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ABSTRACT

The Logistics Performance Index (LPI), published biennially by the World Bank, is a key tool
used to assess countries’ logistics systems based on six criteria: customs, infrastructure, international
shipments, logistics service quality, tracking and tracing, and timeliness. A higher LPI score is associated
with stronger trade capacity, economic development, and global competitiveness. This study analyzes the
2023 LPI scores of Organization for Economic Co-operation and Development (OECD) countries, aiming
to classify them into groups and evaluate their internal rankings. Using the K-means clustering method, 38
countries were grouped into four clusters. The relative importance of logistics criteria within each group
was determined using the Method based on the Removal Effects of Criteria (MEREC) and Logarithmic
Percentage Change-driven Objective Weighting (LOPCOW) methods. A joint weighting approach was then
applied, and countries were ranked using the MOORA Importance Coefficient method. Findings show that
Logistics Services Quality and International Shipping are consistently ranked among the most influential
criteria. MEREC tends to highlights Logistics Service Quality, while LOPCOW prioritizes Tracking and
Tracing. In all clusters, Logistics Services Quality, International Shipping, and Infrastructure stand out as
key determinants of performance. According to the results, the top-performing countries in each cluster
were Australia (Group 1), the Czech Republic (Group 2), Chile (Group 3), and Australia again (Group 4).
Sensitivity analysis confirmed the robustness of the model.
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Burcu KEKLIK Najibul KASHEM Esra AYDIN UNAL

OECD ULKELERININ LOJISTIK PERFORMANSININ
KUMELEME TABANLI VE HIBRIT COK KRITERLI KARAR VERME
YONTEMLERI ILE DEGERLENDIRILMESI

OZET
Diinya Bankasi tarafindan iki yilda bir yayimlanan Lojistik Performans Endeksi (LPI), iilkelerin
lojistik sistemlerini alti kriter temelinde degerlendirmek icin kullanilan 6nemli bir aractir: giimriik, altyapt,
uluslararast tasumacilik, lojistik hizmet kalitesi, izlenebilirlik ve zamaminda teslimat. Yiiksek bir LPI
skoru, giiclii bir ticaret kapasitesi, ekonomik kalkinma ve kiiresel rekabet giicii ile iligkilendirilmektedir.
Bu ¢alisma, Ekonomik Kalkinma ve Isbirligi Orgiitii (OECD) iilkelerinin 2023 yilina ait LPI puanlarim
analiz ederek, iilkeleri kiimelere ayirmayt ve her kiime icindeki siralamalarimi degerlendirmeyi
amaglamaktadir. K-means kiimeleme yontemi kullanilarak 38 iilke dort kiimeye ayrilmistir. Her bir
gruptaki lojistik kriterlerin goreli onemi, Kriterlerin Etki Ortadan Kaldirma Yontemi (MEREC) ve
Logaritmik Yiizde Degisim Temelli Objektif Agwrliklandirma (LOPCOW) ydontemiyle belirlenmistir.
Daha sonra ortak agirliklandirma yontemi uygulanmus ve iilkeler MOORA Onem Katsayist yontemi ile
swralanmustir. Bulgular, Lojistik Hizmet Kalitesi ve Uluslararas: Tagimaciligin en etkili kriterler arasinda
siirekli olarak on plana ¢iktugint gostermektedir. MEREC yontemi genellikle Lojistik Hizmet Kalitesini
one cikarirken, LOPCOW yontemi Izlenebilirlik kriterine éncelik vermektedir. Tiim kiimelerde Lojistik
Hizmet Kalitesi, Uluslararast Tasimacilik ve Altyapi, performanst belirleyen temel gostergeler olarak
one ctkmaktadir. Sonuglara gore, her bir kiimede en yiiksek lojistik performansa sahip iilkeler sirastyla
Avustralya (1. grup), Cek Cumhuriyeti (2. grup), Sili (3. grup) ve tekrar Avustralya (4. grup) olmustur.
Duyarlilik analizi, modelin saglamligini dogrulamigstir.
Anahtar Kelimeler: OECD Ulkeleri, Kiimeleme Yontemi, MEREC, LOPCOW, MOORA

JEL Siniflandirmasi: C0,, C60, C61, M11, L91

1. Introduction

In the realm of globalization, the importance of cost reduction has been acknowledged
as a pivotal element for competitiveness in international trade. The increased competitiveness
and globalization have made logistics a cornerstone of trade. Efficient logistics services have
facilitated the movement of products, resulting in faster and more secure services and ultima-
tely contributing to decreased costs in international trade (Cift¢i & Aydin, 2024).

Logistics, in general, refers to the activities carried out in the process of producing or
procuring the necessary goods or services. The logistics sector necessitates the coordinated
execution of activities such as transportation, storage, customs clearance, insurance, packaging,
value-added services, order and inventory management, and inspection activities (Karabacak
& Kutlu, 2024). In recent years, the industry has witnessed the implementation of solutions en-
compassing mixed transportation (multimodal, intermodal, and combined), modern warehouse
investments, and a rise in the variety and quality of services. Logistics not only plays a crucial
role in global growth but is also gaining prominence on a global scale. This is predominantly
attributed to the escalating global activities in the supply chain. An ineffective logistics frame-
work that hampers trade leads to both time and cost losses. The existence of top-notch logistics
services aids in cutting down transportation costs, ultimately boosting the competitiveness of
the countries (Yildiz, 2023).
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Logistics performance is a key factor in attracting international investors, playing a
crucial role for countries. When multinational companies consider investing in a country, they
often base their decisions on its Logistics performance index (LPI) values. To assess countries’
logistics performance, the World Bank publishes the Logistics Performance Index (LPI) every
two years, based on survey data collected across multiple countries. In this survey, participants
evaluate logistics performance using six main dimensions, assigning scores on a scale from
1 to 5. A score closer to 5 indicates higher logistics performance compared to other countries
(Karakoy & Olmez, 2019). Countries are ranked based on the simple arithmetic average of the
scores obtained from the survey. The six LPI dimensions defined by the World Bank are as fol-
lows: customs, infrastructure, international transportation, logistics service quality, traceability,
and on-time delivery.

OECD nations are renowned for their superior logistical capabilities, showcasing cut-
ting-edge infrastructure and effective transportation systems. Supply chain management is
further improved by digital technologies and contemporary customs procedures, which lower
costs and increase dependability. As a result, these nations frequently have strong rankings in
international trade and robust economic growth in global LPI (World Bank , 2023).

According to the LP index, countries are ranked solely based on average scores, with
equal weighting of criteria. However, in reality, LPI dimensions can have varying degrees
of importance. Because it comprises six independent dimensions and these dimensions have
different impacts on logistics performance, using MCDM methods instead of the current evalu-
ation method would provide a more realistic and precise ranking. In addition, the OECD coun-
tries vary greatly in terms of their economies, locations, and levels of development. Ranking
countries at similar levels to each other will allow them to assess themselves and increase their
competitiveness.

For these reasons, a new approach has been proposed to evaluate countries’ logistics
performance. The aim of the study is to group OECD countries according to their similarity
levels and to rank the countries within each group using objective MCDM methods. Firstly, 38
OECD countries were grouped using the K-means method. Then, for each group, the weights
of the criteria were calculated using two objective criteria weighting methods, LOPCOW and
MEREC. The results obtained from both methods were combined using a joint weighting meth-
od, resulting in more stable weighting results. The MOORA Importance Coefficient method
was used to rank the logistics performances. Sensitivity analyses were conducted to verify the
validity and reliability of the proposed approach. The ranking results were compared with other
methods. Finally, sensitivity was analyzed in scenarios where the criteria had different weights.

