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In this paper, a new method, called best-worst method (BWM) is proposed to solve multi-criteria
decision-making (MCDM) problems. In an MCDM problem, a number of alternatives are evaluated with
respect to a number of criteria in order to select the best alternative(s). According to BWM, the best (e.g.
most desirable, most important) and the worst (e.g. least desirable, least important) criteria are
identiﬁed ﬁrst by the decision-maker. Pairwise comparisons are then conducted between each of these
two criteria (best and worst) and the other criteria. A maximin problem is then formulated and solved to
determine the weights of different criteria. The weights of the alternatives with respect to different
criteria are obtained using the same process. The ﬁnal scores of the alternatives are derived by
aggregating the weights from different sets of criteria and alternatives, based on which the best
alternative is selected. A consistency ratio is proposed for the BWM to check the reliability of the
comparisons. To illustrate the proposed method and evaluate its performance, we used some numerical
examples and a real-word decision-making problem (mobile phone selection). For the purpose of
comparison, we chose AHP (analytic hierarchy process), which is also a pairwise comparison-based
method. Statistical results show that BWM performs signiﬁcantly better than AHP with respect to the
consistency ratio, and the other evaluation criteria: minimum violation, total deviation, and conformity.
The salient features of the proposed method, compared to the existing MCDM methods, are: (1) it
requires less comparison data; (2) it leads to more consistent comparisons, which means that it produces
more reliable results.
& 2014 Elsevier Ltd. All rights reserved.
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1. Introduction
Multi-criteria decision-making (MCDM) is a very important branch
of decision-making theory. MCDM problems are generally divided into
two classes with respect to the solution space of the problem:
continuous and discrete. To handle continuous problems, multiobjective decision-making (MODM) methods are used. Discrete problems, on the other hand, are solved using multi-attribute decisionmaking (MADM) methods, which are the focus of this paper. In
existing literature, however, MCDM is commonly used to describe the
discrete MCDM, which is why we also use MCDM in this paper.
A ‘discrete MCDM’ problem (hereafter, for the sake of simplicity
and in line with common practice, MCDM) is generally shown as a
matrix, as follows:
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ð1Þ

where fa1 ; a2 ; …; am g is a set of feasible alternatives (actions,
stimuli), fc1 ; c2 ; …; cn g is a set of decision-making criteria, and
pij is the score of alternative i with respect to criterion j. The goal is to
select the best (e.g. most desirable, most important) alternative, in
other words an alternative with the best overall value. The overall
value of alternative i, V i can be obtained using various methods. In a
general form, if we assign weight wj (wj Z 0; ∑wj ¼ 1) to criterion j,
then V i can be obtained using a simple additive weighted value
function [1], which is the underlying model for most MCDM
methods, as follows:
n

V i ¼ ∑ wj pij

ð2Þ

j¼1

What is very important here, and which has been the impetus of
introduction of several MCDM methods during the last decades, is the
way in which the weights of the criteria or vector w ¼ fw1 ; w2 ;
…; wn g is obtained.
Over the last decades, several MCDM methods have been proposed, the most popular of which are AHP (Analytic Hierarchy
Process) [2–4], ANP (Analytic Network Process) [5], TOPSIS (Technique
for Order of Preference by Similarity to Ideal Solution) [6–10], ELECTRE
(ELimination Et Choix Traduisant la REalité) (ELimination and Choice
Expressing REality) [11–13], VIKOR (VlseKriterijumska Optimizacija
I Kompromisno Resenje) [14], and PROMETHEE (Preference Ranking
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Organization METHod for Enrichment Evaluations) [15–18]. For some
recent developments we refer to the superiority and inferiority
ranking (SIR) method [19], step-wise weight assessment ratio analysis
(SWARA) [20], subjective weighting method using continuous interval
scale [21], multi-attribute evaluation using imprecise weight estimates
(IMP) [22] among others. For the study and comparison of different
MCDM methods we refer to [23–27].
Pairwise comparison method which was ﬁrst introduced by
Thurstone [28] under the law of comparative judgment which is in
fact implied in Weber’s law and in Fechner’s law [29] is an
structured way to make the decision matrix. Pairwise comparisons
(which are provided by expert or a team of experts) are used to
show the relative preferences of m stimuli or actions in situations
where it is unfeasible or meaningless to provide score estimates
for the stimuli or actions with respect to criteria. For instance,
underlying on ratio-scaling method [30,31], in the AHP, the
weights are derived from pairwise comparisons of the criteria
and the scores are derived from pairwise comparisons of the
alternatives against the criteria, after which a similar function like
(2) is used to calculate the overall value of alternatives. The very
signiﬁcant challenge to the pairwise comparison method comes
from the lack of consistency of the pairwise comparison matrices
which usually occurs in practice [32].  
The pairwise comparison matrix A ¼ aij nn is considered to be
perfectly consistent if, for each i and j, aik  akj ¼ aij . Unfortunately,
however, for several reasons (for instance lack of concentration) there
are recurring inconsistencies in pairwise comparison matrices [33].
When a comparison matrix is inconsistent, the recommended course
of action is to revise the comparison such that the comparison matrix
becomes consistent. Although this is a very common approach, it has
been shown not to be successful [34]. In our opinion, the main cause
of the inconsistencies mentioned above is in the unstructured way
comparisons are executed by pairwise comparison-based methods.
The main contribution of this paper is to propose a new multi-criteria
decision-making method that derives the weights based on pairwise
comparisons in a different way compared to the existing MCDM
methods. We will demonstrate that the approach proposed in this
paper uses less comparison data compared to the other MCDM
methods, and that it remedies the inconsistency that characterizes
the kind of pairwise comparisons in question.
The remainder of this paper is organized as follows. In Section 2, a
new MCDM method (BWM) is proposed. In Section 3, the BWM is
applied to a real-world problem, and it is comprehensively compared
to the AHP considering several evaluation criteria. The conclusions
and suggestions for future research are presented in Section 4.

