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A Note on Two Methods for Estimating Missing Pairwise
Preference Values

Francisco Chiclana, Enrique Herrera-Viedma, and Sergio Alonso

Abstract—This note analyzes two methods for calculating missing values
of an incomplete reciprocal fuzzy preference relation. The first method
by Herrera-Viedma et al. appeared in the IEEE TRANSACTIONS ON
SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS [vol. 37,
no. 1 (2007) 176–189], while the second one by Fedrizzi and Giove appeared
later in the European Journal of Operational Research [vol. 183 (2007)
303–313]. The underlying concept driving both methods is the additive
consistency property. We show that both methods, although different,
are very similar. Both methods derive the same estimated values for the
independent-missing-comparison case, while they differ in the dependent-
missing-comparison case. However, it is shown that a modification of the
first method coincides with the second one. Regarding the total recon-
struction of an incomplete preference relation, it is true that the second
method performs worse than the first one. When Herrera-Viedma et al.’s
method is unsuccessful, Fedrizzi–Giove’s method is as well. However, in
those cases when Fedrizzi–Giove’s method cannot guarantee the success-
ful reconstruction of an incomplete preference relation, we have that
Herrera-Viedma et al.’s method can. These results lead us to claim that
both methods should be seen as complementary rather than competitors
in their application, and as such, we propose a reconstruction policy of
incomplete fuzzy preference relations using both methods. By doing this,
the only unsuccessful reconstruction case is when there is a chain of missing
pairwise comparisons involving each one of the feasible alternatives at
least once.

Index Terms—Consistency, incomplete preference relation, missing
values, pairwise comparison, transitivity.

I. INTRODUCTION

To reach a decision, experts have to express their preferences by
means of a set of evaluations over a set of alternatives. Different
alternative preference elicitation methods were compared in [18],
where it was concluded that pairwise comparison methods are more
accurate than nonpairwise methods. Given two alternatives of a finite
set of all potentially available ones, denoted as X , an expert either
prefers one to the other or is indifferent between them. Obviously,
there is another possibility: that of an expert being unable to com-
pare them.

Given three alternatives xi, xj , and xk such that xi is preferred to
xj and xj to xk, the question of whether the “degree or strength of
preference” of xi over xj exceeds, equals, or is less than the “degree
or strength of preference” of xj over xk cannot be answered by the
classical preference modeling. The implementation of the degree of
preference between alternatives may be essential in many situations.
Take, for example, the case of three alternatives {x, y, z} and two
experts. If one of the experts prefers x to y to z and the other prefers
z to y to x, then it may be difficult or impossible to decide which
alternative is the best.
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The introduction of the concept of a fuzzy set as an extension of
the classical concept of a set when applied to a binary relation leads
to the concept of a fuzzy relation. A fuzzy preference value can be
associated with the following two semantics [9]: “the intensity of
preference (to what extent xi is preferred to xj)” and “the uncertainty
about the preference (how sure it is that xi is preferred to xj).” The
fuzzy interpretation of intensity of preferences was introduced by
Bezdek et al. [4] via the concept of a reciprocal fuzzy relation and later
reinterpreted by Nurmi [19]. The adapted definition of a reciprocal
preference relation is the following [6].

Definition 1 (Reciprocal Fuzzy Preference Relation): A reciprocal
fuzzy preference relation R on a finite set of alternatives X is a fuzzy
relation in X × X with membership function μR : X × X −→ [0, 1],
μ(xi, xj) = rij , verifying

rij + rji = 1, ∀ i, j ∈ {1, . . . , n}.

When the cardinality of X is small, the reciprocal fuzzy preference
relation may conveniently be denoted by the matrix R = (rij). The
following interpretation is also usually assumed.

1) rij = 1 indicates the maximum degree of preference for xi

over xj .
2) rij ∈]0.5, 1[ indicates a definite preference for xi over xj .
3) rij = 0.5 indicates indifference between xi and xj .

Fishburn pointed out that indifference might arise in three different
ways [12]:

1) when an expert truly feels that there is no real difference, in a
preference sense, between the alternatives;

2) when the expert is uncertain as to his/her preference between
the alternatives because “he[/she] might find their comparison
difficult and may decline to commit himself[/herself] to a strict
preference judgement while not being sure that he[/she] regards
[them] equally desirable (or undesirable)”;

3) when both alternatives are considered incomparable on a prefer-
ence basis by the expert.