The key contributions of this study are as follows: Cluster analysis allows the identifi-
cation of similar logistics profiles, while MCDM methods assess the importance of dimensions
that impact logistics performance. This will enable countries to prioritize their policies and
strategies. This study provides more realistic ranking results, enabling countries to compare
their logistics performance with others. Considering these aspects, the study is regarded as
original and as a contribution to the existing literature.

The research is divided into four parts. The next section features a literature review
aimed at pinpointing research deficiencies within this area. A thorough examination of current
studies was performed, and the literature review extensively addresses findings from studies
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related to LPI, the Clustering technique, MEREC, LOPCOW, and the MOORA Importance Co-
efficient approach. The methods employed in this research are outlined in Section 2. Section 3
includes the dataset, the ranking outcomes of the applied methods, and the results of sensitivity
analyses. The concluding section of the study summarizes and assesses the findings, offering
recommendations for future research.

2. Literature Review

When we look at the current literature on this subject, it is observed that MCDM meth-
ods are frequently used in evaluating the LPI of country groups or countries. In addition, there
are many studies available where various country groups’ LPI are analyzed using the Clustering
method. In this study literature review is divided into three parts. The initial part focuses on
research related to implementing clustering methods for measuring the LPI. The second part
encompasses various studies utilizing LOPCOW and MEREC methods, while the third section
pertains to performance ranking, applying the method. MOORA Importance Coefficient.

Cakir (2017) proposed hybrid technique is a mixture of CRITIC, SAW, and Peters” FLR
techniques to determine the logistics overall performance of 34 OECD member nations in 2014.
Additionally, the consequences acquired from the proposed technique have been in comparison
with the TOPSIS, VIKOR, and SAW techniques. The consequences acquired display that the
rating of Peters’ FLR version isn’t just like the rating of the corresponding MCDM techniques.

Kisa et al. (2019) used integrated decision-making methods, the OECD aims to eval-
uate the logistics performance of countries. Obtained from field logistics performance indica-
tors. The importance of field logistics performance criteria was determined using the SWARA
method and the logistics performance of the countries was analyzed using the EDAS method.
According to the application results, the most important criteria are logistics services, defined
as quality, infrastructure, and international transportation. Logistics The best performing coun-
tries were Germany, the Netherlands, and Sweden.

Ozmen (2019) applied a new approach to assess the logistics competitiveness of coun-
tries, taking into account both the sector of logistics activities and the volume of logistics trans-
port. The TODIM (Portuguese acronym for Interactive and Multi-Criteria Decision Making)
method based on Mahala Nobis Distance has been developed and improved for OECD coun-
tries. It is used to evaluate the competitiveness of logistics. The results show that the proposed
model is effective in assessing the logistics competitiveness of countries even with interactive
and interdependent criteria.

Anuslu et al. (2019) explored the significance of Industry 4.0 in addressing challenges
related to energy, resources, and sustainability. By utilizing modern technologies, Industry 4.0
accelerates innovation, enhances flexibility in global supply chains, and mitigates current man-
ufacturing challenges. The research employs clustering analysis with global indices like Global
Innovation, Sustainable Development Goals, Logistics Performance, and Environmental Per-
formance to group countries based on their impact areas within Industry 4.0.

Yildirim & Mercangoz (2020) proposed a model for evaluating the LPI of OECD coun-
tries from 2010 to 2018. Utilizing the fuzzy analytical hierarchy method, the model calculates
LPI based on six indicators, assigning weights differently from the WB survey. The grey addi-
tive ratio assessment (ARAS-G) method is then applied to assess the logistics performances of
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OECD countries annually. Spearman @ and Kendall’s Tau correlation methods are employed
to scrutinize relationships within yearly rankings and those spanning the 2010-2018 period.
Results indicate that ARAS-G rankings exhibit the strongest correlation with time. This study
showcases a novel application of the ARAS-G method, providing unique insights into the
evolving logistics performances of OECD countries.

Eren & Omiirbek (2021) discussed the increasing importance of the logistics sector due
to its impact on national economies and competitiveness. Using the World Bank’s LPI criteria,
the study clusters OECD countries based on their logistics performance, revealing significant
differences among clusters through the Canopy algorithm and Kruskal-Wallis Test.

Radenovi¢ (2021) investigated the crucial role of transportation management systems in
enhancing supply chain efficiency and reducing costs. Kahreman (2023) focused on the perfor-
mance ranking of G20 countries was analyzed between 2006 and 2015, including the 2008 cri-
sis. An integrated model consisting of LOPCOW and COCOSO methods was used to evaluate
the economic performance of G20 countries. According to the results of the LOPCOW method,
the importance level of the criteria considered, that is, the criteria that affect the economic per-
formance the most, are exchange rate, unemployment rate, and inflation variables. According
to the results of the COCOSO method, the best performing countries were the USA, Germany,
and Korea, while the worst economic performing countries were Indonesia, Argentina, and
South Africa. In addition, it was determined that there was a decline in the general situation of
the USA and EU countries after the 2008 crisis.

Bakir & Cakir (2021) evaluated the innovation performance of 23 EU and OECD count-
ries using MCDM methods with 2019 data from the Global Competitiveness Index, Global In-
novation Index, and European Innovation Scoreboard. According to the Borda method, which
combines all MCDM results, Sweden ranked first.

Yiiriiyen et al. (2023) evaluated the 2021 performance of Turkish logistics companies
listed on the “Fortune 500 Turkey” website by integrating MCDM methods. SV, MEREC,
CRITIC, and LOPCOW methods were applied to determine the objective weights of the crite-
ria. The alternatives were ranked by applying the MACONT method. According to the results
of the study, the logistics company with the best performance was determined as Li7, and the
logistics company with the lowest performance was determined as Li3.

Miskic et al. (2023) developed an integrated evaluation model for the LPI of Europe-
an Union (EU) countries, emphasizing sensitivity analysis. Utilizing the MEREC method for
weight calculation and MARCOS for ranking, Germany emerges as the top-ranked country in
LPI. The sensitivity analysis highlights the impact of the criteria weight values on EU country
rankings, advocating for a modified LPI evaluation considering criteria importance and coun-
tries’ real needs.

In the study conducted by Pehlivan (2024), a novel approach was introduced by combi-
ning Fuzzy C-Means clustering and fuzzy multi-criteria decision-making (FMCDM) methods
to evaluate the logistics performance indices of countries. The analysis considered the gross
domestic product (GDP) and six sub-indicators of the Logistics Performance Index (LPI) for
160 countries. Countries were clustered according to income groups using the Fuzzy C-Means
method. These country groups were then ranked using FMCDM methods such as SAM, TOP-
SIS, MOORA, and ARAS. The ranking results were found to be consistent with the 2018 LPI
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rankings. It was observed that the top 10 countries generally had high levels of welfare, while
the bottom 10 countries were those affected by war, natural disasters, and poverty.

Ozekenci (2025), the logistics performance of OECD countries for the year 2023 was
evaluated by integrating various multi-criteria decision-making methods. The weights of the
criteria were determined using SD, CRITIC, LOPCOW, and MEREC methods. These weights,
derived from different techniques, were then aggregated using the Combined Weighting Met-
hod. The LPI values of OECD countries were ranked using the CRADIS method, a compre-
hensive MCDM technique. Among the OECD countries, Finland was identified as having the
highest logistics performance, while Costa Rica ranked the lowest.

Stevié et al. (2024) examined the World Bank’s LPI rankings from a methodological
perspective and proposed an alternative decision support framework. The weights of the crite-
ria for evaluating the logistics performance efficiency of 118 countries were determined using
the Entropy method. The countries were ranked using MCDM methods including MCRAT,
SAW, TOPSIS, and FUCA. By employing various sensitivity analyses, the study assessed the
impact of weighting techniques across more than 2,500 different MCDM outcomes, and de-
monstrated that the FUCA method should be recommended to decision-makers for computing
LPI rankings.

