofcriteriabyintegratingtheweightofcriteria
andthatofthesub-criteria.

Yong‐taoetal.(2010)appliestheFuzzyTOPSISapproachinassistingcontractors
inselectingappropriateprojects forbidding, themodelwhichconsideredmultiple
attributes,integratestheopinionsofagroupexperts.Linguistictermswereusedin
gatheringtheexpert’sopinionandwaslaterconvertedtothetriangularfuzzynumbers
foronwardratingsofalternatives.Aguarón-Joven(2015),discusstheassumptionin
TOPSISmethodologythatallcontemplatedattributesareindependentinnature,they
furthersuggesttheneedtoextendthestateofthearttoaddressthedependencyissue
of attributes since TOPSIS model measures distances in the Euclidean norm. The
majorityofpublishedliteratureontheTOPSISmethodologyhasalwaysassumethe
independencyofattributes.Inthispaperhowever,someexampleshavearepresented
toshowtheeffectivenessof theIntuitionisticfuzzyTOPSISmodelwhichisbased
onexponential-related function (IF-TOPSISEF)originallyproposed in (Aikhuele&
Turan,2017;Aikhuele&Turan,2016)fordealingwithattributesdependencyissues.
ThisisachievedbyimplementingthetraditionalTOPSISmodeloriginallyproposed
byHwang&Yoon(2000)usingseveralnormalizationmethodsandthencompared
theresultswiththeonesfromtheIF-TOPSISEFunderthesamecondition.Thestudy
contributesandhaveextendthestateoftheartinthestudyofTOPSISmethodology
byaddressing, capturingand resolving the effectof correlationbetweenattributes
otherwisecalleddependencyofattributes.
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The rest of the paper is organized as follows; in the proceeding Section, the
computational stepsof the traditionalTOPSISmodel and that of the IF-TOPSISEF
modelarepresented.Insection3,anumericalcasestudyispresentedtodemonstrate
the effectiveness of the model, while some concluding remarks on resolving the
dependency issuesofAttributes anda theoretical comparisonofproposedmethod
withthetraditionalfuzzyTOPSISmethodaregiveninsection4.

2. PRELIMINARIES

Inthissection,theimplementationstepsofthetraditionalTOPSISmodelasdescribed
(Cablesetal.,2012;Afsordegan,2015;Aikhuele&Turan,2016)arepresentedas
showninTable1,whiletheproposedcomputationalalgorithmoftheIF-TOPSISEF
isgiveninthesubsection.

2.1. The Proposed IF-TOPSISEF Model
LetconsideranMAGDMproblemwhereasetofalternatives � , , , ,A A A A A

m
= …{ }1 2 3

,
are assessed with respect to the attributes denoted by � , , , ,C C C C C

m
= …{ }1 2 3

. The
characteristicsof thealternativeAiwith respect toanattributeCj aredefined first
withlinguisticvariableandthenconvertedtoanIntuitionisticFuzzySet(IFS)value
a v
ij ij ij
= ( )µ ,  i m j n= … = …( )1 2 1 2, , , , , , , , which represents the membership, non-

membershipandhesitancydegreeofthealternativeAi ∈ Awithrespecttotheattribute
Cj ∈ Cfortheintuitionisticfuzzyconcept.AscomparedtothetraditionalTOPSIS
algorithm, theproposedIF-TOPSISEFmodeloffersageneralviewofTOPSISwith
grouppreferenceaggregation.ThecomputationalgorithmoftheIF-TOPSISEFisgiven
inthefollowingsteps:

Step 1:SetupagroupofDecision-makers(DMs)andaggregatealltheirindividual
assessmentmatricesD k lk = …( )1 2 3, , , , intoonecomprehensivegroupassessment
matrix � ( )R a

mxn ij
usingtheintuitionisticfuzzyweightedgeometric(IFWG)operator

(Li,2014)(seeEquation2):

Table 1. The main implementation steps

Computational Steps of the Traditional Fuzzy TOPSIS Method

1 TheconstructionofDecisionmatrix

2 TheNormalizationofthedecisionmatrix

3 Theweightednormalizationofthedecisionmatrix

4 DeterminationofthePositiveIdealSolution(PIS)andtheNegativeIdealSolutions(NIS)

5 Calculationofthedistancesofeachalternativetothepositiveandnegativeidealsolutions

6 CalculationoftheClosenessCoefficient(CC)ofallthealternativesandfinally

7 Rankingofthealternatives
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whereµ
ij

isthemembershipfunction,v
ij

thenon-membershipwhile γ
j
istheweight

vectoroftheDMs.

Remark: If the data show clear dependents the comprehensive group assessment
matrixshouldbenormalized.

Step 2:Constructtheexponential-relatedmatrix.