Therefore, incomparability and indifference are equivalent concepts
for Fishburn. However, we believe that when an expert is unable to
compare two alternatives, then this situation should not be reflected in
the preference relation as an indifference situation but instead with a
missing entry for that particular pair of alternatives. In other words,
a missing value in a preference relation is not equivalent to a lack of
preference of one alternative over another. A missing value might be
also the result of the incapacity of experts to quantify the degree of
preference of one alternative over another because of “time pressure,
lack of knowledge or data, and their limited expertise related to the
problem domain” [15], in which case they may decide not to “guess” to
maintain the consistency of the values already provided [2]. To model
these situations, the following definitions express the concept of an
incomplete preference relation.

Definition 2: A function f : X −→ Y is partial when not every
element in the set X necessarily maps to an element in the set Y .
When every element from the set X maps to one element of the set Y ,
then we have a total function.

Definition 3: A preference relation P on a set of alternatives
X with a partial membership function is an incomplete preference
relation.

In [13], Herrera-Viedma et al. developed a method for calculating
the missing values of an incomplete fuzzy preference relation. This
calculation is done by using only the known preference values, there-
fore assuring that the reconstruction of the incomplete fuzzy prefer-
ence relation is compatible with the rest of the information provided
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by that expert. An aim in the design of this method is to maintain
or maximize the expert’s global consistency. In [11], Fedrizzi and
Giove proposed a new and apparently different method for calculating
the missing values of an incomplete fuzzy preference relation. This
method was based on the resolution of an optimization problem, and
therefore, when the estimated missing values exist, it results in a
complete fuzzy preference relation with maximum global consistency.
Consistency is modeled in these two studies via the additive transitivity
property [14], [20].

In this note, in Section II, we briefly describe both reconstruc-
tion methods, while in Section III, we analyze them and show that
both methods, although different, are very similar. Indeed, Fedrizzi–
Giove’s method can be derived by introducing a modification to
Herrera-Viedma et al.’s method. After analyzing the conditions that
guarantee the successful application of Fedrizzi–Giove’s method, we
conclude that there are many cases when the reconstruction of an
incomplete preference relation cannot be guaranteed with it, but it can
with Herrera-Viedma et al.’s method. All this leads us to consider
both methods as complementary in their application, and as such,
we propose a reconstruction policy of incomplete fuzzy preference
relations using both methods. By doing this, the only unsuccessful
reconstruction case is when there is a chain of missing pairwise com-
parisons involving all the feasible alternatives at least once. Finally,
conclusions are drawn in Section IV.

II. MISSING PAIRWISE PREFERENCE VALUES

It is quite often the case in empirical studies to discard a whole
questionnaire when some data are missing. One example of this
practice is reported by Millet [18]. Carmone et al. [5] investigate the
effect of reduced sets of pairwise comparisons. They compared results
obtained for a complete pairwise comparison matrix and an incomplete
one derived by eliminating known elements of the complete one. Their
result suggests that “random deletion of as much as 50% of the com-
parisons provides good results without compromising the accuracy.”
However, because this process relies on the a priori knowledge of the
complete pairwise comparison matrix, it is therefore inapplicable in
real-life applications. When a complete pairwise comparison matrix is
not available, Carmone et al. suggest the selection of an appropriate
methodology to “build” the matrix. A strong argument supporting
this type of methodology is given by Ebenbach and Moore [10]:
“scenarios with missing values are normally penalized and rated more
negatively than the same scenario with a value provided.” A system
that helps experts to build a complete fuzzy preference relation in
decision-making contexts has been developed in [1]. This system
reacts to an expert input of preference values by providing him/her
with recommendations on the preference values that he/she has not yet
expressed.

In group decision making, procedures that correct the lack of
knowledge of a particular expert using the information provided by the
rest of the experts, together with some aggregation procedures, can be
found in [16] and [17]. These approaches have several disadvantages.
Among them, we can cite the following.

• These approaches require multiple experts to learn the missing
value of a particular one.

• These procedures normally do not take into account the differ-
ences between experts’ preferences, which could lead to the esti-
mation of a missing value that would not naturally be compatible
with the rest of the preference values given by that expert.

• Some of these missing-information-retrieval procedures are inter-
active, that is, they need experts to collaborate in “real time,” an
option that is not always possible.

