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Abstract

Context: Evaluating third-party logistics (3PL) providers is a complex task since multiple
criteria assessed by experts with potentially diverse perspectives are involved, leading to
varying scores based on individual prioritizations. This study attempts to evaluate 3PL
providers for a mid-sized fishery company in Jakarta, Indonesia, focusing on refrigerated
transportation within cold chain logistics.

Method: A methodology integrating rough stepwise weight assessment ratio analysis (R-
SWARA) and complex proportional assessment (COPRAS) is employed to address expert
uncertainty and rank six providers based on seven criteria: security, punctuality, cost,
delivery area, customer service, assurance, and logistics experience. R-SWARA assigns
weights using rough set intervals, while COPRAS ranks providers.

Results: The integrated methods yield Vendor A as the top choice, with a utility degree of
100%, followed by Vendor D and others ranging from 96.7 to 98.4%. These rankings
highlight the critical role of punctuality and security in refrigerated transportation, aligning
with the fishery industry’s need to ensure product freshness and reliability. A sensitivity
analysis that varies the weight of punctuality by + 20% confirms the ranking’s stability,
highlighting the methodology’s robustness. The findings align with prior studies emphasizing
performance and quality in logistics, while R-SWARA'’s use of intervals offers a novel
approach to handling uncertainty.

Conclusions: The proposed method recommends Vendor A to ensure timely and secure
seafood delivery, with implications for perishable goods logistics. The limitations include a
small expert panel and a single-case focus, suggesting the need for future research with
larger samples and broader applications. Another limitation of the proposed approach is its
reliance on expert judgement for criteria weighting, as well as its sensitivity to the selected
criteria and case context. Therefore, the findings should be interpreted as a decision support
rather than universal rankings.
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Resumen

Contexto: Evaluar proveedores de logistica tercerizada (3PL) es una tarea compleja, pues
involucra multiples criterios evaluados por expertos con perspectivas potencialmente
diversas, lo que conduce a puntuaciones variables segun las priorizaciones individuales.
Este estudio busca evaluar proveedores 3PL para una empresa pesquera de tamafio medio
en Yakarta, Indonesia, con enfoque en el transporte refrigerado dentro de la logistica de
cadena de frio.

Método: Se emplea una metodologia que integra el analisis de razén de evaluacién de
pesos por etapas aproximado (R-SWARA) y la evaluacidon proporcional compleja
(COPRAS) para abordar la incertidumbre de los expertos y clasificar seis proveedores en
funcion de siete criterios: seguridad, puntualidad, costo, area de entrega, servicio al cliente,
garantia y experiencia logistica. R-SWARA asigna los pesos mediante intervalos de
conjuntos aproximados, mientras que COPRAS clasifica a los proveedores.

Resultados: Los métodos integrados situan al Proveedor A como la mejor opcién, con un
grado de utilidad del 100 %, seguido del Proveedor D y otros, con valores que oscilan entre
96.7 y 98.4 %. Estas clasificaciones destacan el papel fundamental de la puntualidad y la
seguridad en el transporte refrigerado, en concordancia con la necesidad de la industria
pesquera de garantizar la frescura y confiabilidad del producto. Un analisis de sensibilidad
que varia el peso de la puntualidad en = 20 % confirma la estabilidad de la clasificacion,
subrayando la robustez de la metodologia. Los hallazgos coinciden con estudios previos
que enfatizan el desempeno y la calidad en la logistica, mientras que el uso de intervalos
de R-SWARA ofrece un enfoque novedoso para el manejo de la incertidumbre.
Conclusiones: El método propuesto recomienda al Proveedor A para garantizar una
entrega de comida marina que sea oportuna y segura, con implicaciones para la logistica
de bienes perecederos. Las limitaciones incluyen un panel reducido de expertos y el
enfoque en un solo caso, lo que sugiere la necesidad de futuras investigaciones con
muestras mas amplias y aplicaciones mas generales. Otra limitacion del enfoque propuesto
es su dependencia del juicio experto para la ponderacion de criterios, asi como su
sensibilidad a los criterios seleccionados y al contexto del caso. Por lo tanto, los hallazgos
deben interpretarse como un apoyo a la toma de decisiones mas que como clasificaciones
universales.

