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Abstract

Supplier selection is a key component of the supply chain management. The methods based on analytic network process
(ANP) for solving supplier selection problem have been proposed because ANP can handle the interdependentrelationships
of the decision attributes. However, they are not always offering an optimal solution when the supplier selection problem
is presented in a vague or incomplete form. To handle the uncertainties we propose a method which combines the analytic
network process (ANP) method with Dempster-Shafer (DS) evidence theory. We demonstrate the efficiency and accuracy
of our method on a numerical example. By comparing our results with DS/AHP approach, we demonstrate that the proposed
method is flexible and effective in dealing with the supplier selection problem.
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1. Introduction

Supplier selection plays animportant role in the manufacturing process. The companies have to work with different suppliers
to carry out their activities so that the components and parts can be delivered on time. It is a very important problem to
work with the right supplier in the supply chain systems. Therefore, strategic partnership with better suppliers needs to be
formulated to improve profitability, quality, flexibility and robust performance as well as to reduce the cost.

Supplier selection is a multi-criteria decision making (MCDM) problem. A number of MCDM methods have been
proposed (1; 2), including including analytic hierarchy process (AHP) (3; 4), analytic network process (ANP) (5), TOPSIS
(6; 7) and others (8). The AHP is a structured technique for organizing and analyzing complex decisions, developed by
Thomas L. Saaty inthe 1970s (9; 10). It focuses on comparing and evaluating different criteria towards the objective through
constructing the hierarchical levels. The AHP does not perform well in situations when there interactions and dependencies
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across the criteria at different levels (11). The ANP (12) can overcome the limitations of AHP: it can deal with the
dependencies and interactions across the elements atiségigels quantitatively. To date, the ANP is the most common
tool for tackling the selection problems (13; 14).

In the process of determining the optimal supplier, expkrtswledge plays an important role. For example, in AHP,
the comparison matrices are provided by many experts aioeptd their knowledge. Based on experts’ evaluation, we
are able to allocate the appropriate weight for the cormedimg criteria. However, in many cases, uncertainties appe
in experts’ subjective and quantitative assessment. Merea many situations, it is difficult for us to use a precigzy
to measure the performance of each decision alternatipec&sdly in many large systems. From this point of view, it is
inevitable for us to handle the incomplete or vague inforamainvolved in many systems.

So far, many researchers have focused on the supplierisalpcoblem under uncertain environment (15; 16; 17; 18).
Several techniques have been employed to deal with thig,issigh as fuzzy set, probability-based approaches etcngmo
them, Dempster-Shafer theory is an efficient tool with thibtglo handle vague information (19; 20). Itis more geri¢nan
probability and possibility theories and can be appliedarnohcertain situations even if limited or conflicting inficeition
is provided by experts. In addition, the basic operatiori3arfpster-Shafer theory allows the users to combine theorand
and epistemic uncertainty in a more straightforward wayheuit any assumptions. With the ability of coping with the
uncertainty or imprecision embedded in evidence, Demy&hearfer theory is widely used in many applications, such as
information fusion (21; 22; 23), target recognition (24) 28d decision making (26; 27; 28; 29; 30).

Here, we are motivated to combine ANP and Dempster-Shaferytiheory to present a novel method named DS-ANP.
By combing them together, we are capable of employing théiléy offered by Dempster-Shafer theory theory for the
incomplete and vague information and the modeling powerdPAor the supplier selection problem. To the best of the
authors’ knowledge, this is the first attempt to incorpotiageANP method with Dempster-Shafer theory theory of evigen
to solve the supplier selection problems.

The remainder of the paper is organized as follows. Sectgines the literature review. Section 3 details the proposed
method. A real-world case is used to illustrate the methatitha results of the application are discussed in Section 4.
Main findings and contributions are drawn and future worksarggested in Section 5.

2. Literature review

According to the current literatures, suppler selectiotyfscally a multi-criteria decision making (MCDM) problem
To date, various techniques, such as the analytic hiergyobgess (AHP), analytic network process (ANP), fuzzy set
theory, genetic algorithm (GA), mathematical programmsigple multi-attribute rating technique (SMART), haveehe
employed to deal with this problem. The literature on swgEelection can be summarized from two aspects. The first one
is mainly focused on the introduction of mathematical orrgitative decision-making approaches, and the second deal
with the uncertain information contained in the supplidesgon problem. In this section, we will review the liteuag
from these two perspectives.

