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Abstract— Multi-criteria group decision-making and evaluation
(MCGDME) method typically aggregates information in evaluation
tables. For various reasons, evaluation tables (decision matrix) often include missing data that highly affect correct decision-making
and evaluation. Most existing imputation methods of missing data
are based on statistical features which do not exist in an MCGDME
setting. This paper proposes an imputation method of missing data
(IMD) in evaluation tables. The IMD method measures the similarity betweent two evaluators’ mental models. Evaluators are then
classed into several groups based on their similarities by using fuzzy
clustering methods. Finally, missing data are imputated under the assumption that the imputated value of missing data does not change
the previous clustering results. The proposed IMD method is implemented and tested in two numerical experiments.
Keywords— decision making, missing data, multi-criteria evaluation, opinion clustering, aggregation

1 Introduction
Multi-criteria group decision-making (MCGDM) methods
have been widely used in various fields such as new product
development in industries [9], clinical diagnose, service strategies selection in business, as well as public economic policy
evaluation [11]. In a typical MCGDM process, evaluating alternatives and aggregating assessments based on decision matrices are two crucial processes. Evaluators (or experts) assess
alternatives in terms of a set of identified criteria. The assessments are recorded into several decision matrices, also known
as decision tables, which are further analyzed and integrated.
The aggregation process implements a specific aggregation
model to achieve an overall assessment for each alternative
and based on which the best alternative(s) is/are selected. Majority of existing research focuses particularly on the problem of how to efficiently integrate heterogeneous quantitative
or qualitative information from multiple information sources.
Most processes are conducted mainly on the assumption that
those obtained decision matrices are intact, i.e., those tables
do not include missing values. However, this assumption may
not be completely satisfied in real situations.
Various reasons result in missing values in decision matrices. Values may be missed in the course of data collection by
device faults or human errors. Evaluators who are lack of relevant background for some criteria or are not willing to provide
opinions on some criteria may leave blanks in their decision
tables. Security or privacy policies may also prevent evaluators from providing answers to some criteria. An evidently
ISBN: 978-989-95079-6-8

result of missing values reduce the reliability of decision making or evaluation and to produce extraordinary bias towards
appropriate decisions. Moreover, missing values may result
in invalid evaluation and decision making. Hence, necessary
and efficient missing data imputation is required in real applications such as in nuclear material safeguards information
management.
Literature indicates missing data processing has a long research history [4–6, 8, 12]. However, most research is mainly
conducted on the theory and application of statistics sciences
[5]. Existing techniques, such as the LOCF (last observation
carried forward), best or worst case imputation, mean imputation, and case deletion [1], generally require the collected data
has specific and identifiable features. Such features include,
for examples, the data is time-related or follows a particular
statistics distribution, as well as has sufficient volume. These
features do not hold in a typical MCGDM settings in general. Assessments in a typical MCGDM problem have uniqueness in the sense that each assessment is uniquely linked to
a unique alternative, a unique evaluator, and a unique criterion. Moreover, because evaluators are generally not asked
or are not willing to repeat same evaluation procedures, the
obtained assessment values are always onetime data which is
irrelevant to observation time. Therefore, not enough volume
of data exists with the same features of a missing value. Besides the uniqueness and small volume of assessments, assessment values are generated through information processing in
evaluators’ mental model of the given decision problem which
cannot be strictly expressed through a formalized and quantified model. Moreover, the links among the selected criteria
are generally weak and unclear, because evaluation criteria are
always deliberately selected to represent different considerations for alternatives. These features make it very hard to use
statistics-based missing data imputation methods to MCGDM
problems.
This paper presents an imputation method for missing assessments (IMD) in decision tables for MCGDM. The presented method mainly includes two steps. A fuzzy clustering
method is first used to classify evaluators into several groups
based on their opinions reflected in their assessments. Then
missing assessments are imputed according to those assessments of evaluators belonging to the same group. The rest of
the paper is organized as follows. Section 2 reviews the main
steps of the presented IMD method. Details of each step is
introduced in Section 3. To further illustrate the IMD method,
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two case studies are conducted. Finally, main results and fu- input and denoted by x, i.e., this can be formally described as
ture works are discussed in Section 5.
vk = fk (x), k = 1, 2, . . . , m.
(4)

