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Revealed Comparative Advantage Method for Solving
Multicriteria Decision-making Problems
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Abstract. This study proposes and analyzes a new method for the post-Pareto analysis of
multicriteria decision-making (MCDM) problems: the revealed comparative advantage
(RCA) assessment method. An interesting feature of the suggested method is that it uses the
solution to a special eigenvalue problem and can be considered an analog/modification in the
MCDM context of well-known ranking methods including the authority-hub method,
PageRank method, and so on, which have been successfully applied to such fields as
economics, bibliometrics, web search design, and so on. For illustrative purposes, this study
discusses a particular MCDM problem to demonstrate the practicality of the method. The
theoretical considerations and conducted calculations reveal that the RCA assessment
method is self-consistent and easily implementable. Moreover, comparisons with well-
known tools of an MCDM analysis shows that the results obtained using this method are
appropriate and competitive. An important particularity of the RCA assessment method is
that it can be useful for decision-makers in the case in which no decision-making authority
is available or when the relative importance of various criteria has not been preliminarily
evaluated.

Keywords: Decision-making problem, revealed comparative advantage, multicriteria
optimization

1. Introduction

The multicriteria formulation is a typical starting point for theoretical and practical
analyses of decision-making problems. The concept of Pareto optimality and a vast arsenal
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of different Pareto-optimization methods are used for decision-making purposes. However,
unlike single-objective optimizations, a characteristic feature of Pareto optimality is that the
set of Pareto-optimal (efficient) alternatives is generally large. In addition, all these Pareto-
optimal alternatives must be considered mathematically equal. Correspondingly, the problem
of choosing a specific Pareto-optimal alternative for implementation becomes relevant
because the final decision must typically be unique, and additional factors must be considered
to aid a decision-maker in the selection of specific or more favorable alternatives from the
set of Pareto-optimal solutions. Thus, the solution to a multicriteria decision-making
(MCDM) problem generally involves two stages: the Pareto-optimization stage and post-
Pareto analysis stage (i.e., choosing one appropriate Pareto-solution from a set of efficient
alternatives, which is also called post-Pareto optimality analysis).

Many Pareto-optimization methods have been proposed, and a vast amount of literature
exists on this topic. However, a limited amount of literature has been devoted to the post-
Pareto analysis stage. Usually, this literature is presented in the context of multi-objective
decision-making (MODM) problems, and we point out below (without any details) only a
few of them: the compromise programming, goal programming, utility function approaches
[21,35,40,42], marginal rate of substitution approach [29], nonnumerical ranking preference
method [12], Pareto set clustering method [1, 36, 37], greedy reduction algorithm [39],
restricting weight method [26], local search with achievement scalarizing function [31],
hybrid method based on fuzzy logic and evolutionary algorithms [22], nonuniform weight
generator method [8], sweeping cones method [9], and so on. For an overview of some post-
Pareto analysis methods (in the MODM context), see [11]. Literature regarding the post-
Pareto analysis directly in the MCDM context is missing to the best of our knowledge, but
most of the mentioned methods can be adapted accordingly. Moreover, the well-known
methods for the solution to an MCDM problem (e.g., AHP [33], ANP [34], ELECTRE [32],
PROMETHEE [6], TOPSIS [18], VIKOR [30], SAW [23], WPM [38], MACBETH [4],
MAUT [14], MOORA [7] RPA [3], etc.) usually provide the corresponding rankings of the
alternatives and, hence, allow the post-Pareto stage of analysis. It is clear from this short
overview of the literature that the process of post-Pareto analysis method development is far
from complete and that its further development will be useful for applications.