Due to the flexibility and simplicity of AHP, it has been vergular in the past decades (31; 11; 32; 33). For example,
Chan (34) combined an Interactive Selection Model (ISMhwHP to handle the supplier selection process systemigtical
and quantitatively. Yang and Chen (35) incorporated grégtiomal analysis to the AHP methodology to select the best
suppliers for cooperation. Bei, Wang, and Hu (36) preseatedHP-based model to identify the most preferred supplier
in manufacturing supply chain. Chan and Kumar (3) combinexty set theory with AHP and presented the a fuzzy
extended AHP (FEAHP) approach using triangular fuzzy nusibe improve the AHP method and to facilitate global
supplier selection process. Chan et al. (37) and Lee (38 gabvrief review on the applications of fuzzy AHP. Shaw
et al. (39) integrated fuzzy-AHP with fuzzy multi-objeatilinear programming for selecting the appropriate supjiie
the supply chain, addressing the carbon emission issuen®gcDeng et al. (40) presented a new effective and feasibl
representation of uncertain information—D numbers. Based@dHP, they have investigated its applications in supplier
selection and environmental impact assessment (41).
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Although AHP has been widely in many manufacturing systemesyever, in contemporary society, each factor is
influenced by each other. In many cases, these criteriaatttavith each other. For example, the cost of a car is in
association with its quality. The better the quality, thghr the price. From this point of view, it is meaningful f& u
to take into consideration the interrelationships exgtimthese criteria. Although AHP is very popular method talde
with MCDM problems, it can only handle solve problems witk tbp-to-bottom hierarchies and cannot accommodate the
variety of interactions, dependencies and feedbacks leetelements (42). Therefore, ANP has been proposed to handle
the interrelationships among elements in a problem seffihgt's why many researchers have drawn their attentian fro
AHP to ANP.

Inrecent years, the applications of the ANP in supplierd&la has increased substantially when compared with AHP.
Sarkis and Talluri (43) built an ANP-based supplier setetthodel by considering a series of factors including openat,
tangible and intangible measures. Gencer and Girpinastigaged ANP’s application in the supplier selection peoil
and carried outin an electronic firm. Wu (44) et al. proposeidtegrated multi-objective decision-making processsing
analytic network process (ANP) and mixed integer prograngniMIP) to determine the selection of supplier. However,
they did not take into consideration the imprecise or vagdierination involved in the supply chain systems. Vinodh,
Anesh and Gautham presented a fuzzy analytic network psaéeszy ANP) approach (45) and used it to select the
supplier for an Indian electronics switches manufactudogpany. Actually, fuzzy ANP is faced with many problems,
including ranking fuzzy numbers, the consistency in thejuzomparison matrices. The aforementioned problems need
to be addressed before it can be implemented directly itevwerld applications. Kuo and Lin (46) combined ANP with
data envelopment analysis (DEA) technique to overcomeghstraint of DEA that the users cannot set up criteria weight
preferences. DEA technique is not capable of processingeiog®e data or information in the process of determining the
optimal decision alternative. Recently, Dou, Zhu and Sarkroduced (47) a grey analytical network process-bagpey (
ANP-based) model to identify green supplier developmengmams that will effectively improve suppliers’ perforntan
But grey ANP-based model is mainly used to predict the peréorce for an enterprise in the long run and its ability to
handle the epistemic uncertainty is weak in many situations

In addition to the above, there are also many other apprseaate the hybrid methods dealing with this open issues,
e.g. the mixture of FANP and fuzzy TOPSIS (48), the integratf semi-fuzzy SVDD and CC-Rule method (49), Linear
Programming (50). Except for the introduction of mathec®dtor quantitative decision-making approaches, a lot of
researchers have focused on handling the vague informiatibis problem.