2 Overview
2.1

Formalization of typical MCGDM problems

A typical MCGDM problem is composed of a set of alternatives (e.g., action choices, policies), a hierarchy of attributes
(i.e., decision criteria), weights associated with criteria, a set
of decision matrices (i.e., decision tables), as well as a set of
evaluators who present those decision matrices. Three main
steps are involved in selections of alternatives [13]: 1) determine the relevant criteria and alternatives; 2) evaluate the relative impacts of alternatives on those criteria; and 3) determine
a ranking of each alternatives. Roughly, an MCGDM process
can be expressed by a 4-tuple model:
M = (C, E, A, T ),

(1)

where C = {(cj , wcj )|j = 1, 2, . . . , n} is a set of criteria and their corresponding weights (importance); E =
{(ek , wek )|k = 1, 2, . . . , m} is a set of evaluators (experts)
and their corresponding weights (reliabilities); A = {ai |i =
1, 2, . . . , p} is a set of alternatives (action choices); and T =
i
)n×m |i = 1, 2, . . . , p} is a set of decision matrices.
{Ti = (vjk
For each ai , the overall assessment yi based on the model M
is explicitly expressed as
yi = WC ◦ Ti  WET
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Figure 1 illustrates a generalized procedure of obtaining an
evaluation table. Notice that the input of each evaluator’s
mental model is the same, the difference among the obtained
evaluation vectors can only be introduced by the difference
among evaluators’ mental models. Assume that the relationship between evaluators’ mental models exists and can be
found through their outputs, i.e., the evaluation vectors, then
missing values can be approximately imputed with the aid of
those relationships. In the light of this idea, the following
strategy is adopted to impute missing values. First, a distance
measure d between two evaluation vectors is defined, which is
then taken as the distance between two evaluators’ opinions.
Next, the similarity of two evaluators’ mental models is induced from the distance. Based on the similarities between
each pair of evaluators, a fuzzy clustering method is used to
segment evaluators to several clusters. For each of missing
values, a predicted value is obtained according to the evaluation vectors provided by evaluators belonging to the same
group. This value is the imputed value.
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x

 



v1 = f1 (x)


vm = fm (x)

    T = (v1 , v2, · · · , vm)

Figure 1: Producing of an evaluation table.
where ◦ and  are operations in M, WC is the weight vector
for criteria, and WE the weight vector for evaluators. Once ◦
To implement the above-mentioned strategy, we consider
and  are given in explicit forms, the model M is then deter- some relevant issues. First, the difference of criteria weights
mined. For example, let ◦ and  be a weighted sum. For any is considered when defining a distance measurement. The
vectors w and v
weight of a criterion indicates the importance degree or reln
evance degree of that criterion to the decision goal. Some

wi vi , (2) criteria are more important than others. Hence, criteria with
w ◦ v T = (w1 , · · · , wn ) ◦ (v1 , · · · , vn )T =
i=1
bigger weights should contribute more distance to the overall distance between two evaluation vectors. For this reason,
then yi can be written as
we use an aggregation operator to define the overall distance



between two evaluation vectors. Another issue is concerned
n
m
m
n


 

yi =
vjk wek =
wcj vjk  · wek . about criteria to that not all missing values must be imputed.
wci ·
For criteria with very small weights, the imputation of missing
j=1
j=1
k=1
k=1
(3) data is not essential because the bias from appropriate decision
Note that most research works on MCGDM focus on how to induced by discrepancy in those criteria is insignificant. Thus,
define these two operations which are mostly studied in the a parameter α is defined to filter criteria with small weights.
Missing data with respect to those filtered criteria are not imframework of aggregation operators.
In the following, let Ti = (v1i , v2i , · · · , vki ), where vki = puted. Moreover, a second parameter β is used in the segi
i
i
, v2k
, · · · , vnk
)T is called the evaluation vector of evalu- mentation of evaluators, which indicates the at least similar(v1k
ator ek on alternative ai . Ti is called complete if no missing ity required when two evaluators are treated with the similar
values in Ti . Ti is called incomplete if at least one evaluation opinion. It can be proved that the bigger the β is, the more obvector includes missing values. For convenience, the follow- tained clusters and the reduced number of evaluators belong
to a certain cluster.
ing analysis will omit the alternative index i.
Because the presented strategy adopts two extra parameters
2.2 Distance and similarity of evaluator opinions
α and β, the presented method is thus called an α-β impuFor each vk in T , vk can be seen as an output of evaluator tation. Next section will give details of the α-β imputation
ek ’s mental model with the physical nature of alternative as method.
ISBN: 978-989-95079-6-8
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3

