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Abstract: Logistics plays an important role in globalized companies and contributes to the
development of foreign trade. A large number of external conditions, such as recession and
inflation, affect logistics. Therefore, managers should find ways to improve operational
performance, enabling them to increase efficiency while considering environmental sustainability
due to the industry’s large scale of energy consumption. Based on data collected from the financial
reports of top global logistics companies, this study uses a DEA model to calculate corporate
efficiency by implementing a Grey forecasting approach to forecast future sustainability values.
Consequently, the study addresses the problem of how to enhance operational performance while
accounting for the impact of external conditions. This research can help logistics companies
develop operation strategies in the future that will enhance their competitiveness vis-a-vis rivals in
a time of global economic volatility.
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1. Introduction

In this era of global competition, international trade has played an important role in developing
companies. For these countries, the provision of efficient transport infrastructure is critical to
support businesses in their efforts to contribute to sustainable development through their core
business activities. Key activities are those that physically connect a business to its supply chain
partners [12]. However, logistics connectivity can work as a driving force with regard to economic
growth, not only by facilitating the achievement of environmental targets, such as reducing
emissions, but also by supporting applied technology as a major factor that can help meet
sustainable development goals. These technology-related targets can be separated into three
categories: (a) significant overall technology performance improvement; (b) universal access to
sustainable technology; and (c) an effective global innovation system for sustainable development
[20]. Technology can help build on synergies among these goals, realize possible multiple benefits
and avoid barriers and conflicts. Strengthening national systems of innovation to accelerate
technology progress in industrial logistics is very important. If logistics connectivity is not fully
integrated into sustainability goals, companies will fall behind the global competition, and logistics
connectivity failures could decrease the likelihood of growth through trade.

Logistics investments not only link producers and consumers to create more productive
divisions, but also provide a key supply chain component that ensures the efficient movement and
timely availability of raw materials and finished products [28]. One major challenge is that
customers have become smarter in their choices and tend to expect low-cost, high-quality service, as
well as fast transportation timing, while the targets include reducing environmental emissions.
Fortunately, one of the potential solutions is the prediction of future developments in the shipping
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and logistics industry. Predicting a future development is a fundamental and important pursuit in
many fields, including economics, physics and engineering.

To obtain a reliable prediction, certain laws governing the phenomena of system development
must be understood through either natural principles or real observations [19,27]. Especially for
logistics companies, which operate in the field of transportation, forecasting the demand for
transportation plays a very important role. Accurate prediction helps companies allocate their
investments properly, meet demands for transportation, manage future income and costs, solve
supply chain problems and improve competitive advantages.

One of the biggest difficulties that businesses commonly face is the high cost of equipment
investment, transportation and fuel resources. Another difficulty is that the final outputs of a
transportation company, such as income revenue and relative costs, must be evaluated as a basis of
the proposed business plan for the following year. Transportation businesses, however, often pay
little attention to the prediction of these financial measures. Failing to make accurate predictions
increases the risk for businesses and causes them to miss opportunities that the market offers. What,
then, are the criteria commonly used to evaluate business operations and forecast future operation
activities? Considering this question, the authors were motivated to examine the topic with the aim
of helping transportation companies improve their performance evaluations and implementation of
forecasting. The results of this study can help businesses improve their competitiveness in the
international market.

2. Theoretical Foundation

2.1. Performance Management

Performance management is the process of improving the performance of organizations, teams
and individuals, driven by line managers [3]. Organizational performance has always exerted
considerable influence on the actions of the dynamic market [2]. Consequently, performance
management is recognized as an important part of the literature on manufacturing strategy.
Nowadays, performance management is evolving rapidly to a comprehensive framework of
sustainability criteria that focus on operational practices in the manufacturing sector and, more
specifically, the assessment of the sustainability performances of technological developments during
performance management. The concept of performance, as it is measured and evaluated, is
undergoing a transformation in modern business organizations and in business operations groups.
Performance management is the use of performance measurement information to effectively and
positively change organizational culture, systems and processes, by helping to establish
agreed-upon performance goals, allocating and prioritizing resources, advising managers to either
confirm or change current policy or programmed directions to meet goals and sharing the results of
performance. The most modern and dynamic industries are transnational, because they are the
result of an integrated system of global trade and performance. Therefore, there is a need to ensure
logistics connectivity, especially to developing countries, which will depend significantly on the
level of connectivity such countries have underdeveloped in their logistics networks. Performance
management emphasizes more focus on enhancing logistics connectivity in conjunction with greater
trade facilitation by interconnecting all modes of transport to offer seamless travel, better lead times,
less congestion, more job opportunities, greater movement of goods and an economic stimulus
package. To curtail logistics activity, there will be a need to highlight the immense benefits of
investing in sustainable logistics growth, which will bring forth the right combination of economic
and environmental benefits [1].

