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a b s t r a c t
In a recent paper by Toloo et al. [Toloo, M., Sohrabi, B., & Nalchigar, S. (2009). A new method for ranking
discovered rules from data mining by DEA. Expert Systems with Applications, 36, 8503–8508], they
proposed a new integrated data envelopment analysis model to ﬁnd most efﬁcient association rule in
data mining. Then, utilizing this model, an algorithm is developed for ranking association rules by considering multiple criteria. In this paper, we show that their model only selects one efﬁcient association
rule by chance and is totally depended on the solution method or software is used for solving the problem. In addition, it is shown that their proposed algorithm can only rank efﬁcient rules randomly and will
fail to rank inefﬁcient DMUs. We also refer to some other drawbacks in that paper and propose another
approach to set up a full ranking of the association rules. A numerical example illustrates some contents
of the paper.
 2011 Elsevier Ltd. All rights reserved.

1. Introduction
In multiple criteria decision making, each alternative is evaluated based on a number of different criteria. One popular solution
method for a multiple criteria problem is to obtain weights for criteria and use the weighted sum of the criteria as the score for each
alternative. These scores can be utilized for ranking the alternatives or selecting one with the biggest score as the ﬁnal decision.
The important question here is how to obtain these weights. There
are many methods for this purpose; one of them is data envelopment analysis (DEA), a linear programming based method introduced by Charnes, Cooper, and Rhodes (1978). DEA uses the best
favorable weights corresponding to each decision making unit
(DMU) to obtain the scores.
In a recent paper, Chen (2007) used DEA in a data mining problem, to evaluate association rules with multiple criteria. For this
purpose, Chen used the approach of Obata and Ishii (2003), which
has been proposed for voting system. In Obata and Ishii approach,
the proposed DEA/AR model of Cook and Kress (1990) is utilized
ﬁrst, to obtain efﬁciency scores, and then another model is used
to discriminate efﬁcient candidates. The candidates in data mining
are the association rules (DMUs in DEA and alternatives in multiple
criteria decision making), which are evaluated based on some
criteria.
In a more recent paper, Toloo, Sohrabi, and Nalchigar (2009)
proposed another DEA approach for data mining. They counted
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some advantages of their method; one of the advantages was providing a full ranking for the association rules, which we will show
to be not correct. We will refer to some disadvantages of their
method and it will be shown that their proposed algorithm can
only rank efﬁcient DMUs randomly. In addition it will be shown
that the model is used in their algorithm will be infeasible corresponding to inefﬁcient DMUs. In general, their model is not convenient to rank efﬁcient DMUs, and will fail to rank inefﬁcient
DMUs.
As a convenient full ranking approach for this problem, we
suggest a slightly modiﬁed method of Foroughi and Tamiz
(2005). In addition, to improve the approach and decrease the
number of models and constraints, we have developed an algorithm, by modifying and simplifying the proposed algorithm of
Toloo et al., to obtain efﬁcient DMUs. The algorithm will improve
the model particularly when we need only to rank efﬁcient DMUs
or select one association rule. It will be seen that the proposed
approach will provide a full ranking of the rules for the example
of market basket analysis, which was used by Chen (2007) and
Toloo et al. (2009).
2. The drawbacks
By considering the criteria as outputs and the association rules
as the DMUs, let yrj (r = 1, 2, . . . , s) be the data for the jth DMU
(j = 1, 2, . . . , n) and ur (r = 1, 2, . . . , s) be the sequence of weights given to the criteria. The proposed model of Toloo et al. (2009) to
identify most efﬁcient DMU was as follows:
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M  ¼ min M

j ¼ 1; 2; . . . ; n; and M = 1. This shows that all efﬁcient DMUs are
most efﬁcient DMU by the proposed model of Toloo et al. (2009).
Indeed we have proved the following result.

s:t: M  dj P 0; j ¼ 1; 2; . . . ; n
s
P
ur yrj þ dj  bj ¼ 1; j ¼ 1; 2; . . . ; n
r¼1
n
P

ð1Þ
dj ¼ n  1

j¼1

0 6 bj 6 1;
ur P e;

dj 2 f0; 1g;

j ¼ 1; 2; . . . ; n

r ¼ 1; 2; . . . ; s

where, e is a positive inﬁnitesimal value to prevent selecting zero
weights. Note that we have deleted the constraints wi P e;
i ¼ 1; 2; . . . ; m; from their model (model (4) in Toloo et al. (2009))
since they are obviously redundant (it seems a typos error). Here,
dj is a binary variable and they claim: DMUj is most efﬁcient if
and only if dj = 0. We will show that correspond to every efﬁcient
DMUj we can obtain an optimal solution for model (1) with dj = 0,
that means each efﬁcient DMU can be considered as most efﬁcient.
Hence the concept of most efﬁcient DMU in their paper is not well
deﬁned.
Before proving our claim, and for later purposes, we ﬁrst simplify this model. From the constraint of the model (1), in every feasible solution, one dj is equal to zero and the others are equal to
one. Hence, from the constraints M  dj P 0; j ¼ 1; 2; . . . ; n; the
optimal value of this problem is equal to one, so all feasible solutions of (1) are optimal and these constraints can be removed from
the model. Now, again from the constrains, we have
P
bj ¼ sr¼1 ur yrj þ dj  1; j ¼ 1; 2; . . . ; n: By replacing bj in the model,
solving model (1) is equivalent to determining a feasible solution
for the following system:
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s
P

ur yrj þ dj  1 6 1;

j ¼ 1; 2; . . . ; n

dj ¼ n  1

dj 2 f0; 1g;
ur P e;

j ¼ 1; 2; . . . ; n

r ¼ 1; 2; . . . ; s

Or equivalently:

1  dj 6

s
P

ur yrj 6 2  dj ;

j ¼ 1; 2; . . . ; n

r¼1

dj ¼ n  1

ð3Þ

j¼1

dj 2 f0; 1g;
ur P e;

j ¼ 1; 2; . . . ; n

r ¼ 1; 2; . . . ; s

Using the previous discussions we have proved the following result.
Result 1. Each feasible solution of system (3) is corresponded to an
optimal solution for model (1), and vice versa.
Now, let DMUo be an arbitrary DEA-efﬁcient DMU and consider
the following DEA model:

max Z o ¼

s
P

ur yro

r¼1

s:t:

Step 0: Let T = u and e = number of DMUs to be ranked.
Step 1: Solve following model:

M ¼ min M
s:t: M  dj P 0; j ¼ 1; 2; . . . ; n
s
P
ur yrj þ dj  bj ¼ 1; j ¼ 1; 2; . . . ; n
r¼1
n
P

s
P

ur yrj 6 1;

j ¼ 1; 2; . . . ; n;

ð4Þ

r¼1

ur P e; r ¼ 1; 2; . . . ; s:
ur ;

ð5Þ

dj ¼ n  1

j¼1

dj ¼ 1 8j 2 T
0 6 bj 6 1;

dj 2 f0; 1g;

j ¼ 1; 2; . . . ; n

r ¼ 1; 2; . . . ; s


ð2Þ

j¼1

n
P

The previous discussions prove that the proposed method of
Toloo et al. (2009) cannot discriminate between efﬁcient DMUs
and the discrimination in their paper is only depended on the selected optimal solution from alternative optimal solutions. Indeed,
if different software is used or even another time the model is applied by the same software, different results can be obtained.
Now, we refer to another drawback in their paper. They proposed the following algorithm for ranking the ﬁrst e best DMUs.

ur P e;

r¼1
n
P

Result 2. Corresponding to every efﬁcient DMUo, we can obtain an
optimal solution for model (1) with do = 0. Hence, by the deﬁnition
of Toloo et al. (2009), all the efﬁcient DMUs can be considered as
the most efﬁcient DMU, which is not a proper deﬁnition.

Let
r ¼ 1; 2; . . . ; s be an optimal solution for this model.
Since DMUo is efﬁcient, for this optimal solution we have
P
Ps

Z o ¼ sr¼1 ur yro ¼ 1; and
r¼1 ur yrj 6 1; for the other j. Now we
put do = 0, and dj = 1, for all j – o, j = 1, 2, . . . , n. This is clearly a feasible solution of system (3) and so, by Result 1, it is an optimal
P
solution for model (1), by putting bj ¼ sr¼1 ur yrj þ dj  1;

Suppose in optimal solution dp ¼ 0:
Step 2: Let T = T [ {p}.
Step 3: If |T| = e, then stop; otherwise go to Step 1.
Now assume that the number of efﬁcient DMUs, which is also
depended on the value of e, is k. As it was explained before, one
of the efﬁcient DMUs (dependent on the software, and indeed
the good lock one) is selected as the most efﬁcient in the ﬁrst iteration. Then, similarly it can be seen that the other efﬁcient DMUs
are selected one after another until all efﬁcient DMUs are ranked
randomly after iteration l = min {e, k}. Now, if we assume that
l = k < e, then in iteration k + 1 we should solve model (5) when
dj = 1 "j e E, where E is the index set of all efﬁcient DMUs. In this
case, model (5) is infeasible. Indeed, by contradiction, if we assume
that it is feasible then we should have a feasible solution for (5)

with dp ¼ 0; which p R E. This means we have positive weights
P
P
for that sr¼1 ur yrp  1; and sr¼1 ur yrj 6 1; for all the other j, which
is impossible since DMUp is inefﬁcient. Hence, we have the following result.
Result 3. The proposed algorithm of Toloo et al. (2009) will fail
after k iteration, which k is the number of efﬁcient DMUs.
Note: There is also another error in determining the assurance
region for epsilon in model (5) in Toloo et al. (2009). Indeed, that
model should be changed to the following one:

e ¼ max e
s:t:

s
P

ur yrj 6 1;

j ¼ 1; 2; . . . ; n;

r¼1

ur P e;

r ¼ 1; 2; . . . ; s;

which its optimal value can be obtained easily as:
P
ð1= sr¼1 yrj Þ; j ¼ 1; 2; . . . ; n:

e ¼ min
j

As it was explained, the approach of Toloo et al. (2009) cannot
rank efﬁcient DMUs properly and will fail to rank inefﬁcient DMUs.