Yilmaz (2025) analyzed the digitalization levels of leading countries in the Logistics
Performance Index using 2023 data. The top 23 countries in the LPI were included as alterna-
tives to assess the relationship between their digitalization indices and logistics performance.
The CRITIC method was used to obtain the weights of the criteria, and the alternatives were
ranked using the TOPSIS method. The findings revealed that the three countries with the hig-
hest level of digitalization were Singapore, the United States, and the Netherlands.

Kartal et al. (2024) analyzed the financial performance of 25 companies in the BIST
Sustainability 25 Index using data from 2014-2022. TTRAK led between 2014-2017, while
FROTO ranked highest from 2017-2022.

Teker et al. (2024) compared the energy sustainability of 36 OECD countries based on
15 criteria. Solar electricity consumption was the most critical factor. Switzerland ranked hig-
hest according to PROMETHEE, GIA, and Copeland, whereas Germany ranked first with the
VIKOR method.In their study,

Topal & Ulutas (2024) evaluated the logistics performance of G8 countries using multi-
criteria decision-making methods. The Standard Deviation (SD) method was applied to deter-
mine the weights of the criteria, while the AROMAN method was used to assess the performan-
ce of the countries. According to the analysis results, Germany emerged as the top-performing
country in terms of logistics performance among the G8 nations.

3. Data and Methodology

3.1.Data

In this part of the study, the analysis of OECD countries 2023 LPI data sets using hybrid
MCDM methods is discussed. The reason for focusing solely on the OECD countries in our
analysis is due to their relatively comparable levels of economic development and institutional
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capacity in logistics infrastructure, digitalization, and policy implementation. This selection
allows for a more homogeneous group comparison and ensures more meaningful interpretation
of the results. Moreover, OECD countries are major actors in global supply chains, making
their logistics performance particularly relevant. Thus, the scope of the study was deliberately
limited to the 38 OECD member countries to ensure analytical consistency and practical rele-
vance. Since the data in the report published by the World Bank was used, the variables in this
report were taken as the criteria of the MCDM analysis. Thus, it will be possible to compare
the results obtained with the results in the report. The analytical part of the study consists of
three sections. In the first section, the 38 OECD countries were divided into clusters using the
cluster analysis K-means method. In the second section, LPI criteria weights obtained from
the MEREC and LOPCOW methods are combined using a joint weighting approach, resulting
in more stable and consistent criterion weights. In the final section, performance ranking was
carried out using the MOORA Importance Coefficient method. The overall framework of these
sections is illustrated in Figure 1.

Figure 1: Systematic Operation Diagram of the Study

CLUSTERING
Dividing 38 selected
OECD countries ino groups
using the Clustering Method

[Group 1] I Group 2 ] I Group 3 ] [Group 4]

Determination of
relevant criteria

Identifying relevant
alternatives
|
Compilation of the

relevant data set
from sources

!

e Criteria Weighting ]—1

Calculation of Calculation of

weights by the 3 weights by the

LOPCOW Method| Combined | MEREC Method
| l Weighting J |

Performance ranking
with MOORA Method
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The objective of this study is to assess and rank the performance of the selected 38
OECD countries using the

LPI for the year 2023. Six criteria have been identified for LPI ranking, obtained from
the World Bank database. The criteria are as follows: Infrastructure, International shipping,
Quality of logistics services, Tracking, On-time delivery, and Customs (Sharawi, 2025; Arvis
et al., 2018). The six LPI dimensions defined by the World Bank are as follows:

Infrastructure: This refers to the quality of the physical and technological infrastruc-
ture necessary for the effective execution of logistics operations. It includes road, rail, port,
and airport infrastructure, as well as information and communication technology infrastructure
(e-logistics systems).

International Shipping: This dimension measures how easily and competitively a
country can arrange international shipments. It evaluates the ease of organizing import and
export operations, access to international transportation services, price competitiveness, and
frequency of shipments.

Quality of logistics services: This assesses the competence and performance of logistics
providers, including freight forwarders, transport operators, and other logistics service pro-
viders. It takes into account their reliability, the quality of freight transportation, warehousing,
distribution services, and supply chain management expertise.

Tracking and Tracing: This dimension measures the ability to track shipments through-
out the entire logistics process and the quality of information provided to customers. It includes
tracking capabilities at each stage, customer updates on shipment status, and the use of digital
tracking technologies.

On time delivery: This refers to the frequency with which shipments reach their desti-
nations within the scheduled or expected timeframes. Key factors include the rate of delivery
delays, consistency in transit times, and the frequency of delays caused by customs and trans-
portation processes

Customs: This dimension evaluates the speed, transparency, and predictability of cus-
toms procedures at a country’s border crossings. It also assesses the efficiency of import and
export procedures.

Table 1 presents the relevant criterias and details.

Table 1: Performance Indicators and Details Used in the Study

Sequence Criterion Name Code Aspect

1 Infrastructure K1 Maximum (Max)
2 International shipping K2 Maximum (Max)
3 Quality of logistics services K3 Maximum (Max)
4 Tracking and Tracing K4 Maximum (Max)
5 On time delivery K5 Maximum (Max)
6 Customs K6 Maximum (Max)

Note: Max: beneficial feature, Min: cost-oriented feature.

246



International Journal of Management Economics and Business, Vol. 22, No. 1, 2026, pp. 239-270
Uluslararasi Yonetim Iktisat ve i;letme Dergisi, Cilt 22, Sayt 1, 2026, ss. 239-270

The selection of the above criteria is grounded in the works of by Brauers (2008), Za-
vadskas (2016), Cakir (2017), Anuslu (2019), Ulkhaq (2023), and Stevi¢ et al. (2024). The data
for these indicators, presented in Table 1, were collected from the World Bank website.

3.2. K-Means Clustering Analysis Method.

The Clustering method involves categorizing data with similar characteristics into dis-
tinct groups, aiming to achieve homogeneity within each group while ensuring diversity be-
tween groups (Ozekes, 2003; Cengiz & Oztiirk, 2012; Colak et al., 2016).

In clustering, when the distance between objects within a cluster is very small, and the
distance between clusters is substantial (Unal et al., 2011). The widely used unsupervised learn-
ing method, the K-means algorithm, is a sharp clustering algorithm that allows each data point
to belong to only one cluster (Sariman, 2011).

The general logic of the K-means algorithm is to partition a dataset consisting of n data
objects into k clusters, where k represents the number of input parameters. The objective is to
ensure that, after the partitioning process, the clusters exhibit maximum intra-cluster similarity
and minimum inter-cluster similarity. As an iterative algorithm falling under divisive clustering
methods, the K-means algorithm continuously updates clusters in a cyclical manner until reach-
ing the optimal solution (Demiralay & Camurcu, 2005; Silahtaroglu, 2008).

The processing steps of the K-means algorithm are as follows:

Step 1: Randomly select k objects. The chosen k objects represent cluster centers, de-
noted as My, M, ,..., M. The sample midpoint is calculated as equation 1 presented below
(Gersho & Gray, 2012).

1
Mkzn_kzxik (D

Step 2: Intra-cluster variations are provided in equation (2). The Mean Squared Error
Formula is calculated as per the formula, denoted as ey, e, ,..., ¢;. (Linde et al., 2023).

ny
e? =) (x; — M)?
: Z( k= MY o

For the space encompassing all clusters in set K, the sum of squared errors represents the
total intra-cluster variations. Therefore, the square error value is calculated as per equation (3):

Fi=) e )
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Step 3: Assign each data point to its closest cluster.

Step 4: Recalculate the centers for k clusters when all data points are assigned to their
closest clusters.