Different approaches to the above ones have been developed by
Herrera-Viedma et al. [13] and by Fedrizzi and Giove [11]. In these
two approaches, the computation of missing values in an expert’s
incomplete preference relation is done using only the preference
values provided by that particular expert. By doing this, it is assured
that the reconstruction of the incomplete fuzzy preference relation is
compatible with the rest of the information provided by that expert.
Furthermore, the main aim in the design of these approaches is
to maintain or maximize the expert’s global consistency, which is
modeled and measured via Tanino’s “additive transitivity” property

pij = pik + pkj − 0.5, ∀ i, j, k ∈ {1, 2, . . . , n}. (1)

Obviously, additive transitivity implies additive reciprocity, as well
as indifference between any alternative and itself. In the next sections,
we review these two reconstruction methods.

A. Herrera-Viedma et al.’s Reconstruction Method

Given a reciprocal fuzzy preference relation, (1) can be used to cal-
culate an estimated value of a preference degree using other preference
degrees. Indeed, using an intermediate alternative xk, the following
local estimated value of pij (i �= j) is obtained:

epk
ij = pik + pkj − 0.5. (2)

The overall estimated value epij of pij is obtained as the average of
all possible values epk

ij , i.e.,

epij =

n∑
k=1

k �=i,j

epk
ij

n − 2
. (3)

It is easy to prove that∣∣erpij − er−1pij

∣∣ =
(

2

n − 2

)r−1

|epij − pij | , (r > 1) (4)

i.e., this process of estimating preference values converges toward
perfect consistency [8].

In [13], an iterative procedure was introduced to estimate the
missing values of an incomplete fuzzy preference relation based on
the values known. To that end, the following sets were introduced:

A = {(i, j) | i, j ∈ {1, . . . , n} ∧ i �= j}

MV = {(i, j) ∈ A | pij is unknown}

EV =A \ MV

Hij = {k �= i, j | (i, k), (k, j) ∈ EV } (5)

where MV is the set of incomparable pairs of alternatives (missing
values), EV is the set of pairs of alternatives for which the expert
provides preference values (expert values), and Hij is the set of
intermediate alternatives xk (k �= i, j) that can be used to estimate the
preference value pij(i �= j) using (1).

The subset of missing values MV that can be estimated in step h is

EMVh =

{
(i, j) ∈ MV \

h−1⋃
l=0

EMVl | i �= j ∧ ∃ k ∈
{
Hh

ij

}}
(6)

with

Hh
ij =

{
k �= i, j | (i, k), (k, j) ∈ EV ∪

{
h−1⋃
l=0

EMVl

}}
(7)

Authorized licensed use limited to: UNIVERSIDAD DE GRANADA. Downloaded on January 21, 2010 at 08:30 from IEEE Xplore.  Restrictions apply. 



1630 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS, VOL. 39, NO. 6, DECEMBER 2009

and EMV0 = ∅ (by definition). The iterative procedure stops when
EMVmaxIter = ∅, with maxIter > 0. If

⋃maxIter

l=0
EMVl = MV ,

then all missing values are estimated, and consequently, the proce-
dure is said to be successful in the completion of the incomplete
fuzzy preference relation. The estimated value for pij , with (i, j) ∈
EMVh, is

epij =

∑
k∈Hh

ij

epk
ij

#Hh
ij

. (8)

Example 1: Let us suppose that an expert provides the following
incomplete fuzzy preference relation over a set of four alternatives
X = {x1, x2, x3, x4}:

P =

⎛⎜⎝ − 0.2 0.6 0.4
0.8 − x x
0.4 x − x
0.6 x x −

⎞⎟⎠
where symbol x means an unknown value. Because the known values
in P involve all four alternatives, then all the missing values can
successfully be estimated. Indeed, in step 1, the set of elements that
can be estimated is

EMV1 = {(2, 3), (2, 4), (3, 2), (3, 4), (4, 2), (4, 3)}} .

As an example, to estimate p34, the procedure is given as follows:

H1
34 = {1} ⇒ ep34 = ep1

34 = p31 + p14 − 0.5 = 0.3.

After these elements have been estimated, we have

P =

⎛⎜⎝ − 0.2 0.6 0.4
0.8 − 0.9 0.7
0.4 0.1 − 0.3
0.6 0.3 0.7 −

⎞⎟⎠ .