A, in order to obtain a completed matrix A, it is necessary to have n
(n  1)/2 pairwise comparisons. The pairwise comparison matrix A
is considered to be perfectly consistent if:
aik  akj ¼ aij ;

8 i; j

ð4Þ

Here we try to make a better understanding of the so-called
pairwise comparison, which, in fact, makes the foundation of our
proposed method (BWM).
When executing a pairwise comparison aij , the decision-maker
expresses both the direction and the strength of the preference i
over j. In most situations, the decision-maker has no problem in
expressing the direction. However, expressing the strength of the
preference is a difﬁcult task that is almost the main source of
inconsistency. To understand this important issue better, we use a
visual illustration (Figs. 1 and 2).
Comparing tree A with the other trees in Fig. 1, it may be easy
to determine that A is shorter than B and taller than the other
trees (direction). However, assigning a number to express the level
of relative tallness (strength) is more difﬁcult. In fact, when one
wants to assign a number to show one’s judgment with regard to
comparing A and B, one also keeps in mind the relationships
between these two and some others. For example, suppose one
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Fig. 1. A comparison example: the preference of A over E.

2. Best-worst method (BWM)
BE

Suppose we have n criteria and we want to execute a pairwise
comparison these criteria using a 1/9 to 9 scale1. The resulting
matrix would be
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where aij shows the relative preference of criterion i to criterion j.
aij ¼ 1 shows that i and j are of the same importance. aij 4 1 shows
that i is more important than j with aij ¼ 9 showing the extreme
importance of i to j. The importance of j to i is shown by aji . In
order for matrix A to be reciprocal, it is required that aij ¼ 1=aji and
aii ¼ 1, for all i and j. Considering the reciprocal property of matrix
A
1

It is possible to use other scales like 0.1 to 1.0, or 1 to 100.
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E

Fig. 2. A comparison example: the preference of B over E.
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wants to assign a number to indicate the preference of tree A over
tree E (solid line AE in Fig. 1). Obviously, it is easy to see that A is
taller than E. Therefore, one is going to assign a number greater
than 1 to show the preference of A over E. One certainly does not
assign the maximum number 9, because it is clear that C is much
shorter than E (in fact, one is comparing A and C as well as E and C
—dashed lines AC and EC in Fig. 1). In addition, it is clear that B is
taller than A (dashed line BA in Fig. 1), which means 4 or 5 are
likely numbers. One assigns such a number when one has, for
instance, an 8 in mind to compare B and C (dashed line BC in
Fig. 1). As may be clear, when considering the preference of A over
E, the decision-maker also considers the best and the worst
alternatives with respect to the criterion in question. In our
example, the best (tallest tree) is B and the worst (shortest tree)
is C. It is important to note that, in this example, the other tree
(D) plays no role. If we add more trees, taller than C and shorter
than B, they would also play no role in this comparison. When
comparing A and D, the same problem arises as with A and E.
However, when one member of a pair is the best or the worst
alternative, the task seems to be much easier, for instance when
comparing tree B with tree E. Following the same line of reasoning, however, in this case one only needs to make three comparisons (Fig. 2), compared to six in the previous example (Fig. 1). The
task is also relatively easy when comparing B (the tallest tree) or C
(the shortest tree) and one of the other trees.
As an interesting conclusion of the aforementioned discussion, it is
possible to divide the pairwise comparisons into two main categories:
(1) reference comparisons and (2) secondary comparisons.
Deﬁnition 1. Comparison aij is deﬁned as a reference comparison
if i is the best element and/or j is the worst element2.
Deﬁnition 2. Comparison aij is deﬁned as a secondary comparison
if i nor j are the best or the worst elements and aij Z 12.
If we think back to the comparison matrix (3), we see that, for n
elements, all the possible comparisons are n2 . From this, we can
conclude that n comparisons are aii ¼ 1. The rest is n(n 1), for half of
which aij Z 1, while the other half are the reciprocals of the ﬁrst half.
From the ﬁrst n(n 1)/2 comparisons, 2n 3 are reference comparisons3, and the rest are secondary comparisons. Fig. 3 shows the
reference comparisons.
As discussed above, the secondary comparisons are executed
based on the knowledge about the reference comparisons. For
instance, the comparisons the decision-maker carries out in Fig. 2
are a sub-set of those of Fig. 1. As the ﬁrst direct conclusion, we
understand that an efﬁcient approach would be for the decisionmaker to execute the reference comparisons ﬁrst, and then the
secondary comparisons. More interestingly, however, it is possible
to derive the relative importance of the criteria/alternatives even
without carrying out the secondary comparisons (for a more
detailed discussion, see the next section). For example, if the
decision-maker assigns a 5 to show the tallness of tree B over tree
E, and a 3 to show the tallness of tree B over tree A (both
comparisons belong to reference comparisons), it becomes possible to calculate the tallness of A over E (this comparison belongs to
the secondary comparisons) as 5/3 (aBA  aAE ¼ aBE ; 3  aAE ¼
5 ) aAE ¼ 5=3) to have a consistent comparison (see the deﬁnition of consistency in Section 1) without conducting this comparison. Each secondary comparison aij appears in two relation
2
Please note that, in the deﬁnitions (and in the proposed method), without
losing generality, we only consider comparisons with a strength that is equal or
greater than one (aij Z 1 and i a j). We ignore their reciprocals to avoid the problem
of unequal distance between fractional comparisons.
3
n  2 Best-to-Others comparisons þn  2 Others-to-Worst comparison þ1
Best-to-Worst comparison ¼ 2n 3.
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Fig. 3. Reference comparisons.

