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Abstract

Many multiple attributive group decision analysis (MAGDA) problems under the
uncertain environment with group consensus (GC) requirements can be modeled by
a GC based evidential reasoning (GCER) approach. However, due to the limitation
of knowledge, experience and provided data, experts may feel difficult to give
opinions on specific attributes for specific or all alternatives. Additionally, group
analysis and discussion with no guidance may not be the best way to speed up the
convergence of GC reaching process. In this paper, the GCER approach is extended
to deal with MAGDA problems with missing assessments and GC requirements.
Experts decide their assessments on missing attributes based on the
recommendations generated by solving optimization problems constructed according
to other experts’ assessments to reach the maximal GC on the specific attribute of
specific alternative. Further, a feedback mechanism is introduced to help quickly
reach predefined GC requirements. Aiming at three GC levels, the attribute,
alternative and global level, the corresponding set of identification rules are
investigated to indicate that specific experts are recommended to renew assessments
on specific attributes for specific alternatives. After the identification, a set of
suggestion rules are presented to generate appropriate recommendations for experts

to renew assessments. An engineering project management software selection



problem is solved by the extended GCER approach to demonstrate its detailed

implementation process, and its validity and applicability.
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1. Introduction

An evidential reasoning (ER) approach developed in the 1990s and in recent years
(Yang and Sen, 1994,1997; Yang and Singh, 1994; Yang, 2001; Yang and Xu,
2002a,b; Wang et al., 2006b; Yang et al., 2006; Guo et al., 2007; Chin et al., 2009)
can model multiple attribute decision analysis (MADA) problems with both
quantitative and qualitative attributes under the uncertain environment. Furthermore,
the extensions of ER approach (Chin et al., 2009, 2008) can model multiple
attributive group decision analysis (MAGDA) problems under the uncertain
environment. To adequately and properly take into account the preferences of all
experts, an extension of ER approach called group consensus based ER (GCER)
approach (Fu and Yang, 2010) is proposed to generate a common solution for
MAGDA problems with group consensus (GC) requirements.

In the GCER approach, consensus measures are constructed on either of attributes
and alternatives and correspondingly the GC on both attributes and alternatives can
be checked. Furthermore, many important factors including experts’ utilities, the
subjective weights of experts, the flexibility in consensus measures, the special
design for MAGDA problems are also considered in the GCER approach. Therefore,
it is more applicable than other existing GC related group decision analysis (GDA)
approaches (e.g., Bordogna et al., 1997; Herrera et al., 1996, 1997; Ben-Arieh and
Chen, 2006; Dong et al., 2009; Herrera-Viedma et al., 2005; Dong et al., 2008; Mata
et al., 2009; Cabrerizo et al., 2009; Szmidt and Kacprzyk, 2003; Herrera-Viedma et
al., 2007, 2004; Choudhury et al., 2006; Alonso et al., 2008) in real cases.



However, due to the limitation of knowledge, experience and provided data about
the problem domain (Kim and Ahn, 1999; Kim and Han, 1999; Kim et al., 1999;
Herrera-Viedma et al., 2007a, 2007b), experts may feel difficult to give appropriate
assessments on specific attributes (also called missing attributes) for specific or all
alternatives. This situation cannot be dealt with by the GCER approach. In addition,
the specified rounds of group analysis and discussion (GAD) with no guidance may
spend a long period of time and probably have no GC based solution.

In this paper, the GCER approach is extended to deal with the situation of missing
attributes and speed up the convergence of GC reaching process. By solving
optimization problems constructed based on the idea of reaching the maximal GC on
missing attributes when at least one expert’s assessment is known, the
recommendations on missing attributes can be generated. Experts decide their
assessments on missing attributes based on the recommendations according to their
preferences after the GAD, in which they can know the reasons of others’
assessments. Further, a feedback mechanism, which involves a set of identification
rules at three different levels including the attribute, alternative and global level, and
a set of suggestion rules, is designed to speed up the convergence of GC reaching
process to quickly find a GC based solution. The set of identification rules at a
specific level can generate a set in which specific experts are recommended to renew
assessments on specific attributes for specific alternatives. And the set of suggestion
rules give recommendations to specific experts in the set about how to renew their
assessments.