Note 1: When the information provided is completely consistent,
then epk

ij = pij ∀k. However, because experts are not always fully
consistent, the information given by an expert may not verify (1), and
some of the estimated preference degree values epk

ij may not belong
to the unit interval [0, 1]. We note, from (2), that the maximum value
of any of the preference degrees epk

ij is 1.5, while the minimum one is
−0.5. To normalize the expression domains in the decision model, the
final estimated value of pij (i �= j), denoted as cpij , is defined as the
median of the values 0, 1, and epij

cpij = med{0, 1, epij}. (9)

The error in [0, 1] between a preference value pij and its final
estimated one cpij is

εpij = |cpij − pij |. (10)

Reciprocity of P = (pij) implies reciprocity of CP = (cpij); there-
fore, εpij = εpji. We interpret εpij = 0 as a situation of total con-
sistency between pij (pji) and the rest of the information in P .
Obviously, the higher the value of εpij is, the more inconsistent
pij (pji) is with respect to the rest of the information in P . The fol-
lowing holds: |epij − pij | = |epij − cpij | + |cpij − pij |,∀i, k, and
consequently, εpij ≤ |epij − pij |,∀i, k.

B. Fedrizzi–Giove’s Reconstruction Method

This method is based on the resolution of an optimization
problem with an objective function measuring the “global [additive]

inconsistency” of the incomplete fuzzy preference relation [11].
Indeed, based on (1), for each triplet of alternatives (xi, xj , xk),
Fedrizzi and Giove define its associated inconsistency contribu-
tion as

Lijk = (pik + pkj − pij − 0.5)2 . (11)

It is worth noting that the error between a preference value pij and
its local estimated one obtained using the intermediate alternative xk,
denoted as epk

ij , is the square root of Lijk.
The global inconsistency index of a fuzzy preference relation P is

defined as follows:

ρ = 6 ·
∑

i<j<k

Lijk. (12)

The missing values in an incomplete fuzzy preference relation are
treated as variables in the global consistency index. The stationary
vector that minimizes the global inconsistency function is taken as the
estimated values for the unknown preference values. Obviously, these
estimated values are the most consistent with the available preference
values.

Under reciprocity, if a preference value pij is missing, then the
value pji is also missing. Therefore, it makes sense in this con-
text to denote these two missing preference values as the missing
comparison {xi, xj}. When a single comparison {xi, xj} is missing,
Fedrizzi–Giove’s method produces the following linear equation:

(n − 2)pij −
n∑

k=1
k �=j

pik −
n∑

k=1
k �=i

pkj +
n

2
= 0 (13)

with solution

p̂ij =
1

n − 2

⎡⎢⎣ n∑
k=1
k �=j

pik +

n∑
k=1
k �=i

pkj −
n

2

⎤⎥⎦ . (14)

Example 2: Let us assume the same incomplete preference relation
of Example 1. Denoting p23 = x, p24 = y, and p34 = z, the global
inconsistency index of P is

ρ = 6 ·
[
(0.9 − x)2 + (0.7 − y)2 + (0.3 − z)2

+ (0.5 − x + y − z)2
]
.

The optimal solution corresponds to x = 0.9, y = 0.7, and z = 0.3.
These values coincide with the estimated values obtained in Example 1
via Herrera-Viedma et al.’s method.

To establish the condition under which this method can guarantee
the successful reconstruction of an incomplete fuzzy preference rela-
tion, the authors introduce the concept of an independent/dependent
set of missing comparisons.

1) A set of missing comparisons is called independent when
no alternative is shared between any two of their missing
comparisons.

2) A set of missing comparisons is called dependent when for every
partition of it into two subsets, there exists at least one alternative
that is in both subsets.

Each set of missing comparisons can be expressed as a disjoint
union of independent and/or dependent sets of missing comparisons.
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The maximum cardinality of an independent set of missing compar-
isons is int(n/2) : n/2 or (n − 1)/2 for an even or odd number of
alternatives, respectively. After reordering the set of alternatives, the
maximum cardinality would correspond to the following set of missing
comparison values:{
{x1, xint(n/2)+1}, {x2, xint(n/2)+2}, {x3, xint(n/2)+3}, . . . ,

{xint(n/2), xint(n/2)+int(n/2)}
}

.

Fedrizzi and Giove show that the optimal values of an independent
set of missing comparisons exist and are computed by solving each one
of the corresponding linear equations independently of the rest. How-
ever, in the case of a dependent set of missing comparisons, the optimal
values exist and are unique if its cardinality is lower than n − 1. When
this is not the case, i.e., the cardinality of a set of missing comparisons
is greater than or equal to n − 1, Fedrizzi–Giove’s method does not
guarantee the existence nor the uniqueness of estimated values for the
missing comparisons.