Step 5: Repeat Steps 2 and 3 until there is no change in the cluster centers.

3.3. MEREC Method

MEREC method, one of the objective criterion weighting methods, was developed by
(Ghorabaee et al., 2019). It was recommended by MCDM methods literature in 2021. In de-
termining the criterion weight, the method in question considers the removal effects of the
criteria, in other words, when calculating the importance weight for any criterion, the criterion
whose weight is calculated is disabled and the change in the total criterion weight is taken into
account. This method differs from other objective MCDM criterion weighting methods, such as
CRITIC and ENTROPY. In contrast to alternative weighting techniques, the MEREC approach
identifies the weights by removing the influence of each criterion on the ranking. This ensures
a more objective and dependable outcome.

The MEREC method consists of six steps (Ghorabaee et al., 2019).
Step 1: Creating the Decision Matrix

In the first step, a decision matrix consisting of n alternatives and m criteria is created.

X1 X1z Xim
X21 X322 X2

X="7 00 )
Xn1 Xn2 Xnm

Step 2: Creating the Normalized Decision Matrix

The decision matrix is normalized using Equation (5) and (6).

x _ |minxy . .. A .
ny = {_"i] if j€ Maximize criter (5)
n¥, = ]—2_ if jc Minimize criter

Y maksxij (6)

Step 3: Finding the Total Performance Value (S})

The total performance value (S}) of each alternative is calculated using Equation (7).
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S;=In (1 + (%Z] |ln(n;‘;)|)) @)

Step 4: Determining the Performance of Alternatives S;'

The performance of the alternatives is Sj;'determined by removing each criterion sepa-
rately. Equation (8) is used for this calculation.

S;=In (1 + (%Z kk+j Iln(nfk)l)) ®)

Step 5: Determination of the Total Deviations (E)) In this step, the total of the absolute
deviations (E)) is calculated. (£j;) based on the values obtained from steps 1-3 and steps 1-4 to
show the effect of removing the criterion. The effect of removing the criterion is determined.

E; = ZJSEj—Sil
L

€))

Step 6: Calculation of Criterion Weights In this step, the objective weight (W)) of each
criterion is calculated using the subtraction effects () of Steps 1-5.

w L
jmerec — m (10)
3.4. LOPCOW Method

The LOPCOW method, introduced to the literature by Ecer & Pamucar (2022), is a
very new method that falls into the objective criterion weighting group. This method offers
appropriate solutions for benefit and cost-oriented criteria without any criterion limitations.
The difference of the method is objective group can be expressed as the percentage of standard
deviations of the mean square values of the series, eliminating the difference (gap) caused by
the size of the data. The LOPCOW method is not affected by negative raw data, in other words,
negative values. The LOPCOW method consists of four stages (Ecer & Pamucar, 2022).

Step 1: Creating the Decision Matrix

In order to identify and solve the decision problem, it is first necessary to create an
internal decision matrix (IDM) consisting of m alternatives and n criteria. Decision matrix as
expressed in Equation (4) is created.

249



Burcu KEKLIK Najibul KASHEM Esra AYDIN UNAL

Step 2: Creating the Normalized Decision Matrix

Using the linear normalization technique (max min), the elements of the decision ma-
trix (IDM) are subjected to normalization through Equation (11) and (12). If the criteria are
cost-oriented, in other words minimum-oriented, it is calculated with the help of Equation (11).
If the criteria are maximum-oriented, in other words benefit-oriented, it is calculated with the
help of Equation (12).

ry = Xy = Xmin_ (11)
/ Xmax — Xmin
Xij - Xmin
" Kx = Xmin 1

Step 3: In this step, the Percentage Value PV;; matrix is constructed to normalize the
scale differences among criteria. For each criterion, the PV value for each alternative is calcu-
lated using Equation (13), which considers the mean squared value in relation to the standard
deviation. This transformation helps eliminate scale imbalances and ensures comparability
among criteria by expressing each value as a percentage relative to its variability.

E;ﬁir?j
m
100

! o | 13)

Step 4: Calculation of Objective Weights (W))

Finally, the objective importance weight for each criterion is calculated via Equation

(14).
T X PVy (14)

3.5. Aggregated Weighting Method

In decision-making problems, determining criterion weights plays a critical role in de-
termining the outcome. Objective weighting methods generally rely on data-driven analysis,
independent of decision-makers’ own experiments. However, due to the diverse perspectives
and breadth of scope offered by each method, weighting based on a single method can be de-
pendent on specific details. Therefore, a more reliable analysis model can be created using the
joint weighting method in MCDM problems. By applying the proposed method, more appro-
priate objective weights for the criteria were calculated. More precisely, the weights obtained
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from the MEREC and LOPCOW methods were combined with Equation (15), and objective
weights for each criterion were calculated (Zavadskas & Podvezko, 2016).

w _ wj merec* wjlopcow (1 5)
jortak — vm w w
j=1"" jmerec "V j lopcow

This approach is a normalized combined weighting method based on geometric multi-
plication. The weights obtained for each criterion are integrated by multiplying the outputs of
the MEREC and LOPCOW methods and then normalized by dividing by the total value. This
allows both the average impact (MEREC) and the sensitivity-based variability (LOPCOW) of
the criteria to be considered simultaneously.

3.6. MOORA Method

The MOORA method, developed by (Brauers, 2013), is a method for complex deci-
sion-making. It is a multi-purpose tool that can be used to solve problems using extremely
simple computational steps. It is an optimization technique (Chakraborty et al., 2023). Also re-
ferred to as multi-feature optimization, this technique allows for the simultaneous optimization
of two or more conflicting features, subject to certain restrictions (Gadakh et. al., 2013). The
application steps of the method are summarized below (Brauers, 2008):

Step 1: Decision matrix as expressed in Equation (4) is created.

Step 2: The decision matrix is normalized using equation (16).

X

o 6

Step 3: Using the ratio approach, evaluation scores are calculated, and alternatives are
sorted. This is

presented in Equation 17.

i=g i=n
yj = Zi:l wjxj; — Zi:gﬂ WX} (17

In this context, the objective is to maximize the points assigned to each item, with the in-
dexi=1,2, .., g The scores g are collected while minimization is being carried out. The scores

i=g+1, g+2, ..., n are then subtracted. The alternative with the highest value is then preferred

Yj -

4. Results

This section provides a comparative analysis of the outcomes derived from the cate-
gorization of countries based on the applied clustering method. Following this, the results of
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the analysis of the relative importance of the criteria are presented. Finally, the performance
evaluation and ranking analyses are presented in tabular form. The sequence begins with the
presentation of the country clustering results, continues with the findings of the criteria impor-
tance weighting analysis, and concludes with the performance evaluation and ranking results.

4.1. Cluster Analysis Results

This study aimed to cluster OECD countries based on their similarities using LP scores.
The number of clusters was determined visually using the elbow method and the rule of thumb
method (Di Lascio et al., 2018), using Equation (18).

k=.nj2 )

Figure 2: Elbow Method for Determining Optimal Number of Clusters
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According to Figure 2 and rule of thumb methods, considering the LPI data, countries
with the highest similarity are grouped together, resulting in a total of 4 clusters among the 38
OECD countries. The following table presents the mean scores of each LPI indicator for the
four identified clusters. Additionally, the number of countries in each cluster is also provided.
Table 3 displays the clustering results of the countries.