The rest of this paper is organized as follows. Section 2 gives the preliminaries
related to the extended GCER approach. Section 3 interprets the extended GCER
approach in detail. An engineering project management software selection problem
is solved in Section 4 to demonstrate a detailed implementation process of the
extended GCER approach, and its validity and applicability. Section 5 compares the
extended GCER approach with other GC based approaches which can deal with the
situation of missing attributes and provide the feedback to experts to accelerate the

convergence of GC reaching process. Finally, this paper is concluded in Section 6.



2. Preliminaries
2.1. Basics of Dempster-Shafer theory

Dempster-Shafer theory (DST) was first proposed by Dempster in the 1960s and
mathematically developed by Shafer in the 1970s (Dempster, 1967; Shafer, 1976). It
provides a distributed framework to model probabilistic uncertainties.

Let Q={H,,H>,...,Hy} be a collectively exhaustive and mutually exclusive set of

propositions, referred to as a frame of discernment. A belief structure (BS) m is

defined as a mapping from 2% to 1 verifying > ucam(A)=1 (Denoeux, 1999). Each

subset 4 of ©Q such that m(A4)>0 is called a focal element of m. All focal elements of
m are denoted by O(m).
Given two BSs m; and m; on ©Q derived from two reliable distinct sources, the

combined BS with Dempster’s rule of combination from m; and m, is defined as

miy=m; @ my, which is

Z B,cc,BNC=4T (B)m,(C)

, VAc 2, A0,
1- Z .cca.snc—s M (B)m, (C)

mi(A4)=

when Z s.cca.snc—e M (B)m, (C) #1.
Here, Y, .qsnc_om(B)m,(C) 1s the mass of the combined belief assigned to the
empty set before the normalization. In the following, we denote it by m (&) (m,my).

Dempster’s rule is meaningful and applicable only when m (&) (m1,m2)#1 holds.

Let m be a BS on Q. Its associated pignistic probability function BetP(m) in the

transferred belief model is defined as (Smets, 2004; Smets and Kennes, 1994)

BetP(m)(w)= ¥ D

, m(QD)#1,
AcQ,wed | A | 1- m(@)

where |4 is the cardinality of subset 4.

BetP(m) can be extended as a function on 2 as (Shafer, 1976)

. |AﬂB\ nB)
BetP A)= L YAc Q.
A= 2 T oy TS

The transformation from m to BetP(m) is named as the pignistic transformation.

2.2. The GCER distributed modeling framework for MAGDA problems



Suppose a MAGDA problem includes 7 experts ¢ (j=1,...,7) and a manager. The
relative weights of T experts on the attribute e; for the alternative a; are denoted by
Medap)y=('(edar)), 2(efa), ..., A'(edar))) such that

0<¥(e{a))<l and ¥! 2'(e(q)=1. (1)

All experts deal with a common MADA problem which has M alternatives a;
(I=1,...,M), on the upper level attribute, referred to as a general attribute, and L
lower level attributes e; (i=1,...,L), called basic attributes. The relative weights of L

basic attributes are denoted by w=(w;,w»,...,w.) such that
0<w<l1 and 3" w =1. ()
Suppose H, (n=1,...,N) denotes a set of grades. M alternatives are assessed at L

attributes using H, (n=1,...,N). Let B(e{a))={(H,, fnla)),n=1,....N} denote the

distributed assessment vector on the attribute e; for the alternative a; to the grade H,

with the belief degree of f,4{a;) such that pS,(a)>0, fo:] B,.(a) <1, and

N B..(a) tPola)=1. If Bo(a;)=0, then the assessment is complete; otherwise, it is

incomplete.
After M alternatives are all assessed on L basic attributes, a belief decision matrix
will be achieved, which is
Se=Bleda))L (3)
Aided by the principle of utility equivalence (Yang, 2001), quantitative attributes

can also be modeled by using the defined assessment grades (Wang et al., 2006b).