Palabras clave: logistica tercerizada, R-SWARA, COPRAS, toma de decisiones
multicriterio, industria pesquera, seleccion de proveedores

1. Introduction

Efficient logistics are the backbone of modern supply chains, but selecting the right third-
party logistics (3PL) provider remains a critical challenge in competitive markets. Industries
increasingly focus on boosting productivity while maintaining operational efficiency by
partnering with reliable suppliers, vendors, and service providers [1]. This strategy allows
companies to concentrate on core activities while delegating critical support functions (e.g.,
transportation) to specialized experts [2], [3]. Transportation is vital for ensuring timely, cost-
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effective, and customer-aligned delivery of goods. Given its complexity and significance,
many industries opt for 3PL providers to manage distribution [4]. Benefits like cost reduction,
operational flexibility, and access to advanced technology and expertise further drive the
adoption of 3PL strategies [5], [6].

Selecting an appropriate 3PL provider requires thorough analysis to avoid potential setbacks
[7]. Organizations must first identify key criteria aligned with their operational priorities before
evaluating vendors [8]. Previous studies highlight diverse criteria tailored to specific
industries. For instance, [9] proposed criteria for fast-moving consumer goods (FMCG),
including the freight cost per kilometer, fleet capacity, vehicle quality, driver quality, order
acceptance rate, distance target achievement, flexibility, on-time delivery, financial strength,
customer support, and training and development. [10] identified six criteria for 3PL selection
in the oil and gas industry through expert interviews: cost, performance, services, intangible
factors (e.g., brand reputation and relationship trust), quality assurance, and IT systems.
Similarly, [11] emphasized logistics costs, responsiveness, location, information technology,
and service quality for FMCG 3PL providers. Cost and service quality are universal criteria,
while industry-specific factors like flexibility in FMCG or intangible factors in oil and gas
reflect distinct operational needs.

Evaluating 3PL providers is a complex task since multiple criteria assessed by experts with
potentially diverse perspectives are involved, leading to varying scores based on individual
prioritizations [12]. This challenge becomes even more critical in cold chain logistics, where
delays and service failures can directly affect product freshness and quality, and where
expert judgments often involve uncertainty and hesitation. To address this challenge, multi-
criteria decision-making (MCDM) approaches employ weighting techniques to
systematically evaluate vendors [13]. Several MCDM methods have been applied, including
the analytical hierarchy process (AHP) and its extensions [10], [11], [14]-[16], fuzzy AHP
[17]-20], analytical network process (ANP) [21], stepwise weight assessment ratio analysis
(SWARA) [22]-[26], decision-making trial and evaluation laboratory (DEMATEL) [12], [27],
the preference ranking organization method for enrichment evaluations (PROMETHEE) [28]
and a recent hybrid model combining entropy and critic: EC-PROMETHEE [29]. Experts
assign scores to criteria, which are then evaluated using weights. To enhance robustness,
prior studies have integrated these weighting approaches, with scoring methods such as the
technique for order preference by similarity to the ideal solution (TOPSIS) [30]-[33],
VISekriterjumsko KOmpromisno Rangiranje (VIKOR) [14], [30], [34], [35], complex
proportional assessment (COPRAS) [9], [12], [36], multi-objective optimization on the basis
of ratio analysis (MOORA) [26], and additive ratio assessment (ARAS) [37], [38]. Combining
weighting and scoring methods allows for a better approximation to the complexity of 3PL
evaluation in comparison with the use of a single method.

The SWARA method has gained traction for determining criteria importance, but its reliance
on precise expert evaluations makes it sensitive to variations, with imprecise or less
knowledgeable opinions introducing vagueness [36], [39]. Recent systematic reviews and
field assessments of MCDM methods highlight a growing trend towards hybrid framework
for overcoming uncertainty and subjectivity [40], [41]. To address this, rough set theory has
been integrated, using interval data with upper and lower bounds to account for uncertainty
and reduce bias, unlike single-value assessments in traditional SWARA. This is called R-
SWARA [13]. While prior studies often overlook expert uncertainty, this study advances 3PL
evaluation by integrating R-SWARA with COPRAS.

To apply the proposed method, this study evaluates 3PL providers for a mid-sized fishery in
Indonesia, focusing on refrigerated transportation to ensure product freshness in cold chain
logistics. R-SWARA is employed to rank criteria assessed by experts, with rough set theory
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mitigating judgment uncertainty to enhance decision robustness. The COPRAS method then
ranks vendors based on these weighted criteria. This technique was selected for its
comprehensive ranking of alternatives and its ability to balance trade-offs across all criteria,
including those of lower weight, which is critical in logistics systems. In comparison with
TOPSIS and VIKOR, which require calculating the distance from the ideal solution,
COPRAS allows the normalized criterion values to be multiplied directly by the
corresponding rough weight without defuzzification, ensuring an uncertainty structure
throughout the process. The utility degree in COPRAS also supports decision-makers in
directly comparing overall performance levels, unlike PROMETHEE, with outranking flows
from the pairwise comparisons. Our integrated methodology offers a replicable framework
for industries requiring precise 3PL selection under uncertainty, such as perishable goods
logistics.