Note 2: Again, in this method, the optimal values might not belong
to the unit interval, and consequently, Fedrizzi and Giove propose, as
done by Herrera-Viedma et al., their truncation using the same median
function given in Note 1.

Note 3: In [7], the consistency of reciprocal preference relations
is modeled via a functional equation, and it is shown that when such
a function is almost continuous and monotonic (increasing), then it
must be a representable uninorm. Consistency when represented by the
conjunctive representable cross-ratio uninorm is equivalent to Tanino’s
multiplicative transitivity property. In this case, the above problem
between the additive consistency property and the [0, 1] scale used
for providing the preference values disappears.

III. COMPARISON BETWEEN THE TWO METHODS

Herrera-Viedma et al.’s method estimates the missing comparison
{xi, xj} as an average of the local estimated values that can be
calculated via all possible intermediate alternatives xk for which the
indirect comparisons {xi, xk} and {xk, xj} exist. This method seems
to be radically different to the second one, which obtains the estimated
values as the vector of values that minimizes the global inconsistency
function with variables of the unknown preference values. However,
because both methods are driven by the same concept, i.e., the additive
consistency property, they share similarities, and therefore, they are
not as different as they seem to be.

Following the line of reasoning of Fedrizzi and Giove, we start
by showing that both methods provide the same estimated values
for the single-missing-comparison case. In general, we show that
for independent sets of missing comparisons, both methods derive
the same estimated values. It is only for dependent sets of missing
comparisons that both methods differ. However, we show that Herrera-
Viedma et al.’s method is identical to Fedrizzi–Giove’s method if the
overall estimated values are computed taking into account all n − 2
intermediate alternatives, regardless of the existence or absence of the
indirect comparisons. Numerical examples are used to illustrate these
results.

The differences between both reconstruction methods reside not
only in the different sets of estimated values that are derived from
their application but also in their successful application in recon-
structing the original incomplete fuzzy preference relation. When
Herrera-Viedma et al.’s method is unsuccessful, Fedrizzi–Giove’s
method is as well. However, in those cases when Fedrizzi–Giove’s
method cannot guarantee the successful reconstruction of an incom-
plete preference relation, we have that Herrera-Viedma et al.’s method
can. These results lead us to claim that both methods should be seen as
complementary in their application, and as such, we propose a recon-

struction policy of incomplete fuzzy preference relations using both
methods.

A. Independent-Missing-Comparison Case

Two missing comparisons {xi, xj} and {xs, xt} are called inde-
pendent if they do not share any alternatives, i.e., i, j /∈ {s, t}. A set
of missing comparisons is independent when any two of its missing
comparisons are independent. In general, the set of “missing com-
parisons can be divided in a certain number of independent missing
comparisons and some disjoint sets of dependent comparisons” [11].
Obviously, given a missing comparison {xi, xj} from a set of inde-
pendent comparisons, the number of intermediate alternatives xk (k �=
i, j) that can be used to estimate the preference value pij (i �= j) using
(1) is n − 2, i.e., #Hij = n − 2, and therefore, the overall estimated
value epij of pij is

epij =

n∑
k=1

k �=i,j

pik + pkj − 0.5

n − 2

=
1

n − 2

⎡⎢⎣ n∑
k=1

k �=i,j

(pik+pkj − 0.5)+(pii − 0.5)+(pjj−0.5)

⎤⎥⎦
which can be expressed as

epij =
1

n − 2

⎡⎢⎣ n∑
k=1

k �=i,j

pik +

n∑
k=1

k �=i,j

pkj −
n

2

⎤⎥⎦ . (15)

The right-hand side of (15) is identical to the right-hand side of
the estimated value expression (14) derived by Fedrizzi and Giove,
i.e., epij = p̂ij for an independent comparison {xi, xj}. Because
the estimated values of independent missing comparisons “can be
calculated independently from other missing comparisons” [11], we
conclude that both reconstruction methods produce the same result in
this case. Let us illustrate this fact with a numerical example.

