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Abstract

Although numerous methods of multi-criteria decision-making have been developed so far, there are still those
that have not been improved by different theories that deal well with uncertainties and inaccuracies that are a
normal occurrence in everyday life. The goal of this research is the development of the Rough Defining
Interrelationships Between Ranked Criteria Il (Rough DIBR II) method and the presentation of its application in the
multi-criteria decision-making (MCDM) problem, specifically in human resource management (HRM). The paper
presents the subject-developed method and its practical application in the MCDM model with the Rough Additive
Ratio Assessment (Rough ARAS) method. In order to check the consistency and validity of the proposed
methodology, a sensitivity analysis and a comparative analysis were performed. The conclusions of this research
indicate a stable and valid proposed methodology, as well as the possible application of the Rough DIBR Il method
for defining weighting coefficients of criteria in real-life decision-making problems.

Keywords: Rough DIBR Il, Rough ARAS, MCDM, HRM.

1. Introduction

In the field of MCDM, various methods have been developed so far both for determining the weight coefficients
of the criteria and for choosing the optimal alternative (Sahoo et al., 2024). One of the developed methods for
determining the weights of criteria is DIBR Il. This method is based on determining the importance of adjacent
ranked criteria by decision makers or experts (Bozani¢ and Pamucar, 2023). The method is implemented as follows:
first, the criteria are ranked according to importance, then the relationships between neighboring criteria are
defined and based on the mathematical apparatus, the calculation of the most important criteria is performed
first, and then the others, while at the end the quality of the defined relationships is checked (BozZanié¢ and
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Pamucar, 2023). This approach eliminates certain shortcomings of the previous methods that were used to
calculate the weight coefficients of the criteria and is a flexible and reliable tool that can be adapted to different
situations. The application of the DIBR Il method is shown in various papers. The authors in (Tesi¢ et al., 2023a)
select a boat for the needs of conducting military operations, using the DIBR 1I-BM-CoCoSo MCDM model. The
method was also used to determine the weights of the criteria in the military field, specifically for the selection of
a complex combat system, in the model with the DIBR method and NWBM and BM operators (Tesi¢ and
Marinkovi¢, 2023). The application of the mentioned method for the selection of a pontoon park for overcoming
water obstacles in the army, in a model with the NWBM operator and the Fermatean fuzzy MAIRCA method, is
shown in (Tesi¢ et al., 2023b), while its application for determining weight coefficients of criteria in logistics with
the Rough MABAC method was carried out in (BoZanic et al., 2024). In order to better treat inaccuracy, incomplete
data and uncertainty when making decisions, the method has been improved so far using Fuzzy and Grey theory.
The implementation of triangular fuzzy numbers in the subject method was carried out in (Tesi¢ et al., 2024a), and
its use is shown on the problem of defining criteria weights when evaluating sustainable mobility measures, while
the improvement of the method using spherical fuzzy numbers is shown on the problem of evaluation of the
sustainability performance of wind power plants (Kara et al., 2024), in the model with the AROMAN method. The
application of interval grey numbers in this method is shown in (Tesi¢ et al., 2024b). As can be concluded from the
previous analysis of the literature, rough theory was not implemented in the DIBR Il method.

So far, many methods have been improved using rough numbers. During the evaluation of customer
requirements in Quality Function Deployment, the Rough AHP method was presented to define the weights of the
criteria (Wang and Xiong, 2010), while Badi and Abdulshahe (2021) apply this method in industry. The
implementation of rough numbers in the WASPAS method, for the purposes of supplier selection, is presented in
(Stoji¢ et al., 2018). The Rough MABAC method was used in (Pamucar et al., 2018) for the evaluation of university
websites. Arsi¢ et al. (2019) select dishes for the needs of the restaurant. Authors in (Tesi¢ et al., 2022) apply the
Rough DIBR method for defining the weight coefficients of the criteria when choosing an anti-tank missile system.
The application of Rough BWM and Rough SAW methods is shown on the problem of choosing railway wagons
(Stevic et al., 2017). The integration of rough numbers in the TOPSIS method is given in (Song et al., 2014), where
it was applied to evaluate the risk of failure mode. Application of Rough theory, specifically interval rough numbers
in the CODAS method, is presented in (Regaieg Cherif and Moalla Frikha, 2021), where the authors performed a
risk assessment in the gas supply process. The application of the Rough SWARA method in logistics is shown in the
model with the COPRAS method (Rosiana et al., 2021). Application of the Rough ARAS method for evaluating
measured performance indicators for the needs of transportation companies is presented in (Radovic et al., 2018).
Qi et al. (2021) selects a design concept using Rough VIKOR, etc. All previously mentioned methods have been
improved to better treat uncertainties, insecurities and inaccuracies in input data, when making different
decisions.

