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Abstract: Balancing economic development with environmental protection has become a critical
concern worldwide. However, along with the highly competitively global marketplace, economic
factors are known to directly affect an enterprise’s development and its future business. Therefore,
selecting the right partner for sustainable collaboration that will lead to improved business
performance and reduce carbon dioxide (CO2) emissions is a significant problem for many enterprises.
In addition, investigating the economic impact of companies that are charged to protect the
environment is becoming increasingly problematic. Thus, the purpose of this paper is to evaluate
the comparative efficiencies of 16 Green Logistics Providers (GLPs) in the USA from 2012 to
2015, and the projected four-year period of 2016–2019, by means of an integrated approach that
combines the grey forecasting model GM (1,1) and Data Envelopment Analysis (DEA). The results
show that there are two GLPs, Knight Transportation and the Union Pacific Corporation, that
possess a higher efficiency level and are achieving positive technical change. However, this
study also determined that Hyster-Yale Materials Handling and CSX Corporation did not reach
an acceptable efficiency score; therefore, they should improve technical efficiency to mitigate
environmental concerns. This completely integrative methodology has the potential to provide
the best decision-making strategies for finding suitable collaborative partners who are able to meet
the sustainability requirements in most economic and environmental areas.

Keywords: data envelopment analysis; sustainable development; grey forecasting model; green
logistics providers

1. Introduction

Logistics providers play an increasingly important role in maintaining business competitiveness
and sustainability, as well as demonstrating social responsibility [1]. However, the U.S. Environmental
Protection Agency [2] estimated that nearly 26% of all greenhouse emissions in 2014 resulted from
transportation and logistical activities. On the other hand, the logistics industry as a whole has
demonstrated its concern to be of equal strategic involvement in achieving lowered CO2 emissions
while sustaining positive economic development. The way forward begins by recognizing that the
logistics industry itself is a major source of CO2 emissions, accounting for a 13.1% portion of global
greenhouse gas emissions. In 2011, China, the United States, India, the Russian Federation, Japan,
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Canada, and the European Union were the top carbon dioxide (CO2) emitters. Emissions are formed
from fossil fuel combustion, cement manufacturing, and petro-gas flaring. In an effort to tackle global
warming issues, the logistics industry has proposed implementing and then enforcing consistent
environmental measures, especially in the U.S. logistics industry [3].

Facing the economic downturn, the efficient use of natural resources has become essential for
sustainable growth [4]. Logistics providers with integrated economic and ecological objectives can
help reduce the undesirable impact on the environment by reducing the amount of carbon dioxide
emissions created and improving operations efficiency [1]. Seroka [5] pointed out that, in the past, firms
coordinated their logistics activities including freight transport, warehousing, packaging, materials
handling, data collection, and management to reach customer requirements at minimum cost. However,
nowadays, because of the evident environmental impact, some companies have incurred external
costs of logistics related with the environmental problems, such as climate change, pollution, and
noise abatement. As a result, logistics providers are frequently demanded to improve their green
qualifications and sustainability capabilities in order to support the environment [4].

The importance of doing business with logistics firms that demonstrate a real commitment to
sustainability in economic and green best practices in their supply chain cannot be underestimated.
Concept awareness of sustainability has become increasingly important for organizations, and
has permeated a number of managerial and organizational decisions, especially in the logistics
industry [6,7]. The sustainable improvement of logistics calls for actions that lead to the highest
economic and social benefits while reducing environmental losses. However, in the long term, these
activities deal with challenges of sustainable development [8]. As a result, Van Marrewijk and Were [9]
stated that each organization should choose its own specific ambition and approach regarding corporate
sustainability in order to match the organization’s aims. Therefore, it is significant to consider economic
factors in green logistics providers’ (GLPs) operations and evaluate the economic sustainability of
GLPs in light of such considerations.

As this study has previously mentioned, it is necessary to understand a company’s past, current,
and future process performance to assess improvement options. Thus, the purpose of this research
is to evaluate and forecast the operational performance of 16 green logistics companies in the U.S.
logistics industry in order to assist potential investors/shareholders in choosing a suitable logistics
partner to improve their own business performance and reduce direct impact on climate change. We
have used a super slacks-based model (super SBM) model for ranking companies, and have followed
it with a Malmquist index to measure the efficiency change, technical change, and productivity change
during the past four years, 2012–2015, and for the next four-year period (2016–2019) of forecasting.
Finally, with a combined DEA and grey method, this paper has identified the optimal green logistics
partnerships and their competitiveness levels within the period 2012–2019. Furthermore, the study
also provides useful information for decision makers on selecting suitable partners under the condition
of economic benefits for sustainable development.

The organization of this paper is as follows. The next section presents the literature review as
it relates to green logistics, economic sustainability, the proposed grey GM (1,1) model, and DEA.
Section 3 explains the research methodologies employed. Section 4 provides the empirical results,
discussions, and conclusions resulting from this study.

2. Literature Review

2.1. Green Logistics Providers

Logistics focuses on the transfer of goods, sharing information, and the coordination of this
overall process. Moreover, the logistics process mostly focuses on optimization, reducing costs,
increasing delivery speed, and gaining maximal revenue [10]. However, “green” logistics providers
(i.e., environmentally responsible and sustainable) have also been identified as an important factor in
the environmental and supply chain strategies of a large number of companies of late. Many studies
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exploring different aspects of green logistics providers can be found in the literature [5]. Green logistics
providers are involved with producing and distributing goods in a sustainable way, taking into account
the surrounding environmental and social factors [11]. Similarly, Chunguang et al. [12] pointed out
that green logistics providers describe the demand of logistics activities involving environmental
protection and economically sustainable development. Moreover, green logistics providers can lead to
lower inventory levels, reduced logistics cost, increased revenue, improved customer service, enriched
information for reverse logistics, and an enhanced corporate image [13]. Green logistics providers
include green supply chain management. This takes into account environmental problems and
incorporates them into the overall supply chain to change the environmental performance of providers
and customers [14]. In addition, environmental issues are known to impact numerous logistical
decisions throughout the supply chain, such as determining locations, sourcing raw materials, selecting
modal segments, and planning of transport, among others. Due to these and many other concerns,
many scholars seem to be concerned about either investigating ways to attain environmentally
sustainable logistics practices or identifying the approaches considered most cost-effective for achieving
and responding to environmental issues in logistics providers [15].

In a nutshell, how to grow the economy while still protecting the environment is one of
the formidable challenges facing logistics providers. Therefore, interest in how to evaluate the
financial performance of green logistics companies is increasing dramatically. This is especially
true since assessing the effectiveness of traditional logistics providers simply cannot meet the current
requirements of balancing sustainable economic growth with environmental responsibility.