Sustainability in performance management is a market leading practice that helps customers
define and implement management strategies that create measurable improvements in
sustainability and business performance in logistics. Some companies did not have extensive
experience implementing sustainability performance management programs from strategy
definition all the way through deployment and operations. Thus, many companies are starting to
develop a more strategic approach to sustainability performance management. According to Searcy
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2012, corporate sustainability performance measurement must address issues associated with the
“triple bottom line” of economic, environmental and social performance. Thus, measurement
sustainability is defined as a system of indicators that provides a corporation with information
needed to help in the short- and long-term management, controlling, planning and performance of
the economic, environmental and social activities undertaken by the corporation [20]. That, in turn,
means that sustainability data can truly help management understand the levers that most influence
business performance in the logistics process. The net result of this full-fledged sustainability
performance management is that sustainability becomes an integral part of strategic planning.

2.2. Related Research about GM (1,1)

In industrial logistics, forecasting is an important determinant of operational performance,
although there have been few studies that have selected forecasting methods on that basis. A
dynamic grey forecasting method is proposed in this paper to improve forecasting accuracy. The
grey system theory, established by Deng in 1982, is a new methodology that focuses on the study of
problems involving small samples and poor information [7]. Grey model forecasting GM (1,N) is the
most widely-used central model, and discrete Grey models are a class of new models we initially
developed. Grey theory is a truly multidisciplinary and generic theory dealing with systems that are
characterized by poor information and/or a lack of information. The fields covered by Grey theory
include systems analysis, data processing, modeling, prediction, decision-making and control. Grey
forecasting models have been extensively used in many applications. The GM ( 1,1 ) is one of the
most frequently used grey forecasting models. GM (1, N ), proposed by Ren (2013), proved that
using a grey model to predict the yield of biohydrogen under scanty data conditions could give a
better predictability result than an artificial neural network approach [16]. Li [12] applied GM (1, 1)
to forecast electricity consumption effectively in the short term for Asian countries with a limited
sample size. This model is a time series-forecasting model, encompassing a group of differential
equations adapted for parameter variance, rather than a first order differential equation. Its
difference equations have structures that vary with time rather than being general difference
equations. Consequently, grey forecasting is a good tool for forecasting the values of the future
mutual relationship among these factors based on a small amount of data. In this research, the
authors applied a Grey model to forecast sustainability performance using past data to accurately
simulate future performance results. A new vision inside and outside of corporate sustainability has
also been researched, relating to the competitiveness business process for improving long-term
economic performance. Supporting motivations could include improved image and reputation, cost
savings, improved performance, improved competitiveness and reduced risk, among others.

2.3. Related Research about DEA

In this paper, a sustainability management performance evaluation methodology based on
DEA has been proposed as a non-parametric technique to measure the relative efficiency of firms,
which can incorporate multiple inputs and outputs at multiple stages and which results in a single
relative efficiency measure. Data envelopment analysis (DEA) is a nonparametric programming
technique used to treat problems of multiple inputs and outputs associated with multiple
decision-making units (DMUs). The DEA is used to establish a best practice group from among a set
of observed units and to identify the units that are inefficient when compared to the best practice
group [17]. Thus, for measuring sustainability, the most important advantages of DEA are that (a) it
provides clear and obvious standardization, ranking all units using a score from zero (worst
performance) to one (best performance) and (b) it allows economic data to be quantified and linked
to business performance if the case for sustainability is to be made and the benefits are to be realized;
these weights are defined by the DEA procedure in the computation of efficiency. Because
conventional DEA models are found to be ineffective in measuring the performance of various
transport-related functions, many multi-stage DEA models have been developed to account for
various indirect processes and their contribution to corporate performance. In the logistics industry,
competitors are continuously struggling to differentiate themselves from other companies in the
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market. Performance, as we have stated above, is about the future. The budget process is about
evaluating and selecting possible action plans that will help the firm achieve customer satisfaction in
the future.

DEA is an approach for sustainability measuring the relative efficiency of a “data-oriented”
approach for evaluating the performance of a set of peer entities called DMUs with multiple inputs
and multiple outputs, using mathematical programming. Additionally, the DEA has been
recognized as an excellent method for analyzing performance, modeling organizations and
evaluating operational processes, particularly when market prices are unavailable [6]. Techniques
developed to measure efficiency require the estimation of a production frontier against which a
firm’s performance may be evaluated in developing sustainable industrial logistics. Non-parametric
techniques do not specify the functional form of the frontier. Instead, these techniques establish a set
of segments linking efficient firms, which combine environmental efficiency comparing the rest of
the units. The main interest here is for choosing the DEA is that the technique does not predefine any
functional form for the production function and then, efficiency evaluation were designed to analyse
industries comprising multi-input multi-output producers in order to measure its contribution to
productivity [23]. In addition, it is not financially oriented in principle; instead, the objective is to
perform an analysis of the process of the transformation of inputs into outputs that generates a
measurement or set of measurements, which reflects the efficiency of a firm with regard to the
transformation process. The DEA has an additional advantage because it can incorporate any
number of inputs and outputs into the analysis. Further, these inputs and outputs can be of any
nature; the only requirement is the availability of a unit of measurement to assess its magnitude.

