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Individual research output (IRO) evaluation is both practically and theoretically important. Current
research tends to only consider either bibliometric measures or peer review in IRO evaluation. This paper
argues that bibliometric measures and peer review should be applied simultaneously to evaluate IRO.
Moreover, in real life situations IRO evaluations are often made by groups and inevitably contain evalu-
ators’ subjective judgments. Accordingly, this paper develops a fuzzy multi-criteria group evaluation
method which considers objective and subjective evaluations, i.e., bibliometric measures and peer review
opinions simultaneously. The goals here are to conquer weighting difficulty and achieve maximum group
consensus. This requires determining criteria weights, which we do with an intuitionistic fuzzy weighted
averaging operator and then determining evaluator weights, which we do with a fuzzy distance-based
method. Thereafter, we use a revised TOPSIS method to aggregate the objective and subjective ratings.
A practical case study is used to test the feasibility of the methodology. Finally, we discuss the effective-
ness of the proposed method.

� 2013 Elsevier B.V. All rights reserved.
1. Introduction measures and peer review should be applied simultaneously to
As pointed out by Van Raan [28], the fundamental purpose of
evaluation is to promote quality, therefore evaluation is without
any doubt a necessity. Nowadays individual research output
(IRO) evaluation inevitably takes place every time a new professor
is appointed or promoted, or a learned society or government body
allocates a grant.

The main methods of IRO evaluation can be classified as biblio-
metric measures (objective) and peer review (subjective). Because
bibliometric analyses cannot be usefully applied across the board
to all departments in large number of universities [19], peer review
has become the principal method of university assessment [20].
Although the objective evaluation approach represented by cita-
tion-based models and bibliometric indicators cannot replace the
subjective evaluation based on an in-depth peer-review analysis
of scientific products, it is helpful to aggregate large quantities of
data when peer reviewing becomes difficult to implement. This is
further illustrated by the fact that IRO evaluation is a complex mul-
tifaceted endeavor [12,32]. Some aspects of IRO, such as research
quantity and impact can be measured accurately and easily by bib-
liometric indicators, but for some other aspects, such as research
utility and viability, we must draw support from peer opinions.
Therefore, objective and subjective evaluation, i.e., bibliometric
evaluate IRO.
Current research tends to only consider either bibliometric

measures or peer review in IRO evaluation. In the bibliometric
measures field, many single indicators have been developed, such
as the total number of papers published, total number of citations
garnered, and the mean number of citations per paper [16]. In par-
ticular, the proposal of the h index [12] has taken the world of re-
search assessment by storm. On the basis of the h index, scientists
have proposed several ‘h-type’ indicators with the intention of
either replacing or complementing the original index. Examples in-
clude the g index [6], the AR index [15], the R index [15], and the h
index weighted by citation impact [7]. New bibliometric indicators
are continuously coming forth [3,8]. As for peer review, it is like
democracy, it may not be the perfect system, but it is the best
we have for the evaluation of quality [28]. Nederhof and Van Raan
used practical examples to illustrate how peer review and biblio-
metric measures are complementary and mutually supportive
[21]. Van Raan gave an overview of the potentials and limitations
of bibliometric methods and presented practical examples of re-
search performance indicators as well as peer review [28]. There
are several studies that have compared bibliometric scores with
available peer review judgements [1,9,24].

Practically, IRO evaluations are often made by groups (scientific
community or evaluating agency), not only because of the problem
complexity but also because of wider implications of the decision
in terms of responsibility [36]. As a result, IRO evaluation is in
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nature a multi-criteria group decision making (MCGDM) problem.
Employing MCGDM methods has been proven to be a very effective
technique to increase the level of overall satisfaction for the final
decision across the group and particularly in evaluation decision-
making [18]. Moreover, IRO evaluation, especially the subjective
evaluation part, inevitably contains the evaluators’ subjective judg-
ments and preferences. This situation has further amplified the
uncertainty of assessments inherent in the IRO evaluation process.
Evaluators cannot apply precise numbers to describe their assess-
ments, however, they can utilize linguistic variables according to
their professional knowledge and experience. Hence, the concept
of fuzzy numbers can be integrated into the multi-criteria group
evaluation of IRO. In the recent decade, many attempts have been
made to propose compromise solution methods for the MCGDM
problems under a fuzzy environment [5,31,35,38]. However, there
are still two long standing key issues that are apparently not solved
well in MCGDM. First, determining a set of suitable weights for
multiple evaluation criteria as well as multiple evaluators is often
considered to be a very difficult task. Setting arbitrary weights for
each criterion in terms of subjective judgments of decision-makers
will add to the subjectivity and reduce the decision accuracy. Sec-
ond, evolving an effective group consensus out of different judg-
ments from different evaluators is still an unsolved issue in the
previous studies [10,36].

In this paper, to overcome the weighting difficulty, a fuzzy dis-
tance-based method is developed for determining evaluators’
weights. We minimize the sum of Euclidean distances between all
pairs of ratings and thus make them achieve maximum consensus.
In addition, an intuitionistic fuzzy weighted averaging operator is
applied to determine criteria weights, so that the importance of
criteria can be determined by experts’ intuitionistic description.
Considering that the ratings contain both crisp and fuzzy numbers,
this paper uses a revised TOPSIS method to aggregate all evaluation
results.

MCGDM methods for IRO evaluation under fuzzy environments
is still largely unexplored. This paper considers for the first time
objective, subjective and fuzzy evaluation in IRO evaluation. The
remaining of this paper is structured as follows: in Section 2, a
set of objective and subjective criteria are identified. Section 3 for-
mulates a fuzzy multi-criteria group evaluation process for IRO
evaluation which includes the general framework, the determina-
tion of weights and the method of aggregation. A case study along
with a discussion is presented in Section 4. Section 5 concludes
with a summary.
2. Identification of criteria

First of all, a set of objective and subjective evaluation criteria
have to be identified for IRO evaluation. For different evaluation
objectives or different disciplines and scientific communities, dif-
ferent criteria may be employed. However, generally speaking,
they all tend to fall into four research output measures categories:
volume, impact, quality, and utility [11]. There exists well-developed
bibliometric indicators for measuring volume and impact, there-
fore, we choose objective evaluation criteria for volume and im-
pact. For quality and utility, we have to draw support from peer
review opinions as there are not any effective bibliometric indica-
tors to measure them, so subjective evaluation criteria need to be
used.
2.1. Objective evaluation criteria

Volume can be measured by scientific productivity. A natural
candidate to measure scientific productivity of a scientist is the
number of papers published (Np) [4]. However, when there are
multiple authors, Np gives every author full credit and thus each
author’s contribution is indiscriminated. This may not be a fair
measurement because authors’ contributions are often not treated
as equal unless there is a statement: ‘‘All authors contributed
equally to all aspects of this work’’. Considering that the average
number of authors per paper is keeping growing, Xu et al. [32] pro-
poses an improved Np, i.e. N0p indicator which considers author
rank in measuring scientific productivity to address this multiple
authorship problem.

According to Xu et al. [32], suppose that an author has Np papers
published. There are na authors in the ath paper, 1 6 a 6 Np and
the author is ranked ka. The author takes Na of all the credits for
the ath paper:

Na ¼ 2
na � ka þ 1

n2
a þ na

� �
: ð1Þ

Summing up the proportion of credit of each of the Np papers, the
author’s N0p is

N0p ¼
XNp

a¼1

Na: ð2Þ

We use N0p, i.e., the adjusted number of papers published (denoted
as ‘‘C1’’) to measure volume.

Citation analysis has been increasingly used to judge and quan-
tify the importance of scientists and scientific research. Among
various citation analysis based indicators, the h index [12] is usu-
ally considered as one of the most important indicators of the sci-
entific impact of a scientist in his/her particular field. The h index is
now a well-established standard tool for the evaluation of the sci-
entific impact. It is so widely accepted as an bibliometric impact
indicator, that it is even used to measure the impact of academic
journals [13]. Therefore, we use the h index (denoted as ‘‘C2’’) to
measure impact.