An α-β imputation method

3.2 Similarity between two evaluation vectors

This section illustrates the details of the α-β imputation
method for missing data (assessments, evaluations). For convenience, let all weights for criteria and evaluators be real
numbers in the real unit interval [0, 1] and all assessment values be real numbers in [0, 1], too. Without loss of generality,
the following discussion will consider the decision matrix for
only one alternative.
3.1

Distance between evaluation vectors

An evaluation vector refers to a column in a decision matrix T i which records the assessments presented by a certain
evaluator. As each evaluation vector reflects the opinion of an
evaluator, distance of evaluation vectors could be used to reflect the difference between two evaluators’ opinions. Based
on this idea, we first measure the distance between evaluation
vectors. Suppose u and v are two evaluation vectors.
For each criterion cj (j = 1, 2, . . ., n), let u and v be two
assessments from different evaluators about cj . Then the distance between u and v can be calculated. Suppose the distance
is calculated through a distance function dj which is with respect to cj and dj (u, v) is a real number in [0, 1], then dj can
be treated as a function from [0, 1] × [0, 1] to [0, 1]. In the following, let d1 , d2 , . . ., dn be the selected distance functions
with respect to criteria c1 , c2 , . . ., cn , respectively without
other specifications. Here, we do not require that all dj be of
the same form.
Based on the selected dj , j = 1, 2, . . . , n, the overall distance between two evaluation vectors u and v can be calculated as follows. Let Agg be an aggregation operator [10] defined from [0, 1]n to [0, 1] and β1 , β2 , . . ., βn be the normalized weights of those criteria, i.e.,
wcj
, j = 1, 2, . . . , n.
(5)
βj = n
j=1 wcj
The distance function dˆ between the two evaluation vectors u
and v is a function from [0, 1]n to [0, 1] such that
ˆ v) = Agg {(βj , dj (uj , vj ))|j = 1, 2, . . . , n} .
d(u,

(6)

Similar to the definition of distance, similarity for individual criterion is first given and then an overall similarity is calculated by a selected aggregation operator.
Let gj (j = 1, 2, . . . , n) be the selected similarity function
with respect to criterion cj . gj should satisfy the following
two conditions: for any u and v,
gj1 (u, v)  gj2 (u, v) if wcj1  wcj2 ,

j1 , j2 ∈ {1, · · · , n};
(7)
and gj is a non-increasing function with respect to dj . Then
function gj is also called a similarity measure with respect to
criterion cj , j = 1, 2, . . . , n. (7) indicates that a more important criterion has less similarity with respect to the same
distance between two assessments.
For example, the following functions can be treated as a set
of similarity measures.
gj (u, v) = 1 − dj (u, v)σ/wcj ,

j = 1, 2, . . . , n,

(8)

where σ ∈ {wcj |j = 1, 2, . . . , n}.
In the light of individual similarity measures {gj }, an overall similarity ĝ between two evaluation vectors u and v is defined, which is a non-increasing function from [0, 1]n to [0, 1]
such that
ĝ(u, v) = Agg{(βj , gj (uj , vj )), j = 1, 2, . . . , n},

(9)

where Agg is a selected aggregation operators, βj is the normalized weights of those criteria, j = 1, 2, . . . , n.
In Example 3.1, suppose gj (u, v) = 1 − dj (u, v), then
the similarities for the weighted-sum aggregation and OWA
aggregation are 0.56 and 0.70, respectively. Obviously
ˆ v). However, this does not hold if we
ĝ(u, v) = 1 − d(u,
change the relationship between gj and dj for any j. This
indicates that in real problems we can select the appropriate
operators to define the similarity. Moreover, we should notice
that ĝ(u, v) is given through individual distance dj and individual similarity gj , j = 1, 2, . . ., n, rather than the overall
ˆ v). The reason for separately defining them is to
distance d(u,
provide more flexibilities to consider the individual influence
of criteria.