The expert # gives a belief decision matrix Sé{ =B/(ea)))pxm, Where

Bl(eda)y={(Hy B];(@)), n=1,...,N} such that 3", B (a)+ B, (a)=1.

2.3. The GC in the GCER approach
In the GCER approach, the GC is constructed at three levels which are the
attribute, alternative and global level, which is defined as
3 em( (e (a). 7 (e, (@)

ge(ea))=—" — : )




ge(a)=7y" wgcle(a)), (5)
and ggCZZZlgc(a,)/M , (0)
respectively. Here, cm and V'’ (e,(a))) (=1,....T) denote the compatibility measure

between two BSs and the unified assessment with no utility difference from the
expert ¢; on the attribute e; for the alternative a;, respectively.
Given a threshold vector 6=(d,...,0;) such that 0<6<1 (i=1,...,L), two thresholds

om and d¢ such that 0<0,<1 and 0<ds<1, respectively, the GC at three levels can be

checked as
ge(ela))>o;, i=1,...,L, I=1,....M, (7)
gc(an)>oy, I=1,....M, (3)
and ggc>dg, 9)
respectively.

The details about the GC can be found in Sections A.1 and A.2 in Appendix A and
(Fu and Yang, 2010).

3. The extended GCER approach

In the GCER approach, all experts participating in the GDA process can give their
assessments on each attribute for each alternative. However, in some cases some
experts may feel difficult to give appropriate assessments on missing attributes for
specific or all alternatives, due to the limitation of knowledge, experience and
provided data. In the extended GCER approach, some recommendations on missing
attributes will be generated based on the idea of reaching the maximal GC on
missing attributes when at least one expert’s assessment is known, and given to
experts to form their assessments after the GAD. This recommendation strategy can
undoubtedly speed up the convergence of GC reaching process.

After that, a feedback mechanism including a set of identification rules at three
levels and a set of suggestion rules is introduced to help quickly reach the predefined
GC.

3.1. The recommendations on missing attributes

For specific experts who cannot give effective assessments on missing attributes,



the extended GCER approach generates recommendations by reaching the maximum
of GC on missing attributes when at least one expert express the opinion on missing
attributes. Then all experts have a GAD to freely express opinions and study from
each other. After that the specific experts give assessments based on the
recommendations according to their preferences and the extent to which they agree
with other experts who give assessments. There is no doubt that this strategy of
generating recommendations can speed up the convergence of GC reaching process.

For any missing attribute ey; for a specific alternative ay, suppose m (1<m<T)
experts give assessments and 7—m experts cannot give assessments. To reach the
maximal GC on the missing attribute ey for the specific alternative ay, the
recommendations to 7-m experts can be obtained by solving the following
optimization problem.

MAX gc(esi(ag))

s.t. V(es(ag)), j=1,....m,

V(es(as)), k=m+1,...,T.

Here, V(eg(as))=B/(e{an)+ f, (a) and V(eu(aq))=B"(e{a))+ B, (a;) denote the

assessments of experts # (j=1,...,m) and # (j=m+l,...,7) on their own utilities,
respectively, so that the recommendation V(es(ay)) (k=m+1,...,T) can be used for
the expert ¢ to give the assessment on the missing attribute ey; for the alternative ay.

In the construction of the above optimization problem, V(eg(ay)) and Vk(es,-(asg)) are
transformed to ¥/(e,(a,)) and V*(e(a,)), the unified assessments with no utility

difference, respectively.

With lingo software package, the above problem can be solved to generate
recommendations.
3.2. The feedback mechanism

A feedback mechanism is developed to decrease the rounds of GAD and help
quickly reach the predefined GC. It includes a set of identification rules at three
levels and a set of suggestion rules. The set of identification rules at a specific level

are used to indicate specific experts whose assessments on specific attributes for



specific alternatives are damaging to the GC at the specific level. And the set of
suggestion rules generate recommendations to specific experts about how to renew
their assessments.
3.2.1. The proximity measure

Except for the GC, a proximity measure (PM) is needed to effectively construct
the set of identification rules to deal with different GC at three levels, similar to
Mata et al.’s adaptive consensus model (Mata et al., 2009). It measures the
compatibility between the individual opinions and the group opinion and similarly
will be constructed at three levels.