Table 2: Mean Scores of each LPI Indicator

International Logistics Tracking Number
Customs Infrastructure . Competence Timeliness and
Cluster Shipments . . of
Score Score and Quality Score Tracing .
Score Countries
Score Score

1 351 3.71 338 3.75 3.81 3.81 15

2 3.1 3.36 33 3.44 3.56 324 7

3 2.7 2.8 2.82 3.02 3.28 3.02 5

4 39 4.12 3.67 4.12 4.15 413 11
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Table 3: Country Groups

Cluster Country

Australia, Estonia, France, Greece, Iceland, Ireland, Israel, Italy, Korea Republic,

Cluster 1 Luxembourg, New Zealand, Norway, Poland, United Kingdom, United States

Cluster 2 Czech Republic, Latvia, Lithuania, Portugal, Slovak Republic, Slovenia, Tiirkiye

Cluster 3 Chile, Colombia, Costa Rica, Hungary, Mexico

Austria, Belgium, Canada, Denmark, Finland, Germany, Japan, Netherlands, Spain,

Cluster 4 Sweden, Switzerland

According to the results, the LPI data analysis has led to the classification of 38 OECD
countries into four distinct clusters. When Table 2 is examined, it is seen that 15 countries are
included in Cluster 0. These are developed countries such as the USA, Australia, France, and
the United Kingdom. On the other hand, it is noteworthy that the income and welfare levels of
these countries are high. Cluster 1 includes the Czech Republic, Latvia, Lithuania, Portugal,
Slovak Republic, Slovenia, and Turkey. It is observed that developing countries are included
in this cluster. They belong to the upper and middle-income groups. Additionally, their for-
eign trade volumes are at moderate levels. Countries with coastlines such as Turkey, Slovenia,
Portugal, Latvia, and Lithuania are also included in this cluster. In Cluster 2, includes Chile,
Colombia, Costa Rica, Hungary, and Mexico are upper-middle-income, each with unique eco-
nomic characteristics. The countries in this cluster can be described as having a moderate level
of economic prosperity compared to Clusters 0 and 1. Furthermore, in terms of foreign trade
volume, these countries can be at an upper-middle level. Cluster 3 comprises Austria, Belgium,
Canada, Denmark, Finland, Germany, Japan, the Netherlands, Spain, Sweden, and Switzerland.
These countries exhibit a similar level of development to those in Cluster 0, with notably high
levels of foreign trade. Furthermore, all 9 countries in these clusters (France, Spain, Italy, Nor-
way, Sweden, Canada, Germany, the Netherlands, and Denmark) have coastlines.

4.2. Results of the MEREC-LOPCOW Methods

Criterion weights were determined separately for each of the four groups formed as a
result of the cluster analysis using the MEREC and LOPCOW methods. The process for the
MEREC method began with the creation of the decision matrix. Following this, the elements
of the decision matrix were normalized according to Equations (5) and (6). Then, the values
for each alternative were calculated using Equation (7). In the next step, the S; values for all
alternatives were derived by sequentially removing each criterion using Equation (8). Then, the
sum of the deviations for each alternative was calculated by applying Equation (9). Following
this, the weights of the criteria were determined using Equation (10).

In the initial step of the LOPCOW method, the decision matrix underwent normalization
through Equations (11) and (12). Subsequently, using the relevant steps of Equation (13), the
percentage values PVj; for each criterion were computed in the next stage. Following this, the
weights of the criteria were obtained through Equation (14).

To obtain more appropriate objective weights, the criterion weights obtained through
the MEREC method for assessment criteria were combined with the weights obtained through
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the LOPCOW method using Equation (15). All results obtained for each group are shown in
Table 4-Table 7, respectively.

Table 4 : Criterion Weights (W;) Obtained from all Methods for the First group of
Countries

Method MEREC LOPCOW Joint Weighting
Criteria E; w; Ranking W; Ranking W; Ranking
K1 0.224 0.181 2 0.148 5 0.160 3
K2 0.153 0.124 6 0.114 6 0.084 6
K3 0.295 0.238 1 0.183 2 0.259 1

K4 0.159 0.129 5 0.204 1 0.156 5
K5 0.211 0.170 3 0.181 3 0.183 2
K6 0.195 0.158 4 0.170 4 0.159 4

In the first group of countries, the results obtained from the MEREC method indicate
that the most significant criterion is Logistics Services Quality (K3), followed by Infrastructure
(K1), and On-time Delivery (K5), respectively. In contrast, the LOPCOW method identifies
Tracking and Tracing (K4) as the most influential criterion, with Logistics Services Quality
(K3) and On-time Delivery (K5) ranked second and third, respectively. According to the Com-
mon Weighting procedure, the three most impactful criteria influencing LPI performance are
determined to be Logistics Services Quality (K3), On-time Delivery (K5), and Infrastructure
(K1), in that order. These findings reflect a consistent emphasis on the quality and timeliness
of logistics services across methods in evaluating the logistics performance of the first group
of countries.

Table S: Criterion Weights (W;) Obtained from all Methods for the Second Group of
Countries

Method MEREC LOPCOW Joint Weighting
Criteria E; W; Ranking W; Ranking W; Ranking
K1 0.064 0.117 6 0.136 6 0.094 6
K2 0.130 0.238 1 0.204 1 0.284 1

K3 0.093 0.170 3 0.177 3 0.176 2
K4 0.071 0.131 5 0.184 2 0.142 4
K5 0.091 0.168 4 0.136 5 0.134 5
K6 0.097 0.177 2 0.164 4 0.094 6

For the second group of countries, obtained from the MEREC method indicate that
International Shipping (K2) emerges as the most influential criterion, followed by Customs
(K6) in the second position, and Logistics Services Quality (K3) in the third. According to the

254



International Journal of Management Economics and Business, Vol. 22, No. 1, 2026, pp. 239-270
Uluslararasi Yonetim Iktisat ve i;letme Dergisi, Cilt 22, Sayt 1, 2026, ss. 239-270

LOPCOW method identifies an alternative assessment, International Shipping (K2) again ranks
as the most critical factor, while Tracking and Tracing (K4) and Logistics Services Quality (K3)
occupy the second and third positions, respectively. As presented in Table 6, the findings ob-
tained through the Joint Weighting Procedure indicate that the three most significant indicators
affecting LPI performance are International Shipping (K2), Logistics Services Quality (K3),
and Customs (K6), in that order.

Table 6: Criterion Weights (W;) Obtained from all Methods for the Third Group of
Countries

Method MEREC LOPCOW Joint Weighting
Criteria E; W; Ranking W; Ranking w; Ranking
K1 0.059 0.208 2 0.148 4 0.188 3
K2 0.044 0.153 4 0.172 3 0.161 5
K3 0.063 0.222 1 0.129 5 0.175 4

K4 0.037 0.128 5 0.277 1 0.218 1
K5 0.050 0.177 3 0.175 2 0.190 2
K6 0.032 0.112 6 0.098 6 0.067 6

For the third group of countries, the results of the MEREC method indicate that
Logistics Services Quality (K3) is the most influential criterion, followed by Infra-
structure (K1) in the second position, and On-time Delivery (K5) in the third. Accord-
ing to the LOPCOW method, Tracking and Tracing (K4) ranks first, while On-time De-
livery (K5) and International Shipping (K2) are ranked second and third, respectively.
Furthermore, based on the results obtained through the Common Weighting procedure, the
three primary indicators influencing LPI performance in the third group are identified as Track-
ing and Tracing (K4), On-time Delivery (K5), and Infrastructure (K1), respectively.