In order to treat limited or imprecise data well and save as much information as possible from incomplete data,
the goal of this research is to implement the rough theory in the DIBR Il method and its application for determining
the weights of criteria on a real-life problem and specifically on the problem of evaluation of military personal in
the MCDM model with the Rough ARAS method, based on existing research (Costa et al., 2022).

The application of MCDM methods for HRM is presented in numerous articles (Stevic¢ et al., 2023; Akmaludin et
al., 2023; Yenilmezel and Ertugrul, 2024; etc.). In the military sphere, a greater number of research in this area is
also noticeable (Tesi¢ et al., 2023c; Fanaei et al., 2023; Abdillah et al., 2023; etc.). The implementation of MCDM
methods in the decision-making process in the field of human resources management gave a new quality.
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2. Materials and methods

In the rest of the text, a brief description of rough numbers and their arithmetic operations is given, as well as
the developed Rough DIBR Il method, with all its application steps, is presented. Also, a brief description of the
existing Rough ARAS method is given. In Figure 1, the algorithm of the proposed MCDM model is presented.

Analysis of the literature related to the subject of research
AN NN NN NN NN NN NN ~N

- Application of the DIBR Il method in different areas and its improvements with different theories
that treat uncertainty and imprecise and incomplete data well

- Improvements to MCDM methods using rough numbers
- Application of MCDM methods in HRM

>

Z S L S L S L S L S L S L /

Development of the Rough DIBR Il method

N\ NN NN NN NN NN NN AN

- Analysis of previously improved MCDM methods using rough numbers
- Study of Rough arithmetic operations

- Implementation of rough numbers in the DIBR Il method

pd S L S L S L S L S L S L /

Development of the MCDM model and its application

N\ AN AN AN AN AN AN N

- Model development

- Application of the Rough DIBR II-Rough ARAS model to the problem of staff ranking for
promotion in the HRM process

Z S L S L S L S L S L S L /

Analysis of MCDM model outputs

N\ NN NN NN NN NN NN AN

- Sensitivity analysis

- Comparative analysis

>

pd S L S L S L S L S L S L /

Figure 1. Algorithm of the proposed MCDM model

2.1 Preliminaries

The basic principles of the rough theory were given by the Polish scientist Zdzislaw Pawlak (Pawlak, 1982;

Pawlak, 2005), in order to treat vagueness in the data. The basic approximation of this set is a

rough number. Let

RN (w) = [6_{), E)] is a rough number. Value @ indicates its lower limit, while value @ represents its upper limit.

In addition to the above limits, the rough number has a rough boundary region that can

be represented as

BR[RN (a))]:a_)—a_) (Pawlak, 2005). Application of rough numbers requires knowledge of basic arithmetic
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operations with them, which are given below. Let RN (w) = [(g, a_)] and RN(v) = [Q, 5] be two rough numbers
(Zhu et al. 2015):
1) Addition (+):
RN(w)+RN(v) =[@+v, @+D] (1)
2) Subtracting (-)

RN(w)-RN(v) =[@-0, @—v] (2)
3) Multiplication ()

RN(w)eRN(v) =[@ev, @e0D] (3)
4) Dividing (/)

RN(w)/RN(v) =[@/0, @/ V] (4)
5) Scalar multiplication (S >0)

seRN(w)=[sew, s ] (5)

Converting a rough number RN (a)J) = [@j,a_)j] into a crisp number is done by applying Eqgs. (6)-(8) (Tesi¢ et
al., 2022; Roy et al., 2018):

o; —m_in{cgj}

3 @j:m_ax a_)j}l—m_in{_j}
RN (o)) :[‘—‘)i""J]: | @, —m_in{la_)j} ©

U max (@, | - min (o,
R S A o)

! 1-o,+o,
a)jcriSp = miin{c_oj}Jra)jN o [miax{cﬁj}—miin{@j}} (8)
2.2 Rough DIBR Il

The steps of the Rough DIBR Il method are given below.