2.2. Economic Sustainability

Sustainability involves the consideration of three factors: the environment, society, and
economic sustainability. However, all company managers need to understand more thoroughly
what sustainability entails to make business survive, what finance directors need to know, and what
consideration should be given when a company sees that things are failing [16]. Thus, many researchers
have done thorough studies to identify economic factors to address green supplier selection problems,
and their findings are summarized here:

Lee et al. [17] mentioned that financial, quality, organization, technology capability, green image,
pollution control, and environment management are criteria for assessing traditional suppliers and
green suppliers. Kuo et al. [18] pinpointed cost, quality, delivery, services, environment and corporate
social responsibility as the most important criteria in green supplier selection. Kannan et al. [19] noted
that price, quality, service, environmental protection, and green products are the main criteria for
selecting the best green supplier. Financial performance is one of the important factors for green
supplier selection [20–23]. Similarly, Chung et al. [24] named the top five considerations among
the overall sustainability criteria of a company to be finance, environmental benefit, environmental
regulations, technological competence, and delivery time. Moreover, based on the literature review
conducted by Flower and Hope [25], the economic dimension actually accounts for 30.6% of corporate
sustainability assessment criteria. Lee and Kim [26] stated that the challenge for managers of logistics
and supply chains in embracing sustainability is how to link, balance, and solve environmental
performance issues with sound business practices.

While previous studies have made important contributions to the literature, they mostly indicate
that economic criteria remain important factors to consider in partner selection. In this study,
sustainability criteria were determined separately from economic factors to evaluate the financial
performance of green logistics companies. Because of economic criteria’s capacity to give a clear
picture of a company’s operations, these results will help investors identify the business performance
of logistics companies and allow them to choose a responsible partner for sustainable collaborative.
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2.3. Proposed Grey GM (1,1) Model

The grey system theory, originally put forward by Deng [27], focuses on an uncertainty model
and how information insufficiency in analyzing and understanding systems affects research on
conditional analysis, forecasting, and decision-making. Li et al. [28] established the dynamic grey
linear programming model for the optimization of industrial structure in China’s Shanxi Province
during the period from 2015 to 2020. Wen [29] integrated grey numbers with grey models to forecast
shipments for supply chain collaborative transportation management. Li and Wang [30] proposed a
grey forecasting model based on the neural network and Markov chain to forecast electricity demand
during peak periods. Geng et al. [31] used a GM (1,1) model and a grey dynamic fuzzy Markov
prediction model to forecast biofuel production in China for 2010 to 2013. Wu and Wang [32] used grey
system theory in quality function deployment to analyze customers’ dynamic and future requirements
instead of using static and present customer needs. Huang et al. [33] employed a grey model to forecast
the trends of Taiwan’s electronic paper industry.

In this study, the grey GM (1,1) model is proposed to forecast the economic performance of GLPs
for the period of 2016–2019. From forecasting results, we are able to know which companies are doing
well in business. Thus, concerned enterprises may have reason to make an informed decision regarding
the selection of a partner, aiding with the achievement of long-term development goals.

2.4. Proposed Data Envelopment Analysis Method

Data Envelopment Analysis (DEA) is a relatively new “data-oriented” approach used for
evaluating the performance of a set of peer entities, namely Decision-Making Units (DMUs), which
convert multiple inputs into multiple outputs [34]. DEA can be used in cases that have been resistant to
other approaches due to the complex nature of the relations between the multiple inputs and multiple
outputs involved. The relative importance of corporate sustainability by DEA requires an empirical
investigation that will confirm that investors must pay more serious attention to a company’s green
image and to the reality of long-term sustainability rather than short-term profit [35]. A large number of
studies have therefore employed DEA to evaluate logistics providers [36–41]. Singhal and Singhal [42]
described the usage of DEA for purposes of supply chain management. They indicated that DEA could
identify DMUs on an efficiency frontier. Moreover, Marschall and Flessa [43] applied DEA to assess
the efficiency of rural health centers in Burkina Faso. Sun and Stuebs [44] used DEA to measure firm
productivity in the U.S. chemical industry. Similarly, Lin et al. [45] applied DEA to estimate energy
consumption related to transport modes in China. Each organization can apply suitable weights to
attain a set of performance measures and present decision makers’ preferences by using DEA [46].
In addition, Lo and Lu [47] approved that the slacks-based measure (SBM) deals directly with input
excesses and output shortfalls (slacks). Intertemporal efficiency change, which is decomposed into
“catch-up” and “frontier-shift” effects, is analyzed by means of the SBM-based Malmquist index.
Pang et al. [48] applied a DEA-SBM model and the Theil index approach to analyze the agricultural
eco-efficiency development level and spatial patterns in current-day China. Marchet et al. [49] applied
data envelopment analysis to evaluate the efficiency and innovation in the third party logistics industry.

Many scholars and experts have already studied the related topic with DEA models and grey
GM (1,1). For example, Shuai and Wu [50] integrated DEA and grey to evaluate the impact of internet
marketing on hotel performance. Liu et al. [51] measured the goal cost of the petroleum enterprise by
DEA and grey. Wang et al. [52] applied DEA and grey to assess the performance of the Indian electricity
industry. Chen and Chen [53] used DEA and grey to investigate the operation performance of the
Taiwanese wafer fabrication industry. However, combining DEA models and grey GM (1,1) to solve
problems in green logistics provider selection for sustainable development has not been mentioned
yet. Thus, the study makes the following contributions:

This paper uses DEA models to quantify the technical, scale-efficient, and evaluative changes
in GLPs’ productivity during the years 2012–2019. Integration with grey provides a comprehensive
view of the business performance of a company from the past to the future. Based on the proposed
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method, this study investigates the performance efficiency of 16 green logistics companies for the
period 2012–2019. It helps enterprises to find a suitable partner for sustainable cooperation in order to
improve the efficiency of their business operations and reduce environmental pollution.

3. Methodology

After a literature review, the research method was selected. To achieve the purpose of choosing
green logistics providers and providing a special economic analysis helpful to enterprises wishing to
become more sustainable in today’s competitive market, the research analysis is organized as follows.

3.1. Research Process

The conceptual framework is proposed in six individual steps as in Figure 1:

Step 1. Data collection: This step is to select companies that are related to GLPs, such as DMUs.
All GLPs chosen for DEA evaluation were listed among the top GLPs. According to a
recent GLPs survey conducted by Inbound Logistics [54], the relevant initiative for selecting a
green logistics provider is measurable green results, sustainability innovation, continuous
improvement, and industrial recognition.