The originality of this study lies in the proposed integration of R-SWARA and COPRAS into
a single evaluation framework to support provider selection under uncertainty in the cold
chain logistics sector. Specifically, R-SWARA is used to derive criteria weights while
accommodating uncertainty in expert judgements, and COPRAS is then applied to generate
an interpretable utility-based ranking across alternatives using both benefit and cost criteria.
In addition, a sensitivity analysis is performed to examine the stability of the ranking with
respect to changes in key criteria weights, strengthening the robustness of the proposed
decision support approach. This combined approach provides transparent, decision-
oriented prioritization for the studied context.

This paper is structured as follows. Section 2 reviews the proposed method, detailing the R-
SWARA and COPRAS methods and their integration. Section 3 presents the case study,
including data collection from experts and criteria selection for the fishery industry. The result
of the case study is also provided in this section. Section 4 discusses findings and
conclusions, comparing them to prior studies and addressing practical implications.

2. Methodology

This section outlines the methodology for evaluating 3PL providers using the R-SWARA-
COPRAS integrated approach. Initially, the studied firm conducted a preliminary screening
process to eliminate the 3PL providers that did not satisfy its standards, considering the
nature of the products being transported—which require safety assurance, on-time delivery,
and regulatory compliance. In this vein, the proposed methodology enabled a compensatory
decision-making approach to rank the remaining feasible alternatives. The integrated
methodology first applied R-SWARA to derive robust criterion weights, accounting for expert
uncertainty through rough set intervals. These weights were then used in the COPRAS
method to rank 3PL providers based on expert scores. Fig. 1 illustrates the integrated
framework based on R-SWARA, COPRAS, and sensitivity analysis. This combination
leverages R-SWARA’s ability to handle subjective judgments and COPRAS’s
comprehensive ranking, making it suitable for complex logistics decisions. The
computational procedures were conducted manually by strictly following the formulations.
Repeated calculations and checks were performed to ensure accuracy and consistency.
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Figure 1. Flow process — R-SWARA and COPRAS

2.1 Phase 1: determining rough criteria weights using the R-SWARA method

SWARA, introduced by [42], allows experts to assign weights to criteria based on their
relative importance. Unlike the AHP, SWARA is efficient for group decision-making,
requiring experts to rank criteria and estimate their comparative significance. However,
SWARA'’s reliance on precise expert judgments can introduce subjectivity and uncertainty
[43]. To address this issue, [43] developed R-SWARA by integrating rough set theory, which
uses interval data with upper and lower bounds to handle vague or conflicting subjective
opinions. Their study validated R-SWARA in selecting wagons for internal transport,
demonstrating a strong correlation with the rough best-worst method (BWM) and rough AHP
in sensitivity analysis, thus confirming its robustness.

The R-SWARA method consists of the following steps [43]:
Step 1.1: defining the criteria
Let a set of n criteria be defined as: € = {C1,(C2,...,Cn}.
Step 1.2: ranking the criteria

A group of k experts then provides rankings of the criteria from most to least
important. Let rj denote the ranking value assigned by expert i to criterion C;.

Step 1.3: constructing a rough group matrix
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Since experts may provide different values, each criterion is represented by a rough
number (RN) as an interval rather than a single value. For each score rj;, two limits
are calculated: (i) the lower limit, which is the average of all scores that are lower
than or equal to rj, and (ii) the upper limit, which is the average of all scores that are
greater than or equal to r;. This is shown in Eqgs. (1) and (2), respectively.

Zrl <Tij U
RNiower = CjL JN ’ #(1)
L
Zrl 2Xii U
RNypper = G/ = ’N L —#(2)
U

where N and Ny are number of scores lower than or equal to rj and the number of
scores greater than or equal to rj, respectively. Therefore, for criterion C;, the rough
number is RN(C;) = [}, C/].

Step 1.4: normalizing comparative importance

Once the rough numbers RN(C;) have been obtained for each criterion C;, they are
converted into comparative importance values s;. Formally:

e For the most important criterion (ranked first), the comparative importance is fixed
as s1=[1, 1]. This means that the top-ranked criterion is treated as the reference
baseline.

eFor every other criterion j > 1, the comparative importance is obtained by adding 1
to the rough number interval: s; = RN(C)) + 1.

Step 1.5: recalculating weights

After obtaining the comparative importance intervals s;, the next step is to compute
the recalculated coefficients g; as follows:

eFor the most important criterion (the reference baseline), the recalculated
coefficient is fixed as q7 = [1, 1].

eFor every subsequent criterion j > 1, the coefficient is computed iteratively by
dividing the previous coefficient by the current comparative importance: g; = gi-+/s;.