Example 3.1 Suppose Table 1 gives an example setting. Let
Agg be the weighted-mean. Then the distance between evaluation vectors u and v is:
0.47
0.93
0.12
× 0.75 +
× 0.11 +
× 0.57 = 0.44.
3.3 Evaluator segmentation
1.52
1.52
1.52
If Agg is the OWA operator, then the distance becomes
The similarity between two evaluation vectors reflects to
what
extend two evaluators’ opinions are similar, which is
0.12
0.47
0.93
× 0.75 +
× 0.57 +
× 0.11 = 0.30.
used
to
define the similarity between two evaluators’ mental
1.52
1.52
1.52
models. Evaluators, thus, can be clustered into several groups
based on the similarity of their mental models.
Table 1: An example settings
Suppose the similarities between any two pair of evaluadj
wcj
u
v
tors are calculated and recorded in a similarity matrix M =
c1 |u − v| 0.12 0.07 0.82
(sjk )m×m where sjk is the similarity between evaluators ej
c2 |u − v|2 0.47 0.64 0.97
and ek . To segment evaluators based on M , we use the fuzzy
c3 |u − v|3 0.93 0.93 0.1
clustering technique here. Let M̄ be the transitive closure of
M obtained by
Equation (6) indicates the distance between two evaluation
M i,
(10)
M̄ =
vectors that are determined by the selected aggregation operi=1
ator and the distance functions for each of criteria. It is possible to choose different operators and measures according to where M i is the i-th power of M by the max-min composition
[11]. Therefore, a clustering result can be obtained from the
the real problem.
ISBN: 978-989-95079-6-8
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matrix M̄ . For example, suppose the matrix M̄ is


1.0 0.6 0.8 0.6
0.6 1.0 0.6 0.7

M̄ = 
0.8 0.6 1.0 0.6 .
0.6 0.7 0.6 1.0

(11)

Then the clustering result is shown in the following figure.
e1
1.0

e2

e3

e4

value uj . Formally, this can be expressed as the following
equation


Agg (βl , gl (ul , vl )), l ∈ δ(A) ∪ {j}


(13)
= Agg (βl , gl (ul , vl )), l ∈ δ(A) ,
where δ(A) = {l|ul ∈ A}, β  is the normalized weight after
adding the criterion cj and is calculated by
βl =

wcl
r∈δ(A)∪{j}

wcr

=

wcl
wcj +

r∈δ(A)

wcr

.

(14)

0.8

Notice in (13) only uj is unknown, therefore, the solution(s) of
the equation is/are possible estimation(s) of the missing value
0.7
uj in u in terms of v.
For example, suppose the Agg is the weighted mean and
0.6
gj (u, v) = 1 − dj (u, v), j = 1, 2, . . . , n. Then by (13), we
have


Figure 2: An evaluator clustering results.
Agg (βl , gl (ul , vl )), l ∈ δ(A) ∪ {j}


From Figure 2, the segmentation results may change with
= Agg (βl , gl (ul , vl )), l ∈ δ(A) ,
different levels of similarity. For instance, the segmentation
result at ĝ = 0.8 is {e1 , e3 }, {e2 }, and {e4 }; while all evalua- Hence,
tors belong to the unique group at ĝ = 0.6. Hence, a parameter


β is used here to indicate at which level the segmentation reβl gl (ul , vl ) =
βl gl (ul , vl ),
sult is concerned about. In the following let the segmentation
l∈δA∪{j}
l∈δ(A)
result with respect to the given β be Γ(β).

 wcl · gl (ul , vl )
wcl · gl (ul , vl )
=
,
wcj + r∈δ(A) wcr
r∈δ(A) wcr
3.4 Imputation of missing data
l∈δ(A)∪{j}
l∈δ(A)

 wcl · dl (ul , vl )
wcl · dl (ul , vl )
To impute missing data, we consider relevant issues and il1−
=1−
lustrate corresponding solutions here.
wcj + r∈δ(A) wcr
r∈δ(A) wcr
l∈δ(A)∪{j}
l∈δ(A)
First, some missing data need not to be imputed when the
associated criteria have infinitesimal effects to the decision G.
Therefore, a parameter α is introduced to filter criteria with So,
smaller weights than α. For those criteria, missing data are
not imputed.
l∈δ(A) wcl · dl (ul , vl )
ˆ A , vA ). (15)
= d(u
dj (uj , vj ) =
Next, the evaluator segmentation in Section 3.3 is conr∈δ(A) wcr
ducted under the assumption that the decision matrix is a complete one. When the decision matrix is incomplete, we make Equation (15) indicates that uj can be obtained simply by the
the following adjustment. Without loss of generality, set
dj and dˆ under the above assumptions. Notice that (15) is
obtained from gj and ĝ, this equation also indicates that the
A
estimation
of uj is determined by the selection of gj and ĝ.
T =
,
(12)
B
Hence given different definitions of them, the relationship in
(15) may vary.
where A is a sub-matrix of T which is complete and B is the
remainder of T in which each row contains at least one miss- 3.5 Discussions
ing data. The evaluator segmentation is obtained based on A,
To find solution of (15), we notice that the equation may
i.e., taking A as the basis to calculate distance and similarity produce more than one estimation of the missing value. The
between evaluation vectors. Values in B are used to generate question, then, raises naturally that how to determine a unique
imputations of missing values. Let u and v be two evaluation one. This paper partly resolves this problem through calculatvectors and divide them into two parts according to A, B,
ing the change d˜ of overall distance induced by an obtained
estimation. The estimation that produces the least d˜ will be
vA
uA
taken as the imputation of missing data. The overall distance
,
v=
.
u=
uB
vB
change d˜ is defined as