Step 2. Choose input/output variables: To evaluate the economic sustainability of GLPs based on
DEA application, the selection of input and output variables is considered to be the most
integral step. The input and output variables of this paper are said to be the financial indicators
of the 16 plants from the given period of 2012 to 2015. The data used in this study are collected
from Google Finance [55].

Step 3. Grey forecasting: In this step, the GM (1,1) is used to compute the data series during the
period 2012–2015 in order to create forecasting data for 2016–2019.

Step 4. Choose DEA models: Firstly, the super slacks-based model “super-SBM” utilized by Tone [56]
is applied to rank and to evaluate the performance of GLPs. Secondly, the Malmquist index
utilized by Tone [56] allows measurements of the variation in efficiency in the cross-period and
identifies the best-performing providers during 2012–2015. Thirdly, based on the prediction
results, DEA models are again employed to measure the efficiency performance for the
projected period of 2016–2019.

Step 5. Results and discussions: The forecasting results, rankings, and efficiencies of DMUs are
estimated to find suitable providers who are able to meet sustainable development goals.

Step 6. Conclusions: This step gives some valuable information for green logistic providers and
decision-makers on selection cooperative partners based on a consideration of business
benefits and environmental responsibilities.
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3.2. Data Collection

According to Inbound Logistics [54], there are 75 green logistics providers in the USA. These
companies have demonstrated their commitment to promoting a green supply chain, logistics, and
transportation practices. However, in this study, third-party logistics providers were selected for the
purposes of estimation. Finally, only 16 plants with completed financial statements were considered.
To insure some degree of impartiality, the 16 companies were named randomly as (Decision-Making
Unit) DMU1 to DMU16. Based on the input and output definitions for DEA, as mentioned by Zhu [57],
we obtained four input variables and three output variables. All of the data may be found in the
annual financial statements of the companies. All annual data were collected from 2012 to 2015.

3.3. Choose Input/Output Variables

In this study, economic aspects were considered as a means to select the providers. When applying
DEA, we choose the input and output variables based on previous studies, accounting, and logistics
costs’ impact on logistics providers’ effectiveness [58]. Therefore, the input factors in this study are
as follows: total assets, total operating expense, total current liabilities, and total equity. The data of
output variables included earnings-per-share (EPS), net income, and total revenue. These seven factors
are the key financial indicators directly under review. They indicate that a company is managing its
costs effectively, and they positively influence the economic sustainability performance of the industry.

3.4. DEA Models

3.4.1. Super Slacks-Based Model “Super-SBM”

This research is based on the super-efficiency model proposed by Tone [59]. This model can
discriminate reliable benchmarks among these efficient DMUs. Its relative advantage is in ranking
the performance of efficient decision-making units (DMU) and the infeasibility problem of the
super-efficiency DEA model. In this way, we were able to estimate an absolute operational efficiency.
This is an important indication that shows the status of the decision-making unit. However, to evaluate
the performance efficiency, the slacks-based measure of super-efficiency (Super-SBM) is the best
solution for overcoming evaluation obstacles. SBM deals with n DMU. Each DMU has input/output
matrices X = (xij) ∈ Rm×n and Y = (Yij) ∈ Rs×n, respectively. It should be noted that λ is a
non-negative vector in Rn. The vectors S− ∈ Rm and S+ ∈ Rm indicate the input excess and output
shortfall, respectively [56]. The SBM model in fractional form is as follows:

minp =
1− 1

m ∑m
n S−i /xi0

1 + 1
s ∑s

i=1 S−i /yi0
, (1)

subject to x0 = Xλ + s−, y0 = Yλ− s+, λ ≥ 0, s− ≥ 0, s+ ≥ 0.
Let an optimal solution for SBM be (p∗, λ∗, s−∗, s+∗). A DMU (x0, y0) is SBM-efficient if p∗ = 1.

This condition is equivalent to S−∗ = 0 and S+∗ = 0 if no input excesses and no output shortfalls occur
in any optimal solution. SBM is non-radial and deals with input/output slacks directly. The SBM
returns an efficiency measurement between 0 and 1. The best performers have the full efficient status
denoted by unity. Tone discriminated between these efficient DMUs and ranked them by means of a
super SBM model. Assuming that the DMU (x0, y0) is SBM-efficient, p∗ = 1 the Super SBM model is
as follows:

minδ =
1
m ∑m

i=1 xi/xi0
1
s ∑s

r = 1yr/yr0
, (2)

subject to x ≥
n
∑

j=1,0
λjxj, y ≤

n
∑ λjxj, y ≥ x0 and y ≤ y0, y ≥ y0, λ ≥ 0.

As in many DEA models, it is also crucial to consider how to deal with negative outputs in the
evaluation of efficiency in SBM models. However, negative data should have a dual role in measuring
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efficiency; hence, a new scheme was introduced in DEA-Solver pro 4.1 Manual, and the scheme was
changed, as follows:

Let us suppose yr0 ≤ 0. It is defined
−+
yr and

−+
yr by

−+
yr = max

j=1,...n

{
yrj
∣∣yrj > 0

}
(3)

−+
yr = min

j=1,...n

{
yrj
∣∣yrj > 0

}
. (4)

If the output r has no positive elements, then it is defined as
−+
yr = y+−r = 1. The term is replaced by

s+r /yr0 in the objective function in the following way. The value yro is never changed in the constraints.

If
−+
yr >

−+
y−r, the term is replaced by

xt
0 ≥ XSλ(

1
θ

)
yt

0 ≤ ysλ

L ≤ eλ ≤ U
λ ≥ 0

. (5)

If
−+
yr =

−+
y−r, the term is replaced by

s+r /
(y+−r)

2

B(
−+
y − yr0)

, (6)

where B is a large positive number, (in DEA-Solver B = 100). In any case, the denominator is positive and

is strictly less than y+−r. Furthermore, it is inversely proportion to the distance
−+
y r − yr0. This scheme,

therefore, concerns the magnitude of the non-positive output positively. The score obtained is
determined to be in units invariant (i.e., it is independent of the units of measurement used).

3.4.2. Malmquist Productivity Index (MPI)

The Malmquist index (MI) estimates the change in efficiency of a DMU between two given time
periods. It is defined as the product of the ‘catch-up’ and ‘frontier-shift’ terms. The catch-up term
is related to the amount of effort that a DMU must make in order to improve its efficiency, and the
frontier-shift term indicates the change in the efficient frontiers about a DMU between the two time
periods 1 and 2.