Table 7: Criterion Weights (W;) Obtained from all Methods for the Fourth Group of
Countries

Method MEREC LOPCOW Joint Weighting
Criteria E; W; Ranking W; Ranking w; Ranking
K1 0.144 0.205 3 0.188 2 0.225 3

K2 0.152 0.216 2 0.184 3 0.232 1
K3 0.178 0.253 1 0.157 4 0.231 2
K4 0.104 0.148 4 0.197 1 0.170 4
K5 0.061 0.086 6 0.140 5 0.071 6
K6 0.065 0.092 5 0.134 6 0.072 5
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Based on the results obtained using the MEREC method for the fourth group of coun-
tries, Logistics Services Quality (K3) emerges as the most critical criterion, followed by Inter-
national Shipping (K2) in the second position, and Infrastructure (K1) in the third. In contrast,
the results derived from the LOPCOW method indicate that Tracking and Tracing (K4) is the
most influential factor, with Infrastructure (K1) ranked second and International Shipping (K2)
ranked third. To obtain more appropriate objective weights, the criterion weights calculated
through the MEREC method were combined with those obtained from the LOPCOW method
using Equation (15). As shown in Table 7, the three most influential indicators affecting LPI
performance for this group are International Shipping (K2), Logistics Services Quality (K3),
and Infrastructure (K1), respectively.

4.3. MOORA Method Results

Once the weights of the criteria have been determined using the MEREC and LOPCOW
methods, the country of each groups will be ranked according to their logistics performance us-
ing the MOORA Importance Coefficient method. The ranking of the countries for four clusters
is calculated using the MOORA Importance Coefficient method. The decision matrix is then
normalized by Equation (16), after which the evaluation scores y;;* are determined by Equation
(17). The calculated values, y;;* values and rankings are presented in Table 8 for reference.

Table 8§ illustrates that, according to the MOORA Importance Coefficient method for
cluster first, France, the United States and South Korea are in the first three positions, with
Iceland occupying the last position.

Table 8: Evaluation Scores (y;;*) and Final Standings MOORA Importance Coefficient
Method for 1 Cluster Countries

Country yii Rank Country yii* Rank
Australia 0.0182 7 Korea, Rep. 0.0187 3
Estonia 0.0180 11 Luxembourg 0.0181 9
France 0.0192 1 New Zealand 0.0177 14
Greece 0.0186 4 Norway 0.0180 12
Iceland 0.0177 15 Poland 0.0178 13
Ireland 0.0180 10 United Kingdom 0.0183

Israel 0.0181 8 United States 0.0188 2
Italy 0.0183 6
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Table 9: Evaluation Scores (y;;*) and Final Standings MOORA Importance Coefficient

Method for 2nd Cluster Countries

Country yii Rank
Czechia 0.0409 6
Latvia 0.0433 1
Lithuania 0.0426 2
Portugal 0.0424 4
Slovakia 0.0408 7
Slovenia 0.0420 5
Turkiye 0.0425 3

Table 9 illustrates the results of the MOORA Importance Coefficient method for cluster
second, which indicate that Latvia, Lithuania and Turkey are in the first three positions, respec-

tively, while the Slovak Republic is in the last position.

Table 10: Evaluation Scores (y;*) and Final Standings MOORA Importance Coefficient

Method for 3rd Cluster Countries

Country yi Rank
Chile 0.0676 2
Colombia 0.0670 3
Costa Rica 0.0652 5
Hungary 0.0721 1
Mexico 0.0657 4

Table 10 illustrates the results of the MOORA Importance Coefficient method for clus-
ter third, which indicate that Hungary, Chile and Colombia are in the first three positions,

respectively, while Costa Rica is in the last position.

Table 11: Evaluation Scores (y;*) and Final Standings MOORA Importance Coefficient

Method for 4th Cluster Countries

Country yii* Rank
Austria 0.0224 9
Belgium 0.0230 5
Canada 0.0230 4
Denmark 0.0229 7
Finland 0.0238 1
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Table 11. continue

Germany 0.0231 3
Japan 0.0221 10
Netherlands 0.0229 6
Spain 0.0218 11
Sweden 0.0226
Switzerland 0.0234

Table 11 demonstrates that, according to the MOORA Importance Coefficient method
for cluster fourth, Finland, Switzerland and Germany are in the first three positions, respective-
ly, while Spain is in the last position.

5. Sensitivity Analysis

In this study, the suitability of the proposed approach for evaluating logistics perfor-
mance across countries and the reliability and stability of the results were verified through
sensitivity analysis. Sensitivity analysis can be conducted in two different ways. In the first
method, the ranking results of the proposed approach can be compared with various MCDM
approaches (Isik et al., 2024). In the second method, the impact of changes in criterion weights
on the ranking results of alternatives can be evaluated (Mukhametzyanov & Pamucar, 2018).
In this study, sensitivity analysis was conducted in two ways: examining the changes in ranking
results by changing the criterion weights and comparing the obtained ranking results with the
ranking results of different MCDM methods (MAIRCA, WASPAS, TOSPIS, EDAS).

5.1. The Effect of Changes in Criteria Weights on Alternative Rankings

In the second stage of the sensitivity analysis, the impact of varying criterion weights on
alternative rankings was examined. It is of great importance to investigate the effect of changes
in criterion weights on alternative rankings to ensure the robustness and reliability of the pro-
posed model (Korucuk et al., 2022; Ecer, 2021). This analysis is recommended by numerous
researchers in the literature (Aytekin et al., 2023).

The purpose of this sensitivity analysis is to evaluate the effect of the most effective
criterion on the ranking performance of the proposed model. The weight of the most import-
ant criterion is reduced in small proportions and since the total weight must be equal to 1, the
weights of other criteria are also increased in certain proportions. Thus, in the final case, the
importance of the most important criterion decreases while the importance of other criteria
increases. If there are no changes in the ranking results despite this change, it turns out that the
proposed approach is appropriate, reliable and correct.

For the sensitivity analysis performed by changing the weight coefficients, 50 scenarios
were developed. The weight of the criterion with the highest weight was reduced by 2% in each
scenario. The weights of the remaining criterias were adjusted proportionally with the help of
Equation (19) so that the sum of the weights is equal to 1. The cluster was formed on a separate
basis for each of the following categories: one, two, three and four. The alterations to each
scenario are illustrated in Figures 3.
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Here wc3 represents the original weight of the criterion with the highest weight, wcs*
represents the corrected value of the Cy criterion, w; represents the original value of the
considered criterion, and w;* represents the corrected value of the weight coefficient of the

considered criterion.

Figure 3: Scenario Results for All Clusters
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The scenarios for 2023 are analyses separately for each cluster (see Figure 3). In the
context of Cluster 1, France is positioned at the top of the ranking in all scenarios, while Iceland
occupies the lowest position. Upon analysis of Cluster 2, it is evident that Latvia consistently
occupies the top position, while the Slovak Republic consistently occupies the lowest. In Clus-
ter 3, the performance ranking remains consistent across all scenarios. Hungary was ranked
first. Costa Rica is positioned at the lowest rank. Finally, an analysis of Cluster 4 reveals that
Finland consistently ranks first, while Spain is consistently ranked last, with only minor devia-
tions. While there are minor discrepancies in the performance rankings contingent on the sce-
narios, except for Cluster 2, the results are largely analogous. At this juncture of the sensitivity
analysis, it was discerned that the outcomes yielded by disparate scenarios are proximate. De-
spite the existence of minor discrepancies in the results due to the scenarios, the general ranking
remains unaltered. Consequently, the study model is deemed to be stable and consistent.

5.2. Results of Ranking Consistency Across Methods

The MOORA Importance Coefficient method represents a relatively recent contribution
to the field of MCDM methodologies. Consequently, in order to guarantee the reliability of
the findings, similar methodologies have been selected for comparison with the results of the
initial analyses, which were conducted using alternative MCDM methods. The rationale for
the selection of these methods is that the utilization of disparate normalization techniques in
studies employing multi-criteria techniques may result in the distortion of data, which could
potentially lead to erroneous decisions. Accordingly, in order to obtain accurate and consistent
results, methods that take into account the effects of normalization techniques were preferred
(Ecer & Pamucar, 2022). In multi-criteria decision-making (MCDM) studies, correlation analy-
sis is commonly employed to evaluate the degree of agreement between the rankings produced
by different methods. This comparison is essential for assessing the consistency and robustness
of the results. If a high correlation is observed — particularly using Spearman’s rank correlation
coefficient—it suggests that the methods generate similar rankings, indicating that the decision
outcomes are not overly sensitive to the choice of method. Such consistency enhances the cre-
dibility and reliability of the model.