Some prior research constructed an efficient evaluation for a shipping industry with financial
indicators to evaluate performance [11]. Emmanuel Thanassoulis [18] used DEA to evaluate
efficiency in the education sector, which comprises multi-input, multi-output producers and lacking
data. The DEA method is also widely applied to analyze sustainability in the energy field; the DEA
approach was proposed by Ren to analyze sustainability efficiencies of biodiesel production
systems, including soybean, rapeseed, sunflower, jatropha and palm-based diesel production [17].
Ren [18] indicated that DEA was a novel and feasible method for finding efficient bioethanol
production scenarios. According to Andreas C. Soteriou [22], DEA was an effective model for bank
branch performance assessment in terms of internal customer service quality. The main purpose of
this research was to measure the operating efficiency of sustainable industrial logistics. We hence
propose a performance evaluation methodology based on DEA, which can incorporate multiple
inputs and outputs in multiple stages and which will result in a single relative efficiency measure.
DEA has not been used to compare subunits within a given transit organization. Herein, we
demonstrate the use of DEA for comparing a set of subunits that each performs the same activity
within its parent transportation agency [6]. Applying technological innovation is an important way
for enterprises to obtain sustainable competitive advantage [21]. The Malmquist productivity index
can be decomposed into two components measuring the change in the technology frontier and
technical efficiency (catch-up). Instead, these techniques establish a set of segments linking efficient
firms, which is combined environmental efficiency comparing the rest of the units. In this paper, we
further examine the two components to reveal sources and patterns of productivity change that are
obscured by the aggregated nature of the Malmquist index. It is shown that more information can be
derived from the individual Malmquist components. Our proposed new approach not only reveals
patterns of productivity change and presents a new interpretation along with the managerial
implication of each Malmquist component, but also identifies the strategy shifts of individual DMUs
in a particular time period. We can make judgments regarding whether such strategy shifts are
favorable and promising. The “strategy shift” here is characterized by changes in the isoquant. The
next section reviews how the DEA-based Malmquist productivity index works. We then present our
new Malmquist productivity approach in line with the profit-maximizing objective of the logistics
companies by measuring sustainability-oriented performance. Because it is the logistics companies
who decide on the level of inputs, a decrease in input levels resulting in an increase of technology in
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sustainability ~performance management should be profitable to achieve sustainable,
environmentally-friendly industrial logistics.

2.4. Collecting the Data of Logistics Companies

Armstrong & Associates, Inc., examined the top 25 logistics companies in the world [29].
Primarily, this study is based on public financial reports published by GuruFocus.com [30], which is
engaged in the business of financial news, commentaries, research and publishing. This website
contained the stock picks and portfolios of the world’s best investors. We eliminated incomplete
data with missing information, such as certain information in the year 2015 and certain data
regarding shipping logistics in 19 companies from Europe, Japan, America and Korea.

3. Methodology

3.1. Grey Forecasting Generation Theory

GM (1,1) is the central model that has been most widely employed, and discrete grey models
are a class of new models we initially developed [14].

Let X© =x©(1),x®(2),..,x»(n)) be a sequence of raw data. Denote its
accumulation-generated sequence by X = (x(V(1),xM(2), ..., xY(n)). Then, X© (k) + axP (k) =
b is referred to as the original form of the GM (1,1) model, where the symbol GM (1,1) stands for
“first order grey model in one variable”.

Let ZD = (z(l)(l),z(”(Z), ...,Z(l)(n)) be the sequence generated from X by the adjacent

neighbor means; that is, z(V (k) = %(x(l) k) + xV(k — 1)) Jk=23,...,n.Then, x@ (k) + az® (k) =
b (1) is referred to as the basic form of the GM (1,1) model.
Theorem: Let X(,X®, and Z() be the same as the above, except that X is non-negative. If

d = (a,b)" is the sequence of parameters:

x©(2) —zMW(©2) 1
x| p|-2P0B) 1
: ’ |

x(05(n) —z(i) n) 1

The least squares estimate sequence of the GM ( 1,1 ) model satisfies
a@ = (B"B)"*BTY [12]. Continuing all of the notations from Theorem 1, if [a,b]” = (BTB) '*BTY, then
dx®
dt
(1,1) is given below.

+ ax® = b is a whitenization equation of the GM (1,1).The time response sequence of the GM

b b
2O +1) = <x<0>(1) - E) e+ k=12,

The parameters (—a) and b of GM (1,1) are referred to as the development coefficient and
Grey action quantity, respectively. The former reflects the development states of £ and £(® [14].
In general, the variables that act upon the system of interest should be external or pre-defined.
Because GM ( 1,1 ) is a model constructed on a single sequence, it uses only the behavioral sequence
(referred to as the output sequence or background values) of the system without considering any
externally-acting sequences (referred to as input sequences or driving quantities). The Grey action
quantity in GM ( 1,1) is a value derived from the background values. It reflects changes contained in
the data, and its exact intension is grey. This quantity realizes the extension of the relevant intension.
Its existence distinguishes grey systems modeling from the general input-output modeling. It is also
an important test of the conclusions of grey systems and grey boxes.

3.2. Valuation Performances

Regarding the evaluation performance of the volatility model for forecasting, there are some
common approaches, including the root of mean square error (RMSE), mean absolute error (MSE),
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and mean absolute percentage error (MAPE). This paper uses MAPE to identify the Grey prediction
models with good performance; a small MAPE is defined as follows:

n

1
MAPE=—Z
n
k=2

where: x(® (k) = the actual value in time period k. 2@ (k) = the forecast value in time period k.
The grades of MAPE are divided into four levels, as shown in Table 1.

x©@ (k) — ,?(0)(;()

x 1009
O (k) %

Table 1. The grades of MAPE.