Since uncertainty is one of the features of real-world agpions, especially in the supplier selection problem,ynan
methods have been proposed to deal with this problem (53334, 55; 56; 57; 58; 59), such as fuzzy set theory (60; 6} ; 62
interval theory (63; 64; 65). For example, Amin, Razmi ancdp (66) integrated the fuzzy logic and triangular fuzzy
numbers with SWOT in the context of supplier selection. Taale(67) integrated DEA, AHP and TOPSIS with AFS
theory (axiomatic fuzzy set theory) integrating the adages of each method and overcome their own deficienciesie sol
the supplier selection problem.

However, for fuzzy set theory and interval theory, it is riegd to construct the membership function under uncertain
environment in advance. It is difficult to determine theski@a before making the decision. In real-world supply cbain
it costs lots of time and money to conduct many experimentshfe purpose of building such membership functions.
Similarly, for the interval theory and AFS theory, the sammeljlem exists, too. As a result, the above theories is not
practical in many real-world applications due to their digantages and drawbacks.

Dempster-Shafer evidence theory is a novel tool capablamdling vague information and it has been applied in many
fields to describe uncertainty, such as decision analyatteqm recognition, risk assessment, supplier selectidrothers
(19; 53; 68). For example, Beynon, Curry, and Morgan combAidP with evidence theory and applied it into multicriteria
decision modelling (69). Since then, DS/AHP has receivedigattention (11; 70).

Although there are abundant literatures about the seleofisuitable supplier in the literature, however, to théhaus’
knowledge, there were relatively few works which combineahipster-Shafer evidence theory and ANP to deal with this
problem. In this paper, by combining them, we are capableafiyy of advantages of both Dempster-Shafer evidenceyheor
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and ANP. As a result, we are motivated to to combine ANP anditen-Shafer theory theory to present a novel method
named DS-ANP. By combing them together, we are capable olisting the flexibility offered by Dempster-Shafer theory
theory for the incomplete and vague information and the rilogl@ower of ANP for the supplier selection problem.

3. Proposed method

First of all, we identify criteria and sub-criteria for camtting the DS/ANP method. AHP is employed to build the
initial weights associated with each criteria and subeddt DS/AHP is used to construct the attribute’s basic abily
assignment (BPA). By considering the dependencies andaittens across the criteria, we construct the super matrix
formulated by the initial weights. Based on ANP, the weigtdaciated with each attribute can be calculated. By using
Dempster’s rule of combination, the performance of eacpkeipcan be determined. The flowchart of the proposed method
is shown in Fig. 1.

Selection of the best supplier

Supplier selection and sub criteria identification

!

Construct the dependencies and interactions

.

Determine the weight associated with each attribute using ANP

A 4
‘ o

A
DS/AHP is employed to build initial
BPA for each supplier

‘

]

@lier 2

A 4

‘
‘

Dempster's rule of combination

v

Calculate final BPA

Selection of best supplier

Fig. 1. Flowchart of the proposed method
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3.1. Supplier selection and sub-criteria identification

To evaluate the performance of each supplier, first it is ireguto carefully identify all possible elements and fastor
that need to be inspected and assessed. In this paper, thechieal structure for supplier selection, as shown in Ejg

is originated from Ref. (45). As can be seen from Fig. 2, weehidentified five criteria as the dimensions in the ANP
model. These are business improvement (Bl), extent of &t(le®©F), quality (Q), service (S), risks (R). The secondlleve
consists of various attributes under different criterieh8s four attributes: reputation of industry (ROI), finadatrength
(FS), managing ability (MA), organization customers (CBDF has three attributes: sharing of expertise (SOE), fiexib
practices (FP), diversified customers (DC). Q has thretbatérs: low defect rate (LDR), commitment to quality (CTQ),
and improved process capacity (IPC). S also has threewdttsbon time delivery (OTD), quick responsiveness (QR),
supplier capacity (SC1). R has three attributes: supplgtraimt (SC2), buyer supplier constraint (BSC), suppliefife
(SP). All the attributes and hierarchical structures ampéed from Ref. (45).

Different from Ref. (45), we consider the interactions ie #econdly level. As shown in Fig. 2, a looped arc is used
in the ANP model to show such interdependencies. The alieesahat the decision-maker wishes to evaluate are shown
at the bottom of the model. In this paper, we take into comaitten four decision alternatives: Supplier A, Supplier B,
Supplier C, Supplier D.