Moreover, correlation analysis helps determine whether the results are method-depen-
dent or generalizable across techniques. A strong correlation (e.g., between MOORA and TOP-
SIS) may indicate that these methods share similar underlying principles (e.g., normalization-
based scoring), while low correlation values may reflect structural differences or sensitivity to
criteria weighting schemes.

Therefore, analyzing correlations between methods supports the methodological rigor
of the study and provides decision-makers with greater confidence in the stability of the results.
This approach is widely adopted in the literature to validate ranking outcomes across MCDM
techniques (Pamucar et al., 2017; Wigckowski & Satabun, 2023).

For comparison purposes, the WASPAS, TOPSIS, MAIRCA and EDAS methods were
used for each cluster alone. The results of cluster 1 methods are presented in Table 12.
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Table 12: Ranking Values According to Different MCDM Methods for First Cluster
Countries

Country MOORA WASPAS TOPSIS MAIRCA EDAS
Australia 7 7 11 5 7
Estonia 11 11 10 11 10
France

Greece 4 4 2 4 4
Iceland 15 15 13 15 15
Ireland 10 12 6 13 11
Israel 8 8
Italy 6 6 9 6
Korea, Rep. 4 3
Luxembourg 7 10 9
New Zealand 14 14 15 12 14
Norway 12 10 14 8 12
Poland 13 13 12 14 13
United Kingdom 5

United States 2 2 3 2 2

Upon analysis of Table 12, it becomes evident that the performance ranking outcomes
of the disparate MCDM methods and MOORA Importance Coefficient method for cluster first
exhibit a high degree of similarity.

To ascertain the relationship between the results obtained from the various methods, a
Spearman’s correlation test was conducted on the MCDM methods. The results of this test are
presented in Table 13 for the reader’s convenience.

Table 13: Spearman Correlation Test Results for First Cluster Countries

WASPAS TOPSIS MAIRCA EDAS

MOORA 0.986%* 0.889%* 0.929%* 0.996%*

Note: **: 0.01; *:0.05 significance level.

As indicated in Table 13, the mean Spearman correlation value of the MOORA Impor-
tance Coefficient method in relation to alternative techniques for cluster first is 0,950. It can be
observed that the MOORA Importance Coefficient method produces consistent results when
compared with other MCDM methods, as indicated by the values.
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Table 14: Ranking Values According to Different MCDM Methods for Second Cluster
Countries

Country MOORA WASPAS TOPSIS MAIRCA EDAS
Czechia 6 6 7 6 6
Latvia 1 1 1 1 1
Lithuania 2 2 3 2 2
Portugal 4 4 2 4 4
Slovakia 7 7 6 7 7
Slovenia 5 5 5 5 5
Turkiye 3 3 4 3 3

Table 14 demonstrates that the performance rankings of the various MCDM methods
and the MOORA Importance Coefficient method for the initial cluster exhibit a notable degree
of similarity. The results of the four methods are perfectly aligned with one another.

To ascertain the relationship between the results obtained from the various methods, a
Spearman correlation test was conducted on the MCDM methods. The results of this test are
presented in Table 15 for the reader’s convenience.

Table 15: Spearman Correlation Test Results for Second Cluster Countries

WASPAS TOPSIS MAIRCA EDAS
MOORA 1.000% 0.857% 1.000%* 1.000%*
Note: **: 0.01; *:0.05 significance level.

As indicated in Table 15, the mean Spearman correlation value of the MOORA Impor-
tance Coefficient method in relation to alternative techniques for cluster first is 0,964. It can be
observed that the MOORA Importance Coefficient method produces consistent results when
compared with other MCDM methods, as indicated by the values.

Table 16: Ranking Values According to Different MCDM Methods for Third Cluster
Countries

Country MOORA WASPAS TOPSIS MAIRCA EDAS
Chile 2 2 2 2 3
Colombia 3 3 3 3 2
Costa Rica 5 5 4 5 5
Hungary 1 1 1 1 1
Mexico 4 4 5 4 4
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Table 16 demonstrates that the performance rankings of the various MCDM methods
and the MOORA Importance Coefficient method for the second cluster are strikingly similar.
The results obtained from the five methods are in complete agreement with one another.

A Spearman correlation test was conducted to ascertain the relationship between the re-
sults obtained from the various MCDM methods. The results of this test are presented in Table
17 for the reader’s convenience.

Table 17: Spearman Correlation Test Results for Third Cluster Countries

WASPAS TOPSIS MAIRCA EDAS
MOORA 1.000% 0.900% 1.000%: 0.900%

Note: **: 0.01; *:0.05 significance level.

As indicated in Table 17, the mean Spearman correlation value of the MOORA Impor-
tance Coefficient method in relation to alternative techniques for cluster second is 0,950. It can
be observed that the MOORA Importance Coefficient method produces consistent results when
compared with other MCDM methods, as indicated by the values.

Table 18: Ranking Values According to Different MCDM Methods for Fourth Cluster
Countries

Country MOORA WASPAS TOPSIS MAIRCA EDAS
Austria 9 9 8 9 9
Belgium 5 5 4 7 5
Canada 4 4 6 4 4
Denmark 7 7 7 5 6
Finland 1 1 1 1 1
Germany 3 3 3 3 3
Japan 10 10 10 10 10
Netherlands 6 6 5 6 7
Spain 11 11 11 11 11
Sweden 8 8 9 8 8
Switzerland 2 2 2 2 2

Table 18 illustrates that the performance rankings of the various MCDM methods and
the MOORA Importance Coefficient method for the third cluster are strikingly similar.

A Spearman correlation test was conducted to ascertain the relationship between the re-
sults obtained from the various MCDM methods. The results of this test are presented in Table
26 for the reader’s convenience.
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Table 19: Spearman Correlation Test Results for Fourth Cluster Countries

WASPAS TOPSIS MAIRCA EDAS
MOORA 1.000%* 0.964** 0.964%%* 0.991**
Note: **: 0.01; *:0.05 significance level.

As indicated in Table 19, the average Spearman correlation value of the MOORA Importance
Coefficient method with respect to alternative techniques for the third cluster is 0,980 is. As
evidenced by the data, the MOORA Importance Coefficient method yields results that are mod-
erately consistent in comparison to other MCDM methods.

6. Discussion and Conclusion

The growth of international trade and the economic advancement of nations are inex-
tricably linked to the expansion of their logistics infrastructure. However, for countries to reap
the benefits of globalization, access to global markets and technological superiority, it is essen-
tial that they provide logistics services in an efficient manner and adhere to established rules
governing international trade processes. The strategic decisions taken in the logistics sector,
which play a pivotal role in the global and national economies, are of paramount importance
for sustainable development. The activities of the logistics sector exert a significant influence
on national economies, given the interconnectivity between the various economic sectors. One
of the most significant factors that facilitate trade is international logistics. The performance of
logistics is a significant determinant of international trade. An enhancement in logistics perfor-
mance has a beneficial impact on international trade, leading to an increase in the volume of
international trade. In this regard, it is crucial for countries to monitor the outcomes of the LPI,
identify areas of deficiency, and enhance their logistics performance through the implementa-
tion of studies in the pertinent domain.