MAPE <10% 10%-20% 20%-50% >50%
Grade levels Excellent Good Qualified Unqualified

3.3. Malmquist Productivity Index

The Malmquist productivity index (MPI) was introduced by Caves in 1982 [4]. The researchers
expanded upon an idea of Malmquist (1953), who in a consumer context used ratios of input
distance functions to construct an input quantity index. Fare et al. [9] followed and developed the
work of Caves, Christensen and Diewert. They calculated an adjacent Malmquist productivity index
consisting of the geometric mean of two Malmquist indexes as defined by Caves, Christensen and
Diewert. Later, Berg introduced a base period Malmquist productivity index, which (except for the
fixed base period technology) is the same as one of the indexes defined by Caves [4]. Consequently,
they argue that one desirable property of an index covering a longer period of time is the possibility
to chain it; the index obeys the circular relation, and the price we must pay for the fulfillment of the
circular test seems reasonable [6]. If we use the base period Malmquist productivity index instead of
the adjacent index, we fulfill the circular test, but pay with base period dependency and with an
underlying reference to a fixed technology that might have nothing in common with the
technologies of the two periods under consideration.

Productivity measurement was an important research topic, and DEA introduced a useful
approach; productivity measurement in DEA was the Malmquist productivity index (MPI), which
was named after Malmquist, to give ideas for the MPI [3 ]. In addition, other scholars assumed that
Malmquist calculates the relative performance of a DMU in different periods of time using the
technology of the base period [9].

In this research, we adopted the theorem of Chen (2003) and selected n DMU; each DMU;(j =
1,2, ...,n) produces a vector of outputs y{ = (y{},...,ys;) by using a vector of inputs x{ = (x{}, ..., x)
at each time period ¢, t = 1, ..., t, which could be the CCR (Chames, Cooper and Rhodes) DEA model
as: 04, ¥8) = ming, 1 60,

st Doy A xf < 0px§,
Z?:llj ij 2 yg
A4 =0,j=1,.,n

where x§ = (xio, ..., x5o) and y§ = (yio, ..., ¥%) means input and output vectors of DMU,,
among others. Theorem is shown to be input-oriented, because it acknowledges that the possible
redial reductions of all inputs are fixed at current levels of the company [6].

If 65(x§,¥6) =1, then DMU, is (radially) efficient in time period t; otherwise, if 8§(x§, y8) <1,
then DMU, is (radially) invalid. We observe that: (i) if 85(x§,y§) = 1, then DMU, is on the empirical
production frontier (EPF); and (ii) if 6§(x§, ¥§) < 1, then DMU, can reduce its inputs, and therefore,
DMUj is operating below the EPF. Note that the possible non-zero input and output slacks are likely
to present at the optimal solutions.

Replacing x{ and y{ with x{** and y/*!, respectively, we have the technical efficiency of
0§t (x§t 1, yEt ) for DMU, at the time period ¢ + 1. From tto t + 1, DMU,'s technical efficiency
may change or the EPF may shift. Based on this model, the radial Malmquist productivity index can
be calculated via [9].

1 t+1
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(i) Comparing x§ to EPF at time t, calculating 6§(x§, ¥5);

(i) Comparing x§** to EPF at time t + 1, calculating 6§+ (x§**,y{* ') through the following

linear program:

06 1(x, y6) = ming,z;

st XFo 4xf T < 0yx;

?:1/1]%]“1 >yttt
/1] > 0,] = 1,...,7’1
The Malmquist productivity index is defined as Plj:
1

86 (x6, ¥0)00" " (%6, ¥5) z

Pl, =
O OGO IR Ly D

Ply measures the productivity change between periods t and t + 1. Productivity declines if
Ply > 1, remains unchanged if PI; = 1 and improves if Pl; < 1. Note that PI, is expressed by the
radial efficiency scores obtained from several input-oriented DEA models. Therefore, this Pl is
called the input-oriented radial Malmquist productivity index.

The following modification of PIl, makes it possible to measure the change in technical
efficiency and the movement of EPF for DMUj:

1
Pl = 65 (x5, ¥6) 05 16t Lyt 06t (x6, v |
ARG AREA) N TCT ARV AR BT CTRT)
The first term on the right-hand side measures the magnitude of technical efficiency change

between period t and t+ 1 and whether technical efficiency improves, remains or declines,
accordingly. The second term measures the shift in the EPF between periods t and t + 1:

ohesot) 4
95 + 1(x8+ l‘y(L" + 1)

We should note the possibility that two different period EPFs may have intersections. The facets
of EPF may not shift in the same direction; some facets may shift forward and some backward. In
this situation, the movement of EPF is DMU-specific. The Malmquist productivity index measures
the performance of a specific DMU in terms of the change or referent DMUs.

The selection of «; is independent of the corresponding input units. Possible choices of a; can
be a; =1/x;y and a; = x;0/ Xj-1%;;. However, if additional information (e.g., con ratios) is
available, then the lower bounds on multipliers can be used as weights «;.

