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 ABSTRACT 

 
Logistics operations play a crucial role in the overall business activities, especially in 
today’s global and interconnected marketplace. A well-implemented logistics operation 
leads to cost savings and enhanced market responsiveness, resulting in an overall 
business competitiveness in today’s challenging business environment. This study used 
Principal Component Analysis (PCA) and Data Envelopment Analysis (DEA) to analyze 
the performance of 14 well-known logistics companies in Malaysia from the year 2010 
until 2020. The most crucial factor affecting logistics performance was identified using 
PCA to reduce data dimensionality. PCA results showed that current assets, net fixed 
assets, current liabilities, operating income, and revenue significantly affected the 
performance of logistics companies. Then, the efficiency frontier was evaluated using 
DEA, which considered current assets, net fixed assets and current liabilities as input 

while operating income and revenue as output variables. In the DEA process, 

Lingkaran Trans Kota Holdings Berhad is the only company that maintained a full 
efficiency score of 100 percent throughout the entire period, indicating the efficient 
utilization of its resources. On the other hand, MISC Berhad was the least efficient, with 
an average efficiency score of 32.17 percent. This study’s findings can be used to 
increase organizational competitiveness by optimizing performance and boosting 
efficiency. 

 
 
 
 
 
 
 
 
 
 
 
 
 
Keywords: 

Logistics companies; Principal 
Component Analysis; Data Envelopment 
Analysis  

 
1. Introduction 
 

In addition to the strong growth of science and technology and the trend of globalisation, logistics 
operations from production to consumption play an increasingly important role in improving 
business competitiveness in the manufacturing industry for both services and the overall economy 
[1]. Logistics is a term that refers to “the process of planning, implementing and controlling the 
efficient, effective flow and storage of goods, services, and related information from point of origin 
to point of consumption to meet customer requirements” (Council of Logistics Management, 1998). 
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Logistics is responsible for everything from warehousing and transportation to integrating the 
logistics operations of the entire supply chain.  

The Malaysian logistics sector has received international recognition [2,3]. Malaysia was in the 
32nd spot among 166 countries in the World Bank’s 2016 Global Logistics Performance Index (LPI). 
The LPI score for 2016 was 3.43 [4]. The index is a ranking of the performance of various countries’ 
logistics sectors. Next, Malaysia fell to the 41st spot in 2018 with an LPI score of 3.22. And recently, 
for 2023, Malaysia managed to get a score of 3.6 with a rank of 26th, where it can be seen that the 
performance has improved from year to year [5]. In response to the situation, the Transport Ministry 
said that several initiatives would be implemented to position Malaysia as the preferred logistics 
gateway to Asia, as reported in TheStar by Keebler et al., [6].  

Besides implementing the initiatives, it is important to also measure the performance of logistics 
companies [7,8], and one of the good assessments is using the DEA model [9]. A company might want 
to assess the performance of its logistics system based on efficiency scores for some fundamental 
reasons. Companies can use these measures to drive revenue growth and thus increase shareholder 
value by lowering operating costs [6]. By measuring the operating costs, the company can decide 
whether, when, and where to make operational changes to reduce costs. This is crucial because it 
identifies the areas that need better asset management. Companies can improve the price-value 
relationship of the products offered through cost-cutting measures and service enhancements in 
order to attract and keep loyal customers [6]. However, there is a dearth of comprehensive research 
in the field of logistics. 

Hence, this study assessed the efficiency performance of Malaysian logistics companies by using 
the Principal Component Analysis and Data Envelopment Analysis (PCA-DEA) method. PCA helps to 
identify the essential information in the data table and express it as new principal components (PCs). 
DEA is a non-parametric model that optimizes the efficiency of decision-making units (DMUs) based 
on various inputs and outputs. Efficiency is measured using the ratio of outputs to inputs. A higher 
output-to-input ratio indicates better efficiency, as it demonstrates that the system is generating 
more output for a given set of inputs. On the other hand, a lower output-to-input ratio implies lower 
efficiency, indicating that more inputs are required to achieve a particular level of output. This 
approach is valuable for measuring performance and optimizing the efficiency of logistics companies.  

 
1.1 Principal Component Analysis (PCA) 
 

The Principal Component Analysis (PCA) technique is widely employed in machine learning and 
data analysis for its ability to reduce dimensionality and visualize data [10-12]. The main objective of 
Principal Component Analysis (PCA) is to convert data with a high number of dimensions into a space 
with fewer dimensions while preserving a significant portion of the original variance. By reducing the 
dimensionality, the analysis becomes simpler, and processing efficiency can be enhanced, all while 
retaining vital information in the data [12,13]. The original variables are transformed into a new set 
of orthogonal variables, known as PCs, to achieve this reduction. Most of the variance of the original 
set is usually retained by the first PC, while progressively smaller sections that were not considered 
by the earlier PCs are retained by the successive PCs. This is how PCs are typically constructed [11].  