We denote DMU0 at time periods 1 and 2 by (x1
0, y1

0) and (x2
0, y2

0), respectively. We employ the
following notation for the efficiency score of DMU (x0, y0)

t1 measured by the frontier technology
t2·δt2((x0, y0)

t1)(t1 = 1, 2andt2 = 1, 2). Since the “Malmquist index” is calculated as the product of
(Catch-up) and (Frontier-shift), it can be presented as:

Malmquist index = (Catch-up) × (Frontier-shift).
We now employ the following notation for the efficiency score of the DMU (x0y0)t1

measured by
the frontier technology t2:

δt2((x0, y0)
t1), (t1 = 1, 2andt2 = 1, 2) (7)

Using this notation, the ‘catch-up’ effect can be expressed as:

Catch up (C) =
δt2((x0, y0)

t2)

δt1((x0, y0)
t1)

(8)
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The frontier-shift effect is described as:

Frontier-shift (F) =

[
δt2((x0, y0)

t2)

δt1((x0, y0)
t1)
× δt2((x0, y0)

t2)

δt2((x0, y0)
t1)

]1/2

. (9)

As the product of Equations (8) and (9), we obtain the following formula for the computation
of MI:

Malmquist index (MI) =

[
δt1((x0, y0)

t2)

δt1((x0, y0)
t1)
× δt2((x0, y0)

t2)

δt2((x0, y0)
t1)

]1/2

(10)

where (C); (F); (MI) > 1 indicates progress in relative efficiency from period 1 to period 2, while (C);
(F); (MI) = 1 and (C); (F); (MI) < 1 indicate the status quo and regression in efficiency, respectively.
We can develop the output-oriented MI as well by means of the output-oriented radial DEA models.
The output-oriented models take all output slacks into account, but no input slacks are taken into
account. This is described below within score in output orientation (O-V).

δs((x0, y0)
t) = minθθ,λ

xt
0 ≥ XSλ(

1
θ

)
yt

0 ≤ ysλ

L ≤ eλ ≤ U
λ ≥ 0

(11)

Intertemporal score in output orientation (O-V):

xt
0 ≥ XSλ(

1
θ

)
yt

0 ≤ ysλ

L ≤ eλ ≤ U
λ ≥ 0

(12)

3.5. GM (1,1) Model

The most generally consumed grey forecasting model is GM (1,1), which shows that one variable
is used in the model. The first order differential equation is adopted for the algorithm of GM (1,1).
The raw data sequences is presented as follows:

Establish the initial series X(1) by

X(0) = {x(0)(1), x(0)(2), ..., x(0)(n)}, (13)

where X(0) is a non-negative sequence and n is the total number of modeling data.
Based on the initial X(0) series, a new sequence X(1) is set up through the AGO, which is

X(1) = {x(1)(1), x(1)(2), ..., x(1)(n)}, (14)

where,

x(1)(k) =
k

∑
i=1

x(0)(i), k = 1, 2, 3, ....., n. (15)

The generating mean sequence Z(1) of X(1) is defined as:

Z(1) = (z(1)(1), z(1)(2), ..., z(1)(n)), (16)
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where z(1)(k) is given by:

z(1)(k) =
1
2
(x(1)(k) + x(1)(k− 1)), k = 2, 3, . . . ., n. (17)

The least squares estimate sequence of the grey difference equation is defined as follows:

x(0)(k) + az(1)(k) = b. (18)

The GM (1,1) model also can be constructed by establishing a first-order differential equation for
X(1) as:

dx(1)(t)
dt

+ ax(1)(t) = b, (19)

where a is the development coefficient and b is the grey input.
Therefore, we can calculate the a, b coefficient by the ordinal least-square method (OLS) as:

[a, b]T = (BT B)
−1

BTYN , (20)

where

B =


−z(1)(2) 1
−z(1)(3) 1

. . . . . . . . . . . . . ...
−z(1)(n) 1

 (21)

and

Y =


x(0)(2)
x(0)(3)

. . . . . . . . . .
x(0)(n)

 (22)

(B is the data matrix; Y is the data series, and [a, b]T is the parameter series). The solution of
Equation (15) at time k is given by the following equation:

x(1)p (k + 1) =
(

x(0)(1)− b
a

)
e−ak +

b
a

k = 0, 1, . . . , n− 1. (23)

Insert a, b into Equation (17) above to find the AGO of prediction X(1)
p sequence. In first-order

linear different equations, it can be expressed as follows:

x(1)p (1) = x(0)(1). (24)

To predict the value of the next time the author uses the Inverse Accumulated Generating
Operation (IAGO):

x(0)p (k + 1) = x(1)p (k + 1)− x(1)p (k), k = 1, 2, ..., n− 1. (25)

The author also predicts the value at (k + 1) term by the grey predict mode, as below:

x(0)p (k + 1) =
[

x(0)(1)− b
a

]
e−ak(1− ea), k = 0, 1, 2, .... (26)

4. Results

4.1. Forecasting Results

This article applies the GM (1,1) model to accurately predict the realistic input/output values of
the U.S. logistics industry. The known input/output values in the period 2012–2015 are employed to
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accurately forecast the input/output values of 2016, 2017, 2018, and 2019. This study selects the total
assets of DMU2 (Werner Enterprises, Inc.) as an example (Table 1) to describe the computation process;
likewise, other variables are calculated in the same way. An explanation follows.

Table 1. Input/output value of DMU2 from 2012 to 2015 (in millions of U.S. dollars).

Years (I) Total
Assets

(I) Total Operating
Expense

(I) Total Current
Liabilities

(I) Total
Equity

(O)
EPS

(O) Net
Income

(O) Total
Revenue

2012 1334.90 1864.94 176.19 714.9 1.4 103.03 2036.39
2013 1354.10 1889.46 167.73 772.52 1.18 86.78 2029.18
2014 1480.46 1979.20 186.53 833.86 1.36 98.65 2139.29
2015 1613.68 1893.07 183.7 935.65 1.71 123.71 2093.53

From Equation (11) and Table 1, the primitive sequence X(0) is obtained as

X(0) = {1334.90; 1354.10; 1480.46; 1613.68}.

From Equation (12), one-order AGO sequence of X(1) is obtained as follows:

X(1) = {1334.90; 2689; 4169.46; 5783.14}.

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

B =

 −2011.95 1
−3429.23 1
−4976.30 1

,
∧
θ =

[
a
b

]
YN =

 1354.1
1480.46
1613.68


We then use the least squares method to find a and b:

B =

[
a
b

]
=
∧
θ = (BT B)

−1
BTYN =

[
−0.087545509
1178.746924

]

Use the two coefficients a and b to generate the whitening equation of the differential equation:

dx(1)

dt
− 0.08754509 × x(1) = 1178.746294

Find the prediction model from

X(1)(k + 1) = (X0(1)− b
a
)e−ak +

b
a

,

X(1)(k + 1) = (1, 334.90− 1178.746924
−0.08754509 )e

0.08754509 + 1178.746294
−0.08754509 = (14799.35)e0.08754509 − 13464.447).