. [24 . .
Furthermore, if v; =y o i=1,..,m, then Zﬁ:luryfj <4; j=1,..,n, where 4; =
0«~i=1
m aj

" | ——=m—— which can be interpreted as the weighted output for DMU; at time period t. Thus, we
P=1xf =14 /

may use Y-, Q, xfj to estimate un-normalized &, given the information on 4;. A; can be obtained
from additional information (e.g., the total expenditure for each DMU in a particular time period or

the prices on outputs).

3.4. Measuring Sustainability Performance

This study is concerned with the metrics that can accurately reflect sustainability performance
in logistics, utilizing the intellectual cost of goods sold, selling, general and administrative, equity
and current assets. The input variables adopted in this study are as follows: X1: cost of goods sold,
selling, general and administrative [24,26]; X2: total equity [13]; X3: total current assets [25], Y1: net
income [13], Y2: gross profit [4]; and Y3: operation income [4].
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4. Results and Discussions

4.1. Results and Analysis of the Grey Forecasting of the Input and Output Values for Logistics Companies

The author used the GM (1,1) model to predict the realistic input/output values of the top 19
logistics companies from 2016-2019. The crisis escalates from a problem in a few geographically
peripheral countries to a full-blown financial and sovereign debt crisis engulfing the core logistics
industry from the previous years, due to companies’ focus on investing in business transportation
goods. However, according to GM (1,1) forecasting and data, this article estimates the data value of
logistics companies from 2012-2019. An explanation follows.

The sequence of raw data X = (x(o)(l),x(o)(Z),x(O)(B),x(O)(4)) = (11,779,12,619,13,399,

14,197) simulates this sequence X(®) by respectively using the following three GM (1,1) and
comparing the accuracy of the simulation:

From x©@(k)+az®W(k)=b ; compute the accumulation generation of X
as follows:

XM = (x<1)(1),x(1>(2),x(1>(3),x<1>(4)) = (11,779,12,979,13,616.78,14,896.275).

©
We check the quasi-smoothness. From o® (k) = — (k) S it follows that ¢ (2) = 0.972,

Wk -1
oM (3) =0.984 and 0™ (4) = 0.953. Therefore, k > 3, ¢ (k) € 0.5;1] with ¢ = 0.9 (i.e., the law of
the quasi-exponential and the condition of quasi-smoothness is stratified). Thus, we can establish a

GM (1,1) model for X® . Using the adjacent neighbors of sequence, let ZW =
(Z(l)(l),z(l)(Z), ...,Z(l)(n)) be the sequence generated from X by the adjacent neighbor means
sequence 2 = (z0(2),20(3), 21 (3), 2V (4) ) = (18,286.5, 31,5664, 45,822.9).

In addition, matrix B and constant vector Yy are accumulated as follows:

—18,2685 1 12,979
B =(-31,5664 1|Yy= 13,616]
—45,8229 1 14,896

By using the least squares estimation, we obtain the sequence of parameters @ = [a,b]” as

1)
followsa = (BTB)™'BTY = [1 0.069 ] We establish the model Z— — 0.0698x™ = 11,604.3 and its

(
1,604.3 dt
. A~ — 0) _ 2 —a(k) 2 — 0) _ 11604.3 —(0.069)k 11604.3
time response form x(k + 1) (x @Y a) e +- (x ¢ —(_0.0698)) + Coocon) We

substitute  different values of k into the equation: k=1XW(1)=11979 ;
k=2XM(2) =2464986 ; k=3xXxM(3)=3845153 ; k=4xM(4) =5325132 ;
k=5x1(5)=69,12141 ; k=6X1(6)=286,13921 ; k=7XD(@7) = 104387.71;
k=8x1(8) = 123,955.92.

We compute the simulated values of X® in the original series according to the accumulated
generating operation by using £ (k + 1) = a®WzW (k + 1) — W (k):

X©(1) = xM(1) = 11,979 —forecast of the year 2012
X©12) = xM(2) — xM(1) = 12,870.86 —forecast of 2013
X©(3) = xW(3) — xM(2) = 13,801.67 —forecast of 2014
X©(4) = xW(4) — x(D(3) = 14,799.78 —forecast of 2015
X©)(5) = xW(5) — xM(4) = 15,870.09 —forecast of 2016
X©(6) = xW(6) — xM(5) = 17,017.79 —forecast of 2017
X©(7) = xW(7) — xM(6) = 18,248.5—forecast of 2018
X©(8) = xW(8)—xM(7) = 19568.21 —forecast of 2019.

Implementing the above computation process, the study could calculate the forecasting input
and output of all DMUs from 2016-2019. To measure the accuracy of our forecasting results, we
calculate the mean absolute percent error (MAPE) of each DMU from 2012-2015 (see Table 2); the
average forecasting error is hence computed as 1.2815%.
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Table 2. Average MAPEs of decision-making units (DMUs).

DMUs Average MAPE (%) DMUs Average MAPE (%)

DMU: 0.9462 DMUn 1.4125
DMU: 0.7709 DMUz: 1.227
DMU: 0.27 DMUss 0.6516
DMU:. 1.2972 DMUu 2.742
DMUs 1.983 DMUss 0.384
DMUs 0.505 DMUis 0.469
DMU:y 1.263 DMUy, 1.083
DMUs 1.4853 DMUss 1.65
DMUy 2.662 DMU1 0.588
DMU1o 3.0697
Average MAPE 1.2815%

The results shown in Table 2 indicate that the MAPE of DMUs is the lowest (0.27%), while the
maximum MAPE is 3.0697% (DMUuo). According to Liu [15], if the average residual error is below
10%, the forecasting process is highly reliable. Table 1 shows that all 19 DMUs have a MAPE smaller
than 10%, which means that the forecasting process is very accurate. Consequently, GM ( 1,1 )
proves to provide a highly accurate prediction. The detailed forecasting results can be found in
Appendix A and Appendix B.