PCA facilitates better decision-making for the logistic industry by reducing the logistical data, thus 
highlighting the crucial elements. It boosts efficiency, streamlines routes, and customizes services, 
assisting logistic organizations in expanding and responding to changing client demands. Azman et 
al., [14] used PCA to minimize data dimensionality before undertaking a spatial distribution analysis 
of the logistics development in Xinjiang. This approach made the results easier to comprehend and 
allowed the researchers to concentrate on the key factors influencing the relationship between 
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logistics development and spatial dispersion. Logistics companies in Malaysia may profit by using PCA 
statistical technique to optimize many areas of their operations. In a different application area, 
Mohanta et al., [15] conducted an environmental metric study to assess the air quality pattern in 
Klang Valley, Malaysia. The study used data from five air monitoring stations in Klang Valley for the 
years 2010 to 2014. PCA was used to analyze the data to identify the significant pollutant parameters 
contributing to air quality issues in Klang Valley. 

Logistics companies can also evaluate their operational efficiency, identify important 
performance indicators, and compare their performance to industry benchmarks by integrating PCA 
and DEA methods. PCA can help to enhance the performance of DEA [16]. They used a PCA-DEA 
approach to combine the benefits of PCA and DEA. The PCA-DEA model enhanced DEA’s ability to 
discriminate between efficient and wasteful variables. The data’s dimensionality was also reduced 
by the PCA-DEA model, increasing its computational effectiveness. The study demonstrated how PCA 
may be utilised to enhance DEA’s functionality, making the PCA-DEA model a promising new method 
for evaluating the relative effectiveness of DMUs. Another study used PCA-DEA-Tobit to evaluate 
China’s logistics sector under the condition of carbon emission restrictions [17]. Significant 
geographical differences in logistics efficiency were discovered, with inadequate scale efficiency 
being the main issue. Efficiency in logistics was positively correlated with regional economic and 
logistical development, whereas government influence and energy structure were negatively 
correlated. 

More recently, Taletović and Sremac [18] applied the methods of PCA-DEA in their study on 
transportation companies located in Bosnia and Herzegovina. Initially the study defined six inputs 
and four outputs parameter. However, after applied PCA, the number of input and output 
parameters were reduced to two and one respectively before proceeding with efficiency 
measurement using DEA.  

 

1.2 Technical Efficiency using Data Envelopment Analysis (DEA) 
 
Prior studies have presented many approaches for assessing technical efficiency, including 

Stochastic Frontier Analysis [19], Neural Network Model [20] and Slack-based Measure [21]. 
Nevertheless, the most widely used method is Data Envelopment Analysis (DEA). The DEA method is 
a powerful tool for evaluating the efficiency of organizations [22]. This technique allows for 
comparisons across units that utilize numerous inputs to produce multiple outputs, resulting in a 
single measure of total performance. In addition to the measure, the DEA also provides targets for 
performance, potential improvements achievable through changes in scale, size, and/or resource 
allocation, and the identification of best practices and benchmark units. DEA has been employed in 
a wide range of settings, such as financial institutions [23,24], educational institutions [25,26], 
healthcare facilities [27,28], agriculture development [29,30], and many more.  

DEA also does not require making assumptions about the specific form of the production 
function. Therefore, it can be used to evaluate organizations with different production processes, 
and this ability is a major advantage in many cases. Another key advantage of DEA lies in its ability to 
measure multiple dimensions of performance. Therefore, DEA can be used to evaluate various factors 
affecting performance, such as cost, quality, and customer satisfaction. 

Since its invention in 1978, DEA has been extensively applied to the efficiency assessment of 
multiple input-output problems. Since then, researchers have been working on expanding the DEA 
model based on various theoretical and reasonable backgrounds. Many models, including radial and 
non-radial, static and dynamic, and single structure and network structure models, have been 
proposed. For instance, in a study, DEA and life cycle assessment (LCA) techniques were incorporated 
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into the methodology [31]. The objectives were to evaluate the operational efficiency of 30 grocery 
undertakings in order to set up operating and environmental benchmarks to optimise performance. 
Their research has shown that the LCA and DEA methodology can be used to evaluate environmental 
performance in the services sector. 