Step 1.6: calculating the relative weights

Once the recalculated coefficients q; have been obtained, the final step is to
normalize them to produce the relative rough weights w;. This is formally expressed
in Eq. (3):

3)

W.

! 1 1CI]
where both the numerator and the denominator are intervals, so the division is again
performed using interval arithmetic. The normalization ensures that the weights sum
to 1. Each w; = [w/, w/] [w},w/’] is the final rough weight interval for criterion C;,
representing its relative importance after accounting for expert disagreement and

uncertainty. These rough weights are then applied as inputs in the COPRAS method
to evaluate and rank the alternatives under consideration.

Phase 2: evaluation of alternatives using COPRAS
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The COPRAS method, proposed by [44], ranks alternatives by comparing their performance
across multiple criteria, distinguishing between beneficial (maximizing) and cost (minimizing)
criteria. The integrated R-SWARA-COPRAS method involves the following steps:

J
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]

J

@8

Step 2.1: defining alternatives and criteria

Let the alternatives be A = {A1, Az, ..., Am} and the criteria be C = {C4, C, ..., Cp}.
The criteria are partitioned into a beneficial set J* 1 {1, 2, ..., n} and a non-beneficial
setJ 11{1,2,...,n},where J)J = andJS'xJS={1,2, .., n}

Step 2.2: establishing the decision matrix

A decision matrix X = [x;;] X =[x;] _is created in which each alternative A; is

evaluated against each criterion C;. The matrix entries x; represent expert-assigned
performance scores for alternative A; under criterion C;. These scores can be
individual expert values or aggregated through rough number logic, if multiple expert
evaluations per entry are available. In this study, the individual expert scores were
aggregated via the simple average.

Step 2.3: normalizing the decision matrix

The decision matrix is normalized to eliminate the influence of differing units across
criteria. For each criterion j, the normalized value x;;x;; is computed using Eq. 4.

xl-j

(4)

*
x. PR
1] m .
i=1Xij

This ensures that each value is expressed as a proportion of the total performance
under that criterion.
Step 2.4: applying the criterion weights

Let w; be the weight of criterion C; from R-SWARA. Next, the weighted normalized
matrix D = [d]] is defined as shown in Eq. (5)

Step 2.5: Computing maximizing and minimizing indices

The next step is to separate the contributions of beneficial criteria (the higher the
better) and non-beneficial criteria (the lower the better).

oEq. (6) is used for the beneficial criteria J*:

St = Z dij,i = 1,2,..,m(6)

jert

oEq. (7) is used for the non-beneficial criteria J:

7= Z dij,i = 1,2,...,m(7)

jej~

Step 2.6: calculating the relative significance
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Once the maximizing and minimizing indices have been calculated, COPRAS
combines them into a single measure of performance for each alternative called the
relative significance Qj, as defined by Eq. (8)

m —
r=1 ST

572 (50)

Step 2.7: computing the utility degree and ranking the alternatives

Qi =Sf + #(8)

Finally, the utility degrees U; are computed by Eq. (9)
U; = i3 % 100% (9)
Qr
where @, is the best (maximum) relative significance among all alternatives. The
alternative with the highest utility score (i.e., U;= 100%) is considered to be the most
preferred. Other alternatives are scaled proportionally relative to the most preferred
one.

The proposed framework provides structured decision support, but it involves several
assumptions and limitations. First, the weighting stage depends on expert judgement;
although the method is designed to structure and aggregate these judgements, different
expert panels may yield different weights and rankings. Second, the results are sensitive to
the definition and operationalization of criteria (including the way in which benefit and cost
criteria are specified) and to the quality of the input assessments. Third, the analysis reflects
the context of the case and the set of evaluated alternatives. Consequently, the ranking
should not be interpreted as universally generalizable beyond the study setting. Finally, as
with many MCDM approaches, the method does not fully capture dynamic changes over
time (e.g., performance variability or market shocks) unless updated inputs are provided.

3. Results

To apply the proposed method, a case study was conducted to evaluate 3PL providers in
the refrigerated transportation sector for a mid-sized fishery in Indonesia. We applied the
integrated R-SWARA and COPRAS methodology outlined in Section 2 to select the most
suitable 3PL provider who ensured product freshness in cold chain logistics. This case study
details the selection of criteria, the expert panel, the data collection process, and the input
data, providing the foundation for the analysis presented in Section 4.