Step 1: Defining a set of a total of ¢ criteria C={C,,C,,..,C.} and determining their significance
C,>C,>..>C,.

Step 2: Defining the relationship between the criteria (RN (A, ) ).
RN ()

RN(a):RN(@,) = RN(A,,) 11+ BN(o) RN(A,,) (9)
. _ . RN(w,) _

RN(@,): RN(a,) =RN(A,,) 1 AN () RN(A, ) (10)

RN(@,,): RN(,) = RN(A, , ) 11> T@:s) _ RN(A, ;) (11)

et RN (,)
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. B 4. RN(@)
RN(a,): RN(@,) = RN(Q,.):1 NG~ RN(A, ) (12)

RN(@,), j=12,...,C

where represents the rough value of the weight coefficient of the criterion.
Step 3: Determining the relationship between the most significant and other criteria, Egs. (13)-(15).
RN
RN(@,) = RN(@) (13)
RN(4,,)
RN
RN (@,) = (@) (14)
RN (A1,2) *RN (Az,s)
RN
RN(w,) = () (15)
RN(A;,)*RN(A,;)e..eRN(A_, )
Step 4: Defining the rough value of the most significant criterion, Eq. (16).
1

1+ + 4+t
RN(A,,) RN(A;,)eRN(A,,) RN(A;,)*RN(A,;)e... eRN(A_ )
Step 5: Determination of weight coefficients of other criteria, Egs. (5)-(7).
Step 6: Converting the obtained rough values of the criteria weights RN (a)j) =[a_)j,cT)j] into crisp values

crisp
i

Step 7: Checking the quality of the defined relationships between the criteria. It is performed by calculating the

w , using the Egs. (6)-(8).

control value (a)cL ) and deviation values ( K, ), using Egs. (17)-(18).

K, =[1-2 (17)
a)C
o =2 (18)
Al,C

If the value of the deviation satisfies the condition that 0 < K_ < 0.1, it can be concluded that the relations

between the criteria are well defined. Otherwise, it is necessary to redefine the relations.

2.3 Rough ARAS

The ARAS method was developed to evaluate different alternatives based on defined criteria in different areas
(Zzavadskas and Turskis, 2010) and so far it has been improved by different theories (Turskis and Zavadskas, 20103;
Turskis and Zavadskas, 2010b) The improved method used in this research uses rough numbers to reduce
subjectivity and uncertainty in the decision-making process. The method consists of seven steps, including model
formation, data normalization, weighting of normalized values, and ranking of alternatives, based on the degree
of utility. Rough ARAS enables more accurate decision-making and reduces uncertainty compared to the classic
(crisp) method. More about the method, can be seen in (Radovié et al., 2018).
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3. Application of the MCDM model

In the management of human resources in a military organization, it is very often necessary to evaluate and
rank employees, both for promotion and for other opportunities. In order to perform the subject ranking, it is
necessary to define the criteria. For the purpose of demonstrating the application of the MCDM model, the criteria
identified in the existing research were used (Costa et al., 2022): C;-Professional profile, C;-Moral profile, Cs-Social
profile, and Cs;-Character. All criteria are benefit type. The authors of the mentioned research gave a detailed
description of each of the criteria, so they will not be described here. Also, in the previously mentioned conducted
research, the evaluation of alternatives is performed based on the satisfaction of the sub-criteria defined, which
is not the subject of this research. In order to illustrate the application of the proposed methodology, a set of

alternatives (officers who need to be ranked for promotion) was created OF; =(OF,,OF,,...,OF;). A linguistic

scale was defined for the assessment of alternatives according to each criterion (Table 1).