2.2. Subjective evaluation criteria

Quality and utility are general in concept. A lot of efforts have
been made to select appropriate criteria to evaluate research qual-
ity and utility. The United Kingdom has developed one of the most
advanced research evaluation systems in Europe. The Research
Assessment Exercise in the UK includes the assessment of ‘‘rele-
vance to the needs of commerce and industry, as well as to the
public and voluntary sectors’’, ‘‘the invention and generation of
ideas, images, performances’’, ‘‘the use of existing knowledge in
experimental development’’, ‘‘substantially improved materials,
devices, products and processes’’, etc. [11]. In the 1990s, the uni-
versities in the Netherlands jointly established a new assessment
system for research quality. For each discipline one peer review
committee of 5–7 members is set up. Four aspects of research qual-
ity are considered [28]: (1) Scientific quality in general; (2) Scien-
tific productivity; (3) Scientific, and where appropriate, societal
and/or technological relevance; and (4) Long-term viability. In
the research evaluation of six economic research groups, Nederhof
and Van Raan [21] put forward that peer judgement focuses on
specific and mainly cognitive aspects of the research work: next
to a ‘‘general’’ impression, scores are given for ‘‘progress toward
objectives’’, ‘‘quality of analysis’’, ‘‘contribution to methodology’’,
‘‘contribution to the theory’’, ‘‘dissemination’’, and ‘‘value of
money’’. Among these criteria, ‘‘scientific productivity’’ and ‘‘dis-
semination’’ can be seen as volume and impact respectively, so
we have eliminated these two criteria as members of our subjec-
tive evaluation criteria since we have classified them as objective
evaluation criteria.

Therefore, based on all these practices, we use the following
subjective evaluation criteria for quality and utility evaluation:
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(1) General impression (denoted as ‘‘C3’’).
(2) Practical and technological relevance (denoted as ‘‘C4’’).
(3) Improvement to materials/technology/processes (denoted

as ‘‘C5’’).
(4) Long-term viability (denoted as ‘‘C6’’).
(5) Innovative invention and generation of new methodology

and theory (denoted as ‘‘C7’’).
(6) Expand and apply existing knowledge to contribute existing

methodology and theory (denoted as ‘‘C8’’).

C4 and C5 are related to utility, C7 and C8 are related to quality,
while criteria C3 and C6 are related to both.
Table 1
Linguistic variables and triangular IFNs for ratings under the
subjective evaluation criteria.

Linguistic variables Triangular IFNs

Very good (VG) (0.9,1.0,1.0)
Good (G) (0.7,0.9,1.0)
Medium good (MG) (0.5,0.7,0.9)
Fair (F) (0.3,0.5,0.7)
Medium poor (MP) (0.1,0.3,0.5)
Poor (P) (0.0,0.1,0.3)
Very poor (VP) (0.0,0.0,0.1)
3. Formulating a fuzzy MCGDM method for IRO evaluation

This section introduces and formulates a fuzzy multi-criteria
group evaluation process for IRO evaluation, including the general
framework, determination of weights and the method of
aggregation.

3.1. General framework

The general framework for fuzzy multi-criteria group evalua-
tion of IRO methodology is shown in Fig. 1.

As shown in Fig. 1, there are p evaluators, i.e., Eiði ¼ 1;
2; . . . ; pÞ;m criteria, i.e., Cjðj ¼ 1;2; . . . ;mÞ, and n scientists to be
evaluated, i.e., Akðk ¼ 1;2; . . . ; nÞ. This paper considers two hierar-
chies, i.e., the hierarchy of evaluators (peers) and the hierarchy of
criteria which are necessary for MCGDM as pointed out by Ma
et al. [18]. A fuzzy distance-based method and an intuitionistic
fuzzy weighted averaging operator are applied respectively for
determination of evaluator and criteria weights. After each evalu-
ator gives the ratings of each scientist’s IRO for each criteria, a
revised TOPSIS aggregation method is used to get the final evalua-
tion result.

3.2. A fuzzy distance-based method for evaluator weight
determination

In the process of IRO group evaluation, a group of evaluators (i.e.,
members of a scientific community or evaluation agency) are
involved in a complex decision process and each of them plays a
different role. Usually, the weights of evaluators differ because of
their position, prestige, experience and scientific insight, etc. Previ-
ous studies tend to give arbitrary weights or linguistic variables to
generate fuzzy weights of evaluators [38]. However, sometimes it is
difficult to judge evaluators’ importance in IRO evaluations. A
practical situation that occurs frequently for example, is when
Fig. 1. The general framework for the fuzzy M
one evaluator is high in position but is relatively low in experience,
and another evaluator is high in experience and prestige, but low in
position. Moreover, if all evaluators are almost equal in professional
experience and scientific profile, giving each evaluator an equal
weight is not necessarily the best solution. As discussed above,
group consensus is an important indication of group agreement
or reliability. Lack of satisfactory consensus during IRO evaluation
will directly lead to disagreement towards decisions regarding
personnel selection, promotion and awarding of grants, etc. In order
to fully reflect the real behavior of IRO group evaluation, a final
decision should be made at a significant level of consensus [5].
Therefore, this paper develops a fuzzy distance-based method
for determining evaluators’ weights ðWE ¼ fwE

i ; i ¼ 1; . . . ; pgÞ to
achieve maximum consensus between all evaluators. Our general
idea is to minimize the sum of the Euclidean distance from one
evaluator’s result to another.

Evaluators first make their own judgments of a scientists’ IRO
based on subjective evaluation criteria C3–C8. Ratings under sub-
jective evaluation criteria are considered as linguistic variables. A
linguistic variable is a variable whose value is a natural language
phrase. It is very useful in dealing with situations which are ill-de-
fined to be described properly in conventional quantitative expres-
sions [38]. Scientists’ research output performance under each
subjective evaluation criteria can be expressed on a 7-point rating
scale: ‘‘very good’’, ‘‘good’’, ‘‘medium good’’, ‘‘fair’’, ‘‘medium poor’’,
‘‘poor’’, and ‘‘very poor’’. Such linguistic variables are converted
into triangular intuitionistic fuzzy numbers (IFNs) [2,38] as shown
in Table 1. IFNs are commonly used for solving decision-making
problems, where the available information is imprecise. There
are different shapes or forms of IFNs, among those, trapezoidal IFNs
and triangular IFNs are the most commonly used. For example,
Shaw and Roy [25] used trapezoidal IFNs for analysing fuzzy sys-
tem reliability, while Vahdani et al. [29] applied triangular IFNs
to fuzzy group decision-making problems with an application to
the contractor selection. This paper chooses to use the triangular
IFNs because of their conceptual and computational simplicities.
CGDM methodology of IRO evaluation.



Fig. 2. Figure for membership functions of linguistic variables of ratings under the
subjective evaluation criteria.

Fig. 3. Figure for membership functions of linguistic variables for ratings the
importance.

256 Z. Li et al. / Knowledge-Based Systems 56 (2014) 253–263
The advantages of employing triangular IFNs in fuzzy modeling
and interpreting have been well-justified for MCDM problems
[29]. According to Zadeh [37], a fuzzy set M in X ¼ fxg is given
by M ¼ f< x;lMðxÞ > jx 2 Xg, where lM : X ! ½0;1� is the member-
ship function of the fuzzy set M;lMðxÞ 2 ½0;1� is the membership of
x 2 X in M. The figure for membership functions of linguistic vari-
ables for ratings under the subjective evaluation criteria are shown
in Fig. 2.

Evaluators make judgments on the importance of all criteria.
Similarly, ratings of criteria importance are expressed as triangular
IFNs as shown in Table 2 and their membership functions are
shown in Fig. 3.