3.2. Constructing the weight associated with each critan@sub-criteria

In this step, both AHP and ANP are used to construct the weigtitoss the criteria. For the attributes in Layer 1, AHP
(10) is employed to construct such weights. We build a sefipairwise comparisons to establish the relative impaan

of determinants in achieving the objectives. A ratio of eck}9 is used to compare any two criteria. Table 1 displays the
pair-wise comparison scale for AHP preferences. A scoreméans that these two elements are important equally while
a score of 9 denotes that overwhelming dominance of the eleover the comparison element. If an attribute has weaker
impact when compared with its comparison element, the rahtfee scores will be reversed from 1 to 1/9. In addition to
this, an index called consistency ratio (CR) is built to dhtee consistency of the weights across all the criterias€he
criteria will be used to calculate the final supplier selattiveighted index (SSWI).

Table 1. Pair-wise comparison scale for AHP preferences

Numerical Rating  Verbal judgement of preferences

Equally preferred

Moderately preferred

Strongly preferred

Very strongly preferred

Extremely preferred

2,4,6,8 Intermediate values between the two adjacent jedtgn
Reciprocals When activitycompared tg is assigned one of the
above numbers, then activifycompared ta is assigned
its reciprocal

© N 01wk

For the criteriain Layer 2, as there are interdependenniesig these criteria. Here, ANP will be employed to calculate
the weight of each sub-criteria. The pairwise comparisoasreade to capture interdependencies among the sub-ariteri
One such comparison is presented in Table 2. It presentesdt of Bl with ROI as the controlling attribute over other
sub-criteria. Specially speaking, as shown in Table 2, uttterule of reputation of industry (ROI), which one is more
important among the criteria financial strength (FS), marggbility (MA), and organization customers (OS).

As can be seen from Table 2, it can be noted that FS has the maximpact (0.6694) on the criteria Bl over other
attributes when ROl is treated as the controlling attriblrte similar way, the other pairwise comparison matriceshm
built. In ANP, the super matrix is formulated by such kind affvise comparison matrices, which allows us for resohutio
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of interdependencies across all the attributes. Aftertipessmatrix converges to a stable state, the the relativeritapce
measures for each attribute can be obtained. Different fraditional DS/AHP, we take into consideration the intéiats
and interdependencies existing in the supplier selectioblem. DS/ANP is a generalization of DS/AHP and it makes
DS/AHP more flexible and more reasonable when dealing wélttimplex systems.

Table 2. Pairwise comparison matrix for the sub-criteriaager 2 under the ROI criteria

ROI FS MA (0N Weight
FS 1 3 7 0.6694
MA 1/3 1 3 0.2426

(ON) 1/7 1/3 1 0.0879

3.3. Building BPA associated with each criteria

In this step, DS/AHP is used to construct the BPA associatiéitl @ach decision alternative. DS/AHP is proposed by
Beynon et al. (69), which enables a measure of uncertaintjgamorance to be constructed. In DS/AHP, the decision maker
expresses their preference by comparing a group of decftiematives t@ while in AHP, it makes pairwise comparisons
between individual decision alternatives. For DS/AHP,ftillowing 5—unit scale is adopted as a basis for discrimirgat
levels of knowledge (71). Normally,in this scale has the value 6£2159.

Here, we give a brief introduction to the DS/AHP approach.the ROI attribute, we build the following knowledge
matrix as shown in Table 3. The values in the final column agarbasures of favourability of certain groups of decision
alternatives in each row with respectitolt can be noted thad, D viewed as extremely favourable when compareél to

Table 3. Initial knowledge matrix for ROI criterion

ROl {AD} {C}

{AD} 1 0 6p
c o 1 4p
0 1/(6p) 1/(dp) 1

Table 4. Priority values for groups of decision alternatie@dd

Priority
ROI
A D 0.7153
C 0.1870
0 0.0977

Following the method in Ref. (72), we can construct the wisiglerived as the eigenvectors of the Knowledge Matrix,
which are shown in Table 4. We treat these priority alloagaias BPA. As a consequence, we have:

my ({A, D}) = 0.3625,m ({D}) = 0.2417, m ({#}) = 0.3958

Following the same way, we can construct the BPA for the athigria. By this way, all the BPAs can be built.