The purpose of this study is to develop a new post-Pareto analysis method for the
MCDM problem solution and illustrate its ability using the solution of an engineering test
problem. The suggested method can be briefly described as follows: for any MCDM problem
< A,C >, where A is the set of alternatives and C is the set of criteria, the assessment
function J:A X C - R can naturally be defined (it evaluates each criterion on each
alternative). In this study, based on the assessment function J, a special procedure was
defined, allowing alternatives to be ranked. The best alternative found using this ranking
procedure can be declared a ‘solution’ of the MCDM problem. Because the procedure
directly considers (through the assessment function J) the natural relationship between the
alternatives and criteria for the analyzed MCDM problem, the alternative declared above as
a ‘solution’ can be treated (only subjectively) as a “true solution” obtained in the post-Pareto
analysis stage for the MCDM problem. The method is called the revealed comparative
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advantage (RCA) assessment method' because a preliminary assessment of the comparative
advantages of alternatives is conducted during its implementation. Moreover, the method
defines the ranking of alternatives based on the solution to a special eigenvalue problem and
can be considered an analog/modification in the MCDM context of well-known ranking
methods (e.g., the authority-hub method, PageRank method, and others), which have been
successfully applied to numerous fields, such as economics, bibliometrics, web search
design, and so on, for solutions to the “essentially big size” problems (see e.g., [5, 16, 17, 25,
27]). Thus, we expect that the suggested method can be an effective tool for solving MCDM
problems (especially with large sets of alternatives or criteria).

We illustrate the RCA assessment method using a special example known in the
scientific literature: the material-selection problem (see [15]). Material-selection problems
are a very important area of MCDM engineering applications and attract the attention of
many researchers. In particular, the considered example was investigated previously by
several researchers using various methods and can be considered a very convenient
benchmarking problem for conducting comparative analyses of different methods (see [13,
15, 20, 23, 24]). For the example under consideration, we can compare the solution obtained
using the RCA assessment method with solutions obtained using the following methods:
MOORA, MMOORA, RPA, FLA (see [23]), Wpm [15], VIKOR, and CVIKOR, [20]. For
the comparison of the results obtained using different methods, we used Spearman’s rank
correlation method and showed that the solution obtained using the offered method is
acceptable and yields a competitive ranking of alternatives for the considered MCDM. This
illustration reveals the viability and applicability of the RCA assessment method for MCDM
problems.

The rest of this paper is structured as follows. In Section 2, the RCA assessment method
is described. Section 3 considers an illustrative example. Finally, Section 4 presents the
discussion and conclusion of the study.

2. Method

Alternatives are denoted by A ={ay,...,a,,}, and the set of criteria is denoted by
C={c,...,cp} ¢;:A— R, where i € N(n) ={1,...,n}. The MCDM problem considers
the ordered pair < A, C >. The criteria can be assumed to be normalized, such that a lower
value is preferable for each criterion. The goal of the decision-making procedure is to
minimize all criteria simultaneously [28]. Further, we adhere to this assumption.

Additionally, A is the set of admissible alternatives, and map ¢ = (cy,...,¢,): A > R”
is the criterion map (correspondingly, ¢(4) € R™ is the set of admissible values of the
criteria). An alternative, a. € 4, is Pareto optimal (i.e., efficient) if no a € A exists, such that
¢j(a) < ¢j(a,) for all j € N(n) and ¢, (a) < ¢x(a,) for some k € N(n). The set of all
efficient alternatives is denoted as A4, and is called the Pareto set. Correspondingly, f(4,) is
called the efficient frontier. Without loss of generality, we assume further that an MCDM

! The term “revealed comparative advantage” was introduced in [2] and has been widely used in
economics for comparative analyses of countries from the international trade perspective.
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problem < A, C > is given, where A = {a,,...,a,,} and C = {cy, ..., ¢,,}, and that the goal of
the decision-making procedure is to minimize all criteria simultaneously.

The MCDM problem < A4, C > is associated with a special assessment function and a
special matrix, which can be used successfully to determine the final solution. We introduce
the following notation. First, we define the function J:A X C — R by the equality
J(a,c) = c(a) Va € A,c € C.Then, we call J: A X C — R a general assessment function for
the MCDM problem < A4, C >. Further, we assume the following:

J(a,c) =0, Vae A VceC,
Ic(a) = Z](a,c) >0Va €A,

cec

I,(c) = Z](a,c) >0VceC,

a€eA

which does not significantly reduce the generality of our considerations in the sense of
applicability to practical MCDM problems. We define the function Jgpc4:A X C = R as
follows:

Jreala,c) = (a,c)/ic(@)y(c) YVa €A, c €C,
where tc(a) = 1c(@)/lac, ta(€) = 14(€)/lac) Iac = Laeacec) (@ ), t(a,c) =]J(a,c)/Iyc,

for any a € 4,c € C. We call Jp-, the RCA assessment function for the MCDM problem
< AC >,

Next, we introduce the following quantities:

u(a) = Z M,(a,c), d;(c) = Z M,(a,c), My(a,c) = {(1) ﬁz‘;g g ; 1

cec a€A

and define the following matrices:
WC = [Wc(a' C)](a,c)eAxC; Wc(a' C) = M](a, C)/u](a) V(a, C) EAX C;

WA = [WA(CI., C)](a,c)eAxC; WA(a' C) = M](a' C)/d](C) V(a, C) eEAXC.

Next, we introduce the vectors e € R™ and s € R", which are defined by the following
equalities: e = k,W,s and s = k,Wye, where k, kg >0 are constants. The vectors
e € R™ands € R" can be called the effectiveness vector for alternatives and the
significance vector for criteria, respectively. These equations reflect a simple idea: the
effectiveness of alternatives is directly proportional to the weighted sum of the criteria
significance, and the significance of the criteria is directly proportional to the weighted sum
of the alternative effectiveness. Consequently, W, e =1e, W,,s=A1s, where
A= (ko)L Wea = WeW,, and W, = W,W,. This indicates that A is an eigenvalue and
e €ER™ands € R* are the corresponding eigenvectors. Following [19], we select
eigenvectors corresponding to the second-largest eigenvalue. Thus, we obtain the vectors
e € R™and s € R", which are rating vectors for alternatives and criteria, respectively.
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Further, the matrix W, (W,.) is called an RCA matrix for alternatives (for criteria), and its
eigenvector corresponding to the second-largest eigenvalue is called an RCA-rating vector
for alternatives (criteria) (see also uses of eigenvectors in ranking procedures). Hence, we
can establish the following procedure for solving MCDM problems, which is the RCA
assessment method:

(i) The RCA matrix for alternatives is calculated for the MCDM problem < 4, C >;

(ii) The RCA-rating vector r"“® for the alternatives is determined, and the alternative
from the Pareto set, A,, that is best according to the r"““ranking is declared the
solution of the considered MCDM problem < 4, C >.

Various modifications of the described construction are possible. Moreover, previous
experience (see e.g., [5, 16, 17, 19, 25, 27]) indicates that the corresponding analogs of the
described method may be useful for solving large-scale MCDM problems (i.e., with large
sets of alternatives and/or criteria).

3. Numerical Example

This section discusses the selected numerical example to demonstrate the practicality of the
method. The considered example is the problem of selecting material for the mast of a sail-

Table 1. Decision matrix for selecting material for a sailing boat mast

Criteria (beneficial)

# Material
SS SM CR CC

1 2 3 4
1 AISI 1020 359 26.9 1 5
2 AISI 1040 51.3 26.9 1 5
3 ASTM A242 type 1 423 27.2 1 5
4  AISI4130 194.9 272 4 3
5 AISI316 25.6 25.1 4 3
6 AISI 416 heat treated 57.1 28.1 4 3
7  AISI 431 heat treated 71.4 28.1 4 3
8 AA6061T6 101.9 25.8 3 4
9 AA2024T6 141.9 26.1 3 4
10 AA2014T6 148.2 25.8 3 4
11 AA7075T6 180.4 25.9 3 4
12 Ti-6Al4V 208.7 27.6 5 1
13 Epoxy-70% glass fabric 604.8 28.0 4 2
14 Epoxy—63% carbon fabric 416.2 66.5 4 1
15 Epoxy—62% aramid fabric 637.7 27.5 4 1

Notes: Source: [6]; Strength (SS); Specific modulus (SM); Corrosion resistance (CR), scale: 1 = poor, 2 =
fair, 3 = good, 4 = very good, and 5 = excellent; Cost category (CC), scale: 1 = very high, 2 = high, 3 =

moderate, 4 = low, and 5 = very low.

boat (see [13, 15, 20, 23, 24]). The choice must be made from 15 alternative materials, which
were evaluated using the following criteria: strength (SS), specific modulus (SM), corrosion
resistance (CR), and cost category (CC) (see [15] for details). The corresponding decision-
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making matrix is given in Table 1, where all criteria are beneficial. After transformation (the
upper—lower-bound approach was used [28]), we obtained a decision matrix with
nonbeneficial criteria (Table 2), which yields the Pareto set
A, = {2,34,7,9,11,12,13,14,15}. Table 3 presents the RCA matrix W, and the
corresponding RCA-rating vector r"? (second eigenvalue, A = 0.8578).