Substitute different values of k into the equation:

k = 0 : X(1)(1) = 1334.9
k = 1 : X(1)(2) = 2688.91
k = 2 : X(1)(3) = 4166.81

k = 3 : X(1)(4) = 5779.92
k = 4 : X(1)(5) = 7540.61
k = 5 : X(1)(6) = 9462.40

k = 6 : X(1)(7) = 11560.01
k = 7 : X(1)(8) = 13849.54

.

Use the IAGO method, the author can calculate the X(0)
p sequence, which is the prediction values

given by grey GM (1,1) as below:
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X(0)(1) = x(1)(1) = 1334.90→ forecast value of 2012
X(0)(2) = x(1)(2)− x(1)(1) = 1354.01→ forecast value of 2013
X(0)(3) = x(1)(3)− x(1)(2) = 1477.89→ forecast value of 2014
X(0)(4) = x(1)(4)− x(1)(3) = 1613.11→ forecast value of 2015
X(0)(5) = x(1)(5)− x(1)(4) = 1760.70→ forecast value of 2016
X(0)(6) = x(1)(6)− x(1)(5) = 1921.78→ forecast value of 2017
X(0)(7) = x(1)(7)− x(1)(6) = 2097.61→ forecast value of 2018
X(0)(8) = x(1)(8)− x(1)(7) = 2289.53→ forecast value of 2019

(27)

According to Table 2, the total assets of DMU2 (Werner Enterprises, Inc., Omaha, NE, USA)
are forecasted to increase from $1613.68 million in 2015 to $1760.70, $1921.79, $2097.61, and,
$2289.53 million in 2016, 2017, 2018, and 2019, respectively. Moreover, operational expense costs
are forecasted to increase from $1893.07 million in 2015 to $1929.49 million in 2019; total equity, earning
per shares, net income, and total revenue are forecasted to increase in the period 2016–2019. Similar
calculations exist for the other values, with Table 3 showing the forecasting results of the GM (1,1)
for earnings per share, net income, and total revenue of the 16 GLPs from 2016 to 2019. Moreover,
investors all want to know where the economy is headed. Information on output factors is key in
partner selection. Forecasting results indicate that there are slight changes of output factors in five
of the DMUs in the period 2016–2019, including DMU6 (Werner Enterprises, Inc., Omaha, NE, USA),
DMU7 (Con-way Freight, Ann Arbor, MI, USA), DMU11 (CSX Corporation, Jacksonville, FL, USA),
DMU12 (Norfolk Southern Corp., Norfolk, VA, USA), and DMU14 (Union Pacific Corporation, Omaha,
NE, USA). The decreasing tendency in output factors means that these companies must have a suitable
strategy in place to create and sustain a competitive advantage, or start up a new investment in order
to meet the increased demand.

Table 2. The actual value (2012–2015) and the forecasting value (2016–2019) of DMU2.

Years (I) Total
Assets

(I) Total Operating
Expense

(I) Total Current
Liabilities

(I) Total
Equity

(O)
EPS

(O) Net
Income

(O) Total
Revenue

2012 1334.90 1864.94 176.19 714.9 1.4 103.03 2036.39
2013 1354.10 1889.46 167.73 772.52 1.18 86.78 2029.18
2014 1480.46 1979.20 186.53 833.86 1.36 98.65 2139.29
2015 1613.68 1893.07 183.7 935.65 1.71 123.71 2093.53
2016 1760.70 1924.13 195.52 1024.47 2.04 146.23 2151.66
2017 1921.79 1925.92 204.24 1128.78 2.47 175.52 2184.67
2018 2097.61 1927.70 213.35 1243.70 2.98 210.67 2218.18
2019 2289.53 1929.49 222.87 1370.32 3.61 252.87 2252.21

In addition, we use the Mean Absolute Percent Error (MAPE) to evaluate the accuracy of the
forecasting method. Consider MAPE = (1/n) Σ (|Actual − Forecast|/Actual) × 100; n is forecasting
number of steps [60]. The parameters of MAPE show the forecasting ability as follows:

MAPE < 10%: Excellent
10% < MAPE < 20%: Good
20% < MAPE < 50%: Qualified
MAPE > 50%: Unqualified.

The results of MAPE are shown in Table 4. The parameter of MAPE is smaller than 10%; this is
especially true since the average MAPE of the 16 DMUs is 7%. This confirms that the GM (1,1) model
is a highly precise means of prediction.
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Table 3. Predicted values of outputs for all DMUs from 2016 to 2019.

DMUs

Outputs (Millions of U.S. Dollars, Except EPS)

2016 2017 2018 2019

(O) EPS (O) Net
Income

(O) Total
Revenue (O) EPS (O) Net

Income
(O) Total
Revenue (O) EPS (O) Net

Income
(O) Total
Revenue (O) EPS (O) Net

Income
(O) Total
Revenue

DMU1 6.11 333.42 6696.22 6.8986 384.09 6774.20 7.788 442.46 6853.09 8.7911 509.7 6932.889
DMU2 2.0389 146.23 2151.66 2.4663 175.52 2184.7 2.983 210.67 2218.2 3.6085 252.9 2252.211
DMU3 1.86 65.929 3642.72 1.9199 66.986 3721.8 1.982 68.059 3802.6 2.0456 69.15 3885.191
DMU4 4.0297 560.91 13,965.8 4.6366 621.89 14,350 5.335 689.49 14,744 6.1385 764.4 15,149.16
DMU5 3.706 1269.2 49,029.3 2.9464 1117.4 50,758 2.343 983.7 52,549 1.8624 866 54,401.85
DMU6 1.0598 944.55 18,338.8 0.6465 564.92 12,304 0.394 337.87 8255.3 0.2405 202.1 5538.805
DMU7 0.9853 57.504 1843.79 0.7752 45.452 1243.7 0.61 35.926 838.88 0.4798 28.4 565.8379
DMU8 4.1071 474.72 6596.67 4.6469 531.03 6932.4 5.258 594.02 7285.3 5.9485 664.5 7656.077
DMU9 4.3665 371.24 3382.22 5.2918 447.36 3796.5 6.413 539.09 4261.5 7.7723 649.6 4783.492

DMU10 4.2653 69.266 2585.03 3.644 58.486 2543.4 3.113 49.384 2502.5 2.6598 41.7 2462.262
DMU11 0.6333 621.25 3908.37 0.4315 418.48 2605.8 0.294 281.89 1737.4 0.2004 189.9 1158.336
DMU12 5.0083 1509.4 10,427.2 4.6417 1376.1 10,096 4.302 1254.5 9775.8 3.9871 1144 9465.468
DMU13 1.8229 151.19 1313.49 2.2936 191.62 1448.2 2.886 242.86 1596.7 3.6308 307.8 1760.488
DMU14 6.1088 5159.9 22,442.9 6.5546 5362.7 22,371 7.033 5573.3 22,299 7.5459 5792 22,227.18
DMU15 1.5256 219.16 4326.59 1.7287 248.73 4383.4 1.959 282.3 4441 2.2196 320.4 4499.365
DMU16 1.3268 62.413 1293.22 1.1796 69.762 1336.7 1.049 77.977 1381.7 0.9323 87.16 1428.232
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Table 4. Average MAPE of DMUs.