3.4. Ranking all the suppliers

Inthe second step, by using ANP, we have calculated the Wisiggach attribute in Layer 2. In addition, the BPA assaaiat
with every criterion has been built. However, we do not camlihem together. In this step, we will combine the weight
and the BPA of every attribute.
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Definition 3.1. LetU be the frame of discernmer’m,;-l be the new BPA after discounting. The discounting operaton
accomplished as follows.

A; # U,
A =U. )

ml(A,) = ajm;(A;),
1 —a; +a;m;(U),

wherem; is the BPA of focal elemend;.

By making full use the discount technique shown in Definitigrwe will apply the weight of each criterion into the
corresponding BPA. According to the Dempster’s rule of coration, the BPA associated with every attribute can be
aggregated. In this way, the performance of each decistemattiive can be calculated.

Selection of the best supplier

.

Supplier Selection Weighted Index(SSWI)

A\ 4 -H

A 4 A A 4 A
Business Extent of . . .
Improvement(BI) Fitness(EOF) Quality(Q) Service(S) Risks(R)

4 4 A 4 A A
1) Reputation of 1) Sharing of 1)Low Defect 1)On Time 1)Supply
Industry(ROI) Expertise(SOE) Rate(LDR) Delivery(OTD) Constraint(SC2)
2)Financial 2)Flexible 2)Commitment to 2)Quick 2)Buyer Supplier
Strength(FS) Practices(FP) Quality(CTQ) Responsiveness(QR) Constraint(BSC)
3)Managing 3)Diversified 3)Improved Process 3)Supplier 3)Supplier
Ability(MA) Customers(DC) Capacity(IPC) Capacity(SC1) Profile(SP)
4)Organization
Customers(OS)

| Supplier C |

Fig. 2. The hierarchical structure for the supplier setettiAdopted from Ref. (45).

4. Case Study

The case study has been implemented at Salzer Eletroniétetithereafter referred to Salzer) (45). Salzer is a manufa
turing company producing Cam operated rotary switches asetias of other products, which was founded #4. As
shown in Fig. 2, the best supplier can be determined basduearatculation of SSWI. SSWI is associated witfactors:
business improvement (BI), extent of fithess (EOF), qué@y; services (S), and Risks (R), respectively.

First of all, we will construct the knowledge matrix for eactiterion. As shown in Fig. 3, it shows us the DS/AHP
decision tree for determining the supplier. For instanaetHe attribute ROI, from Fig. 3, it can be noticed that twstidict
groups of decision alternative§4, D} and{C}) have been identified as being comparable to the frame oéwiszent
©. For the other criteria, their knowledge matrices can bé bua similar way. Table 5 shows us the initial knowledge
matrix for every attribute.
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Fig. 3. Decisions when only one single criteria is considere
Table 5. Initial knowledge matrix for each attribute
ROI {AD} {C} 9 SOE {D} {ABf 0 CTQ {B {AD} ¢ SC1 {B} {D} 0
{AD} 1 0 6p {D} 1 0 6p {B} 1 0 6p {B} 1 0 6p
{c} 0 1 4p {AB} O 1 5p {AD} O 1 2p {D} 0 1 2p
0 1U6p) 1dp) 1 6 1U@6p) UG) 1 6 1Uep) U@p) 1 6 1U@6p) 1U@p) 1
FS {D} {B} 6 FP {B} {cby 6 IPC {c} {D} 0  SC2 {AC} (D} 0
{D} 1 0 4p {B} 1 0 5p {C} 1 0 4p {AC} 1 0 5p
{B} 0 1 3p {CD} O 1 4p {D} 0 1 2p {D} 0 1 4p
0 Udp) UGB 1 6 1UGp) 1) 1 6 Udp) 1@p) 1 6 1U(sp) 1) 1
MA {AC} (B} 0 DC {B,D} {A} 9 OTD {B {A} 9 BSC {D} {A} 0
{Act 1 0 6p {BD} 1 0 5p {B} 1 0 5p {D} 1 0 6p
{B} 0 1 2p  {A} 0 1 3p {A} 0 1 3p {A} 0 1 3p
6 ep) U2Zp) 1 6 UGp) 1Ep) 1008 UsSp) 1Ep) 10 ep) 1(GEp) 1
(o] {c} {A} 6 LDR  {D} {A} 0 QR {A} {D} 0 SP {D} {BC} ¢
{C} 1 0 4p {D} 1 0 6p {A} 1 0 3p {D} 1 0 5p
{A} 0 1 2p  {A} 0 1 2p {D} 0 1 2p {BC} O 1 4p
0 Udp) U2p) 1 6 Uep) 1@2p) 1 6 U@GEp) 1U@p) 1 6 1U(sp) 1) 1

Based on the data in Table 5, following the approach predéntgection 3.3, we can construct BPA for each attribute
shown in Table 6.