chains, two members of which are reference comparisons:abest; i 
aij ¼ abest; j , aij  aj; worst ¼ ai; worst .
It is possible, however, to argue that, given the chain relations
aBA  aAE ¼ aBE , having any two elements of this equality, we can
ﬁnd the value of the other element. However, it is easy to
demonstrate that aBA and aBE are both reference comparisons for
aAE , which means that, to give aAE , the decision-maker uses all the
comparisons used for aBA and aBE . In addition, while for aBA or aBE ,
three comparisons are needed, six comparisons are needed for aAE ,
which makes it a more difﬁcult comparison than aBA and aBE . It
now becomes clear that secondary comparisons are more difﬁcult,
less accurate and at best redundant.
In the following section, it is shown how we can derive the
weights based only on the reference comparisons (comparing the
best and the worst criteria to the others).
2.1. Steps of BWM
In this section, we describe the steps of BWM that can be used
to derive the weights of the criteria.
Step 1. Determine a set of decision criteria.
In this step, we consider the criteria fc1 ; c2 ; …; cn g that should
be used to arrive at a decision. For instance,
 in the case of buying a car, the decision criteria can be quality ðc1 Þ; price ðc2 Þ;
comfort ðc3 Þ; safety ðc4 Þ; style ðc5 Þg.
Step 2. Determine the best (e.g. most desirable, most important) and the worst (e.g. least desirable, least important) criteria4.
In this step, the decision-maker identiﬁes the best and the
worst criteria in general. No comparison is made at this stage. For
example, for a speciﬁc decision-maker, price ðc2 Þ and style ðc5 Þ
may be the best and the worst criteria, respectively.
Step 3. Determine the preference of the best criterion over all
the other criteria using a number between 1 and 9. The resulting
Best-to-Others vector would be:
AB ¼ ðaB1 ; aB2 ; …; aBn Þ;
where aBj indicates the preference of the best criterion B over
criterion j. It is clear that aBB ¼ 1. For our example, the vector
shows the preference of price ðc2 Þ over all the other criteria.
Step 4. Determine the preference of all the criteria over the
worst criterion using a number between 1 and 9. The resulting
Others-to-Worst vector would be
AW ¼ ða1W ; a2W ; …; anW ÞT ;
where ajW indicates the preference of the criterion j over the worst
criterion W. It is clear that aWW ¼ 1. For our example, the vector
shows the preference of all the criteria
 over style ðc
 5 Þ.
Step 5. Find the optimal weights wn1 ; wn2 ; …; wnn .
The optimal weight for the criteria is the one where, for each
pair of wB =wj and wj =wW , we have wB =wj ¼ aBj and wj =wW ¼ ajW .
To satisfy these conditions for all j, we should

ﬁnd a solution
 B

w

where the maximum absolute differences w

a
 and wWj  ajW 
Bj
wj
4
If more than one criterion is considered to be the best or the worst, one can
be chosen arbitrary.
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Table 1
Consistency index (CI) table.
aBW

1

2

3

4

5

6

7

8

9

Consistency index (max ξ)

0.00

0.44

1.00

1.63

2.30

3.00

3.73

4.47

5.23

for all j is minimized. Considering the non-negativity and sum
condition for the weights, the following problem is resulted:
 


wB
  wj

min max   aBj ; 
 ajW 
w
w
j
j

W

Table 2
Pairwise comparison vector for the best criterion.
Criteria

C1

C2

C3

Best criterion: C3

8

2

1

s.t.
∑ wj ¼ 1

Table 3
Pairwise comparison vector for the worst criterion.

j

wj Z 0; for all j

ð5Þ

Problem (5) can be transferred to the following problem:
min ξ
s.t.


wB

  aBj  r ξ; for all j
w

j


 wj




a
jW  rξ; for all j
w
W

C1
C2
C3

1
5
8

In this section, we propose a consistency ratio for the proposed
BWM.