Table 2. Normalized decision matrix for the material-selection problem

Normalized Criteria (nonbeneficial)
1 | 2 | 3 | 4
0.9832  0.9565 1.0000 0.0000
0.9580 0.9565 1.0000 0.0000
0.9727  0.9493  1.0000 0.0000
0.7234  0.9493  0.2500 0.5000
1.0000 1.0000 0.2500 0.5000
0.9485 0.9275 0.2500 0.5000
0.9252  0.9275 0.2500 0.5000
0.8753  0.9831 0.5000 0.2500

0.8100 0.9758 0.5000 0.2500
10 | 0.7997 0.9831 0.5000 0.2500
11 | 0.7471 0.9807 0.5000 0.2500
12 | 0.7009 0.9396 0.0000 1.0000
13 | 0.0537 0.9300 0.2500 0.7500
14 | 0.3619 0.0000 0.2500 1.0000
15 | 0.0000 0.9420 0.2500 1.0000

X0 | |N|n|B|W|N|—

Materials

o

Note: Pareto-optimal (efficient) alternatives are marked in gray.
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Table 3. RCA-matrix and the RCA-rating vector for the material-selection problem

1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 | rrca

1 0,17 0,17 0,17 000 000 0,10 000 007 007 007 007 000 000 010 0,00 0,227
2 0,17 0,17 0,17 000 000 0,10 000 007 007 007 007 000 000 0,10 0,00 0,227
3 0,17 0,17 0,17 000 000 0,10 000 007 007 007 007 000 000 010 0,00 0,227
4 0,00 0,00 000 013 013 013 013 000 000 000 000 013 0,13 0,13 0,13 -0,242
5 0,00 0,00 000 013 013 013 013 000 000 000 000 013 0,13 0113 0,13 -0,242
6 0,10 0,10 0,10 006 006 0,16 006 000 000 000 000 006 006 0,116 0,06 -0,064
7 0,00 0,00 000 013 013 013 013 000 000 000 000 013 0,13 0113 0,13 -0,242
8 0,14 0,14 0,14 000 000 00 000 014 0,14 014 0,14 000 0,00 000 0,00 0,340
9 0,14 0,14 0,14 000 000 0,0 000 0,14 0,14 0114 0,14 000 0,00 000 0,00 0,340
10 0,14 0,14 0,14 000 000 00 000 014 0,14 014 0,14 000 0,00 000 0,00 0,340
11 0,14 0,14 0,14 000 000 00 000 014 0,14 014 0,14 000 0,00 000 0,00 0,340
12 0,00 0,00 000 006 006 006 006 000 000 000 000 019 0,19 019 0,19 -0,248
13 0,00 0,00 000 006 006 006 006 000 000 000 000 019 0,19 019 0,19 -0,248

14 0,07 0,07 007 004 004 0,11 0,04 000 0,00 000 000 013 0,13 019 0,13 -0,127

15 000 0,00 000 006 006 006 006 000 000 000 000 019 0,19 0,19 0,19 -0,248

For the sake of comparison, Table 4 (see also its visualization in Figure 1) presents the
ranks of the materials obtained using the RCA assessment method, "%, and the previously
used methods. The obtained results are also summarized based on Spearman's rank
correlation analysis (see Table 5). All our numerical exercises were conducted on standard
equipment (laptop with 2.59 GHz, 8 GB RAM, and 64-bit operation system) in the
MATLAB environment, without optimizing the code.