Suppose uj ∈ uB is a missing value and vj ∈ vB exists. To
˜ j) =
dj (uj , vj ),
(16)
d(u
estimate uj from vj , we follow the principle that adding missv∈Γ(u)\{u}
ing value does not change the established similarity between
the two evaluation vectors. That means if the established sim- where Γ(u) is the cluster of evaluation vectors in which u beilarity between uA and vA is g, then the similarity between longs to. By (16), the best estimation is the one which prouA∪{uj } and vA∪{vj } is still g after imputation the missing duces the least distance sum between itself to other evaluation
ISBN: 978-989-95079-6-8
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vectors belonging to the same cluster. Examples in the fol- and


lowing section have shown that this method can reduce some
1
0.429 0.65 0.608 0.767
estimations although they cannot grantee the uniqueness of
0.429
1
0.652 0.668 0.45 


estimation. Hence, more work is being done to provide other

1
0.745 0.618
M =  0.65 0.652
 . (18)
strategy to resolve this problem.
0.608 0.668 0.745
1
0.606
Another question raising from the above imputation proce0.767 0.45 0.618 0.606
1
dure is the obtained evaluator segmentation may not be correct
because the segmentation is conducted based on A only. AcBy the fuzzy clustering method, we get the following cluscounting for this problem, we extend the above procedure as tering result.
ˆ v) and the simifollows. For any u and v, the distance d(u,


1
0.65 0.65 0.65 0.767
larity ĝ(u, v) are calculated in terms of criteria on which both
 0.65
1
0.668 0.668 0.65 
u and v are not missed rather than limited to criteria corre


0.65
0.668
1
0.745 0.65 
(19)
M̄
=
sponding to A. That means the obtained distance and simi



0.65
0.668
0.745
1
0.65
larity between u and v are the most possible values from the
0.767 0.65 0.65 0.65
1
current incomplete decision table. An experiment of the extended process is given in the next section.
i.e., we have only one class {e1 , e2 , e3 , e4 , e5 }. By the impu4 Experiments and observations
tation method in Section 3.4, the following result is obtained
(shown in Table 3).
The presented α-β imputation method of missing data is
TM
programming language running
programmed in the Java
on a Linux system.
Table 3: Decision table after imputation of missing data (bold
number for estimations and # for still missing data).
4.1 Experiment 1
wcj
e1
e2
e3
e4
e5
Experiment 1 is conducted on a complete decision table
0.262 0.877 0.035 0.88 0.772 0.941
with 16 criteria and 5 evaluators. Missing data are randomly
0.334 0.977 0.458 0.903 0.898 0.227
selected from the decision table.
0.823 0.845 0.065 0.894 0.122 0.555
To impute the missing data, we set the distance measure
0.216 0.532 0.63 0.608 0.353 0.858
for each criteria as dj (uj , vj ) = |uj − vj | (j = 1, 2, . . . , 16)
0.803 0.862 0.073 0.183 0.618 0.784
and the similarity measure for each criterion as gj (uj , vj ) =
0.227 0.797 0.046 0.296 0.551 0.95
1 − dj (uj , vj ), the aggregation operators used in calculating
0.794 0.159 0.995 0.621 0.808 0.307
overall distance and similarity are the same, say the weighted
0.811 0.227 0.936 0.994 0.973 0.134
mean; and set the two parameters α = 0.2 and β = 0.6.
0.945 0.304 0.901 0.636 0.225 0.071
0.892 0.967 0.717 0.851 0.835 0.734
#
0.666 0.281 0.598
0.344 0.641
Table 2: The original evaluation table in which missing data
0.016
0.418
0.915
0.743 0.876 0.651
are marked by bold font.
0.026
0.999
0.501 0.431 0.586
0.235
wcj
e1
e2
e3
e4
e5
0.307
0.371
0.757 0.832 0.66
0.905
0.262 0.877 0.035 0.88 0.772 0.941
0.541
0.003
0.438 0.113 0.275
0.316
0.334 0.977 0.458 0.903 0.898 0.227
0.042
0.27
0.929 0.675 0.206
0.068
0.823 0.845 0.065 0.894 0.122 0.555
0.216
0.803
0.227
0.794
0.811
0.945
0.892
0.344
0.016
0.235
0.905
0.316
0.068