3.1 Defining the criteria
The company aims to select a 3PL provider from six candidates (A, B, C, D, E, F) based on
criteria tailored to cold chain logistics requirements. Based on the company’s operational
needs and prior literature [9]-[11], seven criteria were identified for 3PL evaluation:
e Security (C1) measures the provider’s ability to ensure safe handling and protection
of perishable goods against theft, damage, or contamination.
e Punctuality (C2) evaluates the provider’s reliability in meeting delivery schedules,
critical for minimizing spoilage in cold chain logistics.
e Cost (C3) assesses the total logistics cost, including transportation and handling
fees, as a minimizing criterion.
e Delivery area (C4) gauges the provider's coverage and ability to serve diverse
geographic markets, including remote regions.
e Customer service (C5) reflects the provider’s responsiveness and communication
quality in addressing client needs and issues.
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e Assurance (C6) measures the provider's compliance with quality standards (e.g.,
ISO certifications, cold chain protocols) and reliability guarantees.
e[ ogistics experience (C7) evaluates the provider's expertise and track record in
refrigerated transportation for perishable goods.
3.2 Collecting the data

Three experts with extensive experience in fishery logistics were engaged to assess the
evaluation criteria and alternative vendors. Although the number of experts was limited, it
remained within the range of commonly reported in previous research works, involving
panels of three [36], [45], [46], four [47], or five experts [48]-[50]. The three experts in the
study possess experience and knowledge related to cold logistic providers (Table 1),
ensuring a reliable assessment. The data collection process ensured a diversity of
perspectives while maintaining consistency through structured questionnaires, and it
facilitated discussions to resolve ambiguities. The questionnaire was divided into two main
sections. The first section aimed to determine the relative importance of each criterion. The
experts ranked the criteria, with a lower score representing the most important and higher
score indicating the least important. The result is shown in Table Il. The second section
focused on the performance evaluation of each 3PL parties. The experts scored the six 3PL
providers (A, B, C, D, E, F) regarding each criterion via a 0-100 scale, based on historical
performance data, service agreements, and site visits. The result is shown in Table Il

Table |
Expert background

Experts Position Work experience
1 Head of logistics division 3 years
2 Head of marketing division 4 years
3 Head of marketing division 4 years
Table Il

Result of the ranking

No Criteria Weights
Expert 1 Expert 2 Expert 3 Average rank
1 C1 security 1 2 2 1.667
2 C2 punctuality 1 1 1 1.000
3 C3 cost 2 1 2 1.667
4 C4 delivery area 2 1 1 1.333
5 C5 customer service 1 2 1 1.333
6 C6 assurance 2 1 2 1.667
7 C7 logistics experience 2 2 2 2.000
Table Il
3PL provider scores
No Criteria 3PL Provider’s Score
A B Cc D E F
From Expert 1
1 C1 security 91 87 89 88 85 90
2 C2 punctuality 94 85 91 95 93 87
REVISTA . - Vol. 31 e No. 1 ISSN 0121-750X * E-ISSN 2344-8393 e Universidad Distrital Francisco José de Caldas
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3 C3 cost 90 80 83 89 87 94
4 C4 delivery area 85 89 87 93 94 90
5 C5 customer service 91 87 88 93 92 86
6 C6 assurance 88 90 94 89 87 89
7 C7 logistics experience 90 88 93 86 87 89
From Expert 2
1 C1 security 89 83 91 90 88 87
2 C2 punctuality 91 90 87 89 92 84
3 C3 cost 94 86 88 91 90 89
4 C4 delivery area 93 92 91 86 88 94
5 C5 customer service 89 86 86 91 90 87
6 C6 assurance 86 83 91 89 86 94
7 C7 logistics experience 97 89 89 90 91 89
From Expert 3
1 C1 security 93 89 87 91 92 90
2 C2 punctuality 89 90 94 86 82 89
3 C3 cost 87 87 86 93 92 91
4 C4 delivery area 94 91 93 88 85 83
5 C5 customer service 89 83 86 89 92 93
6 C6 assurance 94 92 93 91 83 86
7 C7 logistics experience 90 91 87 85 85 88

3.3 Result and discussion

The R-SWARA method was applied to determine the weights of the seven criteria identified.
Using the expert ranks from Table |, the criteria were first ranked by averaging the ranks to
establish a strict order. The order from the most to the least preferred can be presented as
follows: C2 > (C4 and C5; tie) > (C1, C3, C6; tie) > C7. Using Eqgs. (1) and (2), the rough
numbers for each criterion are calculated. For instance, criteria C4 = {2,1,1} has Lim(1) =