The PM at the attribute level is defined as
prt(eda))y=cm(V’ (e,(a)), B(e/()) , j=1,...,T. (10)

Corresponding to the GC at the alternative and global levels, the PMs at the

alternative and global levels can be defined as
pr(aiy=3 w, - pm’ (e (@), (11)
and pn/=>"" pm(a))/ M . (12)

3.2.2. The identification rules

In the GC reaching process, the GC has been gradually increased from a relative
low value at the beginning to the required value at last. Based on Mata et al.’s idea
(Mata, 2009), the GC is divided into three states which are very low, low and
medium. At different states, there is different number of experts’ assessments
damaging to the GC. Therefore, different strategies are correspondingly needed to
identify specific experts who should renew their assessments on specific attributes
for specific alternatives.

Corresponding to the GC requirements at three levels, the set of identification
rules are constructed at three levels, respectively.

(1) The identification rule at the attribute level.

When the GC requirement at the attribute level is not reached, i.e. gc(e(a;))<o;, the
GC can only be divided into two states which are very low and medium since only

pni(eda;)) can be used to identify the assessments damaging to the GC. On condition



that the GC is very low, all experts instead of a part of them will be recommended to
renew their assessments to avoid the GC reaching process is guided by some experts
imposing assessments. After several rounds of GAD and assessments renewing, the
GC can be increasingly at a medium state. In this situation, a part of experts rather
than all experts should be advised to modify their assessments. Given the threshold
p1, the GC can be decided at the very low state when gc(ei(a;))<p:; and it can be
decided at the medium state when p;<gc(efa;))<o;.

(A) The GC is very low

When the GC is very low, the set of assessments to be renewed can be identified
as ASSATT " ={gc(ei(a;))<p1}. All experts are advised to renew assessments on each
element in ASSATT"".

(B) The GC is medium

When the GC is increased to be medium, specific experts can be identified to
change assessments by using the PM at the attribute level given a threshold. The
value of threshold may be static and fixed before the beginning of the GC reaching
process or dynamic associated with the proximity values after each round of GAD
and assessments renewing. Based on Mata et al.’s idea (Mata, 2009), a dynamic

threshold is considered more reasonable and one of its possible value which is
> o (e (@) /T is selected.
As a result, the set of assessments to be renewed can be identified as

ASSATT" ={pi<ge(ed@))<si, pm(efa))<Y." pm’(e(a))/T }. Each expert 4 in
ASSAT TjM will renew assessments on each element in ASSAT TJ M

(2) The identification rule at the alternative level.

The GC at the alternative level can be in three states which are very low, low and
medium due to the application of the PMs at the alternative and attribute levels to
identify the assessments damaging to the GC. Given the thresholds p; and p,, the GC
can be decided at the very low, low and medium states when gc(a;)<pi, p1<gc(a;)<p»
and pr<gc(a;)<oy, respectively.

On the other hand, the thresholds constraining the GC at the attribute level and the



PMs at the alternative and attribute levels are dynamic rather than static similar to
the identification rule at the attribute level.

(A) The GC is very low

At the beginning of GC reaching process when the GC is very low, the set of

assessments to be renewed can be identified as ASSALT'={gc(a)<p,
ge(eda))< Zzlz; gc(e,.(a,))/LxM }. All experts are recommended to renew

assessments on each element in ASSALT'*.
(B) The GC is low

Along with the increase of GC from being very low to being low, the set of

assessments to be renewed is changed as ASSALT/L ={p1<gc(an<pz,

M L : T .
gelean< Y 3" gele@)/LxM , prl(edan)< Y\ pm’(e(@))/T }. Each
expert £;in ASSALT; will renew assessments on each element in ASSALT .

(C) The GC is medium

When the GC continues to be increased to be in the interval of p, and Jy, the set

of assessments to be renewed is further changed as ASSALT].M ={pr<gc(an<om,

< YUy JLxM mefa))< Y pm’ T
ge(eda)< Y. > gcle(a))/Lx ., pm(efar) Z‘j:l pm’(e(a,))) ,
prd(a)< Z; pm’(a,) / T, }. Each expert # in ASSALT;" will renew assessments
on each element in  ASSALT" .