According to [27], for two intuitionistic fuzzy sets A and B in
X ¼ fxd; d ¼ 1; . . . ;Dg, their Euclidean distance is equal to:

eIFSðA;BÞ

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXD

d¼1
ðlAðxdÞ�lBðxdÞÞ2þðmAðxdÞ� mBðxdÞÞ2þðpAðxdÞ�pBðxdÞÞ2
h ir

ð3Þ

where A ¼ ðlAðxdÞ; mAðxdÞ;pAðxdÞÞ, B ¼ ðlBðxdÞ; mBðxdÞ;pBðxdÞÞ.
Let zikj ¼ ðlikj; mikj;pikjÞði ¼ 1;2; . . . ; p; j ¼ 3; . . . ;8; k ¼ 1;2; . . . ;nÞ

denote the ratings of all scientists under the subjective evaluation
criteria, and z0ij ¼ ðl0ij; m0ij;p0ijÞði ¼ 1;2; . . . ; p; j ¼ 1; . . . ;8Þ denote the
importance rating of all criteria. These ratings with evaluator
weights can be expressed as �zikj ¼ wE

i zikj ¼ ðwE
i likj;w

E
i mikj;wE

i pikjÞ
Table 2
Linguistic variables and triangular IFNs for rating the importance.

Linguistic variables Triangular IFNs

Very high (VH) (0.7,0.9,1.0)
High (H) (0.6,0.7,0.8)
Medium high (MH) (0.4,0.5,0.6)
Medium (M) (0.1,0.3,0.5)
Medium low (ML) (0.1,0.2,0.3)
Low (L) (0.0,0.1,0.2)
Very low (VL) (0.0,0.0,0.2)

s:t:

�zikj ¼ wE
i zikj ¼ ðwE

i likj;w
E
i mikj;wE

i pikjÞ; ði ¼ 1;2; . . . ;p; j ¼ 3; . . . ;8;

�zlkj ¼ wE
i zlkj ¼ ðwE

i llkj;w
E
i mlkj;wE

i plkjÞ; ðl ¼ 1;2; . . . ; p; l – i; j ¼ 3; .
�z0ij ¼ wE

i z0ij ¼ ðwE
i l0ij;wE

i m0ij;wE
i p0ijÞ; ði ¼ 1;2; . . . ;p; j ¼ 1; . . . ;8Þ;

�z0lj ¼ wE
i z0lj ¼ ðwE

i l0lj;wE
i m0lj;wE

i p0ljÞ; ðl ¼ 1;2; . . . ; p; l – i; j ¼ 1; . . . ;8
Xp

i¼1

wE
i ¼ 1;

wE
i P 0; i ¼ 1; . . . ;p:

8>>>>>>>>>>>>><
>>>>>>>>>>>>>:
and �z0ij ¼ wE
i z0ij ¼ ðwE

i l0ij;wE
i m0ij;wE

i p0ijÞ; ði ¼ 1;2; . . . ; p; j ¼ 3; . . . ;8; k ¼
1;2; . . . ;nÞ. The sum of the Euclidean distance from one evaluator’s
ratings to another regarding scientists for subjective evaluation cri-
teria can be expressed as:

Xp

i¼1

Xp

l¼1;l–i

X8

j¼3

Xn

k¼1

eIFSð�zikj;�zlkjÞ:

Similarly, the sum of the Euclidean distance from one evaluator’s
ratings to another regarding criteria importance can be expressed
as:

Xp

i¼1

Xp

l¼1;l–i

X8

j¼1

eIFSð�z0ij;�z0ljÞ:

To determine the best wE
i ði ¼ 1; . . . ; pÞ for the maximum consen-

sus, all ratings with weights of evaluators should move towards
one another. This is the principle on the basis of which an aggre-
gated evaluation result is generated. Based on the above analysis,
we conduct the optimization model which minimizes the sum of
the Euclidean distances between all pairs of evaluation results with
weights of evaluators:

min
wE

i

D ¼
Xp

i¼1

Xp

l¼1;l–i

X8

j¼3

Xn

k¼1

eIFSð�zikj;�zlkjÞ þ
Xp

i¼1

Xp

l¼1;l–i

X8

j¼1

eIFSð�z0ij;�z0ljÞ
k ¼ 1;2; . . . ;nÞ;
. . ;8; k ¼ 1;2; . . . ;nÞ;

Þ; ð4Þ
3.3. An intuitionistic fuzzy weighted averaging operator for criteria
weight determination

As discussed in the last section, the criteria importance are
rated by evaluators using triangular IFNs, which is expressed by
z0ij ¼ ðl0ij; m0ij;p0ijÞði ¼ 1;2; . . . ; p; j ¼ 1; . . . ;8Þ. In this paper, an intui-
tionistic fuzzy weighted averaging operator proposed by Xu [33]
is utilized to aggregate all evaluator opinions on criteria impor-
tance into a group opinion. Considering evaluators’ weights
WE ¼ fwE

i ; i ¼ 1; . . . ; pg obtained by Eq. (4), the weight of the jth cri-
teria can be obtained by:



Table 3
Related data.

Scientists Number of papers
published

The adjusted number of
papers published

H
index

A1 60 32.63 37
A2 17 12.17 12
A3 22 9.14 8
A4 10 4.00 8
A5 19 6.67 6
A6 11 6.40 7
A7 7 3.83 6
A8 24 10.13 3
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wC
j ¼

�l0j þ �p0j
�l0

j
�l0

j
þ�m0

j

� �
P8

j¼1 �l0j þ �p0j
�l0

j
�l0

j
þ�m0

j

� �� � ð5Þ

where

�l0j ¼
Xp

i¼1

wE
i l
0
ij; �m0j ¼

Xp

i¼1

wE
i m
0
ij; �p0j ¼

Xp

i¼1

wE
i p
0
ij; and

X8

j¼1

wC
j ¼ 1:

ð6Þ

From Eqs. (5) and (6), criteria weights can be decided by the linguis-
tic description of the criteria’s importance and evaluators’ weights.

3.4. Aggregation method

A subsequent task is to aggregate evaluation results from
different evaluators into an integrated group consensus. Let X ¼
WðZ1; Z2; . . . ; ZpÞ denote the aggregation of p evaluators’ results,
where Wð�Þ is an aggregation function. Ziði ¼ 1; . . . ; pÞ is a n� 8
matrix denoting the ith evaluator’s rating of n scientists’s IRO
under 8 criteria. There are many aggregation techniques including
both linear and nonlinear techniques developed in the MCGDM
literature [34]. In this paper we use a common linear additive pro-
cedure, so for the subjective evaluation criteria:

~xkj ¼
Xp

i¼1

wE
i Zi ¼

Xp

i¼1

wE
i zikj ¼

Xp

i¼1

wE
i likj;w

E
i mikj;wE

i pikj

� �
¼ ðlkj; mkj;pkjÞ

~xkj 2 X; ðk ¼ 1; . . . ;n; j ¼ 3; . . . ;8Þ; ð7Þ

where ~� is a fuzzyness notation. For the objective evaluation criteria
C1 and C2, the evaluation results xk1; xk2ðk ¼ 1;2; . . . ; nÞ are obtained
from bibliometric measures which are crisp numbers. Therefore, the
fuzzy multi-criteria group evaluation of IRO containing both crisp
and fuzzy numbers can be expressed in the matrix format as:

X ¼

x11 x12 ~x13 � � � ~x18

x21 x22 ~x23 � � � ~x28

..

. ..
. ..

. . .
. ..

.

xn1 xn2 ~xn3 � � � ~xn8

2
666664

3
777775 ð8Þ

To aggregate ratings of scientists for each criterion, we use the
TOPSIS concept. Hwang and Yoon [14] presented the technique for
order preference by similarity to TOPSIS. TOPSIS takes advantage of
the positive-ideal solution (PIS) and the negative-ideal solution
(NIS) of multi-attribute problems to rank the plan sets. During
the last three decades, many research papers have been published
on TOPSIS theories and applications [32,30]. Traditional TOPSIS is
only based on crisp evaluation results. In this paper we extent
the method to both crisp and fuzzy environment. The procedure
of the extended TOPSIS method used in this paper is described as
follows:

Step 1. Compute the normalized decision matrix. Vector normali-
zation is applied to calculate rkj and ~rkj.
A9 73 35.60 13
A10 5 2.00 1
A11 2 0.67 2
A12 2 0.67 1
A13 6 2.00 2
A14 3 0.83 1
A15 3 0.90 1
A16 2 0.67 2
A17 10 3.15 3
A18 4 2.17 3
rkj ¼
xkjffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

k¼1x2
kj

q ; k ¼ 1;2; . . . ; n; j ¼ 1;2; ð9Þ

~rkj ¼
lkj

d�j
;
mkj

d�j
;
pkj

d�j

 !
; k ¼ 1;2; . . . ; n; j ¼ 3; . . . ;8; ð10Þ

d�j ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

k¼1
p2

kj

q
: ð11Þ
A19 4 2.33 1
A20 3 1.30 1
Step 2. Construct the weighted and normalized evaluation matrix
V:
V ¼

v11 v12 ~v13 � � � ~v18

v21 v22 ~v23 � � � ~v28

..