j

ð6Þ



Solving problem (6), the optimal weights wn1 ; wn2 ; …; wnn and ξn
are obtained5.
In some decision-making problems, we have an alternative
value i with respect to criterion j (pij ). For instance, think of a car
selection problem where fuel consumption is a criterion, and
we have information about the fuel consumption of all the
alternatives. In some decision-making problems, however, values
pij are not available. For example, think of the same car selection
problem where color is a criterion and there are cars with different
colors (not values). In case of the latter problem, where values pij
are not available, the aforementioned procedure is also carried out
for the alternatives (comparing alternatives against each criterion)
to ﬁnd pij (the weight of alternative i with respect to criterion j). At
any rate, we then simply calculate the overall score of alternative i
as V i ¼ ∑nj¼ 1 wj pij . Sorting the values of V i 8 i, the best alternative
is identiﬁed.
In the next section, using ξn , we present a consistency ratio. It
becomes clear that, the bigger the ξn , the higher the consistency
ratio, and the less reliable the comparisons become.
5

Worst criterion: C1

2.2. Consistency ratio

∑ wj ¼ 1
wj Z 0; for all j

Criteria

It might be argued that if the decision-maker is able to ﬁnd the best (say k1)
and the worst (say l1) criteria from a set of criteria A, he/she would also be able to


ﬁnd the best (say k2) and the worst (say l2) from A  k1 ; l1 , following this
procedure, the list of criteria can be ranked. This has no contradiction with the
underlying assumption of BWM, however, considering a decision-making problem
with different levels, such procedure cannot ﬁnally come up with the ﬁnal ranking
of the alternatives, which is the goal of the decision-making problem. This is
because following such procedure it is not possible to ﬁnd the weights of the
criteria with respect to the goal, nor the weights of the alternatives with respect to
each criterion. Hence, it is not possible to ﬁnd the overall aggregated weights of the
alternatives (which is derived by multiplication of the weights of the two levels),
and to rank them. For example, suppose that for the case of this study (mobile
phone selection), following the aforementioned procedure, the six criteria are
ranked with respect to the goal, and the four mobile phones are ranked each time
considering one criterion. It is not then possible to come up with the global
rankings of the mobile phones.

Deﬁnition 3. A comparison is fully consistent when aBj  ajW
¼ aBW , for all j, where aBj , ajW and aBW are respectively the preference of the best criterion over the criterion j, the preference of
criterion j over the worst criterion, and the preference of the best
criterion over the worst criterion.
However, it is possible for some j not to be fully consistent,
which is why we propose a consistency ratio to indicate how
consistent a comparison is. To this end, we start by calculating the
minimum consistency of a comparison, as follows:
As mentioned before, aij A f1; :::; aBW g where the highest possible value of aBW is 9 (or any other maximum value identiﬁed by
the decision-maker). Consistency decreases when aBj  ajW is
lower or higher than aBW or equivalently aBj  ajW a aBW , and it
is clear that the highest inequality occurs when aBj and ajW have
the maximum value (equal to aBW ), which will result in ξ. We also

 

know that wB =wj  wj =wW ¼ wB =wW , and given the highest
inequality as a result of assigning the maximum value by aBj and
ajW , ξ is a value that should be subtracted from aBj and ajW and
added to aBW , or equivalently:

 

aBj ξ  ajW  ξ ¼ ðaBW þ ξÞ
ð7Þ
As for the minimum consistency aBj ¼ ajW ¼ aBW , we have
ðaBW  ξÞ  ðaBW ξÞ ¼ ðaBW þ ξÞ


) ξ2  ð1 þ 2aBW Þξ þ aBW 2  aBW ¼ 0

ð8Þ

Solving for different values of aBW A f1; 2; …; 9g, we can ﬁnd
the maximum possible ξ (max ξ). We use these maximum values
as consistency index (see Table 1).
We then calculate the consistency ratio, using ξn and the
corresponding consistency index, as follows:
Consistency Ratio ¼

ξn
Consistency Index

ð9Þ

Example 1. This simple example involves selecting a transportation mode for a company to transport their products to a market,
to illustrate the BWM steps discussed above. Three decision
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Table 4
Consistency check table.

Table 5
Different values of wn1 ; wn2 ; wn3 , and ξn for a32 ; a21 A f1; 2; …; 8g.
a21

1

2

3

4

5

6

7

8

a32

n

ξ
wn1
wn2
wn3
ξn
wn1
wn2
wn3
ξn
wn1
wn2
wn3
ξn
wn1
wn2
wn3
ξn
wn1
wn2
wn3
ξn
wn1
wn2
wn3
ξn
wn1
wn2
wn3
ξn
wn1
wn2
wn3

1

2

3

4

5

6

7

8

1.54
0.10
0.25
0.65
1.16
0.09
0.29
0.62
0.85
0.08
0.32
0.60
0.61
0.08
0.35
0.57
0.41
0.07
0.39
0.54
0.24
0.07
0.42
0.52
0.11
0.06
0.44
0.49
0.00
0.06
0.47
0.47

1.16
0.10
0.22
0.68
0.70
0.09
0.25
0.66
0.32
0.08
0.28
0.64
0.00
0.08
0.31
0.62
0.26
0.07
0.34
0.59
0.47
0.07
0.37
0.56
0.64
0.06
0.40
0.54
0.78
0.06
0.42
0.52