1,Lim(1) = §(2 +1+1) =1.33and Lim(2) = 1(2 +1+1) =1.33, Lim(2) = 2. Thus, C} =

an = = .UU, 1. ererore, = = = 1. an
[1.33,2.00] and C2 = C3 = [1.00,1.33]. Therefore, CL = GtCa+Cs _ 133+100+4100 _ 4 14 44

n 3

C}+C2+C] _ 2.00+1.33+1.33

ck= = = 1.55. Using the same procedure, the rough numbers for
n 3

each criterion are as follows: RN(C4) = [1.11,1.55], RN(C2) = [1.00,1.00], RN(C5) =
[1.11,1.55], RN(C1) = [1.45,1.89], RN(C3) = [1.45,1.89], RN(C6) = [1.45,1.89], RN(C7) =
[2.00,2.00]. The normalization of the matrix yielded the following rough numbers for each
criterion: RN(C2) = [1, 1], RN(C4) = RN(C5) = [0.55, 0.775], RN(C1) = RN(C3) = RN(C6) =
[0.725, 0.945].

Afterwards, the comparative importance (s.) was set to [1, 1] for C2 and computed as s; + 1
for others. For instance, RN(C4) = [0.55, 0.775] becomes RN(S4) = [1.55, 1.775]. The

recalculated weight g; and the relative weights are then computed using Eq. (3). For C4,
1.00 1.00

QL = T57c = 0.563 and QY == =0.645. Thus, RN(Q4) = [0.563,0,645]. With the same

equation, each criterion can be calculated The result is shown in Table IV. The COPRAS
method was then applied to rank the six 3PL providers using the averaged scores from Table
I, with cost (C3) as a minimizing criterion and the others as beneficial ones. The normalized
deC|S|on matrix x;; is given in Table V. The results of the weighted normalized decision

matrix, relative significance, and utility degrees are presented in Tables VI and VII.
Table IV
Result of the R-SWARA method
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Criteria RN(C)) Sj qi

i wj
1 C1 security [0.725,0.945] [1.725,1.945] [0.797,1.029] [0.113, 0.175]
2 C2 punctuality [1, 1] [1, 1] [1, 1] [0.142, 0.170]
3 C3 cost [0.725,0.945] [1.725,1.945] [0.887,1.127] [0.126, 0.192]
4 C4 delivery area [0.55, 0.775] [1.55,1.775] [0.563, 0.645] [0.080, 0.110]
5 C5 customer service [0.55, 0.775] [1.55, 1.775] [0.873, 1.145] [0.124, 0.195]
6 C6 assurance [0.725,0.945] [1.725,1.945] [0.887,1.127] [0.126, 0.192]
7 C7 logistics experience [1, 1] [2, 2] [0.863, 0.973] [0.122, 0.166]
Table V
Normalized decision matrix
No Criteria A B C D E F
1 C1 security 0.171 0.162 0.167 0.168 0.166 0.167
2 C2 punctuality 0.170 0.165 0.169 0.168 0.166 0.162
3 C3 cost 0.170 0.158 0.161 0.171 0.168 0.172
4 C4 delivery area 0.168 0.168 0.168 0.165 0.165 0.165
5 C5 customer service 0.168 0.160 0.163 0.171 0.171 0.166
6 C6 assurance 0.167 0.165 0.173 0.168 0.160 0.168
7 C7 Logistics experience 0.173 0.167 0.168 0.163 0.164 0.166
Table VI
Weighted Normalized Decision Matrix
No Criteria A B C D E F
1 C1 security [0.019, [0.018, [0.019, [0.019, [0.019, [0.019,
0.030] 0.028] 0.029] 0.029] 0.029] 0.029]
5 C2 punctuality [0.024, [0.023, [0.024, [0.024, [0.024, [0.023,
0.029] 0.028] 0.029] 0.029] 0.028] 0.027]
3 C3 cost [0.021, [0.020, [0.020, [0.022, [0.021, [0.022,
0.033] 0.030] 0.031] 0.033] 0.032] 0.033]
4 C4 delivery area [0.013, [0.013, [0.013, [0.013, [0.013, [0.013,
0.019] 0.019] 0.018] 0.018] 0.018] 0.018]
5 C5 customer service [0.021, [0.020, [0.020, [0.021, [0.021, [0.021,
0.033] 0.031] 0.032] 0.033] 0.033] 0.032]
6 C6 assurance [0.021, [0.021, [0.022, [0.021, [0.020, [0.021,
0.032] 0.032] 0.033] 0.032] 0.031] 0.032]
7 C7 logistics experience [0.021, [0.020, [0.020, [0.020, [0.020, [0.020,
0.029] 0.028] 0.028] 0.027] 0.027] 0.028]
Table VII
Relative significance and utility degrees
No Alternatives Qi Ui
1 A [0.141, 0.203] [100%, 100%]
2 B [0.136, 0.196] [96.5%, 96.6%]
3 C [0.139, 0.200] [98.5%, 98.6%]
4 D [0.140, 0.201] [99%, 99.3%]
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E [0.138, 0.199]
[0.139, 0.200]