. ..
. ..

. . .
. ..

.

vn1 vn2 ~vn3 � � � ~vn8

2
6664

3
7775

¼

wC
1r11 wC

2r12 wC
3~r13 � � � wC

8~r18

wC
1r21 wC

2r22 wC
3~r23 � � � wC

8~r28

..

. ..
. ..

. . .
. ..

.

wC
1rn1 wC

2rn2 wC
3~rn3 � � � wC

8~rn8

2
6664

3
7775 ð12Þ
Step 3. Determine the PIS and NIS. All criteria in this paper are
benefit criteria, therefore, the values of PIS (Aþ) and NIS
(A�) are defined as:
Aþ ¼ fmax
k

vkjjj ¼ 1;2; . . . ;8g ¼ ðvþ1 ;vþ2 ; ~vþ3 ; . . . ; ~vþ8 Þ; ð13Þ

A� ¼ fmin
k

vkjjj ¼ 1;2; . . . ;8g ¼ ðv�1 ; v�2 ; ~v�3 ; . . . ; ~v�8 Þ: ð14Þ
Aþ and A� indicate the most and the least preferable IRO of scien-
tists, respectively. For all k and j ¼ 3; . . . ;8, let ~vkj ¼ ðakj; bkj; ckjÞ,
~vþj ¼ ðaþj ; b

þ
j ; c

þ
j Þ, and ~v�j ¼ ða�j ; b

�
j ; c

�
j Þ where aþj ¼maxkakj,

bþj ¼maxkbkj, cþj ¼maxkckj, a�j ¼minkakj, b�j ¼minkbkj, and c�j ¼
minkckj.
Step 4. Calculate the Euclidean distance. The Euclidean distance

between each scientist’s IRO and Aþ is:
Sþk ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXj¼2

j¼1
ðvkj�vþj Þ

2þ
Xj¼8

j¼3
ðakj�aþj Þ

2þðbkj�bþj Þ
2þðckj� cþj Þ

2
h ir

;

k¼ 1;2; . . . ;n: ð15Þ
Similarly, the Euclid distance between each scientist’s IRO and A� is:
S�k ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXj¼2

j¼1
ðvkj�v�j Þ

2þ
Xj¼8

j¼3
ðakj�a�j Þ

2þðbkj�b�j Þ
2þðakj� c�j Þ

2
h ir

;

k¼ 1;2; . . . ;n: ð16Þ
Step 5. Calculate the relative closeness of each scientist’s IRO to
Aþ.
Rþk ¼
S�k

Sþk þ S�k
; 0 < Cþk < 1; k ¼ 1;2; . . . ;n: ð17Þ
Step 6. Rank the preference order. By ordering Rþk in descending
order, scientists’ IRO can be ranked from the best to the
worst. Rþk can serve as the evaluation score of scientist
Ak’s research output.
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4. Case study

We apply the above described methodology to a practical case
to test its feasibility. The publication list and citation data for 20
present members of the Uncertainty Decision-Making Laboratory
in Sichuan University and Uncertainty Theory Laboratory in
Tsinghua University were collected in 2012 from the Thomson
Reuters ISI WoS database. The members include 6 full professors,
5 associate professors and 9 scientists who have been working as
senior assistants. Although the database is relatively small, these
data represent a sample of researchers from a typical institution,
while many other investigations in the literature have concen-
trated on prominent scientists or rather homogeneous groups
of distinguished professors [26,32]. Data are shown in Table 3.
Five professors from Drexel university serve as evaluators in this
case. They are all active scholars in the uncertainty decision
making area and equal in professional profile. It is difficult to tell
�l0j ¼
Xp

i¼1

wE
i l
0
ij ¼ 0:197 �

0:0
0:6
0:1
0:4
0:6
0:6
0:7
0:1

0
BBBBBBBBBB@

1
CCCCCCCCCCA
þ 0:183 �

0:1
0:6
0:4
0:6
0:6
0:1
0:7
0:0

0
BBBBBBBBBB@

1
CCCCCCCCCCA
þ 0:186 �

0:1
0:7
0:1
0:1
0:4
0:7
0:6
0:6

0
BBBBBBBBBB@

1
CCCCCCCCCCA
þ 0:204 �

0:1
0:4
0:6
0:7
0:7
0:4
0:6
0:4

0
BBBBBBBBBB@

1
CCCCCCCCCCA
þ 0:230 �

0:1
0:6
0:4
0:7
0:6
0:4
0:6
0:4

0
BBBBBBBBBB@

1
CCCCCCCCCCA
¼

0:080
0:577
0:325
0:510

0:5830:440
0:637
0:305

0
BBBBBBBB@

1
CCCCCCCCA
;

�m0j ¼
Xp

i¼1

wE
i m
0
ij ¼ 0:197 �

0:1
0:7
0:2
0:5
0:7
0:7
0:9
0:3

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:183 �

0:2
0:7
0:5
0:7
0:7
0:3
0:9
0:1

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:186 �

0:3
0:9
0:3
0:2
0:5
0:9
0:7
0:7

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:204 �

0:3
0:5
0:7
0:9
0:9
0:5
0:7
0:5

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:230 �

0:3
0:7
0:5
0:9
0:7
0:5
0:7
0:5

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
¼

0:242
0:696
0:444
0:654
0:703
0:577
0:775
0:424

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
;

�p0j ¼
Xp

i¼1

wE
i p
0
ij ¼ 0:197 �

0:2
0:8
0:3
0:6
0:8
0:8
1:0
0:5

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:183 �

0:3
0:8
0:6
0:8
0:8
0:5
1:0
0:2

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:186 �

0:5
1:0
0:5
0:3
0:6
1:0
0:8
0:8

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:204 �

0:5
0:6
0:8
1:0
1:0
0:6
0:8
0:6

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
þ 0:230 �

0:5
0:8
0:6
1:0
0:8
0:6
0:8
0:6

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
¼

0:404
0:796
0:562
0:753
0:803
0:695
0:875
0:544

0
BBBBBBBBBBBBB@

1
CCCCCCCCCCCCCA
:

who is more prestigious and whose opinions are more important
in evaluating IRO. The five evaluators were supplemented with
20 scientists’ publications and then they gave their ratings under
6 subjective evaluation criteria as shown in Table 4. They also
X ¼

32:63 37 ð0:6616;0:8229; 0:9225Þ � � � ð0:5486;0:7256;0:8613Þ
12:17 12 ð0:5068; 0:6864;0:8456Þ � � � ð0:5654;0:7467;0:891Þ

..

. ..
. ..

. . .
. ..

.

1:30 1 ð0:2517;0:3922; 0:5522Þ � � � ð0:4796;0:6613;0:8051Þ

2
66664

3
77775
gave ratings about the importance of all 8 criteria as shown in
Table 5.
From Tables 4 and 5, we can see that although the five evalua-
tors are similar in scientific background, they still came up with
quite different opinions.