According to a finding by Tongzon et al., [32], similar countries that are integrating their 
international shipping sectors can learn from the ASEAN experience. Additionally, it advances 
knowledge of the many challenges and how these challenges may affect the efficiency of shipping 
and logistics companies. For example, Li and Qunxi, [33] used the DEA model to study the efficiency 
of the logistics industry in western China. The researchers found that Inner Mongolia and Ningxia had 
the highest efficiency, with an average comprehensive technical efficiency of 1. Guizhou, Guangxi, 
and Qinghai also had favourable development, with comprehensive technical efficiencies above 0.9. 
However, the remaining regions had comprehensive technical efficiencies below 0.9, indicating 
relatively low logistics efficiency in many western regions. 

In a recent study by Lee et al., [34], researchers used DEA to analyze the performance of logistics 
companies in Malaysia. They used the methodology of basic indicator approach (BIA) to incorporate 
operational risk variables in order to increase the operational efficiency and effectiveness of listed 
logistics companies. The study focused on 27 publicly traded logistics companies on Bursa Malaysia 
between 2010 and 2021. The researchers were able to determine the areas for improvement in 
underperforming businesses by using the DEA model. These findings provide insightful information 
for managers and practitioners. Another study was performed in Malaysia with a focus on corporate 
courier services [35]. The effectiveness and levels of client satisfaction of various courier services 
were examined using DEA. The study’s objectives were to assess client satisfaction with the services 
offered, evaluate the effectiveness of various businesses, and rank them accordingly. Pos Laju, City-
Link Express, J&T Express, and GD Express were chosen as the courier services in Hulu Terengganu to 
be used as the data sources. Pos Laju was found to be the most effective business, followed by City-
Link Express and J&T Express in second and third places, respectively. The least effective of the four 
services, GD Express, received the lowest efficiency rating. The outcomes were primarily affected by 
elements like assurance, empathy, and tangibility. 

Although numerous studies have been conducted on the application of PCA and DEA approaches 
in various application areas [36-38], so far, scarce research in Malaysia has deployed these 
approaches to measure performance, particularly in Malaysia’s logistics industry. Therefore, this 
study fills this gap so that the performance of this industry can be observed. 
 

2. Methodology  
2.1 Data Source 
 

This study used secondary data obtained from Bursa Malaysia due to its availability in the yearly 
financial reports of various logistics companies. To be listed on Bursa Malaysia, these logistics 
companies are evaluated based on other criteria. Examples of these include a widespread network, 
a substantial market share, strong financial performance, advanced technological skills, and efficient 
operations. The data covers the period from 2010 to 2020. The study focused on 14 Malaysian 
logistics companies as listed in Table 1 below to assess the efficiency and inefficiency of a group of 
DMUs. The PCA approach was employed to identify the most significant variable(s), and DEA was 
used to measure efficiency.  
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  Table 1   
  Listed Malaysian logistics companies 2010−2020 

Logistics companies Decision making unit (DMU) 

Ancom Logistics Berhad  DMU1 
Hubline Berhad DMU2 
Malaysia Airports Holdings Berhad DMU3 
Harbour-Link Group Berhad DMU4 
Malaysian Bulk Carriers Berhad  DMU5 
MISC Berhad DMU6 
MMC Corporation Berhad  DMU7 
Tiong Nam Logistics Holdings Berhad DMU8 
CJ Century Logistics Holdings Berhad DMU9 
Complete Logistics Services Berhad DMU10 
Freight Management Holdings Berhad DMU11 
Lingkaran Trans Kota Holdings Berhad DMU12 
See Hup Consolidated Berhad DMU13 
Suria Capital Holdings Berhad DMU14 

 
2.2 Principal Component Analysis (PCA) 
 

PCA is a statistical method used to identify patterns and relationships in data. PCA is defined as a 
multivariate approach that examines a data table in which observations are characterised by several 
interrelated quantitative dependent variables [12,39]. The key data extracted from the table is 
represented as a collection of new orthogonal variables called PCs, displayed as points on maps to 
show the pattern of similarity between the observations and the variables [13]. In the end, the PC 
outperforms the original data, simplifies the index system by reducing the complexity of the original 
multi-dimensional problem, and increases the efficiency of the study. The main PCA algorithm is as 
follows [17]: 

 

(1) Compute the covariance matrix. 
𝑋𝑖𝑗 is the j-th indicator’s observed value from the i-th province. In addition to 𝑋�̅� and 

√𝑣𝑎𝑟 (𝑋𝑗) being the sample mean and standard deviation of the j-th index, 𝑋𝑖𝑗 
∗ is the 

normalized index value. 

(2) Eigenvalues and Eigenvector calculation. 
The eigenvalues 𝜆1 ≥  𝜆2 ≥  𝜆3 ≥ ⋯ ≥  𝜆7 ≥  0  and the accompanying 
orthogonalization eigenvectors u1, u2, u3 are determined for the correlation matrix R for 
matrix (𝑋𝑖𝑗 

∗)𝑛×7. 