Table 6. The initialized BPA associated with each attribute

Criteria  BPA

ROI m{ A, D}=0.3625,r{C'}=0.2417,r{©}=0.3958

FS m{D}=0.2952,{ B}= 0.2214,r{©}= 0.4834

MA m{A, C}=0.4124,r{ B}= 0.1375,r{© }= 0.4502
0os m{C}=0.3187,{ A}= 0.1594,{©}= 0.5219
SOE m{D}=0.3419,{ A, B}=0. 2849,r{©}= 0. 3732
FP m{B}=0.3215,{C, D}=0. 2572,i{©}= 0. 4212
DC m{B, D}=0. 3436,{ A}= 0. 2062,/{©}= 0. 4502
LDR m{D}=0.4124,i{ A}=0. 1375,r{©}= 0. 4502
CTQ m{B}=0.4124,{ A, D}= 0. 1375,{©}= 0. 4502
IPC m{C'}=0. 3187,r{D}=0. 1594,{©}= 0. 5219
OTD m{B}=0. 3436,i{ A}= 0. 2062,r{© }= 0. 4502
QR m{A}=0.2597,{D}=0.1732,{©}=0. 5671
SC1 m{B}=0.4124,{D}=0. 1375,r{©}= 0. 4502
SC2 mA,C}=0.3215,{ D}=0. 2572,{©}= 0. 4212
BSC m{D}=0.3858,n{ A}=0.1929,n{©}=0. 4212
SP m{D}=0. 3215, B,C}=0. 2572,,{©}=0. 4212
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In what follows, the weight of every sub-criteria in lay®is determined using ANP. In ANP, AHP is used to evaluate
each criteria’s weight, which is introduced in detail in See 3.2. Following this way, Table 7 shows the judgment ixatr
of each criteria in Laye®.

Table 7. Pairwise comparison matrix for the sub-criteriaager 2 under different controlling criteria

ROI FS MA  OS Weight SOE FP DC Weight  IPC LDR CTQ  Weight

FS 1 3 7 0.6694  FP 1 12 03333 LDR 1 3 0.7500
MA 1/3 1 3 0.2426 DC 2 1 0.6667 CTQ 1/3 1 0.2500

os 17 1/3 1 0.0879 FP SOE DC Weight OTD QR SC Weight
FS ROl MA OS \Weight SOE 1 3 0.7500 QR 1 2 0.6667

ROI 1 1/4 1/4 0.1085 DC 1/3 1 0.2500 sSC 12 1 0.3333
MA 4 1 1/2  0.3445 DC SOE FP Weight QR OTb SC Weight

0os 4 2 1 05469 SOE 1 1/3 02500 OTD 1 5 0.8333
MA ROl FS OS  Weight FP 3 1 0.7500 sC 1/5 1 0.1667

ROI 1 1/4 1/4 0.1048 LDR CTQ IPC Weight  SC1 OTD QR Weight
FS 4 1 3 0.6046 CTQ 1 4 0.8000 OTD 1 3 0.7500

0s 4 1/3 1 0.2906 IPC 1/4 1 0.2000 QR 1/3 1 0.2500
0os ROl MA FS  Weight CTQ LDR IPC Weight  SC2 BSC SP Weight
ROI 1 1/3 1/7  0.0879 LDR 1 1/3 0.2500 BSC 1 1/4 0.2000
MA 3 1 1/3  0.2426 IPC 3 1 0.7500 SP 4 1 0.8000

FS 7 3 1 0.6694  SP SC BSC  Weight

BSC SC SP Weight  SC 1 1/3 0.2500

SC 1 1/5 0.1667 BSC 3 1 0.7500

SP 5 1 0.8333

Next, the relative importance of each dimension for a deiteaint is obtained through a pairwise comparison matrix.
Four such matrices can be formulated in the present casenatriees for the criteria Bl, EOF, Q, S, R are shown in Tables
8-10. As for the criteria in the first layer, their weights ah®wn in Table 11.