DMUs Average MAPE DMUs Average MAPE

DMU1 20% DMU9 1%
DMU2 1% DMU10 2%
DMU3 21% DMU11 11%
DMU4 2% DMU12 3%
DMU5 7% DMU13 4%
DMU6 14% DMU14 2%
DMU7 16% DMU15 2%
DMU8 2% DMU16 3%

Average of all MAPEs: 7%

4.2. Performance Ranking: Super Slacks-Based Model “Super-SBM”

A super SBM model is used to evaluate relative performance, and is used as a ranking measure of
the 16 GLPs.

It can be determined from Table 5 that the super SBM model is highly accurate in the measurement
and ranking of efficiency. It has been noted that among the 16 efficient DMUs in this study, DMU13
(Knight Transportation, Phoenix, AZ, USA) achieved optimal efficiency with scores of 1.62, 1.47, 1.31,
and 1.42 for 2012, 2013, 2014, and 2015, respectively. According to this, it attained first ranking in 2012,
third ranking in 2013, fourth ranking in 2014, and second ranking in 2015. DMU14 (Union Pacific
Corporation, Omaha, NE, USA) was ranked in first place in 2015 with a super-efficiency score equal
to 1.536. The third and fourth ranks were attained by DMU4 (C.H. Robinson Worldwide, Inc., Eden
Prairie, MN, USA) and DMU10 (Hyster-Yale Materials, Cleveland, OH, USA) with efficiency scores of
1.39 and 1.31, respectively. These results indicate that these companies reached their efficiency of output.
However, there are some companies with scores under 1, such as DMU7 (Con-way Freight, Ann Arbor,
MI, USA), DMU11 (CSX Corporation, Jacksonville, FL, USA), and DMU2 (Werner Enterprises, Inc.,
Omaha, NE, USA) They were considered to be inefficient from 2012 to 2015. Thus, if they wanted to
reach their optimal efficiency level, they should lower their inputs.

Table 5. Scores and rankings of GLPs in 2012–2015.

DMUs
2012 2013 2014 2015

Score Rank Score Rank Score Rank Score Rank

DMU1 0.488863 15 0.4916803 15 0.5025056 15 1.0784955 10
DMU2 1.0002291 14 1.0109913 13 1.0170784 12 0.7992801 14
DMU3 1.0826904 10 2.0744524 1 1.0268109 10 1.0209464 12
DMU4 1.4925657 2 1.2819687 6 1.2715186 6 1.3947343 3
DMU5 1.2890212 6 1.1166866 10 1.2402218 7 1.2501186 6
DMU6 1.2778724 7 1.8986094 2 2.0377848 1 1.1551796 9
DMU7 0.4422939 16 0.4155573 16 0.5445534 14 0.2465165 15
DMU8 1.1023111 9 1.0113463 12 1.0181149 11 1.163058 8
DMU9 1.0392105 11 1.1498699 9 1.1923365 8 1.2040983 7

DMU10 1.3651001 3 1.3047669 5 1.2889047 5 1.3170211 4
DMU11 1.0071753 13 0.506942 14 0.4761674 16 0.75 16
DMU12 1.0194534 12 1.0152636 11 1.0167316 13 1.002534715 13
DMU13 1.6233606 1 1.4752192 3 1.3150889 4 1.421950985 2
DMU14 1.2979651 5 1.2325277 7 1.3306413 3 1.536660326 1
DMU15 1.2614293 8 1.2205871 8 1.0739241 9 1.059761662 11
DMU16 1.3564651 4 1.3116892 4 1.4055068 2 1.300811776 5

From Table 6, we used the predicted results by implementing GM (1,1) to forecast their future
rankings. In the period 2016–2019, DMU14 (Union Pacific Corporation, Omaha, NE, USA) still achieved
efficiency and ranked in first place, with efficiency scores of 1.65, 1.78, 1.76, and 1.75, respectively.
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DMU4 (C.H. Robinson Worldwide, Inc., Eden Prairie, MN, USA) is projected to rank second in 2016,
2017, and 2018, and third in 2019. DMU10 (Hyster-Yale Materials, Cleveland, OH, USA) is supposed to
achieve an efficiency score of 1.26 and 1.28, respectively, in 2016 and 2017, and to rank third. In contrast,
DMU5 (FedEx Corporation, Memphis, TN, USA) DMU16 (Saia Inc., Johns Creek, GA, USA), DMU12
(Norfolk Southern Corp., Norfolk, VA, USA), and DMU11 (CSX Corporation, Jacksonville, FL, USA)
occupy fifteenth and sixteenth place, respectively.

Table 6. Future scores and ranking of GLPs in 2016–2019.

DMUs
2016 2017 2018 2019

Score Rank Score Rank Score Rank Score Rank

DMU1 1.086159 8 1.071692317 8 1.0570292 9 1.0413312 8
DMU2 0.4001969 11 0.527254787 13 2.9795169 11 9.4829312 11
DMU3 0.9998784 9 0.152763789 10 4.2301279 12 26.141143 14
DMU4 1.3817435 2 1.403791445 2 1.4100194 2 1.37374 3
DMU5 1.251802 4 1.257675253 6 1.2634353 6 1.2690835 6
DMU6 0.1749859 12 0.04188681 11 0.4350099 10 1.3941332 10
DMU7 0.1185371 14 0.998385813 9 1.2056141 8 1.4938336 2
DMU8 0.8245403 10 0.176786361 12 5.1920437 14 27.658647 15
DMU9 1.2030875 6 1.262031337 5 1.280498 5 1.3025009 4