4.1. Case solution

As discussed above, the evaluator’s ratings of the subjective
evaluation criteria in Table 4 can be expressed as triangular IFNs
zikjði ¼ 1; . . . ;5; k ¼ 1; . . . ;20; j ¼ 3; . . . ;8Þ as shown in Tables 6–11.
Similarly, triangular IFNs of evaluator’s ratings of criteria impor-
tance ~zijði ¼ 1; . . . ;5; j ¼ 1; . . . ;8Þ can be seen in Table 5. According
to model (4), we can get evaluators’ weights WE ¼ ð0:197;0:183;
0:186;0:204; 0:230Þ. Because the optimization model minimizes
the sum of the Euclidean distances between all pairs of subjective
ratings represented by IFNs, the obtained WE guarantees the max-
imum agreement/consensus of evaluation results.

According to Eq. (6) and Table 5,
Based on Eq. (5), we obtain the weights of criteria
WC ¼ ð0:031;0:163;0:098;0:146;0:164;0:128;0:179;0:091ÞT . Sub-
sequently, by Eqs. (7) and (8) as well as the bibliometric informa-
tion in Table 3, the evaluation matrix X is obtained:
From Eqs. (9)–(12), we get the weighted and normalized evalu-
ation matrix V:



Table 4
Ratings of scientists under subjective evaluation criteria.

Criteria Scientists E1 E2 E3 E4 E5 Criteria Scientists E1 E2 E3 E4 E5 Criteria Scientists E1 E2 E3 E4 E5

C3 A1 F VG MG VG G C4 A1 VG G F F MG C5 A1 F VG G G MG
A2 MG MG MP VG MG A2 MG VG VG MG G A2 F F MP P P
A3 G F MP P F A3 F MG VG F MP A3 F MP MP P VP
A4 P G P F G A4 F MG VG MG MP A4 F VG MP G VG
A5 VG MG VG VP MG A5 MG F MP G MG A5 MP F MP P VP
A6 VP P VP VG VP A6 MP G G MP F A6 MP F VG G MG
A7 VP G VG G VG A7 VG G MP MG G A7 P MP F F F
A8 F MP VP MP P A8 MG MG VG MP MP A8 MP F MG MG VP
A9 VP MG MP F MG A9 F MG P G MG A9 VP MP MP F F
A10 MP MG MG MG VG A10 F MG F P F A10 G MG F VG VG
A11 VG MG VP MP F A11 F VG MP MP F A11 F MP MP F P
A12 MG VP F MG MG A12 MP MG P MG VG A12 P F F VP F
A13 MP MP P P MG A13 MP MG G VP F A13 MG VG G G MP
A14 F G MP MP MP A14 G MG F F VP A14 MP F MP F P
A15 F MP MG MP MP A15 MP F F VG MG A15 MP F F F F
A16 MG VP VP F MP A16 G P MG F MP A16 VP VP P P F
A17 G VP MG VP G A17 F F VP F P A17 F MG F VP F
A18 F MG VP VP VP A18 MG MG F MP P A18 F MP P F P
A19 MP MP P MP P A19 G F VG MG MP A19 F VG MG F VP
A20 G MG P VP MP A20 MG F F F MP A20 VG G VP MG F

C6 A1 MP F MG MG MP C7 A1 MP G VG F F C8 A1 F G MG F VG
A2 F VG G F MP A2 P MP MG G MG A2 MG G VG MG F
A3 P MP F MG P A3 F G F F VP A3 VG MP F MP P
A4 MG G VG G VG A4 P MP MP VP F A4 P MG MG VG G
A5 MP F P VG MG A5 P G VG MG VP A5 F MP MP MP P
A6 F F VG MG VP A6 P P F P VP A6 F P MG G VG
A7 MP VP VP F F A7 MP G P P F A7 P MP MG G MP
A8 F MP MP VP F A8 F P F VP F A8 F F P MP VP
A9 F MP VP G MG A9 VG F G MG MP A9 MP MG G VG P
A10 P MP MP VP F A10 MP VG MG F F A10 F P MG MG F
A11 F P G MP MP A11 VP P VP F MP A11 MP F MP P VP
A12 F VG VG G MG A12 MP F F MP MG A12 MG VG VG G MG
A13 MP MG F VP F A13 VP MP MG VP MG A13 P MP F MP F
A14 VG F VP G VG A14 VG MP MG G VG A14 F MG F VP F
A15 MP P P VP VP A15 MG P P VP MP A15 MG MP MG MP P
A16 G MG F P VP A16 P F F F MP A16 MP F P F F
A17 MG G MP VP F A17 F P MP F P A17 VG VG G MG MP
A18 MG VG VG G F A18 MG F F MP VP A18 P MP VP MP MP
A19 MG MP F P VP A19 G VG VG F MP A19 F F P MP P
A20 VG VG MP F P A20 VG F MP VP MG A20 G VG MG F MP

Table 5
Importance ratings and triangular IFNs of all criteria.

Criteria Scientists

E1 l01j; m
0
1j ;p

0
1j

� �
E2 ðl02j; m

0
2j;p

0
2jÞ E3 l03j ; m

0
3j;p

0
3j

� �
E4 l04j ; m

0
4j;p

0
4j

� �
E5 l05j; m

0
5j ;p

0
5j

� �
C1 L (0.0,0.1, 0.2) ML (0.1,0.2,0.3) M (0.1,0.3,0.5) M (0.1,0.3,0.5) M (0.1,0.3,0.5)
C2 H (0.6,0.7,0.8) H (0.6,0.7,0.8) VH (0.7,0.9,1.0) MH (0.4,0.5,0.6) H (0.6,0.7,0.8)
C3 ML (0.1,0.2,0.3) MH (0.4,0.5,0.6) M (0.1,0.3,0.5) H (0.6,0.7,0.8) MH (0.4,0.5,0.6)
C4 MH (0.4,0.5,0.6) H (0.6,0.7,0.8) ML (0.1,0.2,0.3) VH (0.7,0.9,1.0) VH (0.7,0.9, 1.0)
C5 H (0.6,0.7,0.8) H (0.6,0.7,0.8) MH (0.4,0.5,0.6) VH (0.7,0.9,1.0) H (0.6,0.7,0.8)
C6 H (0.6,0.7,0.8) M (0.1,0.3, 0.5) VH (0.7,0.9,1.0) MH (0.4,0.5,0.6) MH (0.4,0.5,0.6)
C7 VH (0.7,0.9, 1.0) VH (0.7,0.9,1.0) H (0.6,0.7,0.8) H (0.6,0.7,0.8) H (0.6,0.7,0.8)
C8 M (0.1,0.3,0.5) L (0.0,0.1,0.2) H (0.6,0.7,0.8) MH (0.4,0.5,0.6) MH (0.4,0.5,0.6)

V ¼

0:0191 0:1357 ð0:0225;0:0280;0:0314Þ � � � ð0:0164;0:0216;0:0257Þ
0:0071 0:0440 ð0:0173;0:0234;0:0288Þ � � � ð0:0169;0:0223;0:0266Þ

..

. ..
. ..

. . .
. ..

.

0:0008 0:0037 ð0:0086;0:0134;0:0188Þ � � � ð0:0143;0:0197;0:0240Þ

2
66664

3
77775

Therefore, Aþ and A� can be easily obtained:

Aþ ¼ fmax
k

vkjjj ¼ 1;2; . . . ;8g ¼ ð0:0208; 0:1357; ð0:0225;0:0280;0:0314Þ; . . . ; ð0:0205;0:0254;0:0285ÞÞT ;

A� ¼ fmin
k

vkjjj ¼ 1;2; . . . ;8g ¼ ð0:0004; 0:0037; ð0:0020;0:0074;0:0109Þ; . . . ; ð0:0018;0:0061;0:0115ÞÞT :

Z. Li et al. / Knowledge-Based Systems 56 (2014) 253–263 259



Table 6
Triangular IFNs of evaluators’ ratings under C3.