4.2. Logistics Companies’ Productivity Changes: The Malmquist Productivity Index and Its Decomposition

To understand the trend in the transportation (logistics and trucking) industry’s logistics, this
study analyzed changes in productivity during a four-year period for each company using the
Malmquist productivity index calculated by DEA-Solver Pro 5.0 Software.

4.2.1. Components of the Malmquist Productivity Index: Catch-Up Efficiency Change

We began by presenting the results of change values for the sustainability efficiency of logistics
companies, followed by a measure of productivity growth (MPI). The results of the changes in the
catch-up of logistics companies are shown in Table 3 and Figure 1.

Table 3. The Malmquist productivity index catch-up efficiency change.

Catch-up 2012-2013 2013-2014 2014 - 2015

DMU: 1.038 0.883 1.251
DMU: 1 1 1
DMU:s 1 1 1
DMU. 1.097 1.108 1.126
DMUs 1.086 1.097 0.919
DMUs 0.949 0.991 1.193
DMU~ 0.941 0.903 1.149
DMUs 1 1 1
DMUy 0.866 0.758 0.976
DMUuw 0.951 0.932 1.253
DMUu 0.863 0.964 1.114
DMU1 1 1 1
DMUs1 1 1 1
DMUu4 1.092 1.093 0.951
DMUs1s 1 0.854 1.001
DMUj1s 0.993 0.905 1.042
DMUy1, 0.945 0.869 1.026
DMUs1s 1 1 1

DMUi1 1.107 0.997 1.146
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Figure 1. Catch-up efficiency.

The change in technical efficiency is defined as the diffusion of best-practice technology in the
management of the activity and is attributed to investment planning, technical experience and
sustainability management and organization in the logistics company. According to Figure 1,
between 2012 and 2015, the average rise in the catch-up criteria stood at 1.0075, a slight increase of
0.75% in the Malmquist index. On the other hand, the Malmquist index of catch-up criteria from
2012-2013 is 99.62%. This means that logistics companies do not focus on technical efficiency in
terms of freight transportation as long as the economic crisis remains unresolved. The figure shows
that the average index of 2013-2014 was lowest (a decrease of 3.02%), but rose by 6.44% in the year
2015. It indicates that companies invested more in technology to support goods transportation in
sustainability logistics. It is also noticeable that in a period of three years (2012-2015), eight out of 19
companies had Malmquist index values higher than one. Of these eight companies, DMU.
accounted for the highest Malmquist index (1.110649), a rise of over 11%. This led to growth in the
Malmgquist index of the catch-up criteria in this period.

4.2.2. Components of the Malmquist Productivity Index: Frontier-Shift

The next diagram, the change values for transportation level, shows the trend of the change
index frontier-shift or innovation effect. This component captures the effect of the frontier
individual sustainability global logistics companies and the effect of technical change on
productivity change. The annual frontier efficiency index for each company is shown in Table 4 and
Figure 2.
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Table 4. The Malmquist productivity index frontier-shift.

Frontier 2012-2013 2013-2014 2014 - 2015

DMU: 0.966 1.088 0.966
DMU: 1.015 1.026 1.036
DMU:s 0.982 1.021 1.022
DMU: 0.997 1.065 0.968
DMUs 0.958 1.093 0.995
DMUs 1.000 1.063 0.967
DMU:> 0.993 1.066 0.967
DMUs 0.989 1 1
DMUs 0.995 1.063 0.973
DMUio 0.952 1.130 0.943
DMUn 0.959 1.136 0.960
DMUz 1.039 1.058 0.940
DMU1 1.027 1.003 0.983
DMUu 0.989 0.917 0.998
DMUss 0.959 1.136 0.960
DMUis 0.997 1.063 0.968
DMUr 0.993 1.062 0.968
DMUs 0.971 0.953 0.952
DMU1s 0.997 1.063 0.968
1.15
»"< —e—DMU1
—=—DMU2
——DMU3
——DMU4
—#—DMU5
—e—DMU6
——DMU7
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Figure 2. The Malmquist productivity index frontier-shift.
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The application of advanced technologies is one of the primary factors that determines a
logistics company’s existence. Thus, logistics companies should focus on equipment and new
technologies. As for Figure 2, the average increase in the Malmquist index of logistics companies
was 1.0056 from 2012-2015. In other words, there was a marginal rise of 0.56% in the Malmquist
index over this period. The reason for this is that the Malmquist index is 98.83% in 2012-2013 and
increases by 6.455% (2013-2014), but drops by 7.739% between 2014 and 2015. From 20142015, 16
out of 19 companies had a Malmquist index of frontier-shift higher than one. These differences
reveal that some companies were not yet concerned about the frontier-shift and did not invest in
new technologies (methodologies, procedures and techniques) or upgrading the commensurate
skills.