(3) The identification rule at the global level.

Similar to the identification rule at the alternative level, the one at the global level
can be constructed and introduced in the following.

(A) The GC is very low

When the GC is very low, the set of assessments to be renewed can be identified
as ASSGLO"={ggc<p,, gc(eda))< ZZ . Z; gc(e(a)) / LxM ,
prd(eda)< z; pm’ (e,(a))) / T }. All experts are recommended to renew

assessments on each element in ASSGLO'*.



(B) The GC is low

If the GC is increased to be low, the set of assessments to be renewed is changed
as ASSGLOjL ={p1<ggc<p,, gclefay)< ZZ] Z; gc(e(a))) / LxM
ge(@)<y.)" ge(@) /M , pri(e@)<Y." pm’(e(@) [T, pri(a)<y."  pm’(a) [T .
Each expert 4 in ASSGLO; will renew assessments on each element in
ASSGLOjL :

(C) The GC is medium

When the GC continues to be increased to be medium, the set of assessments to be

renewed is further changed as ASSGL Oj" ={p2<ggc<dg,

M L M
gelea)< YU gele(a)/LxM . gela)< Y gea)/M
1 T : : T . . T X
prieda< Y. pm (e @) [T, prltay<y pm' (@) [T, p'<>" pm’ [T }.
Each expert  in ASSGLO}' will renew assessments on each element in

ASSGLO" .

3.2.3. The suggestion rules

After the assessments damaging to the GC have been identified, a set of
suggestion rules are defined in the feedback mechanism to guide experts to renew
their assessments.

Suppose MV={(H,, 0), n=1,....N-1, (Hy, 1)}.

(a) The suggestion rule 1. If cm(V 7 (e,(a,)) , MV)<cm(V (e/(a,)), MV), the expert ¢;
will be recommended to increase the assessment ¥/ (e.(a,)) .

(b) The suggestion rule 2. If cm(V/ (e.(a,)) , MV)>cm(V (e,(a,)), MV), the expert ¢;
will be recommended to decrease the assessment 7/ (e,(q,)) .

(c) The suggestion rule 3. If cm(V 7 (e.(a,)) , MV)=cm(V (e,(a,)), MV), the expert ¢;

will be recommended not to change the assessment ¥/ (e,(,)) .

3.3. The procedure of extended GCER approach



The procedure of extended GCER approach is shown in Figure 1, which will be

elaborated step by step.
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Figure 1. The procedure of GCER approach

Step 1: Form a MAGDA problem.

A manager selects T experts, identifies L basic attributes and their types (benefit or
cost) and N assessment grades, and lists M alternatives to form a MAGDA problem.

Step 2: Prepare for the extended GCER approach in order to solve the MAGDA
problem.

The manager specifies MAXCYCLE, the maximum times of GAD and assessments
renewing to avoid the delayed convergence of collective solution and endless rounds
of GAD and assessments renewing (Bryson, 1996; Herrera-Viedma et al., 2002;
Choudhury et al., 2006; Mata et al., 2009); sets CYCLE=0, a cycle counter; decides
the relative weights of L attributes; specifies a specific level, its corresponding
threshold vector or threshold, and the thresholds p; and p, for its corresponding
identification rule; and decides sw/(e;) (=1,...,T, i=l,...,L) and y which are
demonstrated in Sections A.1 and A.3 in Appendix A.

Step 3: Collect and unify experts’ assessments, and collect missing attributes.

Experts independently give their assessments on attributes for alternatives and
their utilities of assessment grades. The manager collects their assessments and

unifies them using the unified utilities of assessment grades as mentioned in Section

A.1, and collects missing attributes.



Step 4: Generate recommendations on missing attributes.

Generate recommendations to specific experts by reaching the maximum of GC
on missing attributes for specific or all alternatives.

Step 5: Organize the GAD and collect experts’ assessments on missing attributes.

The manager organizes the GAD and collects experts’ assessments on missing
attributes for specific or all alternatives based on recommendations according to
experts’ preferences.