(3) Ranking and Selection of Principial Component. 
When 𝐸 ≥  80  , the minimum integer of m is regarded as the value of m, which is m when 
the number of principal components is 𝐸 ≥  80. The cumulative variance eigenvalue 

contribution rates are calculated as follows: 𝐸 =  ∑ 𝜆𝑚
𝑝
𝑚=1  / ∑ 𝜆𝑛

7
𝑛=1   

(4) Projection of the data. 
Following that, the first m main components are isolated: 𝐹 =  ∑ 𝑢𝑘𝑗𝑥𝑗  (𝑘 =7

𝐽=1

1,2, … 𝑚) 

(5) Interpretation and Analysis. 
The sum of the variance contribution rate and the weight coefficient, where 𝛼𝑘  is the 
variance contribution rate of the k-th principal component and 𝑦𝑘 is the k-th principal 
component, is then used to calculate the comprehensive evaluation index value 𝐸 =



Journal of Advanced Research in Applied Sciences and Engineering Technology 

Volume 55, Issue 2 (2026) 151-166 

156 
 

∑ 𝛼𝑘𝑦𝑘
1
𝑘=1  for each evaluated object. Finally, the logistics performance in each 

province/municipality is ranked according to the F value. 
 

2.3 Data Envelopment Analysis (DEA) 
 

DEA is a data-driven method for calculating the total factor efficiency of homogenous DMUs [40]. 
DEA can estimate the efficiency level of DMUs in the form of input and output ratio by using 
optimization techniques based on objective data of the evaluation object to derive the weight of a 
set of best input and output variables [41]. The DMUs are assessed for relative efficiency by 
contrasting the DMUs’ actual input-output data against the frontier’s projection data. Since it was 
first proposed, the DEA approach has found extensive use in numerous fields [33,42]. Many 
researchers have developed novel concepts and models for the DEA approach, such as the cross-
efficiency model, super-efficiency model, slack based measure (SBM) model, network structure 
model, and so on [1,43,44].  

The DEA theory approach was first introduced by Charnes et al., [41]. The CCR model was named 
based on the first letters of the three surnames of Charnes, Cooper, and Rhodes. According to the 
CCR model, scaling returns are constant (CRS). The assessed objects are represented by DMUs in the 
DEA technique. The CCR model can be thought of as virtually reducing several input/output problems 
to a single input/output problem based on the weights of the input and output variables. This single 
efficiency is measured for a specific DMU by using the virtual output to input ratio. The CCR model’s 
linear programming can be described as optimizing a single DMU’s efficiency with the restriction that 
the total efficiency of all DMUs does not exceed one. 

Eq. (1) is referred to as the DEA multiplier form, which is the envelope form that can represent 
its dual model. It is referred to as a comprehensive technical efficiency model since the CCR model 
assumes that the returns to scale remain constant and the technical efficiency obtained includes the 
scale efficiency component [41]. DEA models can also be classified as input-oriented, output-
oriented, or non-oriented based on how efficiency is measured. 

 

𝒎𝒂𝒙 𝒉𝒋 = ∑ 𝒖𝒊𝒚𝒊𝒋

𝒔

𝒊=𝟏

 
 

𝒔. 𝒕. ∑ 𝒖𝒊𝒚𝒊𝒌 − ∑ 𝒗𝒓𝒙𝒓𝒌

𝒎

𝒓=𝟏

𝒔

𝒊=𝟏

≤ 𝟎,    𝒌 = 𝟏, 𝟐, … , 𝒏  (1) 

       ∑ 𝒗𝒓𝒙𝒓𝒋 = 𝟏    

𝒎

𝒓=𝟏

 
 

       𝒖𝒊, 𝒗𝒓 ≥ 𝟎;     𝒊 = 𝟏, 𝟐, … , 𝐬;    𝒓 = 𝟏, 𝟐, … , 𝐦  
 

where 
 

hj = efficiency of DMUj 
ui = weight of output i  
yij =output i of the DMUj  
vr =weight of input r  
xrj =input r of the DMUj 
yik =output i of the DMUk 
xrk= input r of the DMUk 
s = max outputs, m = max inputs 
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This study focused on input orientation with the CCR model. For the input orientation, the 
assessment was on the movement of the input level towards the frontier via proportional reduction 
while the output level remained unchanged. In addition, the DEA-CCR model assumed constant 
returns to scale, enabling all observed production combinations to be proportionally scaled up or 
down [41]. 