Table 4. Materials ranked by comparable methods

Method \ Material 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
MOORA, [23] 14 15 13 12 4 7 6 11 10 9 5 8 2 3 1
MMOORA, [23] 14 15 13 12 4 11 10 9 7 6 8 5 2 3 1
RPA, [23] 14 13 12 15 4 11 10 9 8 7 6 2 3 1 5
FLA, [23] 14 13 15 4 11 9 10 8 12 7 6 5 3 2 1
Wpm, [15] 4 13 15 11 10 9 8 7 2 4 6 3 12 1 5
CVIKOR, [20] 12 6 9 4 15 14 11 13 8 10 5 7 2 1 3
VIKOR, [20] 14 11 13 4 15 10 5 12 7 9 6 8 2 1 3
rrea 9 10 11 4 5 8 6 12 13 14 15 1 2 7 3

Note: Pareto-optimal (efficient) alternatives are marked in gray.
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Rank

Material

Figure 1. Rank comparison

rca

Note: See material names in Table 1, 7 — ranking marked in dark gray

Table 5. Spearman's rank correlations

MOORA MMOORA  RPA FLA Wpm CVIKOR VIKOR r7ca
MOORA 1,000
MMOORA 0,871 1,000
RPA 0,793 0,911 1,000
FLA 0,696 0,718 0,596 1,000
Wpm 0,457 0,618 0,643 0,525 1,000
CVIKOR 0,325 0,375 0,339 0,657 0,239 1,000
VIKOR 0,589 0,525 0,414 0,804 0,471 0,818 1,000
rrea 0,421 0,396 0,307 0,471 -0,071 0,279 0,354 1,000

4. Discussion and Conclusion

The solution for MCDM problems has received considerable attention from researchers
for quite a long time, and the main tool for finding a solution is Pareto optimization. However,
the attention of researchers has recently been increasingly focused on post-Pareto analysis
issues. This circumstance is connected to the fact that the set of Pareto solutions is usually
large in the sense of the element number, but for implementation, only one solution must be
allocated. In this brief note, a novel method for solving MCDM problems, the RCA
assessment method, was proposed. In the framework of the method, we built an appropriate
ranking method that conducts a post-Pareto analysis, choosing the best-ranked alternative
from the Pareto set as a “true solution.”

To demonstrate the viability and suitability of this method for application, the RCA
assessment method was illustrated using a numerical example. On the example under
consideration, the method has been compared with seven well-known methods: MOORA,
MMOORA, RPA, FLA, Wpm, VIKOR, and CVIKOR. The ranking of alternatives obtained
using the RCA assessment method does not generally correlate significantly with the
rankings obtained using other methods (see the numerical example in Section 3, Table 5).
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However, the final solution of the MCDM problem determined using the method seems quite
adequate and competitive. For example, in the considered numerical example, the suggested
method chose material from the cheapest cost category with a lower strength and specific
modulus but a higher corrosion resistance index. Such a choice can be considered as an
acceptable engineering solution. Hence, the RCA assessment method, as a post-Pareto
analysis tool, can be expected to generate “more original/novel” Pareto solutions than well-
known traditional methods. Of course, this assumption requires a deeper empirical
confirmation in future research.

Some criticism may exist regarding the offered method because its implementation must
solve the eigenvalue problem, which is a complex mathematical problem, especially for
large-scale problems. However, well-known methods exist for overcoming this complication,
such as iterative procedures and/or methods of matrix perturbation, that have worked well in
a variety of applications (see, e.g., [5, 16, 17, 25, 27]). Using these methods effectively
overcomes the difficulty of finding a solution for large-scale eigenvalue problems and makes
the RCA assessment method acceptable for “essence big-scale” problems.

The RCA assessment method is easy and flexible for implementation and, as mentioned,
it can be modified to acquire the necessary properties for solving MCDM problems with large
sets of alternatives and/or criteria. The method is useful when no decision-making authority
is available or when the relative importance of various criteria has not been previously
evaluated (i.e., criteria were not previously weighted according to importance). However, the
suggested method has another not-yet-mentioned opportunity that should be addressed in
future research. Namely, because the method also allows ranking the criteria, it can also
identify a “leading criterion.” Obtained this way, the “leading criterion” can be used to
develop a two-level Pareto-optimization procedure that can be useful in various applications.
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