Scientists z1k3 z2k3 z3k3 z4k3 z5k3

A1 0.3 0.5 0.7 0.9 1 1 0.3 0.5 0.7 0.9 1 1 0.7 0.9 1
A2 0.5 0.7 0.9 0.5 0.7 0.9 0.1 0.3 0.5 0.9 1 1 0.5 0.7 0.9
A3 0.7 0.9 1 0.3 0.5 0.7 0.1 0.3 0.5 0 0.1 0.3 0.3 0.5 0.7
A4 0 0.1 0.3 0.7 0.9 1 0 0.1 0.3 0.3 0.5 0.7 0.7 0.9 1
A5 0.9 1 1 0.5 0.7 0.9 0.9 1 1 0 0 0.1 0.5 0.7 0.9
A6 0 0 0.1 0 0.1 0.3 0 0 0.1 0.9 1 1 0 0 0.1
A7 0 0 0.1 0.7 0.9 1 0.9 1 1 0.7 0.9 1 0.9 1 1
A8 0.3 0.5 0.7 0.1 0.3 0.5 0 0 0.1 0.1 0.3 0.5 0 0.1 0.3
A9 0 0 0.1 0.5 0.7 0.9 0.1 0.3 0.5 0.3 0.5 0.7 0.5 0.7 0.9
A10 0.1 0.3 0.5 0.5 0.7 0.9 0.5 0.7 0.9 0.5 0.7 0.9 0.9 1 1
A11 0.9 1 1 0.5 0.7 0.9 0 0 0.1 0.1 0.3 0.5 0.3 0.5 0.7
A12 0.5 0.7 0.9 0 0 0.1 0.3 0.5 0.7 0.5 0.7 0.9 0.5 0.7 0.9
A13 0.1 0.3 0.5 0.1 0.3 0.5 0 0.1 0.3 0 0.1 0.3 0.5 0.7 0.9
A14 0.3 0.5 0.7 0.7 0.9 1 0.1 0.3 0.5 0.1 0.3 0.5 0.1 0.3 0.5
A15 0.3 0.5 0.7 0.1 0.3 0.5 0.5 0.7 0.9 0.1 0.3 0.5 0.1 0.3 0.5
A16 0.5 0.7 0.9 0 0 0.1 0 0 0.1 0.3 0.5 0.7 0.1 0.3 0.5
A17 0.7 0.9 1 0 0 0.1 0.5 0.7 0.9 0 0 0.1 0.7 0.9 1
A18 0.3 0.5 0.7 0.5 0.7 0.9 0 0 0.1 0 0 0.1 0 0 0.1
A19 0.1 0.3 0.5 0.1 0.3 0.5 0 0.1 0.3 0.1 0.3 0.5 0 0.1 0.3
A20 0.7 0.9 1 0.5 0.7 0.9 0 0.1 0.3 0 0 0.1 0.1 0.3 0.5

Table 7
Triangular IFNs of evaluators’ ratings under C4.

Scientists z1k4 z2k4 z3k4 z4k4 z5k4

A1 0.9 1 1 0.7 0.9 1 0.3 0.5 0.7 0.3 0.5 0.7 0.5 0.7 0.9
A2 0.5 0.7 0.9 0.9 1 1 0.9 1 1 0.5 0.7 0.9 0.7 0.9 1
A3 0.3 0.5 0.7 0.5 0.7 0.9 0.9 1 1 0.3 0.5 0.7 0.1 0.3 0.5
A4 0.3 0.5 0.7 0.5 0.7 0.9 0.9 1 1 0.5 0.7 0.9 0.1 0.3 0.5
A5 0.5 0.7 0.9 0.3 0.5 0.7 0.1 0.3 0.5 0.7 0.9 1 0.5 0.7 0.9
A6 0.1 0.3 0.5 0.7 0.9 1 0.7 0.9 1 0.1 0.3 0.5 0.3 0.5 0.7
A7 0.9 1 1 0.7 0.9 1 0.1 0.3 0.5 0.5 0.7 0.9 0.7 0.9 1
A8 0.5 0.7 0.9 0.5 0.7 0.9 0.9 1 1 0.1 0.3 0.5 0.1 0.3 0.5
A9 0.3 0.5 0.7 0.5 0.7 0.9 0 0.1 0.3 0.7 0.9 1 0.5 0.7 0.9
A10 0.3 0.5 0.7 0.5 0.7 0.9 0.3 0.5 0.7 0 0.1 0.3 0.3 0.5 0.7
A11 0.3 0.5 0.7 0.9 1 1 0.1 0.3 0.5 0.1 0.3 0.5 0.3 0.5 0.7
A12 0.1 0.3 0.5 0.5 0.7 0.9 0 0.1 0.3 0.5 0.7 0.9 0.9 1 1
A13 0.1 0.3 0.5 0.5 0.7 0.9 0.7 0.9 1 0 0 0.1 0.3 0.5 0.7
A14 0.7 0.9 1 0.5 0.7 0.9 0.3 0.5 0.7 0.3 0.5 0.7 0 0 0.1
A15 0.1 0.3 0.5 0.3 0.5 0.7 0.3 0.5 0.7 0.9 1 1 0.5 0.7 0.9
A16 0.7 0.9 1 0 0.1 0.3 0.5 0.7 0.9 0.3 0.5 0.7 0.1 0.3 0.5
A17 0.3 0.5 0.7 0.3 0.5 0.7 0 0 0.1 0.3 0.5 0.7 0 0.1 0.3
A18 0.5 0.7 0.9 0.5 0.7 0.9 0.3 0.5 0.7 0.1 0.3 0.5 0 0.1 0.3
A19 0.7 0.9 1 0.3 0.5 0.7 0.9 1 1 0.5 0.7 0.9 0.1 0.3 0.5
A20 0.5 0.7 0.9 0.3 0.5 0.7 0.3 0.5 0.7 0.3 0.5 0.7 0.1 0.3 0.5

Table 8
Triangular IFNs of evaluators’ ratings under C5.

Scientists z1k5 z2k5 z3k5 z4k5 z5k5

A1 0.3 0.5 0.7 0.9 1 1 0.7 0.9 1 0.7 0.9 1 0.5 0.7 0.9
A2 0.3 0.5 0.7 0.3 0.5 0.7 0.1 0.3 0.5 0 0.1 0.3 0 0.1 0.3
A3 0.3 0.5 0.7 0.1 0.3 0.5 0.1 0.3 0.5 0 0.1 0.3 0 0 0.1
A4 0.3 0.5 0.7 0.9 1 1 0.1 0.3 0.5 0.7 0.9 1 0.9 1 1
A5 0.1 0.3 0.5 0.3 0.5 0.7 0.1 0.3 0.5 0 0.1 0.3 0 0 0.1
A6 0.1 0.3 0.5 0.3 0.5 0.7 0.9 1 1 0.7 0.9 1 0.5 0.7 0.9
A7 0 0.1 0.3 0.1 0.3 0.5 0.3 0.5 0.7 0.3 0.5 0.7 0.3 0.5 0.7
A8 0.1 0.3 0.5 0.3 0.5 0.7 0.5 0.7 0.9 0.5 0.7 0.9 0 0 0.1
A9 0 0 0.1 0.1 0.3 0.5 0.1 0.3 0.5 0.3 0.5 0.7 0.3 0.5 0.7
A10 0.7 0.9 1 0.5 0.7 0.9 0.3 0.5 0.7 0.9 1 1 0.9 1 1
A11 0.3 0.5 0.7 0.1 0.3 0.5 0.1 0.3 0.5 0.3 0.5 0.7 0 0.1 0.3
A12 0 0.1 0.3 0.3 0.5 0.7 0.3 0.5 0.7 0 0 0.1 0.3 0.5 0.7
A13 0.5 0.7 0.9 0.9 1 1 0.7 0.9 1 0.7 0.9 1 0.1 0.3 0.5
A14 0.1 0.3 0.5 0.3 0.5 0.7 0.1 0.3 0.5 0.3 0.5 0.7 0 0.1 0.3
A15 0.1 0.3 0.5 0.3 0.5 0.7 0.3 0.5 0.7 0.3 0.5 0.7 0.3 0.5 0.7
A16 0 0 0.1 0 0 0.1 0 0.1 0.3 0 0.1 0.3 0.3 0.5 0.7
A17 0.3 0.5 0.7 0.5 0.7 0.9 0.3 0.5 0.7 0 0 0.1 0.3 0.5 0.7
A18 0.3 0.5 0.7 0.1 0.3 0.5 0 0.1 0.3 0.3 0.5 0.7 0 0.1 0.3
A19 0.3 0.5 0.7 0.9 1 1 0.5 0.7 0.9 0.3 0.5 0.7 0 0 0.1
A20 0.9 1 1 0.7 0.9 1 0 0 0.1 0.5 0.7 0.9 0.3 0.5 0.7
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Table 9
Triangular IFNs of evaluators’ ratings under C6.