Example 3: Assume the same numerical matrix used by Fedrizzi
and Giove [11, p. 312]

P =

⎛⎜⎜⎜⎜⎝
0.5 0.5 0.5 0.8155 0.5 0.3423
0.5 0.5 0.6577 0.8155 0.5 34233
0.5 0.3423 0.5 0.8662 0.75 0.3423

0.1845 0.1845 0.1338 0.5 0.25 0.25
0.5 0.5 0.25 0.75 0.5 0.25

0.6577 0.6577 0.6577 0.75 0.75 0.5

⎞⎟⎟⎟⎟⎠ .

Assume as well that alternatives x2 and x3 are incomparable, i.e., the
elements p23 and p32 = 1 − p23 are unknown. The overall estimated
value obtained applying Herrera-Viedma et al.’s method is

ep23 =

6∑
k=1

k �=2,3

p2k + pk3 − 0.5

6 − 2
= 0.424825 ≈ 0.4248

which is identical to the estimated value obtained by Fedrizzi and
Giove.

B. Dependent-Missing-Comparison Case

It is obvious that the two reconstruction methods differ in this case.
Let us illustrate this fact with another numerical example. Using the
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same above numerical matrix, assume now that alternatives x3 and
x5 are also incomparable. The estimated values obtained by applying
Fedrizzi–Giove’s method are (with four significant decimal places)
p̂23 = 0.4726 (p̂32 = 0.5274) and p̂35 = 0.5590 (p̂35 = 0.4410).
The overall estimated values using (8), i.e., taking into account only
those intermediate alternatives for which indirect comparisons exist,
are different, as given in the equations shown at the bottom of
the page.

In general, for a particular set of m dependent missing comparisons,
Fedrizzi and Giove obtain a linear system with m equations. For
each one of the dependent missing comparisons, i.e., {xi, xj}, the
corresponding equation of this system is

(n − 2)pij −
n∑

k=1
k �=j

pik −
n∑

k=1
k �=i

pkj +
n

2
= 0.

This is exactly the same equation that is obtained by
Herrera-Viedma et al.’s method if all intermediate variables were taken
into account in calculating the overall estimated value, regardless of
whether indirect preference values exist or not, i.e., if (3) is always
used for estimating the missing preference values as shown in (15). To
illustrate this case, we compute the overall estimated values ep23 and
ep35 taking into account all (n − 2) intermediate alternatives and will
show that they are identical to the above p̂23 and p̂35

ep23 =
1

4
((p21 + p13 − 0.5) + (p24 + p43 − 0.5)

+ (p25 + ep53 − 0.5) + (p26 + p63 − 0.5))

=
1.4493 + ep53

4

ep53 =
1

4
((p51 + p13 − 0.5) + (p52 + ep23 − 0.5)

+ (p54 + p43 − 0.5) + (p56 + p63 − 0.5))

=
1.2915 + ep23

4
.

The solution to this system of equations is ep23 = 0.47258 (ep32 =
0.52742) and ep53 = 0.44102 (ep35 = 0.55898).

C. Successful Reconstruction of Incomplete Fuzzy
Preference Relations

In this section, we will analyze the conditions under which each
reconstruction method can successfully be applied in estimating all
missing values in an incomplete fuzzy preference relation.

1) Herrera-Viedma et al.’s method is unable to estimate all missing
values only when there is at least one alternative xi for which
all comparisons in the set {{xi, xj} | j = 1, . . . , n ∧ j �= i} are
missing. This has the effect of having row and column i of a
fuzzy preference relation with no entries.

2) Fedrizzi–Giove’s method can only guarantee the existence and
uniqueness of estimated values for the missing comparisons
when cardinalities of dependent sets of missing comparisons
are all lower than n − 1. Therefore, when there is a depen-
dent set of missing comparisons with a cardinality greater than
or equal to n − 1, this method does not guarantee the exis-
tence nor the uniqueness of estimated values for the missing
comparisons.

The set of missing comparisons {{xi, xj} | j = 1, . . . , n ∧
j �= i} is dependent with a cardinality n − 1. Consequently, when
Herrera-Viedma et al.’s reconstruction method is unsuccessful
Fedrizzi–Giove’s reconstruction method is unsuccessful as well.
However, it is easy to see that there are many situations when
Fedrizzi–Giove’s method is unsuccessful but Herrera-Viedma et al.’s
method is successful in estimating all missing comparisons. Take, for
example, the case of an incomplete fuzzy preference with the minimal
necessary information Herrera-Viedma et al.’s methods require
to be successful: the presence in the incomplete fuzzy preference
relation of just the following set of comparisons {{x1, x2}, {x2,
x3}, . . . , {xn−1, xn}}. When the number of alternatives n is
greater than or equal to four, Fedrizzi–Giove’s method cannot
guarantee the existence nor the uniqueness of estimated values for the
(n − 1) · (n − 3) (dependent) missing comparisons. To illustrate this,
we use the above 6 × 6 fuzzy preference relation and assume that the
only comparisons known are {{x1, x2}, {x2, x3}, {x3, x4}, {x4, x5},
{x5, x6}}. The set of missing comparisons is