In what follows, the weights for each attribute can be b#tshown in Table 12, the second column shows the weight
associated with the criteria in the first layer while thedtdolumn displays the relative importance of the attriburtebe
second layer. The data in the 4th column is adopted from theezrged super matrix as shown in Table 14. We give the
weight associated with each attribute in the 5th column.example, for the attribute FS, its final weight is calculated

below:

wrs = 0.1089  0.1570 * 0.3187 = 0.0054

After normalization, the weights are shown in the final cofuofi Table 12.

Next, according to the discounting operation shown in Ej.afid Dempster's combination rule, we can build the
performance for each decision alternatives. In order toatestnate the efficiency of the proposed method, we have catpa
it with DS/AHP method proposed in Ref. (71). Table 15 and Bighow us the performance of each supplier. It can be
noticed that Supplier B has the highest priority weight biotfbS/AHP and DS/ANP approaches. In addition to this,
there is a 22.55% level of combined uncertainty in the DS/ANHe there is a 17.48% level of combined uncertainty in
DS/AHP. Besides, from Fig. 4, we can also find that the inteedelencies and interactions across the criteria play b vita
role to determine the performance associated with eackidadlternatives. For example, for the decision altevedil,
its priority weight in DS/ANP approach is less than in DS/ARiRthod by a degree of 16% percent.

Table 8. Pairwise comparisons for attributes Bl and EOF

o ] ] (b) Pairwise comparisons for EOF crite-
(a) Pairwise comparisons for Bl attribute

ria
Bl ROI FS MA  OS  Weight EOF SOE FP DC Weight
ROI 1 2 5 3 0.0882 SOE 1 3 2 0.5472
FS 1/2 1 3 2 0.1570 FP 1/3 1 2 0.2631
MA 1/5 13 1 1/2  0.4829 DC 1/2 12 1 0.1897
oS 1/3 12 2 1 0.2720
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Table 9. Pairwise comparisons for attributes Q and S

(a) Pairwise comparisons for Q attribute

Qualty LDR CTQ IPC  Weight Services OTD QR SC
LDR 1 1/3 1/2 0.1634 OTD 1 3 7
CTQ 3 1 2 0.5396 QR 1/3 1 3
IPC 2 1/2 1 0.2970 SC 1/7 173 1

Table 10. Pairwise comparisons for Risks (R) criteria

Table 11. Weight of each criteria in Layer 1(Cl=0.0895)

Risks SC BSC SP Weight

SC 1 1/2 1/3  0.1634

BSC 2 1 172 0.2970

SP 3 2 1 0.5396

BI EOF Q S R  Eigen vector

Bl
EOF

1 12 1/4 15 3 0.1089
2 1 172 13 2 0.1491
4 2 1 172 2 0.2538
5 3 2 1 3 0.4028
13 12 172 13 1 0.0854

Table 12. The final weights for each criteria

(b) Pairwise comparisons for S criteria

Dimensions  Attributes 1 adopted from Table 11 2 adopted ffabiles 8-10 3 adopted from converged super matrix ~ Weights rmillized Weights
BI ROI 0.1089 0.0882 0.0917 0.0009 0.0024
FS 0.1089 0.1570 0.3187 0.0054 0.0148
MA 0.1089 0.4829 0.3155 0.0166 0.0449
oS 0.1089 0.2720 0.2741 0.0081 0.0220
EOF SOE 0.1491 0.5472 0.3391 0.0277 0.0749
FP 0.1491 0.2631 0.3478 0.0136 0.0370
DC 0.1491 0.1897 0.3131 0.0089 0.0240
Q LDR 0.2538 0.1634 0.3299 0.0137 0.0371
CTQ 0.2538 0.5396 0.3452 0.0473 0.1280
IPC 0.2538 0.2970 0.3249 0.0245 0.0663
S OoTD 0.4028 0.6694 0.4452 0.1200 0.3251
QR 0.4028 0.2426 0.3484 0.0340 0.0922
SC1 0.4028 0.1897 0.2064 0.0158 0.0427
R SC2 0.0854 0.1634 0.1751 0.0024 0.0066
BSC 0.0854 0.2970 0.3735 0.0095 0.0257
SP 0.0854 0.5396 0.4514 0.0208 0.0563
0.45
0.4
0.35
z
= 03
2P
g 0.25
Z 02
z 0 E DS-ANP
S
& 015 = DS-AHP
0.1
0.05