Scientists z1k6 z2k6 z3k6 z4k6 z5k6

A1 0.1 0.3 0.5 0.3 0.5 0.7 0.5 0.7 0.9 0.5 0.7 0.9 0.1 0.3 0.5
A2 0.3 0.5 0.7 0.9 1 1 0.7 0.9 1 0.3 0.5 0.7 0.1 0.3 0.5
A3 0 0.1 0.3 0.1 0.3 0.5 0.3 0.5 0.7 0.5 0.7 0.9 0 0.1 0.3
A4 0.5 0.7 0.9 0.7 0.9 1 0.9 1 1 0.7 0.9 1 0.9 1 1
A5 0.1 0.3 0.5 0.3 0.5 0.7 0 0.1 0.3 0.9 1 1 0.5 0.7 0.9
A6 0.3 0.5 0.7 0.3 0.5 0.7 0.9 1 1 0.5 0.7 0.9 0 0 0.1
A7 0.1 0.3 0.5 0 0 0.1 0 0 0.1 0.3 0.5 0.7 0.3 0.5 0.7
A8 0.3 0.5 0.7 0.1 0.3 0.5 0.1 0.3 0.5 0 0 0.1 0.3 0.5 0.7
A9 0.3 0.5 0.7 0.1 0.3 0.5 0 0 0.1 0.7 0.9 1 0.5 0.7 0.9
A10 0 0.1 0.3 0.1 0.3 0.5 0.1 0.3 0.5 0 0 0.1 0.3 0.5 0.7
A11 0.3 0.5 0.7 0 0.1 0.3 0.7 0.9 1 0.1 0.3 0.5 0.1 0.3 0.5
A12 0.3 0.5 0.7 0.9 1 1 0.9 1 1 0.7 0.9 1 0.5 0.7 0.9
A13 0.1 0.3 0.5 0.5 0.7 0.9 0.3 0.5 0.7 0 0 0.1 0.3 0.5 0.7
A14 0.9 1 1 0.3 0.5 0.7 0 0 0.1 0.7 0.9 1 0.9 1 1
A15 0.1 0.3 0.5 0 0.1 0.3 0 0.1 0.3 0 0 0.1 0 0 0.1
A16 0.7 0.9 1 0.5 0.7 0.9 0.3 0.5 0.7 0 0.1 0.3 0 0 0.1
A17 0.5 0.7 0.9 0.7 0.9 1 0.1 0.3 0.5 0 0 0.1 0.3 0.5 0.7
A18 0.5 0.7 0.9 0.9 1 1 0.9 1 1 0.7 0.9 1 0.3 0.5 0.7
A19 0.5 0.7 0.9 0.1 0.3 0.5 0.3 0.5 0.7 0 0.1 0.3 0 0 0.1
A20 0.9 1 1 0.9 1 1 0.1 0.3 0.5 0.3 0.5 0.7 0 0.1 0.3

Table 10
Triangular IFNs of evaluators’ ratings under C7.

Scientists z1k7 z2k7 z3k7 z4k7 z5k7

A1 0.1 0.3 0.5 0.7 0.9 1 0.9 1 1 0.3 0.5 0.7 0.3 0.5 0.7
A2 0 0.1 0.3 0.1 0.3 0.5 0.5 0.7 0.9 0.7 0.9 1 0.5 0.7 0.9
A3 0.3 0.5 0.7 0.7 0.9 1 0.3 0.5 0.7 0.3 0.5 0.7 0 0 0.1
A4 0 0.1 0.3 0.1 0.3 0.5 0.1 0.3 0.5 0 0 0.1 0.3 0.5 0.7
A5 0 0.1 0.3 0.7 0.9 1 0.9 1 1 0.5 0.7 0.9 0 0 0.1
A6 0 0.1 0.3 0 0.1 0.3 0.3 0.5 0.7 0 0.1 0.3 0 0 0.1
A7 0.1 0.3 0.5 0.7 0.9 1 0 0.1 0.3 0 0.1 0.3 0.3 0.5 0.7
A8 0.3 0.5 0.7 0 0.1 0.3 0.3 0.5 0.7 0 0 0.1 0.3 0.5 0.7
A9 0.9 1 1 0.3 0.5 0.7 0.7 0.9 1 0.5 0.7 0.9 0.1 0.3 0.5
A10 0.1 0.3 0.5 0.9 1 1 0.5 0.7 0.9 0.3 0.5 0.7 0.3 0.5 0.7
A11 0 0 0.1 0 0.1 0.3 0 0 0.1 0.3 0.5 0.7 0.1 0.3 0.5
A12 0.1 0.3 0.5 0.3 0.5 0.7 0.3 0.5 0.7 0.1 0.3 0.5 0.5 0.7 0.9
A13 0 0 0.1 0.1 0.3 0.5 0.5 0.7 0.9 0 0 0.1 0.5 0.7 0.9
A14 0.9 1 1 0.1 0.3 0.5 0.5 0.7 0.9 0.7 0.9 1 0.9 1 1
A15 0.5 0.7 0.9 0 0.1 0.3 0 0.1 0.3 0 0 0.1 0.1 0.3 0.5
A16 0 0.1 0.3 0.3 0.5 0.7 0.3 0.5 0.7 0.3 0.5 0.7 0.1 0.3 0.5
A17 0.3 0.5 0.7 0 0.1 0.3 0.1 0.3 0.5 0.3 0.5 0.7 0 0.1 0.3
A18 0.5 0.7 0.9 0.3 0.5 0.7 0.3 0.5 0.7 0.1 0.3 0.5 0 0 0.1
A19 0.7 0.9 1 0.9 1 1 0.9 1 1 0.3 0.5 0.7 0.1 0.3 0.5
A20 0.9 1 1 0.3 0.5 0.7 0.1 0.3 0.5 0 0 0.1 0.5 0.7 0.9

Table 11
Triangular IFNs of evaluators’ ratings under C8.

Scientists z1k8 z2k8 z3k8 z4k8 z5k8

A1 0.3 0.5 0.7 0.7 0.9 1 0.5 0.7 0.9 0.3 0.5 0.7 0.9 1 1
A2 0.5 0.7 0.9 0.7 0.9 1 0.9 1 1 0.5 0.7 0.9 0.3 0.5 0.7
A3 0.9 1 1 0.1 0.3 0.5 0.3 0.5 0.7 0.1 0.3 0.5 0 0.1 0.3
A4 0 0.1 0.3 0.5 0.7 0.9 0.5 0.7 0.9 0.9 1 1 0.7 0.9 1
A5 0.3 0.5 0.7 0.1 0.3 0.5 0.1 0.3 0.5 0.1 0.3 0.5 0 0.1 0.3
A6 0.3 0.5 0.7 0 0.1 0.3 0.5 0.7 0.9 0.7 0.9 1 0.9 1 1
A7 0 0.1 0.3 0.1 0.3 0.5 0.5 0.7 0.9 0.7 0.9 1 0.1 0.3 0.5
A8 0.3 0.5 0.7 0.3 0.5 0.7 0 0.1 0.3 0.1 0.3 0.5 0 0 0.1
A9 0.1 0.3 0.5 0.5 0.7 0.9 0.7 0.9 1 0.9 1 1 0 0.1 0.3
A10 0.3 0.5 0.7 0 0.1 0.3 0.5 0.7 0.9 0.5 0.7 0.9 0.3 0.5 0.7
A11 0.1 0.3 0.5 0.3 0.5 0.7 0.1 0.3 0.5 0 0.1 0.3 0 0 0.1
A12 0.5 0.7 0.9 0.9 1 1 0.9 1 1 0.7 0.9 1 0.5 0.7 0.9
A13 0 0.1 0.3 0.1 0.3 0.5 0.3 0.5 0.7 0.1 0.3 0.5 0.3 0.5 0.7
A14 0.3 0.5 0.7 0.5 0.7 0.9 0.3 0.5 0.7 0 0 0.1 0.3 0.5 0.7
A15 0.5 0.7 0.9 0.1 0.3 0.5 0.5 0.7 0.9 0.1 0.3 0.5 0 0.1 0.3
A16 0.1 0.3 0.5 0.3 0.5 0.7 0 0.1 0.3 0.3 0.5 0.7 0.3 0.5 0.7
A17 0.9 1 1 0.9 1 1 0.7 0.9 1 0.5 0.7 0.9 0.1 0.3 0.5
A18 0 0.1 0.3 0.1 0.3 0.5 0 0 0.1 0.1 0.3 0.5 0.1 0.3 0.5
A19 0.3 0.5 0.7 0.3 0.5 0.7 0 0.1 0.3 0.1 0.3 0.5 0 0.1 0.3
A20 0.7 0.9 1 0.9 1 1 0.5 0.7 0.9 0.3 0.5 0.7 0.1 0.3 0.5
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Table 12
Evaluation results with different Rþk and R0þk ranks given in bold face.