 
3. Results 
3.1 Principal Component Analysis (PCA) Technique 
3.1.1 Identifying the extracted components 
 

One way to determine how many PCs to include in an analysis is to look at the eigenvalues. When 
comparing separate variables, each component is represented by a unit of variance. This means that 
when researchers use methods such as PCA, each component accounts for a certain amount of the 
total variability or dispersion in the dataset [45]. Eigenvalues are a measure of the variance of a PC. 
Components with eigenvalues greater than or equal to 1 are significant [46]. This means that the 
corresponding PC contains more information than any single variable alone. Therefore, all PCs with 
eigenvalues greater than 1 can be interpreted. To make a more informed decision about how many 
PCs to include, it is also helpful to consider the percentage of total variation explained by each PC. 
This is helpful in determining how much information each of the PCs is really capturing. 

Referring to the results in Table 2 (refer to the Total Initial Eigenvalues column), PCA extracted 
two PCs for each year from 2010 to 2020, except for 2015 and 2018, where only one PC and three 
PCs, respectively, were identified. For example, the PC with an eigenvalue greater than 1 explained 
about 89.125% of the total variance in the original data of 14 Malaysian logistics companies in 2010. 
The PCA results showed that the first PC (PC1) accounted for 71.735% of the total variance in the 
data. PC1 had high loadings on the variables of current assets, net fixed assets, current liabilities, 
operating income, and revenue. It also had low loadings on the variables of net asset per share and 
earnings per share. Next, the second PC (PC2) accounted for 17.39% of the total variance in the data 
(further details on these results are elaborated on in Section 4.1.3). Only PC1 and PC2 had eigenvalues 
greater than one. Hence, this study focused on PC1 and PC2 only as they were the only two PCs that 
accounted for significant variance in the data. The remaining PCs did not account for enough variance 
to be considered meaningful, and hence, they were not considered in the analysis. 
 
             Table 2 
             Total Variance Explained from 2010 until 2020 

Ye
ar

 

C
o

m
p

o
n

en
t 

Initial eigenvalues Extraction sums of squared loadings 

Total 
% of 
variance 

Cumulative % Total 
% of 
variance 

Cumulative % 

2
0

1
0

 

1 5.021 71.735 71.735 5.021 71.735 71.735 

2 1.217 17.390 89.125 1.217 17.390 89.125 

3 0.599 8.562 97.686    

4 0.143 2.049 99.735    

5 0.018 0.250 99.986    

6 0.001 0.013 99.998    

7 0.000 0.002 100.000    

2
0

1
1

 

1 4.821 68.873 68.873 4.821 68.873 68.873 

2 1.065 15.210 84.083 1.065 15.210 84.083 

3 0.790 11.279 95.362    

4 0.296 4.225 99.587    
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Ye
ar

 

C
o

m
p

o
n

en
t 

Initial eigenvalues Extraction sums of squared loadings 

Total 
% of 
variance 

Cumulative % Total 
% of 
variance 

Cumulative % 

5 0.026 0.369 99.955    

6 0.003 0.041 99.996    

7 0.000 0.004 100.000    

2
0

1
2

 

1 4.544 64.918 64.918 4.544 64.918 64.918 

2 1.292 18.452 83.370 1.292 18.452 83.370 

3 0.659 9.417 92.787    

4 0.486 6.949 99.736    

5 0.017 0.245 99.981    

6 0.001 0.019 100.000    

7 5.471E-6 7.816E-5 100.000    

2
0

1
3

 

1 4.840 69.141 69.141 4.840 69.141 69.141 

2 1.100 15.718 84.860 1.100 15.718 84.860 

3 0.669 9.561 94.421    

4 0.224 3.206 97.626    

5 0.164 2.339 99.965    

6 0.002 0.017 99.999    

7 6.275E-5 0.001 100.000    

2
0

1
4

 

1 4.211 60.151 60.151 4.211 60.151 60.151 

2 1.075 15.356 75.507 1.075 15.356 75.507 

3 0.959 13.696 89.203    

4 0.718 10.254 99.457    

5 0.037 0.524 99.980    

6 0.001 0.019 99.999    

7 6.820E-5 0.001 100.000    

2
0

1
5

 

1 4.680 66.852 66.852 4.680 66.852 66.852 

2 0.969 13.848 80.701    

3 0.808 11.549 92.250    

4 0.385 5.502 97.752    

5 0.151 2.159 99.912    

6 0.006 0.080 99.992    

7 0.001 0.008 100.000    

2
0

1
6

 

1 4.777 68.243 68.243 4.777 68.243 68.243 

2 1.173 16.764 85.007 1.173 16.764 85.007 

3 0.718 10.262 95.270    

4 0.244 3.479 98.748    

5 0.084 1.194 99.942    

6 0.004 0.057 100.000    

7 3.303E-5 0.000 100.000    

2
0

1
7

 