Table 1. Linguistic scale for evaluating alternatives according to each criterion

Comparison of criteria Rough value
Absolutely not satisfactory (ANS) [0, 1]
It does not satisfy (DNS) [1, 2]
Partially unsatisfactory (PUS) [2, 5]
Partially satisfying (PSA) [5, 8]
Satisfies (SAT) (8, 9]
Absolutely satisfying (ASA) [9, 10]

For the purposes of this research, for defining criteria weights, five experts from the field were engaged. The
experts agreed that the significance of the criteria C, > C, >...> C, . After that, each of the experts compared

the criteria by significance, and the comparison values (A__, ) are given in Table 2.

c-1c

Table 2. Criteria comparison values for each of the experts

Comparison of criteria El E2 E3 E4 ES
Ci-G; 1.10 1.10 1.20 1.10 1.00
C-Gs 1.60 1.50 1.60 1.50 1.70
Cs-C4 1.75 1.80 1.70 1.80 1.70
Ci-Cy 3.10 3.20 3.50 3.20 3.10

Based on the values from Table 1, aggregated rough comparison values were formed ( RN (AC_LC) ), in such a

way that the lowest value of the comparison of the criteria given by the experts is the lower limit, while the highest
is the upper limit of the rough number. Rough comparison values are presented in Table 3.

Table 3. Rough comparison values

Comparison of criteria RN(A.,.)
Ci-C; [1.0,1.2]
GG [1.5,1.7]
Cs-Cs [1.7,1.8]

Ci-Cy [3.1, 3.5]
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By applying the steps of the Rough DIBR Il method, the following values of criteria weights are reached, Table
4,
Table 4. Rough values of citeria weights

Comparison of criteria RN (a)J)
C [0.327,0.385]
C [0.272, 0.385]
G [0.160, 0.257]
Csy [0.089, 0.151]

By applying the expressions (6)-(8), the crisp values of the weight coefficients of the criteria are obtained (Table
5).
Table 5. Crisp values of citeria weights

Comparison of criteria a3
C 0.364329
G 0.343460
Cs 0.195441
G 0.096771

The mentioned weight coefficients (Table 5), together with the evaluations of the alternatives according to each
criterion, based on the linguistic scale (Table 1), were entered into the initial decision-making matrix (Table 6).

Table 6. The initial decision-making matrix

Alternative Ci C; G Cs
wj [0.327,0.385] [0.272, 0.385] [0.16, 0.257] [0.089, 0.151]
OF, SAT PSA ASA ASA
OF ASA PSA PSA PUS
OF3 PSA ASA PUS PSA
OF,4 SAT PSA ASA PUS
OFs ASA PSA PUS ASA
Type Benefit Benefit Benefit Benefit

By converting the linguistic descriptors into rough values based on Table 1, the following rough initial decision
matrix is obtained (Table 7).

Table 7. The rough initial decision-making matrix

Alternative C: C; G Cs
wj [0.327,0.385] [0.272, 0.385] [0.16, 0.257] [0.089, 0.151]
OF, [8, 9] [5, 8] [9, 10] [9, 10]
OF, [9, 10] [5, 8] [5, 8] [2, 5]
OF; [5, 8] [9, 10] [2, 5] [5, 8]
OF, [8, 9] [5, 8] [9, 10] [2, 5]
OFs [9, 10] (5, 8] (2, 5] [9, 10]

Type Benefit Benefit Benefit Benefit
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By applying the steps of the Rough ARAS method, the next rank of alternatives is reached (Table 8).

Table 8. Rank of defined alternatives

. Rough values of the Crisp values of the degree
Alternative - . Rank
degree of utility of utility
OF, [0.475, 1.546] 1.011 1
OF, [0.404, 1.418] 0.911 4
OF; [0.371, 1.371] 0.871 5
OF, [0.428, 1.436] 0.932 2
OFs [0.414, 1.415] 0.915 3

Given that the values are a)cL =0.106 and K, =0.085 , and thatis 0< K_ < 0.1, it can be concluded that

the relationships between the criteria are well defined. Based on the data from Table 8, it can be seen that
alternative OF; is ranked best, while alternative OFs is ranked last. Depending on the number of officers who need
to be promoted, the obtained rank will be respected, so if three officers need to be promoted, the officers OF;,
OF, and OFs will be promoted. It is important to note that in a real situation five alternatives will not be ranked,
but a much larger number. This number of alternatives is given only as an example of the application of the MCDM
model.