Scientists Sþk S�k Rþk Rank by Rþk Rank by R0þk Rank by N0p Rank by h index

A1 0.0366 0.1647 0.8181 1 1 2 1
A2 0.1107 0.0890 0.4457 2 2 3 3
A3 0.1369 0.0523 0.2766 14 14 5 4
A4 0.1251 0.0911 0.4212 4 4 8 4
A5 0.1377 0.0636 0.3160 11 11 6 7
A6 0.1392 0.0674 0.3264 10 8 7 6
A7 0.1389 0.0609 0.3048 12 13 9 7
A8 0.1533 0.0408 0.2103 17 17 4 9
A9 0.1092 0.0848 0.4369 3 3 1 2
A10 0.1469 0.0847 0.3658 5 5 13 15
A11 0.1616 0.0362 0.1829 20 20 18 12
A12 0.1482 0.0749 0.3357 7 9 18 15
A13 0.1501 0.0630 0.2955 13 12 13 12
A14 0.1475 0.0836 0.3618 6 6 17 15
A15 0.1639 0.0401 0.1966 18 18 16 15
A16 0.1608 0.0371 0.1874 19 19 18 12
A17 0.1505 0.0524 0.2582 16 16 10 9
A18 0.1524 0.0582 0.2765 15 15 12 9
A19 0.1502 0.0730 0.3270 9 7 11 15
A20 0.1451 0.0706 0.3274 8 10 15 15

262 Z. Li et al. / Knowledge-Based Systems 56 (2014) 253–263
By Eqs. (15)–(17), Sþk ; S
�
k and Rþk are determined and the 20 sci-

entists’ IRO ranked as shown in Table 12.

4.2. Discussion

IRO of these 20 scientists are sorted from the best to the worst
by the proposed method as shown in Table 12. In this section we
discuss the effectiveness of the proposed methodology and com-
pare it with former research.

(1) We recalculate the problem given equal weights to five eval-
uators, namely w0Ei ¼ 0:2; i ¼ 1; . . . ;5. In this situation,
W 0C ¼ ð0:042;0:167;0:095;0:141;0:161;0:127;0:177;0:090Þ.
The rank by R0þk column in Table 12 shows the ranks of 20
scientists with evaluators given equal weights. As shown
in Table 12, six scientists are ranked differently by Rþk and
R0þk . The rankings by Rþk column in Table 12 represents the
maximum consensus evaluation results. In this sense, rank-
ing by Rþk is better than ranking by R0þk .

(2) Not all scientists’ IRO can be ranked by N0p and the h index
because some scientists have the same performance under
these indicators. For example, A11;A12 and A16 are all ranked
18 by N0p, both A3 and A4 are ranked 4 by the h index, and six
scientists are ranked 15 by the h index. However, their IRO
can be differentiated using the our proposed method. There-
fore, the our proposed method has better discrimination
performance than the single bibliometric indicators.

(3) It is worth noting that our proposed method comes up with
quite different results than the h index, which is one of the
most widely used IRO evaluation indicators. For example,
A3 is ranked 4 by the h index, but it is ranked 14 by Rþk . This
is because although A3 has high performance in impact,
impact is only one of eight criteria considered in our pro-
posed method, and it only has a weight of 0.183. Our pro-
posed method considers both objective and subjective
evaluations on a total of four aspects, i.e., volume, impact,
quality and utility (represented by the eight criteria of
IRO). Therefore, the evaluation results from our proposed
method are more comprehensive and take more aspects into
consideration which can effectively overcome the one-sid-
edness of a single indicator. Also the proposed method pro-
duces quite different results than the indicator N0p. N0p only
measures the research productivity without any consider-
ation of impact or quality. Using a single indicator to mea-
sure IRO is unavoidably biased.

(4) There exists some other comprehensive IRO evaluation
research. Such as Xu et al. [32] who established an evalua-
tion index system by choosing various bibliometric indica-
tors to comprehensively evaluate IRO. A set of journal
evaluation indicators are chose to evaluate papers’ quality.
However, good journals do not always publish high quality
papers. Therefore, employing peer review opinions to evalu-
ate research quality in this paper is more persuasive. More-
over, many IRO research is only based on published research
papers, while, the method in this paper has a potential be
used in evaluating book chapters, research reports and pre-
sentations. Ma et al. [18] established a fuzzy MCGDM pro-
cess (FMP) model which can aggregate both subjective and
objective information under multi-level hierarchies of crite-
ria and evaluators. Based on FMP they further developed a
fuzzy MCGDM decision support system (called Decider).
The Decider software is more effective in handling informa-
tion than our proposed method as it can handle information
expressed in linguistic terms, boolean values, as well as
numeric values to assess and rank a set of alternatives. How-
ever, our proposed method is more specific in IRO evaluation
as it identifies specific objective and subjective criteria and
develops a maximum consensus weighting method for IRO
evaluation.

5. Conclusion

MCGDM of IRO evaluation is both practically and theoretically
important. On the one hand, universities and research departments
are faced with demands for greater accountability and the conse-
quences of diminished funding. IRO evaluation today are expected
to be both efficient and accountable. These pressures have made
MCGDM research of IRO evaluation practically essential. On the
other hand, the two long standing key issues in MCGDM, i.e., deter-
mination of weights and group consensus have made MCGDM re-
search of IRO evaluation theoretically essential. This paper is a
study of maximum consensus MCGDM for IRO evaluation. Consid-
ering the inevitable subjective judgments and preferences in IRO
evaluation, this paper further extends this problem into fuzzy
environment.
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Firstly this paper identified a set of objective and subjective
evaluation criteria, then developed a fuzzy distance-based method
to determine evaluators’ weights which minimizes the sum of the
Euclidean distances between all pairs of fuzzy evaluation results to
enhance group consensus. To determine criteria’s weights, an
intuitionistic fuzzy weighted averaging operator was used. After
that, this paper employed a revised TOPSIS method to aggregate
both crisp and fuzzy IRO ratings. Finally, a case study with actual
data was conducted to test the feasibility and effectiveness of the
proposed method. Compared with the results of arbitrary weights
of evaluators, the results from this paper represent the maximum
agreement result, therefore, it is more persuasive. Compared with
single indicator evaluation, the proposed method takes more as-
pects into consideration, therefore it can overcome one-sidedness
of a single indicator. Compared with other comprehensive IRO
evaluation methods, the proposed method also has advantages
and applicability.

Due to the complexity of IRO evaluation, the following are areas
for our future research: (1) different objective and subjective crite-
ria for different research areas; (2) methods in handling different
kinds of information expressed in linguistic terms, boolean values,
as well as numeric values to assess and rank IRO; and (3) better
understanding and presentation of subjective information.
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