Using the exponential-related function (ER), the intuitionistic fuzzy decision
matrix R a

mxn ij( )  isconvertedintotheexponentialrelatedmatrix ERM ER a
mxn ij ij  ( )( ) 

whichrepresentstheaggregatedeffectofthepositiveandnegativeevaluationsinthe
performanceratingsofthealternativesbasedontheintuitionisticfuzzyset(IFS)data:
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whereµ themembershipfunction,whilevisthenon-membershipfunctionoftheIFS:
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Step 3:Determinetheweightoftheattributesusingtheintuitionisticfuzzyentropy
(IFE)method.

Following the operations of the IFS and based on the generalization of fuzzy
information entropy, the intuitionistic fuzzy entropy method which is based on
subjectiveandobjectiveapproachisdefined.
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Definition 4.2 (Liu & Ren, 2014):Seebelow.

Letus consider an intuitionistic fuzzy setA in theuniverseofdiscourse. .The
intuitionisticfuzzysetAcanbetransformedintoafuzzysettostructureanentropy
measureoftheintuitionisticfuzzysetbymeansof � / .µ µ

A i A i A i
x x v x( ) = ( )+ − ( )( )1 2 

Basedonthedefinitionoffuzzyinformationentropy,Liu&Ren(2014)proposesthe
intuitionisticfuzzyentropymethodforthecomputationofattributeweightswhenthe
weightinformationiscompletelyunknown.Bydescribingtheentropymeasuresof
theintuitionisticfuzzysetAasatrigonometricfunction:

E A
n

x v x

i

n
A i A i( ) = +
( )− ( )









=
∑

1

4 41

2 2

Cot
π µ

π  (5)

whiletheattributeweightisdefinedas:
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j
=
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1ω ,H
m
E A

j j
= ( )1

�and 0 1≤ ≤H
j

for j n= …( )1 2 3, , , , .

Step 4:Definetheintuitionisticfuzzypositiveandnegativeidealsolution.

The intuitionistic fuzzy positive ideal solution (IFPIS) � ,A v
j j

+ = ( )µ  and the
intuitionisticfuzzynegativeidealsolution(IFNIS)A v

j j
− = ( )µ , ,fortheIF-TOPSISEF

modelappliedinthisthesisispredeterminedforthecomputationoftheexponential
relatedfunction-baseddistancemethodasshownbelow:

A C C C j n
j j

+ = 


 ∈{ } = …, , , , , , ,1 1 1 2 3� � ��  (6)

A C C C j n
j j

− = 


 ∈{ } = …, , , , , , ,0 0 1 2 3� ��  (7)

Step 5:Computetheexponentialrelatedfunction-basedseparationmeasures.

UsingtheexponentialrelatedmatrixERM ER a
mxn ij ij  ( )( ) andtheattributeweights,

under an intuitionistic fuzzy environment the exponential related function-based
separationmeasures( ( , )d A A

i i
+ + and d A A

i i
− −( )( ), foreachalternativefromtheIFPIS

andIFNISiscalculated:
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where ω
j
istheweightofthecriteria.

Step 6:CalculatetherelativeclosenesscoefficientofeachalternativetotheIFPIS.

Compute therelativeclosenesscoefficient, CC
i( ) ,which isdefined torankall

possiblealternativeswithrespecttotheIFPISA+.Thegeneralformulaisgivenas:

CC
d A A

d A A d A A
i

i i

i i i i

=
( )

( ) + ( )

− −

− − + +

,

, ,

�

�
 (10)

whereCC i n
i
� , ,�..=( )1 2 istherelativeclosenesscoefficientofA

i
withrespecttothe

positiveidealsolutionA+and 0 1≤ ≤� � .�CC
i

Step 7:Rankthealternativesinthedescendingorder.

3. ILLUSTRATIVE EXAMPLES

Toprovetheeffectivenessofthemodelsinaddressing,capturingandresolvingthe
effect of correlation between attributes otherwise called dependency of attributes,
twoillustrativeexamplesfromliteraturearepresented.

Example 1:LetusconsiderapracticalMADMproblemoriginallyreportedbyHung&
Chen(2009)todemonstratetheeffectofdependentattributesonthefinalranking
result.CarefulobservationofthedecisionmatrixasgiveninTable2showssome
fewdependenciesof the criteriaon eachother, as it relates todatahaving the

Table 2. Decision matrix

C1 C2 C3

A1 (0.70,0.20) (0.85,0.10) (0.30,0.50)

A2 (0.90,0.05) (0.70,0.25) (0.40,0.50)

A3 (0.80,0.10) (0.85,0.10) (0.30,0.60)

A4 (0.90,0.00) (0.80,0.10) (0.20,0.70)

A5 (0.80,0.15) (0.75,0.20) (0.50,0.40)
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samevalues.Wedeterminethebestalternativewithrespecttothecriteriausing
the TOPSIS methodology and then the IF-TOPSISEF model with the following
normalizationmodes;Idealnormalization(IN)method,Distributivenormalization
(DN)methodandLinearMax-Minnormalization(LMM)method.