Step 6: Decide whether the GC at the specific level is reached.

The manager decides whether the GC at the specific level is reached according to
Equations (7)-(9). If so, go to Step 8. Otherwise, go to Step 7.

Step 7: Generate recommendations, organize the GAD and collect experts’
renewed assessments.

If CYCLE>MAXCYCLE then go to Step 11; otherwise the recommendations to
specific experts on how to renew assessments damaging to the GC at the specific
level are generated according to the set of identification rules at the same level and
the set of suggestion rules, CYCLE=CYCLE+1 is set by the manager, and the GAD is
organized by the manager to help specific experts to renew their assessments. In the
GAD, experts are free to communicate with each other and never provided by
suggestions from the manager on their assessments to reach the GC. After that, go to
Step 6.

Step 8: Form the aggregated group assessment on each alternative.

Calculate the aggregated group assessment on each alternative as mentioned in
Section A.3.

Step 9: Obtain the aggregated utilities of assessment grades.

Obtain the aggregated utilities of assessment grades for alternatives according to
Equation (A.14) in Appendix A.

Step 10: Generate a ranking order of M alternatives.

Generate a ranking order of M alternatives using the MRA (Wang et al., 2005,
2006b) when the maximum and minimum utilities of each alternative are derived

from the aggregated assessments and utilities of assessment grades for alternatives.



Step 11: Finish the procedure.

The manager checks whether CYCLE>MAXCYCLE holds. If so, a conclusion of
no GC based solution for the MAGDA problem can be drawn. Otherwise, the
optimum alternative or the ranking order of M alternatives can be selected as a final
solution to the MAGDA problem reaching the predefined GC.

4. lllustrative example

In this section, an engineering project management (EPM) software selection
problem will be solved by the extended GCER approach as a real case to
demonstrate its application to modeling a MAGDA problem, its detailed
implementation process, and its validity.

A selfdeveloped solving system is used to effectively and efficiently solve the
EPM software selection problem.

4.1. The description of the EPM software selection problem

Consider the EPM software selection problem with three software providers (SPs)
which compete to provide their software and services for a famous Chinese
automobile manufacturing enterprise. This can be considered a MAGDA problem,
including a manager and five experts from the information department, the project
management department, the financial department, the planning department, and the
cooperator, and thirteen qualitative attributes shown in Table B.1 in Appendix B used
to compare three SPs. The attributes are the attitude (AT), the technical support level
(TSL), the implementing experience (IE), the core functions (CF), the peripheral
functions (PF), the extended functions (EF), the validity of solution (VS), the after
sales service and training (AST), the core requirements (CR), the interface
requirements (IR), the security requirements (SR), the value for money of software
expense (VMSE), and the value for money of consultation expense (VMCE).

The relative weights of the thirteen basic attributes are specified by the manager as
w=(0.03, 0.05, 0.07, 0.09, 0.07, 0.04, 0.09, 0.06, 0.04, 0.04, 0.02, 0.2, 0.2).

Suppose three SPs are assessed by using the following set of assessment grades:
Poor (P), Average (A), Good (G), VeryGood (V), and Excellent (E), say

Q={H,, n=1,...,.5}={Poor, Average, Good, VeryGood, Excellent}={P, A, G, V, E}.



Thirteen attributes are all assessed by the above set of assessment grades.

The manager wants to obtain an optimum SP which is a GC based optimum
choice for five experts in order to ponder over their opinions and find underlying
problems as far as possible, which may significantly influence the validity of the
optimum SP and the implementation effectiveness of its software and services.

The manager specifies that MAXCYCLE is equal to 4, identification thresholds p;
and p, are equal to 0.3 and 0.45, respectively, and the GC is checked at the
alternative level by a threshold d,, =0.55; sets CYCLE=0; and decides y=0.5 for a
heterogeneous group of experts.

4.2. The collection of experts’ assessments on missing attributes

Missing attributes for the first time of group assessment are shown in Table B.2 in
Appendix B. By solving the optimization problems constructed on missing attributes
with lingo software package, the recommendations are generated and shown in Table
B.2. After the GAD organized by the manager, specific experts give their
assessments on missing attributes for specific alternatives, which are shown in Table
B.2, based on the recommendations according to their preferences.