0.85
0.10
0.19
0.71
0.32
0.09
0.21
0.70
0.15
0.08
0.24
0.68
0.54
0.08
0.27
0.66
0.86
0.07
0.30
0.63
1.13
0.07
0.32
0.61
1.35
0.06
0.35
0.58
1.53
0.06
0.38
0.56

0.61
0.10
0.16
0.74
0.00
0.09
0.18
0.73
0.54
0.08
0.21
0.71
1.00
0.08
0.23
0.69
1.39
0.07
0.26
0.67
1.73
0.07
0.28
0.65
2.00
0.06
0.31
0.62
2.23
0.06
0.34
0.60

0.41
0.10
0.14
0.76
0.26
0.09
0.16
0.75
0.86
0.08
0.18
0.74
1.39
0.08
0.20
0.72
1.86
0.07
0.22
0.70
2.26
0.07
0.25
0.68
2.59
0.06
0.28
0.66
2.88
0.06
0.30
0.64

0.24
0.10
0.12
0.78
0.47
0.09
0.14
0.77
1.13
0.08
0.16
0.76
1.73
0.08
0.17
0.75
2.26
0.07
0.20
0.73
2.73
0.07
0.22
0.72
3.13
0.06
0.24
0.70
3.47
0.06
0.27
0.67

0.11
0.10
0.11
0.79
0.64
0.09
0.12
0.79
1.35
0.08
0.14
0.78
2.00
0.08
0.15
0.77
2.59
0.07
0.17
0.76
3.13
0.07
0.19
0.74
3.59
0.06
0.21
0.72
4.00
0.06
0.24
0.71

0.00
0.10
0.10
0.80
0.78
0.09
0.11
0.80
1.53
0.08
0.12
0.79
2.23
0.08
0.14
0.79
2.88
0.07
0.15
0.78
3.47
0.07
0.17
0.76
4.00
0.06
0.19
0.75
4.47
0.06
0.21
0.73

criteria are identiﬁed by the company as C1: load ﬂexibility, C2:
accessibility, C3: cost (step 1). The company identiﬁes cost (C3) and
load ﬂexibility (C1) as the best and the worst criteria respectively
(step 2). Tables 2 and 3 show the comparison vectors (steps 3, 4).
Considering the data provided in Tables 2 and 3 results in
model (6) for this problem, as follows:
min ξ
s.t.


w 3

 8 r ξ;
w

1


w3

  2 rξ;
w

2


w2

  5 rξ;
w

1

w1 þ w2 þ w3 ¼ 1;
w1 ; w2 ; w3 Z0:

Solving this model, we have:wn1 ¼ 0:0714; wn2 ¼ 0:3387;
wn3 ¼ 0:5899, and ξn ¼ 0:26. For the consistency ratio, as
aBW ¼ a31 ¼ 8, the consistency index for this problem is 4.47 (see
Table 1), and the consistency ratio is 0:26=4:47 ¼ 0:058, which
implies a very good consistency.
Using certain characteristics of the pairwise vectors of the
BWM and considering the consistency relation aBj  ajW ¼ aBW , it
is very easy in practice to check the consistency of the comparisons visually and identify the cause of the possible low consistencies, using a table like Table 4, where rows 1 and 2 show aBj and
ajW respectively. Next, we can multiply the elements in rows 1 and
2 (aBj  ajW ) and compare the result to aBW . If aBj  ajW is too
different from aBW ,we can revise aBj and ajW to make the
comparisons (more) consistent. If the comparisons are not fully
consistent, for problems with more than three criteria, multiple
optimal solutions might be founded, one of which can be selected
by the decision-maker.
Example 2. We consider the same data used in Example 1, and
consider different values for a32 and a21 , to see the changing in
weights and the comparison consistencies. As aBW ¼ a31 ¼ 8, we
consider different values for a32 ; a21 A f1; 2; …; 8g. Table 5 shows
wn1 ; wn2 ; wn3 , and ξn for all 64 possible combinations of different
values of a32 and a21 . As becomes clear from Table 5, changing a32
and a21 results in a relative change in the weights of the criteria. It
is also clear that, when a32  a21 is equal to aBW ¼ a31 ¼ 8, ξn is
zero, which shows a full consistency. The maximum value for ξn
is identiﬁed as 4.47, when both a32 and a21 are assigned the
maximum value of 8. Fig. 4 shows the relationship between
a32 ; a21 and ξn .
3. A real-world application
In this section, we discuss a real-world application of the proposed
methodology. For this purpose, we consider a simple decision-making
problem most people have to deal with: mobile phone selection. We
consider a problem where someone wants to select a mobile phone
from a set of mobile phones using different criteria. For this study, the
criteria found by [35] are used to evaluate mobile phone alternatives
(Table 6).
3.1. Data collection
We collected data on mobile phone selection from a sample of
50 university students through a two-part questionnaire. We ﬁrst
explained the problem to the students. The students were given
some documents describing the criteria used to select mobile
phones, and a comprehensive list of the characteristics of mobile
phones (e.g. price, dimensions, weight, display, data inputs,
memory) of four different mobile phones (Nokia Lumia 920,
iPhone 5, Samsung Galaxy S III, Motorola Milestone 3), which
was collected from commercial websites, and which was used to
ensure that all the respondents had information they needed to
carry out the comparisons. The respondents were asked to ﬁll in a
two-part questionnaire: one part was designed based on BWM,
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have three evaluation results: (1) BWM, (2) AHP, and (3) intuitive
evaluation. Table 7 provides an overview of the results.
The results show that, on average, the ﬁrst choice of the respondents was the iPhone 5 (BWMavg ¼ 0.3619, AHPavg ¼ 0.3501, Intuitiveavg ¼
0.3620), followed by Samsung Galaxy S III (BWMavg ¼0.3137, AHPavg ¼
0.3086, Intuitiveavg ¼0.3285), Nokia Lumia 920 (BWMavg ¼0.1960,
AHPavg ¼0.2057, Intuitiveavg ¼ 0.2033), and ﬁnally Motorola Milestone
3 (BWMavg ¼0.1284, AHPavg ¼0.1356, Intuitiveavg ¼0.1063). As becomes
evident, there is no difference between different methods in ranking
the mobile phones when considering the average values.
What is, however, more interesting and important for the
purpose of this paper is to evaluate the performance of the
proposed method (BWM). To this end, we report some important
feature of the results, and compare BWM with AHP considering
the consistency ratio, and three other evaluation measures proposed by [36,37], with some modiﬁcation, as described as follows.
Fig. 4. The relationship between a32 ; a21 A f1; 2; …; 8g and ξn .