Ideal normalization (IN) method:Theidealnormalizationmethodrequiresdividing
each element in column by the highest value or lowest value depending if the
criteriaweretobemaximizedorminimizedi.e.:

r
x

u
for a n and i m

ai
ai

a

= = … = …
+

, , , , ,� � � �1 1 2 

where:

u x for all a n
a ai
+ = ( ) = …max , ,� � 1 

Similarly:

r
x

u
for a n and i m

ai
ai

a

= = … = …
−

, , , , ,� � � �1 1 2 

where:

u x for all a n
a ai
− = ( ) = …max , ,� � 1 

Distributive normalization (DN) method: The distributive normalization (DN)
methodrequires theelementaredividedby thesquarerootof thesumofeach
squaredelementinacolumni.e.:

r
x

x
for a n and i m

ai
ai

a

n

ia

= = … = …

=∑ 1

2

1 1 2, , , , ,� � � � 

Linear Max-Min normalization (LMM) method:TheLinearMax-MinNormalization
techniquecanrepresentinthefollowinggeneralform:

r
x

x x
i m and j n

ai

ij x

j
max

j
min

j
min

=
−

= … = …
−

, , , , ,� � �1 1 2 
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In using the implementation steps given in Table 1 and in Section 2.1 for the
TOPSISmethodologyandthatoftheIF-TOPSISEFmodelrespectively,thedependencies
issuesintheillustratedexampleabovecanbesolvedusingthedifferentnormalization
methods. The result of the traditional TOPSIS methodology using different
normalizationmethodsisshowedinTable3.Incomparingthethreenormalization
methodsfortheTOPSISmethodology,itisnothardtoseethatthereisacleardifference
intherankingresults,whichprovesthatthetraditionalTOPSISmethodologyisunable
toaccuratelyaddress,captureandresolvetheeffectofcorrelationbetweenattributes
(dependencyofattributes).

Also,intheimplementingthestepsgiveninSection2.1,thedependenciesissues
in the illustrated example above can be solved using the different normalization
methods.TheresultoftheproposedIF-TOPSISEFmodelusingdifferentnormalization
methodsisshowedinTable4.Incomparingthethreenormalizationmethodsforthe
TOPSISmethodology,it isnothardtoseethat therankingresultsaresameforall
threenormalizationmethods.ThisclearlyshowsthattheproposedIF-TOPSISEFmodel
areabletoaccuratelyaddress,captureandresolvetheeffectofcorrelationbetween
attributes(dependencyofattributes).

Example 2:LetusconsideranotherpracticalMADMproblemoriginallyreportedby
Li(2005),todemonstratetheeffectofdependentattributesonthefinalranking
result.CarefulobservationofthedecisionmatrixasgiveninTable5showssome
fewdependenciesofthecriteriaoneachother(i.e.datahavingthesamefuzzy
values).Inthiscase,wedeterminethebestalternativewithrespecttothecriteria

Table 4. The proposed model with various normalization modes

ID Method Ranking DN Method Ranking LMM Ranking

A1 0.858 3 0.799 3 0.858 3

A2 0.873 2 0.803 2 0.872 2

A3 0.853 4 0.798 4 0.848 4

A4 0.820 5 0.791 5 0.813 5

A5 0.902 1 0.806 1 0.904 1

Table 3. Traditional TOPSIS model with various normalization modes

ID Method Ranking DN Method Ranking LMM Ranking

A1 0.594 2 0.488 4 0.761 4

A2 0.524 4 0.551 2 0.779 2

A3 0.543 3 0.500 3 0.772 3

A4 0.460 5 0.482 5 0.724 5

A5 0.651 1 0.568 1 0.872 1
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usingthetraditionalTOPSISmethodandthentheIF-TOPSISEFmodelwiththe
following normalization modes; Ideal normalization (IN) method, Distributive
normalization(DN)methodandLinearMax-Minnormalization(LMM)method.
Thecriteriaweightvectorisgivenasw

T
= ( )0 25 0 4 0 35. , . , .� � ,respectively.

Just like example1 above, inusing the implementation stepsgiven inTable1
andinSection2.1fortheTOPSISmethodologyandthatoftheIF-TOPSISEFmodel
respectively,thedependenciesissuesintheillustratedexample2,abovecanbesolved
using the different normalization methods. The result of the traditional TOPSIS
methodologyusingdifferentnormalizationmethodsisshowedinTable6.Incomparing
thethreenormalizationmethodsfortheTOPSISmethodology,itisnothardtosee
thatthereisacleardifferenceintherankingresults,whichprovesthatthetraditional
TOPSISmethodologyisunabletoaccuratelyaddress,captureandresolvetheeffect
ofcorrelationbetweenattributes(dependencyofattributes).