4.3. The checking of the GC at the alternative level

To find a GC based solution to the EPM software selection problem, the GC at the
alternative level must be reached first.

Five experts independently express their utilities of H, (n=1,...,5) as shown in
Table B.3 in Appendix B. How to elicit their utilities is not discussed here. Interested
readers may refer to (Farguhar, 1984; Keeney and Raiffa, 1976; Winston, 1994;
Zeleny, 1982) for details. Their relative importance on thirteen attributes is specified
by the manager as also shown in Table B.4 in Appendix B.

Based on i/(H,) (=1,...,5, n=1,...,5) and sw(e,) (i=1,...,13), the unified utilities on
thirteen attributes can be calculated according to Equation (A.2) in Appendix A,
which are shown in Table B.5 in Appendix B.

After unifying experts’ assessments using the above unified utilities, as stated in
Section A.1, the GC on each attribute for each SP can be calculated, which are

shown in Table B.6 in Appendix B. Further, the GC for three SPs can be obtained as



gc(SP1)=0.5337, gc(SP2)=0.5361 and gc(SP3)=0.5494.

The GC at the alternative level for three SPs is clearly not reached. Therefore the
recommendations generated by the set of identification rules at the alternative level
and the set of suggestion rules in the feedback mechanism have to be given to
specific experts. And the specific experts renew their assessments based on the
recommendations after the GAD.

4.4. The recommendations in the feedback mechanism and assessments renewing

Based on experts’ assessments in Table B.1 and renewed ones in Table B.2, the
PMs at three levels are calculated according to Equations (10)-(12) and shown in
Table B.7 in Appendix B. By use of GC and PMs at the attribute and alternative
levels, the identification sets and recommendations can be generated, which are
shown in Table B.8 in Appendix A. Specific experts independently renew their
assessments based on recommendations after the first round of GAD with the
feedback, i.e. CYCLE=1, which are also shown in Table B.8. After that, the GC on
each attribute for each SP is recalculated and shown in Table B.9 in Appendix B.
Further, the GC for three SPs can be obtained as

gc(SP1)=0.6158, gc(SP,)=0.673 and gc(SP3)=0.5628.

The GC for three SPs is clearly reached. So a GC based solution for the EPM
software selection problem can be found by reason of CYCLE<MAXCYCLE.

4.5. The achievement of the GC based solution

After the first round of recommendations, GAD and assessment renewing, the
renewed assessments for the EPM software selection problem are firstly unified as
those on u(H,) (i=1,...,13, n=1,...,5). As demonstrated in Section A.3, B(y(SP)))
(~1,...,3) can be obtained, which is shown in Table 1.

Table 1

The aggregated belief degrees for three SPs

SPs P A G V E Q

SP, 0.0086 0.0374 0.1236 0.2839 0.5465 0
SP, 0.0813 0.1665 0.3131 0.2448 0.1943 0



SP; 0.004 0.043 0.1235 0.2939 0.5356 0

According to Equation (A.14), u(H,) (n=1,...,5) for three SPs can be calculated as
0, 0.2395, 0.531, 0.7832, and 1. Given B(y(SP;)) and u(H,), the expected utilities and
the ranking order of three SPs can be achieved as shown in Table 2 using the MRA.
As a consequence, the manager obtains the optimum SP, SP;, which is a GC based
optimum choice for five experts.

Table 2

The expected utilities of three SPs and their ranking order

Expected utilities SP, SP, SP;
Minimum expected utility 0. 8434 0.5922 0. 8416
Maximum expected utility 0. 8434 0.5922 0. 8416
Average expected utility 0. 8434 0.5922 0. 8416
Rank 1 3 2

5. Discussions

In (Fu and Yang, 2010), the GCER approach was compared with other GC based
GDA approaches (e.g., Bordogna et al., 1997; Ben-Ariech and Chen, 2006; Dong et
al., 2008, 2009; Choudhury et al., 2006; Szmidt and Kacprzyk, 2003; Herrera et al.,
1996, 1997; Herrera-Viedma et al., 2005, 2007; Mata et al., 2009) and showed its
advantages including the consideration of experts’ utilities and subjective weights,
the flexibility in consensus measures and the special design for MAGDA problems.
These advantages are completely retained in the extended GCER approach.