[97.9%, 98%]
[98.5%, 98.6%]

(2314 ]
n

As summarized in Table VIII, the findings align with prior studies on 3PL selection,
particularly in emphasizing criteria like punctuality and security for perishable goods
logistics, in order to ensure product freshness and reliability. The high weight assigned to
punctuality underscores its importance in maintaining strict delivery schedules to prevent
spoilage, while security reflects the necessity of protecting perishable goods from
contamination or damage. For instance, [9] highlighted on-time delivery and vehicle quality
as key factors in FMCG logistics, which share similarities with fisheries’ cold chain
requirements. Similarly, [10] identified performance and quality assurance as critical in the
oil and gas industry, supporting the relevance of criteria like assurance (C6) and customer
service (C5) in this study. However, unlike the aforementioned studies, which used single-
value weights (e.g., via AHP or TOPSIS), the integration of R-SWARA addresses expert
subjectivity by incorporating rough set intervals, offering a methodological advancement
over traditional approaches. This is consistent with [43], who demonstrated R-SWARA'’s
robustness in handling uncertainty regarding transport-related decisions. The use of
COPRAS further complements R-SWARA by providing a comprehensive ranking that
balances trade-offs across all criteria, including the minimizing criterion cost (C3), which
aligns with the emphasis placed by [11] on cost efficiency in FMCG logistics. The close utility
degrees suggest competitive performance among vendors, but the leading provider's
dominance reflects its balanced excellence across all criteria, particularly those critical to
cold chain logistics.

Table VI
Comparative table of related works

— o . Uncertainty
Study  Application MCDM Methods Criteria Emphasis Modeling
This Fishery rough SWARA, cost, assurance, punctuality, rough set
study industry COPRAS customer service theory
- i freight cost/km
9 F(a:g';gcr)r\]ner:g AHP, data envelopment ] g ) grey
[] u analysis, COPRAS - G driver’s quality and number
goods acceptance rate/order
Oil and gas .
[10] industry AHP cost, performance, services -
Selection of price of the wagon, load
[43] railwa rough SWARA, rough capacity, maintenance rough set
y BWM, rough AHP condition, manipulative theory
wagons X
convenience
Fast moving
[11] consumer AHP price, service quality -
goods
3.4 Sensitivity Analysis

To evaluate the robustness of the integrated R-SWARA and COPRAS methods for selecting
3PL providers for a mid-sized fishery in Jakarta, Indonesia, a sensitivity analysis was
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conducted by varying the weight of the highest-ranked criterion, punctuality (C2),
established with a rough weight interval of [0.142, 0.170]. Punctuality was selected due to
its critical role in cold chain logistics, as timely delivery is essential to prevent the spoilage
of perishable seafood. The midpoint of C2’s weight, calculated as (0.142 + 0.170) / 2 =
0.156, was adjusted by + 20%, resulting in a reduced weight of 0.125 (80% of 0.156) and
an increased weight of 0.187 (120% of 0.156). To maintain the normalization requirement
(criterion weights must sum to 1), the weight difference of 0.031 was redistributed equally
across the six remaining criteria: security ([0.113, 0.175]), cost ([0.126, 0.192]), delivery area
([0.080, 0.110]), customer service ([0.124, 0.195]), assurance ([0.126, 0.192]), and logistics
experience ([0.122, 0.166]). In the reduced case, each criterion’s midpoint weight increased
by approximately 0.005 (0.031/6), whereas, in the increased case, each decreased by
0.005. The COPRAS method was then reapplied, recomputing the weighted normalized
matrix, the maximizing and minimizing indices, the relative significance scores, and the utility
degrees for the six 3PL providers (A, B, C, D, E, F).

In the reduced weight scenario (C2=0.125), the recalculated utility degrees were
approximately as follows: Vendor A at 100%, Vendor D at 99.0%, Vendor C at 98.6%,
Vendor F at 98.5%, Vendor E at 98.0%, and Vendor B at 96.9%. The ranking order remained
stable (A > D > C > F > E > B), with slight increases in utility degrees for non-top vendors,
as the reduced emphasis on punctuality, where Vendor A scored highly with an average of
91.33, slightly narrowed the performance gap. In the increased weight scenario (C2=0.187),
the utility degrees were approximately as follows: Vendor A at 100%, Vendor D at 98.7%,
Vendor C at 98.3%, Vendor F at 98.2%, Vendor E at 97.6%, and Vendor B at 96.5%. The
ranking order was unchanged, with slightly decreased utility degrees due to the greater
emphasis on punctuality, amplifying Vendor A’s advantage. The tie between Vendors C and
F persisted in both scenarios, reflecting their closely matched performance across criteria,
particularly in customer service and delivery area.