4. Analysis of output results

Determining the consistency and validity of the proposed methodology was carried out using sensitivity analysis
and comparative analysis. In order to check the consistency of the output results, a sensitivity analysis was
performed (Kannan et al., 2025; Biswas et al., 2025a; Biswas et al., 2025b; etc.). The subject analysis was carried

out using 20 scenarios of changes in criteria weights (Figure 2). Marks "L" and "U" in the Figure 2, indicate the
lower and upper limits of the rough number, respectively.

1,8
1,6
14 B
1] 11 11 [
: ]
i

o,sIIII
: LY

: SERRNEE
0,2 I
S1 S2 S3 S4 S5 S6 S7 S8

S9 S10 S11 S12 S13 S14 S15 S16 S17 S18 S19 S20

N

ECIL mCilU mC2L mC2U mC3L mC3U mC4L mC4U

Figure 2. Scenarios of changing criteria weights

By applying the mentioned scenarios in the Rough ARAS method, the ranks of the alternatives were obtained,
shown in Figure 3.
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Figure 3. Rankings of the alternatives after applying the scenarios

The results of the sensitivity analysis support the consistency of the proposed methodology. Alternative OF1 is
ranked first in all cases, which speaks in favor of the strength of this alternative according to all criteria, while
there are changes in the ranking of the other alternatives. Therefore, it is necessary to take special care when
defining the weight coefficients of the criteria (Bouraima et al., 2024).

In order to validate the output results of the methodology, a comparative analysis (Biswas et al., 2024;
Nedeljkovi¢ et al., 2023) was performed, with the aim of comparing the results obtained by the proposed
methodology with the results obtained by other methods (Madi¢ et al., 2024). The results of the proposed
methodology are compared with the results of methods Rough CRADIS (Puska et al., 2023), Rough TOPSIS (Song
et al., 2014), Rough SAW (Stevi¢ et al., 2017) and Rough MARCOS (Vojinovic et al., 2021). In Figure 4, the ranks of
the alternatives for each of the methods are shown.

Rough ARAS

Rough SA ough MARCOS

=@ OF1 =@==0F2 =@==0F3 OF4 =@ OF5

Figure 4. Rankings of the alternatives for each of the methods.

As can be concluded from Figure 4, the proposed model is valid, that is, the results obtained with the Rough
MARCOS and Rough SAW methods are identical to the results of the proposed methodology, while with the Rough
CRADIS and Rough TOPSIS methods, the third-ranked and fourth-ranked alternative change places, in relation to
the results of this research.
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5. Conclusions

The aim of this paper is to improve the DIBR Il method for determining the weight coefficients of criteria, in
situations where the input data are imprecise and incomplete, as well as to demonstrate its application in the
MCDM model to a real-life problem. Based on previous research in the field of MCDM, especially the Rough theory
and its implementation in other methods, the Rough DIBR Il method was developed.

In order to demonstrate the application of this method in a real-life example, the Rough DIBR II-Rough ARAS
model was created for ranking military personnel for promotion, based on criteria taken from existing research.
Using the Rough DIBR Il method, the weight coefficients of each criterion were defined. By further implementing
the specified weights of the criteria in the Rough ARAS method and evaluating the five defined alternatives
according to each of the criteria, the final ranking of the alternatives was reached.

To check the stability and validity of the model, sensitivity analysis and comparative analysis were performed.
The results of the analysis of the sensitivity to changes in the weight coefficients of the criteria speak in favor of
the consistency of the output results of the methodology, as well as the need to take care when defining the
weights of the criteria. A comparative analysis was carried out by comparing the results of the proposed
methodology with the results of four other methods in which rough numbers were implemented. The results of
this analysis indicate the validity of the proposed methodology.

Given that the DIBR Il method was successfully applied to the problem of personnel ranking in the field of HRM,
it can be concluded that it is applicable in real-life situations and that it copes well with the problems of
incompleteness and inaccuracy in input data. Also, in future research, the mentioned method will be applied to
other decision-making problems, in order to further confirm its applicability in real situations.
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