0

S O

NS D
\V'S‘S’\s?\;b

<
- 3 Qa

N DO

Decision Alternatives

Fig. 4. The comparison results between DS/ANP and DS/AHP



Criteria ROI FS MA

ROI 0 0.1085 0.1048
FS 0.6694 0 0.6046

MA 0.2426  0.3445 0

oS 0.0879 0.5469 0.2906

SOE
FP
DC
LDR
CTQ
IPC
oTD
QR
sc1
sc2
BSC
SP

SS8201d YRMNARUY pue A109U| 92USPIAT U0 paseg uondales Jalddns

Table 13. Super matrix before convergence

TT
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Weight

ROI FS MA 0S SOE

FP

DC

LDR

CTQ

IPC OTD

QR

SC1

SC2

BSC

SP

ROI
FS
MA
os
SOE
FP
DC
LDR
CTQ
IPC
oTD
QR
sc1
sc2
BSC
sP

0.0917 0.0917
0.3187 0.3187
0.3155 0.3155
0.2741 0.2741

0.0917 0.0917
0.3187 0.3187
0.3155 0.3155
0.2741 0.2741
0.3391
0.3478
0.3131

0.3391
0.3478
0.3131

0.3391
0.3478
0.3131

0.3299
0.3452
0.3249

0.3299
0.3452
0.3249

0.3299

0.3452

0.3249
0.4452
0.3484
0.2064

0.4452
0.3484
0.2064

0.4452

0.3484

0.2064
0.1751
0.3735
0.4514

0.1751
0.3735
0.4514

0.1751
0.3735
0.4514

Table 14. Super matrix after convergence
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Table 15. The comparison results between DS/ANP and DS/AHP

Decision Alternatives DS-ANP  DS-AHP
{A} 0.1919 0.1878
{B} 0.3715 0.3907
{C} 0.0272 0.0346
{D} 0.1108 0.1325
{A,C} 0.0155 0.0190
{A,D} 0.0162 0.0195
{C, D} 0.0071 0.0071
{B,D} 0.0060 0.0067
{B,C} 0.0112 0.0085
{©} 0.2255 0.1748
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5. Conclusions

Recentyears we observed an explosive growth of manufagtarganisations fuelled by rapid development of e-commerc
Anideal manufacturing requires efficient suppliers. Todiathe independencies and the uncertain information ampiat
suppliers we proposed a new method DS/ANP based on the Analgtwork Process (ANP) method and Dempster-
Shafer (DS) theory of evidence. To the best of our knowletlge s the first attempt to deal with supplier selection in a
manufacturing organization using the hybrid DS/ANP appho@he advantage of the proposed method is that it overcomes
the shortcomings of AHP by considering the dependenciesiandrtainty across the selection criteria, and provides us
with a simple and effective way for selecting the suppligrgBantitatively comparing our method with DS/AHP approach
we have shown that the proposed method provides a systesmatioptimal tool of the decision making.

The proposed method provides a way for simplified modellingpbonplex mutil-criteria decision-making problems. In
addition to this, we can quantify many subjective judgermégttaking advantage of the experts’ experience. The aecisi
making systems are becoming more and more complex nowddkagbyith imprecise and vague information. DS theory
is good at capturing such kind of uncertain information anarévides us with a flexible and effective tool to deal with
the supplier selection problem under uncertain envirortmidthough the model has been verified on a small example,
including four distinct decision alternatives and 16 atites, it is capable for solving more complex problems. tark
studies we will demonstrate on a large-scale data setshitbahéthod proposed in the paper could help us to reduce the
risks of making poor investment decisions when dealing wiimplex networks of suppliers.
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