As a result, most of the companies focused on applying techniques for effectiveness in
sustainability goods transportation, and this investment helped them mitigate the risks of goods
shipping. The investments in equipment also helped companies have better transportation systems
and bring the best service quality to customers.

4.2.3. Productivity Changes: The Malmquist Productivity Index and Its Decomposition

Productivity change is an overview of elements, such as technology, environment, economy,
policy and sustainability, which have a great impact on goods transportation. This study applies the
Malmgquist productivity index to interpret productivity changes in the top 19 logistics companies in
the world as shown in Table 5 and Figure 3 below.

Table 5. The Malmquist productivity index and its decomposition.

Malmquist 2012 -2013 2013 -2014 2014 - 2015

DMU: 1.003 0.961 1.209
DMU: 1.015 1.026 1.036
DMU: 0.982 1.021 1.022
DMU4 1.094 1.180 1.090
DMUs 1.041 1.199 0.914
DMUs 0.948 1.054 1.154
DMU> 0.934 0.963 1.111
DMUs 0.989 1 1

DMUs 0.861 0.806 0.949
DMU1o 0.905 1.053 1.182
DMUu 0.827 1.096 1.070
DMUz» 1.039 1.058 0.940
DMU1s 1.027 1.003 0.983
DMUu 1.081 1.002 0.949
DMUs 0.959 0.970 0.961
DMUs 0.991 0.962 1.009
DMUz1» 0.938 0.923 0.993
DMUs 0.971 0.953 0.952

DMU 1.104 1.060 1.108



http://dx.doi.org/10.20944/preprints201608.0204.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 August 2016 doi:10.20944/preprints201608.0204.v1

13 0f 18

1.25 ~
——DMU1

——DMU2
—4—DMU3
== DMU4
—¥=—DMU5
—e—DMU6
—+—DMU7
——DMU8
DMU9
DMU10
—=—DMU11
—&—DMU12

: DMU13
DMU14
: DMU15
W DMU16
0.85 ——DMU17
DMU18

0.8

’ ' ‘ DMU19
2012 - 2013 2013 - 2014 2014 - 2015

Figure 3. The Malmquist productivity index and its decomposition.

The Malmquist Productivity Diagram 3 shows the trend of the change index over the period
2012-2015. Figure 3 displays the calculated annual productivity changes in the logistics and
shipping industry worldwide, as represented by the Malmquist out-based productivity in DEA. As
noted earlier, a greater-than-one Malmquist productivity index denotes improvement in the
sustainability performance of transportable management in the logistics industry. In the period of
2012-2013, the average Malmquist productivity index fell to its lowest point (98.47%). In the period
of 2014, the index rose by 3.04% compared to the period of 2012-2013; between 2014 and 2015, this
index increased 1.82% against the 2013-2014 time period in the Malmquist productivity. Of the 19
companies, 10 had a Malmquist index larger than one. DMU: accounted for the highest growth, at
20.91%, and DMUs amounted to the lowest fall, at 8.58%. This fact suggests that these companies
need to increase production in the logistics industry.

Therefore, on average, logistics productivity change was due to improvements in innovation
efficiency rather than technical efficiency in sustainability performance evaluation. As a whole, the
innovation in technology growth of the logistics industry over the past four years was positive. In
general, efficiency change slightly influenced technical change in terms of contribution to MPI
improvement. However, both catch-up and frontier (innovations) effects were predominantly
attributed to the global shipping logistics industry productivity growth.

5. Conclusions

Sustainability performance management plays an important role in logistics systems, and its
activities appear in various sections of logistics processes. Without the linking of sustainability
performance management in transportation, a powerful logistics strategy cannot achieve its
potential. A review of logistics systems in a broad sense might help raise the advantages of different
application cases in overcoming their current disadvantages. Additionally, the review of
transportation systems provides a clearer idea of transportation applications in sustainability
logistics activities. The development of logistics will still be vigorous in the following decades, and
logistics concepts might be applied in additional fields. To be profitable, logistics companies must
improve sustainability in transportation; low transportation costs are proportional to the enterprise
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profits and help companies enhance their competition in the sustainability logistics industry. To
lower transportation costs, companies should improve management efficiency; consequently,
estimating management efficiency is crucial. Based on this evaluation, managers can understand the
weaknesses and strengths of their companies and develop suitable strategies.

This research focuses on the relationship between sustainability performance and performance
management in the logistics industry using GM ( 1, 1 ) and the DEA as empirical instruments and
through literature reviews, data collection, GREY analysis and DEA analysis. The existing practice of
examining several single input/output comparisons provides an accurate picture of the true strategic
sustainability performance evaluation value of freight transportation to senior executives. The
research results suggest that performance management, with investment in technology, quality
improvement and structural management, is a primary source of competitive advantage. This study
argues that sustainability performance management is a necessary strategic tool for use against
competitors. Emphasis on intellectual capital can help firms implement new initiatives for
enhancing their performance. Logistics is a major industry; measuring the sustainability
performance and competitiveness of each company will enable firms in this industry to examine
whether they have managed vital intangible assets efficiently. The above discussion recommends
that firm managers increase firm liquidity to an adequate level, use operation management
restructuring to lower the leverage from external conditions, transport goods in a shorter time and
collect invoices, letters of credit and process documents from customers more quickly, to improve firm
sustainability performance.