0.532
0.862
0.797
0.159
0.227
0.304
0.967
0.641
0.475
0.026
0.307
0.541
0.042

0.630
0.073
0.046
0.995
0.936
0.901
0.717
0.336
0.915
0.999
0.371
0.003
0.27

0.676
0.183
0.721
0.621
0.994
0.636
0.851
0.666
0.743
0.501
0.757
0.438
0.929

0.353
0.618
0.551
0.808
0.973
0.225
0.835
0.281
0.876
0.431
0.832
0.113
0.675

0.858
0.784
0.950
0.307
0.134
0.927
0.035
0.598
0.651
0.586
0.66
0.275
0.206

4.2 Experiment 2
In the presented imputation method of missing data, aggregation operators are used for calculation of overall distance
and overall similarity of two evaluation vectors. Different
aggregation operators may lead to different clustering results
and, in turn, may result in different imputations. Experiment
2 compares three widely-used aggregation operators, i.e., the
weighted mean (Aggw ); the arithmetic mean (Agga )
n

Agga (x1 , x2 , · · · , xn ) =

1
xi ;
n i=1

(20)

and the OWA operator (Aggo )
By the given distance and similarity measure, we get the
n
distance matrix D and the similarity matrix M as follows:



Aggo (x1 , x2 , · · · , xn ) =
wi xσ(j) ,
(21)
0
0.571 0.35 0.392 0.233
i=1
0.571
0
0.348 0.332 0.55 



0
0.255 0.382
(17) where σ is a permutation such that xσ(1)  xσ(2)  · · · 
D =  0.35 0.348

0.392 0.332 0.255
xσn . To conduct this experiment, we change the distance mea0
0.394
sure and the similarity measure for each individual criterion,
0.233 0.55 0.382 0.394
0
ISBN: 978-989-95079-6-8
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i.e.,
dj (uj , vj ) = |uj − vj |,

gj (uj , vj ) = 1 − dj (uj , vj ).

The original evaluation table is still the one shown in Table
2. The comparison results are shown in Table 4.

missing data
row
col
3
2
5
2
8
4
9
4
10
1
11
0

Table 4: Comparison results.
original value
imputations
Aggw Aggo Agga
0.676
0.608 0.527 0.581
0.721
0.296 0.756 0.323
0.927
0.071
/
0.557
0.035
0.734
/
0.714
0.336
/
/
/
0.475
0.418
/
0.398

From the comparison, we can observe that different aggregation operators may produce different imputations. Even
more, some aggregation operators may not produce estimation
of missing data. Moreover, the bias between an imputation
and an original value is bigger for some criteria. The independence nature of the data and the unsupervised nature of the
presented method are two possible reasons for these results.

5 Conclusions and Future Works
Imputation of missing data is a vital step in decision making and evaluation problems. Due to various reasons, decision
tables are often including missing data. Therefore, how to efficient impute the missed data will affect correct decision making and evaluation. However, few work is reported on imputation of missing data for decision tables. In this paper, an α-β
imputation method of missing data (IMD) in a decision table
is proposed. The IMD method estimates missing data based
on the similarity between evaluators’ mental models. First, the
IMD method uses an overall distance to measure the similarity
of two evaluators mental models through their evaluation vectors. Then a fuzzy clustering method is used to segment evaluators based on the similarity of their mental models. Finally,
missing data are imputed by the clustering results under the
assumption that an imputed data should not change the clustering results. Two numerical experiments are conducted to
test the proposed IMD method. Experiments indicate the IMD
method can efficiently estimate some missing data. Moreover,
those experiments also show that selecting different aggregation operators, distance measure, and similarity measure may
change the imputed values. However, from these experiments,
we notice that some estimations of missing data have bigger
bias from the originals due to the independence nature of the
data and lack of backgrounds as well as other possible reasons. Hence, more work still need to be done such as how
to improve the accuracy of an estimation of missing data and
how to combine relevant background to the imputation. Now,
some related work is undertaking.
Currently, we notice that another missing value processing problem in fuzzy preference relations for group decisionmaking problem has been discussed in [2, 3]. Method based
on additive consistency has been discussed [7]. Although the
missing value in that method is different from the one discussed in the presented work, ideas in those work can be inISBN: 978-989-95079-6-8

troduced into the presented work to improve the efficiency and
accuracy. Some work is conducting.
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