Table 6
Criteria to evaluate mobile phones and their description [35].
Criteria

Description

Basic
requirements
Physical
characteristics
Technical features

Reasonable cost/price, standard part used, standard
process applied
Design standards, weight, dimension, shape, water
resistance, solidity, attractiveness, raw material properties
Talk time, standby time, international roaming, safety
standards
Ease of use
Market vision, technical support
Games, ringing tones diversity, local language adaptability,
business life facilitating services

Functionality
Brand choice
Customer
excitement

3.2.1. Consistency ratio (CR)
As discussed earlier consistency ratio (CR) is a measurement of
the reliability of the output of an MCDM method. In our real-world
application, for BWM, we have one pair of vectors (1  6 and 6  1)
for comparing the criteria, and six pairs of vectors (1  4 and 4  1)
for comparing the four mobile phones against the six criteria.
Considering the number of respondents (46), we have 322 pairs of
vectors. For AHP, we have one matrix (6  6) for comparing the
Table 7
An overview of the real-application results
Final weights (n¼ 46)

BWM

the other part based on AHP (in order to conduct the comparison
studies) (see Appendix A for an example of the questionnaire: the
ﬁrst level). A full description of the 1–9 scale which is used for the
comparison was also provided. In order to check (prevent) the
effect of potential learning bias on the comparison results, the
questionnaires were given to two groups. One group of the
respondents was given the questionnaire with AHP-BWM order,
while the other group was given a questionnaire with BWM-AHP
order. We also asked the students to provide an overall evaluation
about the four mobile phones giving a number between 0 and
1 such that the sum of the scores would be 16. The respondents
were also asked to record the time they spend to ﬁll in each part of
the questionnaire. Based on an initial evaluation, the questionnaires of four respondents were excluded because of missing data,
which meant that 46 questionnaires in total were considered for
further analysis.

3.2. Results and comparisons
We applied the two methods mentioned above to the data we
collected. As mentioned before, we also asked the respondents to
provide overall intuitive scores for the mobile phones. As such, we
6

We understand that in most real-world decision-making problems it is not
possible to provide an overall evaluation for the alternatives due to the complexity
(high number of levels, criteria, sub-criteria, and alternatives) of the problem, and
the involvement of multiple decision-makers. For this study, we chose an easy
decision-making problem such that ranking the alternatives would be easy. This
intuitive ranking is used for the comparison study.

Mean
s.d.
Minimum
Maximum
AHP
Mean
s.d.
Minimum
Maximum
Intuitive Mean
s.d.
Minimum
Maximum

Consistency
Ratio (CR)
(n ¼322)

Nokia
Lumia
920

iPhone
5

Samsung
Galaxy S
III

Motorola
Milestone
3

0.1960
0.0938
0.0498
0.4802
0.2057
0.1124
0.0459
0.5100
0.2033
0.1208
0.0500
0.6000

0.3619
0.1208
0.1537
0.5703
0.3501
0.1415
0.1010
0.6855
0.3620
0.1507
0.1000
0.7000

0.3137
0.1007
0.1260
0.5827
0.3086
0.1231
0.0736
0.6226
0.3285
0.1121
0.1000
0.5500

0.1284
0.0742
0.0399
0.3321
0.1356
0.0783
0.0359
0.3834
0.1063
0.0646
0.0100
0.3500

0.3573n
0.2029
0.0000
1.0000
0.1367nn
0.1749
0.0000
1.9392

n
57.8% of matrices have CR less than 0.1; 18.9% between 0.1 and 0.2; 14%
between 0.2 and 0.3, and 9.3% greater than 0.3.
nn
77.3% of vectors have CR less than 0.5, and 23.4% between 0.5 and 1.0.