{{x1, x3}, {x1, x4}, {x1, x5}, {x1, x6}, {x2, x4},

{x2, x5}, {x2, x6}, {x3, x5}, {x3, x6}, {x4, x6}} .

This set does not admit any decomposition in a number of disjoint
sets of dependent missing comparisons (of cardinality lower than
four), and consequently, Fedrizzi–Giove’s method cannot guarantee
the existence nor the uniqueness of their estimated values.

D. Reconstruction Policy of Incomplete Fuzzy Preference Relations

Given an incomplete reciprocal fuzzy preference relation, this
should be reconstructed by first checking if Fedrizzi–Giove’s method
can guarantee the existence and uniqueness of the most consis-
tent estimated values with the set of available preference values
EV ; if not, Herrera-Viedma et al.’s method should be checked if
applicable, and the new estimated values obtained are added to the
set of available preference values (EV ← EV + EMV ). Afterward,
Fedrizzi–Giove’s method is checked again if it can guarantee the ex-
istence and uniqueness of the most consistent estimated values for the
new set of available preference values. By using this application policy,
all incomplete reciprocal preference relations would be reconstructed
except when there is at least one alternative xi such that (pij , pji) are
unknown for all j. We note that some strategies for dealing with this
type of ignorance situation can be found in [3].

ep23 =
(p21 + p13 − 0.5) + (p24 + p43 − 0.5) + (p26 + p63 − 0.5)

3

=0.4831

ep35 =
(p31 + p15 − 0.5) + (p34 + p45 − 0.5) + (p36 + p65 − 0.5)

3

=0.5675.
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The proposed reconstruction method pseudocode is given in
Algorithm 1.

Algorithm 1 Reconstruction policy using both methods
Input: number of alternatives n; set of available compar-

isons, EV ; set of missing comparisons MV
1. if maximum of cardinality of sets of dependent missing

comparisons ≤ n − 2 then
2. Apply Fedrizzi–Giove’s reconstruction method
3. End
4. else if EMV �= ∅ then
5. Apply one iteration of Herrera-Viedma et al.’s recon-

struction method
6. MV ← MV \ EMV
7. EV ← EV ∪ EMV
8. Go to 1.
9. end if

Output: EV , MV

IV. CONCLUSION

This note has presented and compared two methods for cal-
culating the missing values of an incomplete fuzzy preference
relation. Both methods are driven by the additive consistency
property. Both methods, as originally presented, provide the
same set of solutions for independent sets of missing com-
parisons but not for dependent missing comparisons. It has
also been shown that a modification of Herrera-Viedma et al.’s
coincides with Fedrizzi–Giove’s method. However, the main
difference between both methods resides in their success-
ful application in reconstructing an incomplete fuzzy prefer-
ence relation. Fedrizzi–Giove’s method performs worse than
Herrera-Viedma et al.’s method for a large number of alterna-
tives. This latter method fails (as well as the former) to complete
an incomplete fuzzy preference relation only when no prefer-
ence values are known for at least one of the alternatives. All of
these together lead us to consider both methods as complemen-
tary, rather than antagonistic, in their application, and as such,
we have proposed a new policy for reconstructing incomplete
fuzzy preference relations that make use of both methods.

REFERENCES

[1] S. Alonso, F. J. Cabrerizo, F. Chiclana, F. Herrera, and E. Herrera-Viedma,
“An interactive decision support system based on consistency criteria,”
J. Mult.-Valued Log. Soft Comput., vol. 14, no. 3–5, pp. 371–386, 2008.

[2] S. Alonso, F. Chiclana, F. Herrera, and E. Herrera-Viedma, “A
learning procedure to estimate missing values in fuzzy preference

relations based on additive consistency,” in Proc. MDAI, 2004, vol. 3131,
pp. 227–238.