1 4.750 67.860 67.860 4.750 67.860 67.860 

2 1.078 15.406 83.266 1.078 15.406 83.266 

3 0.948 13.543 96.810    

4 0.174 2.491 99.301    

5 0.046 0.663 99.964    

6 0.002 0.022 99.987    

7 0.001 0.013 100.000    

2
0

1
8

 

1 4.009 57.267 57.267 4.009 57.267 57.267 

2 1.244 17.773 75.040 1.244 17.773 75.040 

3 1.012 14.463 89.503 1.012 14.463 89.503 

4 0.696 9.937 99.440    

5 0.033 0.474 99.914    
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Ye
ar

 

C
o

m
p

o
n

en
t 

Initial eigenvalues Extraction sums of squared loadings 

Total 
% of 
variance 

Cumulative % Total 
% of 
variance 

Cumulative % 

6 0.006 0.085 100.000    

7 3.298E-5 0.000 100.000    

2
0

1
9

 

1 4.079 58.274 58.274 4.079 58.274 58.274 

2 1.215 17.364 75.638 1.215 17.364 75.638 

3 0.836 11.940 87.578    

4 0.735 10.503 98.081    

5 0.130 1.851 99.932    

6 0.005 0.065 99.998    

7 0.000 0.002 100.000    

2
0

2
0

 

1 4.387 62.665 62.665 4.387 62.665 62.665 

2 1.311 18.732 81.397 1.311 18.732 81.397 

3 0.702 10.026 91.423    

4 0.397 5.668 97.090    

5 0.202 2.887 99.977    

6 0.001 0.015 99.992    

7 0.001 0.008 100.000    

 
3.1.2 Determining the significant PCs 

 
The PCs with the highest variance are typically chosen when performing the PCA. This method of 

selection aims to identify the PCs that account for the largest proportion of the variability in the initial 
dataset. The most significant patterns and structures in the data can be identified by choosing the 
PCs with the highest variance. These PCs show the dimensions along which the data points vary the 
greatest, enabling the study to minimize the dataset’s dimensionality while preserving as much data 
as feasible. This selection procedure helps in locating the main elements responsible for the dataset’s 
overall variability. 

 
Table 3 
Percentage variance from 2010 to 2020 
Percentage of variance (%) 

Year PC1 PC2 PC3 

2010 71.735 17.390 x 
2011 68.873 15.210 x 
2012 64.918 18.452 x 
2013 69.141 15.718 x 
2014 60.151 15.356 x 
2015 66.852 X x 
2016 68.243 16.764 x 
2017 67.860 15.406 x 
2018 57.267 17.773 14.463 
2019 58.274 17.364 x 
2020 62.665 18.732 x 

 

Table 3 shows the PCA results from 2010 to 2020 for the whole variable.  The analysis of the 
logistic companies’ data using PCA in 2010 revealed that PC1 accounted for the highest percentage 
of variance with 71.735 percent. PC1 also accounted for the highest percentage of variance in 2011 
(68.873 percent), 2012 (64.918 percent), 2013 (69.141 percent), 2014 (60.151 percent), 2016 (68.243 



Journal of Advanced Research in Applied Sciences and Engineering Technology 

Volume 55, Issue 2 (2026) 151-166 

160 
 

percent), 2017 (67.860 percent), 2018 (57.267 percent), 2019 (58.274 percent), and 2020 (62.665 
percent). For 2015, the only PC available for selection was also PC1 (66.852 percent). 

 
3.1.3 Determining the most important variable(s) 
 

Feature selection in PCA is the process of finding the most important features in a dataset for a 
specific task. PCA helps simplify the dataset by transforming the original features into new ones that 
are independent and ranked by their importance. This simplification makes the data easier to 
understand and can enhance the performance of machine learning algorithms. There are various 
methods for feature selection in PCA. One common approach is to choose the features with the 
highest loadings. Loadings measure how strongly a feature is correlated with the principal 
components. Teoh et al., [35] found that the variables that are most strongly correlated with the PCs 
also explain the most variance in the dataset. This means that these variables are the most important 
ones to consider when interpreting the results of a PCA analysis.  

Table 4 shows that five variables consistently displayed positive component loading values, 
indicating strong correlations across all 5 years from 2010 to 2020. These variables are current assets, 
net fixed assets, current liabilities, operating income, and revenue. Conversely, two variables, namely 
net assets per share and earnings per share, exhibited negative component loading values. 
Consequently, variables with negative values were excluded from the analysis. Thus, for the purpose 
of identifying technical efficiency in the performance of 14 logistics companies in Malaysia using DEA, 
this study chose to retain the five variables demonstrating high correlation values. 
  