criteria, and six matrices (4  4) for comparing the four mobile
phones against the six criteria, for 46 respondents i.e. we have 322
matrices. We calculated the CR for all 322 pairs of vectors of BWM
(Eq. (9)), and those of 322 matrices of AHP (to see the formula
refer to [38], p.9). While BWM always result in consistent (not
necessarily full consistent) comparisons, comparisons with
CR Z 0:1 are considered inconsistent for AHP [38], p.9). As can be
seen from Table 7, 56.8% of the matrices of AHP are consistent
(CR o0.1) while the rest are inconsistent. To see the distribution of
the CR of BWM and AHP see Table 7.
3.2.2. Minimum violation (MV)
One of the most important properties of an MCDM method is to
preserve the ordinal preferences [36]. MV is a measure to check
the ordinal consistency of an MCDM method. It penalizes order
reversals or violations. Violation happens when, for instance, the
decision-maker prefers criterion (alternative) j to criterion
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Table 8
Comparison results of minimum variation (MV), total deviation (TD), and conformity (C) for two methods BWM and AHP (paired t-test).
Variable

N

Minimum variation (MV)
Total deviation (TD)
Conformity (C)

322
322
46

BWM

AHP

Mean

s.d.

Mean

s.d.

0.0096
2.1820
0.0275

0.0333
2.9090
0.0288

0.0294
3.0528
0.0437

0.0462
3.8955
0.0510

(alternative) i in the pairwise comparison (aij o 1), but i receives a
larger weight than j in the ﬁnal results (wi 4 wj ). MV sums up all
the violations associated with the weight vector of an MCDM
method as follows.
MV ¼ ∑ ∑ V ij ;
i

ð10Þ

j

where
8
1
>
>
>
< 0:5
V ij ¼
>
0:5
>
>
:
0

if wi 4wj and aij o 1;
if wi ¼ wj and aij a 1;
if wi awj and aij ¼ 1;

ð11Þ

otherwise:

As discussed earlier BWM uses less pairwise comparisons than
AHP. As such, in order to make a fair comparison between BWM
and AHP, MV is divided by the total number of pairwise comparisons of each method, i.e. we in fact compare MV BWM =2n to
MV AHP =n2 .
As mentioned before, in our real-world application, for BWM
and AHP, we have 322 pairs of vectors, and 322 matrices
respectively. As such, MV BWM =2n and MV AHP =n2 are calculated
for the two samples respectively. We now have two related
samples of 322 pairs. To see if there is a signiﬁcant difference
between the two samples, we conducted a paired t-test, the results
of which are shown in Table 8. The null hypothesis (H0), which
says that the mean of differences between MV BWM =2n and
MV AHP =n2 is zero, is rejected. The negative sign of t (  6.349)
shows this rejection in favor of BWM, implying that BWM
(mean¼ 0.0096) has a signiﬁcant better ordinal consistency compared to AHP (mean ¼0.0294). It is also interesting to mention that
from all the 322 pairs of vectors of BWM, there is no any pair of
vectors with V ij ¼ 1, while for several matrices of AHP7 we have
V ij ¼ 1, which means that if we only consider the major type of
rank preservation (ﬁrst row of Eq. (11)), BWM shows full ordinal
consistency.

3.2.3. Total deviation (TD)
The TD measures the actual Euclidean distance between the
ratios of weights wi =wj and their corresponding pairwise comparisons aij , for the weight vector of an MCDM method as follows.
TD ¼ ∑ ∑ aij 
i

j

wi
wj

2

ð12Þ

It is clear that, the smaller the TD, the closer the weight ratios
(obtained by the applied method) are to the comparisons (provided by the decision-makers).
7
Many researchers have criticized AHP for its rank reversal problem (see for
example [39–42]).

t Statistic

p-Value

 6.349
 3.812
 2.297

0.0000
0.0002
0.0263

As mentioned before, in our real-world application, for BWM
and AHP, we have 322 pairs of vectors, and 322 matrices
respectively. Again, in order to make a fair comparison between
BWM and AHP, TD is divided by the total number of pairwise
comparisons of each method, i.e. we compare TDBWM =2n to
TDAHP =n2 . Similarly, we now have two related samples of 322
pairs. To see if there is a signiﬁcant difference between the two
samples, we conducted a paired t-test, the results of which are
shown in Table 8. The null hypothesis (H0), which says that the
mean of differences between TDBWM =2n and TDAHP =n2 is zero, is
rejected. The negative sign of t (-3.812) shows this rejection, again,
in favor of BWM, implying that BWM (mean¼2.1820) produces
closer weight ratios (obtained by the applied method) to the
comparisons (provided by the decision-makers) compared to AHP
(mean¼3.0528).
3.2.4. Conformity (C)
One way to evaluate the performance of an MCDM is its
conformity to other MCDM methods, or the intuitive rankings of
the decision-makers (see for example, [43]). We consider the
Euclidean distance between ﬁnal scores found by an MCDM
method, and the intuitive scores, as a conformity measure, which
is calculated as follows.