DMU10 1.2632564 3 1.28012754 3 1.2978133 4 1.2755021 5
DMU11 0.8543239 16 4.494144657 16 17.121188 16 62.010078 16
DMU12 0.1030013 15 1.485976223 15 6.9838363 15 –25.92451 13
DMU13 1.2023663 7 1.194428206 7 1.2071405 7 1.2293434 7
DMU14 1.6595842 1 1.787250169 1 1.7630361 1 1.7530109 1
DMU15 0.1602937 13 1.057403338 14 –4.345118 13 12.770769 12
DMU16 1.2231685 5 1.262857962 4 1.3156183 3 0.9997475 9

Overall, from the results, we find that most companies have positive values and the rankings
within the industry tended to change only slightly on an annual basis. However, only three DMUs
presented financial efficiency in the period of 2012–2019, namely DMU14 (Union Pacific Corporation,
Omaha, NE, USA), DMU4 (C.H. Robinson Worldwide, Inc., Eden Prairie, MN, USA), and DMU10
(Hyster-Yale Materials, Cleveland, OH, USA). This indicates how well these firms have managed their
operations. DMU7 (Con-way Freight, Ann Arbor, MI, USA), DMU11 (CSX Corporation, Jacksonville,
FL, USA), DMU2 (Werner Enterprises, Inc., Omaha, NE, USA) and DMU12 (Norfolk Southern Corp.,
Norfolk, VA, USA) have realized financial inefficiency. They are not performing well in generating
revenue compared to the other companies.

4.3. Performance Efficiency Evaluation: Malmquist Productivity Index

It is important to evaluate changes in the total productivity of GLPs in order to understand whether
the total productivity of each company is improving or declining over a period of time. This section
summarizes the Malmquist Productivity Index (MPI) results obtained from the performance of
effectiveness variations from 2012 to 2015. The MPI was used to evaluate the relative change in GLPs’
efficiency. Moreover, the MPI can be decomposed into two components: efficiency and technological
changes. These components were separately calculated and then analyzed accordingly. Table 7 lists the
scores of efficiency change, technological change, and productivity change of the 16 GLPs from 2012
to 2015. Figure 2 shows that the efficiency change index of almost all of the DMUs are outstanding,
with efficiency scores greater than 1, except for DMU2 (Werner Enterprises, Inc., Omaha, NE, USA),
DMU7 (Con-way Freight, Ann Arbor, MI, USA), and DMU11 (CSX Corporation, Jacksonville, FL, USA),
DMU1 (Ryder, Miami, FL, USA) comes in with a score of 1.019 and was the most efficient company on
the efficiency change index.
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Table 7. GLPs’ average productivity changes during 2012–2015.

DMUs Efficiency Change Index
(Catch-up)

Technical Change Index
(Frontier)

Productivity Index
(Malmquist-MPI)

DMU1 1.01915036 1.010818573 1.02119458
DMU2 0.986033376 1.000811228 0.986164214
DMU3 1 0.961392758 0.961392758
DMU4 1 1.001792752 1.001792752
DMU5 1 1.020629835 1.020629835
DMU6 1 1.158653147 1.158653147
DMU7 0.966942435 1.009005344 0.962756457
DMU8 1 1.004213959 1.004213959
DMU9 1 1.091386465 1.091386465

DMU10 1 0.850818024 0.850818024
DMU11 0.727811071 1.023039808 0.747250075
DMU12 1 1.010110144 1.010110144
DMU13 1 1.040396818 1.040396818
DMU14 1 1.034678952 1.034678952
DMU15 1 0.96333584 0.96333584
DMU16 0.999999946 1.078235674 1.078235632
Average 0.981246074 1.016207458 0.995813103

Max 1.01915036 1.158653147 1.158653147
Min 0.727811071 0.850818024 0.747250075
SD 0.068368639 0.065647138 0.094426774
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Technical change is often considered in terms of “innovation” or “frontier-shift” effect measures.
This can be compared across time by means of the Malmquist index. The improvement achieved
mainly stems from the technical change (Frontier) that occurs. The efficiency change can also make a
minor contribution to GLPs from 2012 to 2015. Technical change indicates a change in the technology
index, which affects the relationship between inputs and outputs. The results show that during the
period from 2012 to 2015 there were 13 companies that improved their level of input and achieved
technical efficiency scores larger than 1. This indicates that the improvement of these companies is
mainly attributable to technical improvement. DMU3 (Hub Group Inc., Downers Grove, IL, USA),
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DMU10 (Hyster-Yale Materials Handling Inc., Cleveland, OH, USA), and DMU15 (Swift Transportation
Co., Phoenix, AZ, USA) are the top U.S. logistics firms. However, the operational performance of
these three companies worsened because the scores for their technical and productivity changes
dipped below 1, which indicates that they realized productivity loss and lower capital income. Thus,
if these companies want to improve their MPIs, they should enhance their technical efficiency in the
near future. The worse productivity shown in the period 2012–2015 came from weakened input of
technical efficiency in most cases. DMU6 (United Parcel Service, Inc., Atlanta, GA, USA) had the
highest productivity growth over the period 2012–2015, with a score of 1.158653147, while DMU11
(CSX Corporation, Jacksonville, FL, USA) showed the greatest loss. The results indicated that 10
of the DMUs, including DMU1 (Ryder, Miami, FL, USA), DMU4 (C.H. Robinson Worldwide, Inc.,
Eden Prairie, MN, USA), DMU5 (FedEx Corporation, Memphis, TN, USA), DMU6 (United Parcel
Service, Inc. Atlanta, GA, USA), DMU8 (J.B. Hunt Transport Services, Inc., Lowell, AR, USA), DMU9
(Old Dominion Freight Line, Thomasville, NC, USA), DMU12 (Norfolk Southern Corp., Norfolk,
VA, USA), DMU13 (Knight Transportation, Phoenix, AZ, USA), DMU14 (Union Pacific, Omaha, NE,
USA), and DMU16 (Saia Inc., Johns Creek, GA, USA) showed productivity growth; the other six
DMUs, namely DMU2 (Werner Enterprises, Omaha, NE, USA), DMU3 (Hub Group Inc., Downers
Grove, IL, USA), DMU7 (Con-way Freight, Ann Arbor, MI, USA), DMU10 (Hyster-Yale Materials
Handling, Cleveland, OH, USA), DMU11(CSX Corporation, Jacksonville, FL, USA), and DMU16 (Saia
Inc., Johns Creek, GA, USA) showed relative productivity loss. The decrease in productivity in this
period came from an evolution in the input technical efficiency achieved. Thus, these companies need
to learn from more advanced logistics companies and thereby reinforce their organizational values to
improve and reach the fittest scale of operating efficiency. Moreover, the main source of improvement
will be technical efficiency change.