This study tries to fill the gap of previous ones, but this research also has some limitations,
which could be addressed by future research. First, due to the small size of each industry sample, we
could not incorporate many performance drivers and outcomes in the current study. Second, due to
the lack of data about the logistics industry, the study only used measures of the sustainability
performance management cycle, while the cargo traffic conversion cycle was considered a very
important measure of the performance management cycle in other literature. Finally, the researchers
used six dimensions to measure firm sustainability performance, while there are many ways to
measure it, such as gross operating profit, stock return and return on capital employment. Those
different measures provide distinct perspectives that enable a deeper analysis. Therefore, future
research should fill this research gap by generalizing findings using larger sample sizes in order to
have a more general, imperative vision and provide solutions for enterprises. More measures of
sustainability firm performance management, as well as measurement performance components
should be applied in future research to produce a better evaluation.
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Appendix A
Table Al. Forecasted Input-Output Values of the Transportation Industry from 2016-2017. Currency unit: millions of U.S. dollars.
Inputs Output
Expenses Equity Current Asset Net Income Gross Profit Operating Income

DMU 1 2 3 1 2 3

2016 2017 2016 2017 2016 2017 2016 2017 2016 2017 2016 2017
DMU: 15,870 17,018 1838 1692 3970 3904 706 749 6258 6313 926 985
DMU:2 37 39 62 66 34 36 9 10 6 6 9 10
DMU:s 53,047 86,709 4056 4123 13,384 13,429 4047 4132 44,447 46,531 6467 6581
DMU. 6195 6459 1650 1511 2097 1982 471 504 2307 2482 766 829
DMUs 1058 979 587 543 1203 1096 30 32 361 347 42 45
DMUs 43,211 44,518 6571 6777 11,022 11,074 2173 2424 11,491 12,103 3580 3968
DMU- 2174 2190 1178 1270 1536 1536 124 129 462 470 159 166
DMUs 78 81 1650 1511 19 20 12 13 19 20 7 8
DMUs» 510 620 536 752 495 639 30 36 119 133 14 16
DMU1o 352 348 105 95 100 90 8 8 164 158 12 12
DMUn 26,887 27,158 6717 6689 3887 3656 138 133 6776 6890 533 486
DMU1 3242 3265 1443 1640 25 24 118 117 187 185 262 297
DMU1s 183,874 196,622 138,791 150,817 81,345 86,370 14,207 15,015 27,393 28,798 19,250 19,346
DMUu 1105 1053 323 498 276 283 13 12 89 86 42 48
DMU:1s 3316 3415 2950 3083 2961 3098 164 174 4630 4677 375 385
DMUs1s 7316 7803 1666 1730 1605 1675 201 206 708 720 337 347
DMU 3917 4052 1309 1388 1458 1552 130 133 469 498 205 219
DMUs 3536 3748 7178 6805 703 669 264 242 494 581 110 116

DMU1 16,236 17,062 4554 4605 5765 5704 319 327 1380 1489 596 640
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Appendix B
Table B1. Forecasted Input-Output Values of the Transportation Industry from 2018-2019. Currency unit: millions of U.S. dollars.
Inputs Output
Expenses Equity Current Asset Net Income Gross Profit Operating Income

DMU 1 2 3 1 2 3

2018 2019 2018 2019 2018 2019 2018 2019 2018 2019 2018 2019
DMU: 18,248 19,568 1558 1435 3839 3775 796 845 6370 6426 1047 1113
DMU:2 40 42 70 74 37 39 11 12 7 8 10 11
DMU:s 53,047 86,709 4191 4260 13,474 13,520 4219 4308 48,713 50,997 6697 6815
DMU. 6734 7020 1384 1267 1874 1771 540 578 2670 2872 896 969
DMUs 906 838 503 465 998 908 34 36 333 320 48 51
DMUs 45,865 47,252 6989 7208 11,127 11,180 2703 3015 12,748 13,427 4399 4877
DMU- 2206 2223 1369 1476 1536 1280 134 139 478 486 174 182
DMUs 83 86 1384 1267 22 23 14 15 22 24 8 9
DMU» 752 914 1054 1478 826 1067 41 48 148 165 18 21
DMU1o 343 339 87 78 81 73 8 8 153 147 12 11
DMUn 27,433 27,709 6662 6634 3438 3234 128 123 7006 7124 443 403
DMU1 3288 3311 1864 2119 23 23 115 114 182 180 337 381
DMU1 210,254 224,831 163,884 178,084 91,704 97,369 15,870 16,774 30,274 31,827 19,442 19,538
DMUu 1004 957 770 1191 290 297 11 9 82 79 55 62
DMU:1s 3518 3623 3222 3368 3241 3390 185 197 4724 4771 396 406
DMUss 8321 8875 1796 1865 1747 1823 211 217 733 745 357 368
DMUr 4192 4337 1472 1561 1651 1758 135 138 528 560 233 248
DMUis 3973 4211 6452 6117 638 607 221 203 683 803 123 130

DMU1 17,929 18,841 4656 4707 5642 5582 334 343 1606 1732 687 737
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