2
C km ¼ ∑ Final Scorem ; r  Final Scoreintuitive; r
ð13Þ
r

where C km is the Euclidean distance between the ﬁnal scores
assigned by decision-maker k and the ﬁnal scores found by
method m; Final Scorem; r and Final Scoreintuitive; r are the ﬁnal score
respectively found for alternative r using method m, and intuitive
evaluation.
Considering the two methods BWM and AHP and four alternatives: Nokia Lumia 920, iPhone 5, Samsung Galaxy S III,
Motorola Milestone 3, we have two related samples of 46 pairs
of C k; BWM and C k; AHP . To see if there is a signiﬁcant difference
between the two samples, we conducted a paired t-test, the results
of which are shown in Table 8. The Null Hypothesis (H0), which
says that the mean of differences between C k; BWM and C k; AHP is
zero, is rejected. Looking at the negative sign of t ( 2.297) shows
this rejection in favor of BWM, implying that BWM
(mean¼0.0275) results in ﬁnal scores that are closer to the
intuitive evaluation compared to AHP (mean¼0. 0437).
Finally it is also worth mentioning that the time spent on ﬁlling
in the BWM questionnaire (mean¼16.8 m, s.d. ¼5.4) is signiﬁcantly (p ¼0.019) less than the time spent for ﬁlling the AHP
questionnaire (mean: 18.8m, s.d. 6.8).8
8
It is wise to expect even more difference when the dimensions of the
problem increase. In this case, we have in total 39 pairwise comparisons for
BWM, and 51 pairwise comparisons for AHP, which are not so different from each
other. However if we would have, for instance, eight mobile phone alternatives for
this case, the number of total pairwise comparisons for BWM and AHP are 87 and
183 comparisons respectively, which are much more different.
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4. Conclusion and future research
In this paper, we proposed a new multi-criteria decisionmaking (MCDM) method called best-worst method (BWM). It
derives the weights based on a pairwise comparison of the best
and the worst criteria/alternatives with the other criteria/alternatives. A ﬁve-step procedure was used to derive the weights. A
consistency ratio is also developed to check the reliability of the
ﬁnal results. To show the applicability of this new method, we
posed a real-world decision-making problem, selecting a mobile
phone, using a sample of university students. We also compared
the results of BWM with AHP considering a number of evaluation
criteria and demonstrated that BWM performs better than AHP.
BWM has several salient features that make it a robust and
interesting method as follows.
(1) BWM is a vector-based method that requires fewer comparisons compared to matrix-based MCDM methods such as
AHP. For BWM, we only need to have 2n  3 comparisons
while, for instance, for AHP n(n  1)/2 comparisons are
needed.
(2) The ﬁnal weights derived from BWM are highly reliable
as it provides more consistent comparisons compared
to AHP. While in most MCDM methods (e.g. AHP), consistency ratio is a measure to check if the comparisons
are reliable or not, in BWM consistency ratio is used to see

the level of reliability as the output of BWM is always
consistent.
(3) Not only can BWM be used to derive the weights independently, it can also be combined with other MCDM methods.
(4) While using a comparison matrix, generally speaking we have
to deal with integers as well as fractional numbers (e.g. in AHP
we use fractional numbers 1/9, 1/8, …, 1/2, and integer
numbers 1, …, 9), in BWM, only integers are used, making it
much easier to use.

We are developing some more (business, and psychological)
experiments to study other features of BWM such as the
behavioral aspects [44] of the BWM, and comparing its underlying behavioral principles to some other MCDM methods that
have similarities to BWM, such as swing weighting method [45],
SMART (simple multiattribute rating technique) [46], SMARTS
(SMART using Swings), and SMARTER (SMART Exploiting Ranks)
[47,48]. We also suggest applying the proposed method in some
other real-world applications and comparing the results to
other MCDM methods, to improve the method's validation,
and to test its applicability and usefulness. Integrating this
method with scenario planning [49] can also be considered as
an interesting future research. Finally, we suggest extending this
method to include group decision-making that involves more
than one decision-maker.

Appendix A
An example of the AHP questionnaire (main criteria level).
Considering the goal (selecting the best mobile phone), assign a number from 1/9 to 9 to show the preference of a criterion over the
others (ﬁll in ONLY shaded cells).
Goal: selecting the
best mobile phone

Basic
requirements

Physical
characteristics

Technical
features

Functionality

Brand
choice

Customer
excitement

Basic requirements
Physical
characteristics
Technical features
Functionality
Brand choice
Customer excitement

An example of the BWM questionnaire (main criteria level).
Considering the goal (selecting the best mobile phone), select the MOST IMPORTANT criterion from the six criteria (ﬁrst line), and insert
it in the most left-hand side cell of the second row.
Now use a number between 1 and 9 to show the preference of your MOST IMPORTANT criterion over the other criteria.
The MOST
IMPORTANT
criterion

Basic
requirements

Physical
characteristics

Technical
features

Functionality

Brand choice

Customer
excitement

Considering the goal (selecting the best mobile phone), select the LEAST IMPORTANT criterion from the six criteria (ﬁrst column), and
insert it in the top cell of the second column.
Now use a number between 1 and 9 to show the preference of the criteria (ﬁrst column) over the LEAST IMPORTANT criterion.

The LEAST IMPORTANT criterion
Basic requirements
Physical characteristics
Technical features
Functionality
Brand choice
Customer excitement
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