Table 4 
Components loading between 2010 and 2014 
Year 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 
Component PC1 PC1 PC1 PC1 PC1 PC1 PC1 PC1 PC1 PC1 PC1 

Input (I)/Output (O)            

Current assets (I) 0.987 0.976 0.996 0.972 0.993 0.927 0.956 0.962 0.975 0.956 0.927 
Net fixed assets (I) 0.978 0.955 0.923 0.902 0.803 0.938 0.949 0.977 0.360 0.487 0.944 
Current liabilities(I) 0.991 0.971 0.980 0.983 0.949 0.956 0.948 0.949 0.971 0.955 0.929 
Operating income (O) 0.946 0.840 0.732 0.923 0.871 0.926 0.962 0.944 0.976 0.963 0.892 
Revenue (O) 0.996 0.990 0.985 0.981 0.878 0.918 0.977 0.992 0.987 0.959 0.907 
Net asset per share -0.221 -0.174 -0.351 -0.403 -0.313 -0.427 -0.302 -0.279 -0.218 -0.302 -0.383 
Earnings per share -0.417 -0.457 -0.335 -0.373 -0.227 -0.379 -0.307 -0.124 -0.098 -0.277 -0.096 

 
3.2 Technical Efficiency Measurement Score 
 

The efficiency of 14 logistics companies in Malaysia was measured using the DEA in R (deaR) 
online software. The results presented in Table 5 show that the efficiency scores ranged from 0% to 
100%, with higher scores indicating greater efficiency and 100% means that a company was operating 
at full efficiency. Regarding inefficient DMUs, for instance, in 2010, DMU2 was 45.2 percent 
technically efficient. This finding suggests that DMU2 could reduce its input by approximately 54.8 
percent while maintaining the current outputs of operating income and revenue.  

The efficiency of 14 logistics companies in Malaysia was analyzed from 2010 to 2020. Lingkaran 
Trans Kota Holdings Berhad (DMU12) is the only company that maintained a full efficiency score of 
100 percent throughout the entire period, indicating the efficient utilization of its resources. This 
finding is supported by the research done by Rusli et al., [47]. Despite using a different approach, the 
finding is still the same whereby Lingkaran Trans Kota Holding Berhad maintained full efficiency every 
year. One of the justifiable reasons for Lingkaran Trans Kota Holdings Berhad's being fully efficient is 
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its continuous and strong financial performance throughout the research period. The company has 
additionally broadened its market footprint, both within its own country and abroad, by developing 
a robust network of operations. In addition, Lingkaran Trans Kota Holdings Berhad has demonstrated 
a dedication to achieving operational excellence by streamlining transportation, warehousing, and 
distribution processes. Effective logistics operations enhance the efficiency and cost-effectiveness of 
services. 

 
 Table 5 
 Percentage of technical efficiency of 14 logistics companies in Malaysia 2010−2020 
DMUs 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 Average(%) 

DMU1 100 100 100 93.68 100 100 100 100 100 100 100 99.43 
DMU2 45.20 54.80 50.52 64.00 19.89 63.31 31.28 44.42 100 71.79 88.25 57.59 
DMU3 53.31 57.75 100 100 37.68 56.93 36.07 35.76 44.14 44.40 35.36 54.67 
DMU4 72.85 98.43 78.70 65.62 81.94 64.02 95.12 72.28 100 100 27.11 77.82 
DMU5 100 100 48.44 49.62 42.56 31.50 21.70 34.44 19.00 44.44 59.21 50.08 
DMU6 34.35 43.98 36.10 32.04 36.02 37.84 18.88 25.05 33.33 27.74 28.52 32.17 
DMU7 33.30 40.66 41.58 31.19 35.59 90.28 23.84 24.72 38.35 46.11 55.44 41.91 
DMU8 56.53 56.76 35.65 25.12 47.17 38.58 23.33 25.72 51.22 41.76 50.45 41.13 
DMU9 98.21 80.49 80.72 58.22 61.52 72.47 69.32 75.43 73.21 84.16 80.58 75.85 
DMU10 71.48 100 98.58 100 100 100 100 100 100 100 100 97.28 
DMU11 100 97.98 100 100 100 100 100 100 100 100 100 99.82 
DMU12 100 100 100 100 100 100 100 100 100 100 100 100 
DMU13 100 100 100 84.66 87.01 100 82.68 85.91 70.31 80.38 98.73 89.97 
DMU14 68.28 50.22 81.18 72.18 46.81 98.84 55.17 83.02 100 60.96 59.35 70.55 