Also,intheimplementingthestepsgiveninSection2.1,thedependenciesissues
in the illustrated example above can be solved using the different normalization
methods.TheresultoftheproposedIF-TOPSISEFmodelusingdifferentnormalization
methodsisshowedinTable7.Incomparingthethreenormalizationmethodsforthe
TOPSISmethodology,it isnothardtoseethat therankingresultsaresameforall
threenormalizationmethods.ThisclearlyshowsthattheproposedIF-TOPSISEFmodel

Table 5. Decision matrix

C1 C2 C3

A1 (0.75,0.1) (0.6,0.3) (0.8,0.2)

A2 (0.8,0.15) (0.68,0.2) (0.45,0.5)

A3 (0.4,0.45) (0.75,0.05) (0.6,0.3)

Table 6. Traditional TOPSIS model with various normalization modes

ID Method Ranking DN Method Ranking LMM Ranking

A1 0.547 1 0.563 3 0.544 1

A2 0.523 2 0.588 2 0.510 2

A3 0.433 3 0.589 1 0.438 3

Table 7. The proposed model with various normalization modes

ID Method Ranking DN Method Ranking LMM Ranking

A1 0.770 1 0.903 1 0.904 1

A2 0.751 3 0.821 3 0.821 3

A3 0.764 2 0.840 2 0.840 2
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areabletoaccuratelyaddress,captureandresolvetheeffectofcorrelationbetween
attributes(dependencyofattributes).

Furthermore,inTable8,themaindifferencesbetweentheIF-TOPSISEFmodeland
thetraditionalfuzzyTOPSISmethodhavebeenpresented.Fromthecomputational
stepsof theIF-TOPSISEFmodel, thedifferencesnoted in the table, representsome
ofthekeyimprovementsthathavemadeoverthetraditionalfuzzyTOPSISmethod.

4. CONCLUSION

In thispaper,someexampleshavebeenpresented toshowtheeffectivenessof the
IntuitionisticfuzzyTOPSISmodelwhichisbasedonexponential-relatedfunction(IF-
TOPSISEF)originallyproposedin(Aikhuele&Turan,2016;Aikhuele&Turan,2016)
fordealingwithattributesdependency issues.Thiswasachievedby implementing
thetraditionalTOPSISmodeloriginallyproposedbyHwang&Yoon(2000)using
severalnormalizationmethodsandthencomparedtheresultswiththeonesfromthe
proposed IF-TOPSISEF under the same condition. The study contributes, and have
extended the state of the art in the study of TOPSIS methodology by addressing,
capturingandresolvingtheeffectofcorrelationbetweenattributesotherwisecalled
dependencyofattributes.

Thecomputationalresultsfromthetwo(2)examples,showsthatthetraditional
TOPSISmodelarenotconsistentandareunabletoeffectivelyaddressandhandle
attributedependenciesissues.However,fortheproposedIF-TOPSISEFmodel,the

Table 8. Theoretical comparison of the methods

Difference IF-TOPSISEF Model Fuzzy TOPSIS Method

Scale Intuitionisticfuzzynumbers Fuzzytrianglenumbers

Normalization Withoutpriornormalizationwhennoclear
dependentsofdata,otherwiseitisnormalized Normalization

Separationdistancemeasure Exponentialrelatedfunction Euclideandistance

Dependentandindependent
attributes

Assumeallcontemplatedattributesare
dependent

Assumeallcontemplatedattributes
areindependent

Attributeweights Subjectiveandobjectiveapproach Subjectiveapproach

Uncertainty Moreflexible,practicalandcapablein
handlinguncertaintyinpractice. Handleuncertaintyinpractice.

Membershipfunction

Themodelrepresentsmembershipfunctionin
threegradesthatisthemembershipdegree
 µ ,non-membershipdegree  v ,and

hesitancydegree  π .

Itrepresentsjustonegradeof
membershipfunctionthatisthe
membershipdegree  µ .

DMsriskattitude AccountsforDMsriskattitude Notconsidered

BiasconditionandAssessment
Captureboththepositivitybiasandnegativity
biaswiththeusedoftheExponentialrelated
function.

Notconsidered
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rankingresultsforthethreenormalizationmodesshowsthatthemodeliscapable
ofaddressing,capturingandresolvingtheeffectofcorrelationbetweenattributes
otherwise called dependency of attributes. Finally, with the results from the
caseexamplespresented,thestudycanconcludethereforethat,theIF-TOPSISEF
providesabetteralternativemethodoverthetraditionalTOPSISmethodinsolving
MCDMproblems.Inthefurther,themodelwillbeusetosolvekeymulti-attribute
decision-makingproblems.
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