[3] S. Alonso, E. Herrera-Viedma, F. Chiclana, and F. Herrera, “Individ-
ual and social strategies to deal with ignorance situations in multi-
person decision making,” J. Inf. Technol. Decis. Making, Dec. 2008.
to be published.

[4] J. Bezdek, B. Spillman, and R. Spillman, “A fuzzy relation space for
group decision theory,” Fuzzy Sets Syst., vol. 1, no. 4, pp. 255–268,
Oct. 1978.

[5] F. J. Carmone, Jr., A. Kara, and S. H. Zanakis, “A Monte Carlo investiga-
tion of incomplete pairwise comparison matrices in AHP,” Eur. J. Oper.
Res., vol. 102, no. 3, pp. 533–553, Nov. 1997.

[6] F. Chiclana, F. Herrera, and E. Herrera-Viedma, “Integrating three rep-
resentation models in fuzzy multipurpose decision making based on
fuzzy preference relations,” Fuzzy Sets Syst., vol. 97, no. 1, pp. 33–48,
Jul. 1998.

[7] F. Chiclana, E. Herrera-Viedma, S. Alonso, and F. Herrera, “Cardinal
consistency of reciprocal preference relations: A characterization of mul-
tiplicative transitivity,” IEEE Trans. Fuzzy Syst., vol. 17, no. 1, pp. 14–23,
Feb. 2009.

[8] F. Chiclana, F. Mata, L. Martinez, E. Herrera-Viedma, and S. Alonso,
“Integration of a consistency control module within a consensus decision
making model,” Int. J. Uncertain. Fuzziness Knowl.-Based Syst., vol. 16,
pp. 35–53, Apr. 2008. suppl. 1.

[9] D. Dubois and H. Prade, “The three semantics of fuzzy sets,” Fuzzy Sets
Syst., vol. 90, no. 2, pp. 141–150, Sep. 1997.

[10] D. H. Ebenbach and C. F. Moore, “Incomplete information, infer-
ences, and individual differences: The case of environmental judge-
ments,” Org. Behav. Human Decis. Process., vol. 81, no. 1, pp. 1–27,
Jan. 2000.

[11] M. Fedrizzi and S. Giove, “Incomplete pairwise comparison and con-
sistency optimization,” Eur. J. Oper. Res., vol. 183, no. 1, pp. 303–313,
Nov. 2007.

[12] P. C. Fishburn, Utility Theory for Decision Making. Melbourne, FL:
Krieger, 1979.

[13] E. Herrera-Viedma, F. Chiclana, F. Herrera, and S. Alonso, “Group
decision-making model with incomplete fuzzy preference relations based
on additive consistency,” IEEE Trans. Syst., Man, Cybern. B, Cybern.,
vol. 37, no. 1, pp. 176–189, Feb. 2007.

[14] E. Herrera-Viedma, F. Herrera, F. Chiclana, and M. Luque, “Some issues
on consistency of fuzzy preference relations,” Eur. J. Oper. Res., vol. 154,
no. 1, pp. 98–109, Apr. 2004.

[15] S. H. Kim and B. S. Ahn, “Group decision making procedure considering
preference strength under incomplete information,” Comput. Oper. Res.,
vol. 24, no. 12, pp. 1101–1112, Dec. 1997.

[16] J. K. Kim and S. H. Choi, “A utility range-based interactive group support
system for multiattribute decision making,” Comput. Oper. Res., vol. 28,
no. 5, pp. 485–503, Apr. 2001.

[17] J. K. Kim, S. H. Choi, C. H. Han, and S. H. Kim, “An interac-
tive procedure for multiple criteria group decision making with incom-
plete information,” Comput. Ind. Eng., vol. 35, no. 1/2, pp. 295–298,
Oct. 1998.

[18] I. Millet, “The effectiveness of alternative preference elicitation methods
in the analytic hierarchy process,” J. Multi-Criteria Decis. Anal., vol. 6,
no. 1, pp. 41–51, 1997.

[19] H. Nurmi, “Approaches to collective decision making with fuzzy
preference relations,” Fuzzy Sets Syst., vol. 6, no. 3, pp. 249–259,
Nov. 1981.

[20] T. Tanino, “Fuzzy preference orderings in group decision making,” Fuzzy
Sets Syst., vol. 12, no. 2, pp. 117–131, Feb. 1984.

Authorized licensed use limited to: UNIVERSIDAD DE GRANADA. Downloaded on January 21, 2010 at 08:30 from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