The objective of this study is to evaluate the logistics performance of 38 OECD coun-
tries in accordance with the logistics performance criteria published by the World Bank for
2023. In order to achieve this objective, the clustering method and the MCDM method were
employed. The OECD countries were initially divided into clusters based on their respective
logistics performance, with each cluster subsequently evaluated using the LOPCOW, MEREC
and MOORA Importance Coefficient methods. A Spearman correlation analysis was conduct-
ed to assess the reliability and stability of the proposed approach by comparing the results
obtained with those obtained from other MCDM methods. Furthermore, sensitivity analysis
was conducted to assess the impact of varying weightings for the criteria. The results of the
analysis led to the division of the 38 OECD countries into four clusters based on the LPI data
(Eren & Omiirbek, 2021). Upon analysis of the clusters, it becomes evident that the countries
in question are predominantly situated within the same cluster, exhibiting a tendency to cluster
with other countries exhibiting similar income levels. The results of the common importance
weighting method indicate that logistics service quality, on-time delivery and customs criteria
are the most significant factors influencing the countries in Cluster first. An evaluation of the
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most important criteria reveals that countries with high logistics performance also have very
high scores for these criteria. This indicates that these countries have high-quality logistics
services, developed logistics infrastructures and are effective in organizing international ship-
ments. The United States of America, Australia, France, and Italy, which are situated within
Cluster 1, are home to the largest and most powerful ports in the world. France and Italy have a
high level of railway infrastructure, which is conducive to the efficient movement of goods. In
Cluster 1, the most significant factors are international dispatch, logistics service quality, and
customs. Upon evaluation of the existing criteria, it becomes evident that the majority of coun-
tries in Cluster 2 are positioned at the lowest ranks across all criteria. The cluster comprises
two Baltic states, namely Latvia and Lithuania. Furthermore, the countries within this cluster
demonstrate a moderate performance in foreign trade. The proportion of road and railway lines
in Latvia and Lithuania, which are both situated within the cluster, is relatively low. In terms of
air transport, Slovakia is deficient in terms of infrastructure. In Cluster 3, the most significant
criteria are monitoring and follow-up, timely delivery, and infrastructure. The foreign trade vol-
umes of the countries in Cluster 3 are considerable. These countries are characterized by a high
level of economic and social development. It is notable that several Latin American countries,
including Chile, Colombia, and Costa Rica, are included in this group. In Cluster 4, the most
significant criteria are international transportation, the quality of logistics services, and customs
clearance. Canada, Sweden, and Spain are home to the largest and most powerful ports in the
world. The Scandinavian countries, including Denmark, Sweden, and Finland, it is evident that
Germany’s railway and aviation infrastructure is of a considerably higher standard than that of
other countries.

According to the MOORA Importance Coefficient method, countries were ranked wit-
hin each cluster based on their logistics performance. In Cluster 1, France, the United States,
and South Korea demonstrated the highest performance, while Ireland ranked lowest. France
functions as a key logistics hub in Europe, supported by major ports (e.g., Le Havre, Marseille),
high-speed rail, and advanced road networks. The United States maintains one of the world’s
largest logistics markets, benefiting from technological infrastructure, automation, and its stra-
tegic role in global trade. South Korea’s highly integrated logistics system, anchored by the
ports of Incheon and Busan, offers fast and efficient multimodal transport. Ireland, despite its
strategic transatlantic position, faces logistical complexity due to post-Brexit regulations and
cross-border trade issues (SLAM, 2025).

In Cluster 2, Latvia, Turkey, and Lithuania lead the group, while Slovakia is positioned
at the bottom. Latvia leverages its Baltic Sea access and rail infrastructure. Turkey’s strategic
location enables connectivity between Europe, Asia, and the Middle East, though bureaucratic
and geographic challenges persist (Arun & Ozmutlu, 2023). Lithuania’s logistical strength lies
in its regional integration, but climatic and market limitations remain. Slovakia, constrained by
a small domestic market and terrain-related difficulties, exhibits the lowest performance in the
group.

Cluster 3 includes the Netherlands, Chile, and Colombia as top performers, with Costa
Rica ranked lowest. The Netherlands benefits from highly modernized logistics infrastructure
and strategic distribution centers. Chile has capitalized on technological advancements, such as
5G, to enhance e-commerce and transport systems. Colombia’s dual-ocean access and regional

265



Burcu KEKLIK Najibul KASHEM Esra AYDIN UNAL

position provide strong logistics potential. Costa Rica, despite a relatively developed road net-
work, struggles with infrastructure modernization and climate-related disruptions.

In Cluster 4, Finland, Switzerland, and Belgium rank highest, while Japan is placed at
the bottom. Finland and Switzerland maintain high-efficiency multimodal logistics systems,
with Finland serving as a transit bridge between Northern Europe and Asia. Despite being
landlocked, Switzerland is well-connected to major European ports. Belgium’s central location,
advanced port facilities, and investment in innovation strengthen its logistics capacity. While
Japan’s logistics sector is technologically advanced and globally integrated, its vulnerability to
natural disasters poses ongoing operational risks. Increasing the efficiency of logistics activities
and ensuring that processes are carried out on a regular basis are also very cost effective. In this
way, high costs can be brought under control. Strict and costly trade regulations that cause time
losses have a negative impact on competition. In this case, countries that want to participate in
the global economy should review customs regulations, reduce long waiting times at ports, re-
duce unnecessary physical inspections, and eliminate bureaucracy and unnecessary procedures
(World Bank, 2023).

The findings of this study are broadly aligned with existing research in the logistics
performance literature. Similar to the results reported by Stevié et al. (2024), countries with
well-developed logistics infrastructure —such as the United States, France, South Korea, and
the Netherlands —consistently appear at the top of performance rankings. In both studies, key
criteria such as logistics service quality, international shipment capacity, and customs effici-
ency emerge as dominant factors influencing logistics performance. This consistency reinfor-
ces the view that infrastructure quality and service reliability are fundamental determinants of
logistics efficiency.

The clustering results obtained through K-means reveal that countries tend to group ac-
cording to income levels and development status, which echoes the observations made in prior
studies that employed similar classification techniques using LPI data (e.g., Clustering Count-
ries According to the Logistics Performance Index, 2018). Particularly, Baltic countries such
as Latvia and Lithuania, and lower-income countries like Costa Rica and Slovakia, appear in
clusters characterized by lower performance across all criteria—most notably in infrastructure
and tracking capability. Furthermore, the strong correlation between the MOORA-based ran-
kings and those obtained from other MCDM techniques is consistent with the methodological
robustness demonstrated in Stevi¢ et al. (2024). The Spearman correlation results confirm that
MOORA delivers stable and coherent rankings, validating its use in comparative evaluations.
Overall, the results of this study confirm prior research findings that improvements in logistics
performance are closely tied to enhanced international trade capacity, technological advance-
ment, and efficient customs operations (World Bank, 2023). Therefore, countries aiming to
strengthen their global logistics standing must prioritize regulatory simplification, infrastructu-
re modernization, and service quality improvements.

The study has several limitations. First, the study focused only on OECD countries and
ignored the performance of non-OECD countries. Future research could analyze the logistics
performance of different groups of countries such as the EU, ASEAN and BRICS. Second,
although the integrated approach has produced consistent results, further validation through
real data and case studies could improve the robustness of the model. Although only the year
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2023 is considered, detailed analysis can be carried out using data from earlier years. Further-
more, given the dynamic nature of the logistics sector, continuous monitoring, and updating of
the criteria and methodology is necessary to maintain the validity and accuracy of the model
over time.

In future studies, it is planned to extend the scope of the analysis to include non-OECD
countries. Additionally, incorporating multi-year data may provide insights into performance
trends over time. Further research could also integrate sustainability-related indicators into the
logistics performance framework to reflect emerging global priorities.
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