Average(%) 73.82 77.22 75.10 69.74 64.03 75.27 61.24 64.77 73.54 71.55 70.21  

 
Five companies achieved a perfect efficiency score of 100 percent for 2010. The least efficient 

company in 2010 was MMC Corporation Berhad (DMU7), with an efficiency score of 33.30 percent. 
In 2011, some companies like Ancom Logistics Berhad (DMU1), Malaysian Bulk Carriers Berhad 
(DMU5), Lingkaran Trans Kota Holdings Berhad (DMU12), and See Hup Consolidated Berhad (DMU13) 
remained fully efficient with a score of 100%. Complete Logistics Services Berhad (DMU10) improved 
to a perfect 100 percent score from the previous year. However, CJ Century Logistics Holdings Berhad 
(DMU9), Freight Management Holdings Berhad (DMU11), and Suria Capital Holdings Berhad 
(DMU14) became less efficient with scores of 80.49 percent, 97.98 percent, and 50.22 percent, 
respectively.  

Some companies showed improvement from 2019 to 2020, including Malaysian Bulk Carriers 
Berhad (DMU5), MMC Corporation Berhad (DMU7), CJ Century Logistics Holdings Berhad (DMU9), 
and See Hup Consolidated Berhad (DMU13). However, the performance of others like Hubline Berhad 
(DMU2), MISC Berhad (DMU6), and Suria Capital Holdings Berhad (DMU14) declined. The rest of the 
companies maintained their scores.  

Figure 1 presents the average efficiency score of each company for 11 years from 2010 to 2020. 
Lingkaran Trans Kota Holdings Berhad (DMU12) stands out as the most efficient logistics company 
throughout the years, maintaining an average efficiency score of 100 percent.  

Conversely, MISC Berhad (DMU6) was the least efficient, with an average efficiency score of 32.17 
percent. This discovery offers a comprehensive framework for identifying elements that could 
potentially contribute to a company being seen as underperforming. According to the data analyzed 
in this study, the company is experiencing financial difficulties, including a decline in operating 
income. Difficulties in effectively managing financial resources may have a negative impact on the 
overall functioning of the company. Furthermore, this company may be experiencing operational 
inefficiencies, resulting in delays, blunders, or escalated expenditures in its logistic operations. 
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Inadequate operational performance has the potential to impact customer happiness and overall 
competitiveness, thus making it the least efficient. 

 

 
Fig. 1.  Average efficiency score of 14 logistics companies in Malaysia 

 
The findings can also be interpreted by looking at the yearly trend. Figure 2 depicts the shifts in 

the average technical efficiency scores from 2010 until 2020. The yearly scores fell in the range of 
61−77 percent throughout the years. The lowest efficiency score was recorded in 2016 with 61.24 
percent, whereas the highest efficiency was reported in 2011 with 77.22 percent. 
 

 
Fig. 2.  Average efficiency score yearly between 2010 and 2020 
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4. Conclusion 
 

Two analyses were performed to evaluate the efficiency of the logistic businesses in Malaysia. In 
the first step, PCA was used to identify the most important factors contributing to the Malaysian 
logistics industry’s performance. DEA was also employed to measure the technical efficiency of the 
Malaysian logistics industry. In PCA, we used the highest variance percentage, which was the first PC. 
From 2010 to 2020, the most significant variables in the first PC were current assets, net fixed assets, 
operating income, and revenue. The DEA results showed that Lingkaran Trans Kota Holdings Berhad 
scored 100 percent in terms of efficiency throughout the study period. MMC Corporation Berhad 
reported the lowest efficiency score of 36.46 percent. The efficiency scores for 2010 until 2020 
showed that 13 out of the 14 logistics companies were inefficient, with uneven efficiency scores 
throughout the study period. Based on the improvement table’s results, current assets, net fixed 
assets, and current liabilities will all need to be minimized to maintain the same number of outputs. 
Since the study was input-oriented, the areas where the input variables should be minimized were 
considered in order to achieve maximum efficiency. 

This work may provide a significant empirical contribution to the existing literature on logistic 
systems. Previous research has shown minimal integration between Principal Component Analysis 
(PCA) and Data Envelopment Analysis (DEA), making it particularly valuable in the Malaysian setting. 
Furthermore, this empirical evidence can provide valuable insights into the policies, rules, and 
regulations pertaining to enhancing organizational performance. 

For future research, the researchers wish to embark on determining the influence factors on the 
efficiency score. It can be conducted by using another model, such as regression analysis. Due to the 
ever-changing nature of the logistics industry, it is advantageous to examine how external factors, 
such as advancements in technology, changes in regulations, or shifts in the global economy, may 
have influenced the efficiency scores. This analysis will provide a more comprehensive understanding 
of logistic performance as a whole.  
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