Except for the advantages aforementioned, the extended GCER approach has two
main contributions which are generating recommendations on missing attributes for
specific or all alternatives and generating recommendations for specific experts in a
feedback mechanism to renew assessments so as to accelerate the GC reaching
process.

In many existing GDA approaches, the situation of incomplete (missing)



assessments of experts has been already dealt with (e.g., Herrera-Viedma et al.,
2007a, 2007b; Cabrerizo et al., 2010). Based on the property of additive transitivity,
which can be seen as the parallel concept of the consistency property for Satty’s
multiplicative preference relation (Herrera-Viedma et al., 2004), Herrera-Viedma et
al.” defined an additive consistency measure and used it to develop an iterative
procedure to estimate the missing values of incomplete fuzzy preference relation
(Herrera-Viedma et al., 2007a, 2007b). It can guarantee that the estimated
assessment is only associated with the expert’s originally given opinions and
consistent with them. Furthermore, Cabrerizo et al. extended Herrera-Viedma et al.’s
work in an unbalanced fuzzy linguistic context (Cabrerizo et al., 2010). Different
from the above approaches, the assessments on missing attributes for specific
alternatives in this paper are given by the expert after the GAD based on the
recommendations generated by reaching the maximum of GC on missing attributes
for specific alternatives. It will speed up the convergence of GC reaching process. At
the same time, the preferences of the expert and other experts’ directly given
assessments on missing attributes for specific alternatives are considered
simultaneously. Furthermore, the expert can study from others on missing attributes
for specific alternatives by the GAD. Therefore it might be a good idea to let the
expert decide the missing assessment based on the calculated value.

As to the feedback mechanism, Herrera-Viedma et al. considered the GC and the
consistency of each expert simultaneously to generate recommendations to experts,
which can make experts’ opinions closer and avoid self-contradiction. In their
feedback mechanism, a preference identification process and an advice process are
designed to identify fuzzy preference values damaging to consistency/consensus
state and generate recommended fuzzy preference values to specific experts,
respectively (Herrera-Viedma et al., 2007a). Mata et al. further developed an
adaptive consensus support model to identify the preference sets to be changed at the
levels of pairs of alternative, alternative and preference relation, respectively, when
the consensus at the preference relation level is decided to be very low, low and

medium, respectively, and advise specific experts to increase, decrease or keep their



fuzzy preference values (Mata et al., 2009). These existing feedback mechanisms
undoubtedly help experts to reach the predefined GC. However, Herrera-Viedma et
al.’s work cannot flexibly and efficiently identify fuzzy preference values to be
changed when the GC has been gradually increased. Meantime, in Mata et al.’s work
it might be a good idea to consider discriminatingly identifying the preference set
when the GC at any of three levels rather than only at the preference relation level is
required to be reached and increased from very low to medium state, like the set of
identification rules at the attribute, alternative and global levels in this paper. In
addition, the existing feedback mechanisms could add the GAD after the advices are
given to experts to help them rationally renew assessments.

6. Conclusions

Focusing on evaluating assessments on missing attributes and speeding up the
consensus reaching process in the GDA, this paper extended the GCER approach
(Fu and Yang, 2010) to model MAGDA problems with missing assessments and GC
requirements.

In the extended GCER approach, to reach the maximal GC on missing attributes
for specific or all alternatives, optimization problems were constructed and solved to
generate the recommendations on missing attributes, based on which experts gave
their assessments according to their preferences after the GAD. With the PMs and
GC at three levels, a set of flexible and efficient identification rules at any of three
levels and a set of suggestion rules are developed to generate recommendations to
help experts renew their assessments when the GC at any of three levels is required
to be reached. The effectiveness and applicability of the extended GCER approach
was demonstrated by solving an EPM software selection problem.
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