100% L O O

99% & o

98%

96%

Utility Degree (Lower Utility Degree (Reduced  Utility Degree (Reduced
Value) Punctuality 20%) Customer Service 20%)

===/ =@==p C =@=D E F

Figure 2. Sensitivity analysis

To further validate robustness, an additional sensitivity analysis varied the weights of
customer service ([0.124, 0.195]) and delivery area ([0.080, 0.110]) by * 20%
simultaneously, redistributing the weight changes across the remaining criteria. The results
consistently maintained the ranking order, with Vendor A at 100%, followed by D, C, F, E,
and B, though utility degree gaps narrowed slightly (e.g., D at 99.1%, C and F at 98.5% in
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the reduced case), as shown in Fig. 2. This stability, driven by R-SWARA'’s use of rough set
intervals to capture expert uncertainty, aligns with the findings of [43], who demonstrated R-
SWARA's reliability in transport-related decisions. However, extreme weight changes, such
as + 50% for punctuality, could potentially disrupt the tie between Vendors C and F,
indicating sensitivity to significant shifts in critical criteria.

4, Conclusions

The findings of this study contribute to the literature on 3PL evaluation by addressing several
limitations identified in previous research. Unlike conventional studies that rely on crisp
expert inputs, the proposed framework incorporates uncertainty-aware weighting through R-
SWARA, allowing expert hesitation and variability in judgments to be systematically
represented. This particularly relevant in cold-chain logistics, where performance
assessment involves complex trade-offs between punctuality, reliability, and service quality.

The originality of this study also lies in the integration of R-SWARA and COPRAS, which
produces a utility-based ranking that remains transparent and interpretable for decision-
makers. By avoiding reliance on distance-based ideal solutions, the COPRAS approach
facilitates a direct comparison of alternatives and preserves the influence of all criteria,
including those with relatively lower weights. The inclusion of sensitivity analysis further
strengthens the robustness of the results, demonstrating that the ranking of 3PL providers
remains stable under variations in key criteria weights.

In practical terms, these results offer actionable guidance for the fishery company. Vendor
A’s top ranking indicates that it is the most reliable choice for ensuring timely and secure
delivery of seafood, critical for maintaining product quality and customer satisfaction in
domestic and international markets. Vendor D’s strong performance regarding customer
service and delivery area suggests it as a viable alternative, particularly if cost negotiations
or expanded market coverage are prioritized. The tie between Vendors C and F highlights
their comparable suitability, potentially allowing the company to consider additional factors
(e.g., contract terms, scalability). The lower rankings of Vendors E and B, driven by weaker
scores in punctuality and security, suggest that they may require improvements to meet cold
chain standards. These findings can inform contract negotiations, performance monitoring,
and strategic partnerships, ensuring alignment with the company’s operational goals of
minimizing spoilage and meeting stringent temperature controls (e.g., 0-4°C for fresh fish).
Furthermore, the study supports the studied fishery in promoting sustainable logistics
practices by systematically comparing alternatives that align economic efficiency with
environmental and social responsibility through reduced food losses, improved energy
efficiency in refrigerated transport via punctual deliveries, and sustained product quality.

Despite its contributions, the study has limitations that warrant consideration. The reliance
on three experts, while sufficient for R-SWARA’s group decision-making, may limit the
diversity of perspectives, potentially overlooking nuances in vendor performance. Future
studies could involve a larger expert panel or incorporate stakeholder inputs (e.g.,
customers, regulators) to enhance robustness. Additionally, this study assumes equal
weighting of expert opinions, which may not account for varying levels of expertise, so
weighted aggregation methods could be explored. The use of averaged vendor scores in
COPRAS simplifies the analysis but may dilute the uncertainty handling of the rough set
approach, suggesting a need for fully rough-based ranking in future work. Finally, the case
study’s focus on a single fishery in Indonesia limits generalizability, so applying the
methodology to other perishable goods industries (e.g., dairy, pharmaceuticals) could
validate its broader applicability. Future research could also compare R-SWARA-COPRAS
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with other MCDM methods to assess relative performance or integrate real-time data (e.g.,
GPS tracking, temperature logs) for dynamic 3PL evaluation.
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