It is important to understand the differences between the past and the future of DMUs. Obviously,
from Table 8 and Figure 3 we can see that almost all of the MPIs of companies reached “efficiency” in
the period 2016–2019; however, the average of efficiency change is down by 0.57% and the average
of technical change increased by 2.15% when compared to the previous year. In the future, the MPI
of DMU1 (Ryder, Miami, FL, USA), DMU3 (Hub Group Inc., Downers Grove, IL, USA), DMU4 (C.H.
Robinson Worldwide, Eden Prairie, MN, USA), DMU7 (Con-way Freight, Ann Arbor, MI, USA), DMU8
(J.B. Hunt Transport Services, Lowell, AR, USA), DMU9 (Old Dominion Freight Line, Thomasville, NC,
USA), DMU13 (Knight Transportation, Phoenix, AZ, USA), and DMU14 (Union Pacific, Omaha, NE,
USA) will perform well, all with a score larger than 1. Therefore, these companies are the best choice
for purposes of cooperation. In contrast, DMU2 (Werner Enterprises, Omaha, NE, USA), DMU10
(Hyster-Yale Materials Handling, Cleveland, OH, USA), and DMU11 (CSX Corporation, Jacksonville,
FL, USA) still maintain inefficient performance during the next four years. Thus, if a DMU wants
to reach efficiency, it should follow an enterprise development strategy, prepare financial policies to
improve the complete operation effect, and improve in terms of efficiency and technical changes.
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Table 8. GLPs’ average productivity changes during 2016–2019.

DMUs Efficiency Change Index
(Catch-up)

Technical Change Index
(Frontier)

Productivity Index
(Malmquist-MPI)

DMU1 1 1.073302087 1.073302087
DMU2 0.99561754 0.998790233 0.994412322
DMU3 1 1.097780765 1.097780765
DMU4 1 1.038858301 1.038858301
DMU5 1 0.992502504 0.992502504
DMU6 0.914400298 1.012889415 0.926878278
DMU7 1.081035233 1.025036392 1.100557137
DMU8 1 1.069242068 1.069242068
DMU9 1 1.097755929 1.097755929

DMU10 1 0.980289685 0.980289685
DMU11 0.6752329 1.036484052 0.699868249
DMU12 0.94505138 1.038500879 0.981294432
DMU13 1 1.088898809 1.088898809
DMU14 1 1.053078292 1.053078292
DMU15 0.995948053 1.001857287 0.997795949
DMU16 0.999999678 0.998272378 0.998272056
Average 0.975455318 1.037721192 1.011924179

Max 1.081035233 1.097780765 1.100557137
Min 0.6752329 0.980289685 0.699868249
SD 0.086711629 0.038994004 0.098526314
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DMUs Efficiency Change Index 
(Catch-up) 

Technical Change 
Index (Frontier) 

Productivity Index 
(Malmquist-MPI) 

DMU1 1 1.073302087 1.073302087 
DMU2 0.99561754 0.998790233 0.994412322 
DMU3 1 1.097780765 1.097780765 
DMU4 1 1.038858301 1.038858301 
DMU5 1 0.992502504 0.992502504 
DMU6 0.914400298 1.012889415 0.926878278 
DMU7 1.081035233 1.025036392 1.100557137 
DMU8 1 1.069242068 1.069242068 
DMU9 1 1.097755929 1.097755929 

DMU10 1 0.980289685 0.980289685 
DMU11 0.6752329 1.036484052 0.699868249 
DMU12 0.94505138 1.038500879 0.981294432 
DMU13 1 1.088898809 1.088898809 
DMU14 1 1.053078292 1.053078292 
DMU15 0.995948053 1.001857287 0.997795949 
DMU16 0.999999678 0.998272378 0.998272056 
Average 0.975455318 1.037721192 1.011924179 

Max 1.081035233 1.097780765 1.100557137 
Min 0.6752329 0.980289685 0.699868249 
SD 0.086711629 0.038994004 0.098526314 

Figure 3. Productivity index (MPI) change over the period 2016–2019.

5. Discussion

The U.S. logistics industry is highly competitive. Thus, American logistics companies need to
secure ways to stand squarely in the competitive market. For instance, managers seek to cooperate
with effective partners who have the financial performance capacity and consideration to protect
the environment. However, how to identify preferred solutions that will balance business and
environmental concerns is one of the most important questions in logistics today [61]. For this
reason, this study assesses the economic performance of GLPs in order to select the most sustainable
partners to achieve sustainable collaboration and to reduce environmental risk. To implement a valid
and reliable evaluation process while addressing the various green U.S. logistics companies required
us to integrate the grey GM (1,1) model and the DEA method to forecast and o analyze the given
economic statements of the 16 selected GLPs in the period 2012–2019.

In particular, the analysis focuses on the forecasting results as well as the trends of technological
progress and technical efficiency change among the companies. The principal findings are that, since



Sustainability 2017, 9, 218 18 of 21

the period of 2012–2015, the efficiency and productivity change of DMUs has been identified as
“in regression” because the average change scores are 0.981 and 0.995. The findings of decreased
productivity growth are related to technical change. Thus, the pressure on GLPs to improve their
productivity gives more attention to sustainability in innovative activities and practices. Moreover,
the performance of DMUs in the period 2016–2019 is identified as “progressive” because the average
scores for technical and productivity change are 1.037 and 1.011. Again, this is noted as a decrease.

In summary, the results discussed in this study present a clear picture of the past, current and
future situation of 16 green logistics companies in the USA. This study is based on the measures of
change in technical efficiency, technological change, and MPI for each of the GLPs. It can be seen that
there are two GLPs, Knight Transportation and Union Pacific Corporation, that reached their financial
sustainability goals. The operational performance of these companies is measured in terms of efficiency
among the 16 green logistics companies from the past to future. The less efficient firms, such as DMU10
(Hyster-Yale Materials Handling, Cleveland, OH, USA) and DMU11 (CSX Corporation, Jacksonville,
FL, USA), should carry out efficiency change, technical change, and increase their ability to do more
with less, as well as reduce wastage in terms of time, materials, and costs. According to the results,
investors may wish to consider which companies are suitable for long-term cooperation based on the
study results.

6. Conclusions

This study proposed an effective integrated method helpful to organizations that need to decide
how to select their best sustainable development goals partner. The GM (1,1) is used as a method
of predictive performance for the period 2016–2019. The DEA models are used as a tool to rank
and measure the performance of GLPs’ financial situation in the period 2012–2019. Finally, the
study provides useful knowledge about economic efficiency in the general management of the GLPs.
This research supports the corporate selection process with regards to sustainable development.
In particular, it may help GLPs to understand their business status in the past, present, and near
future. The empirical evidence of this research also gives meaningful suggestions for GLPs to
better improve their profit, technology, scale efficiencies, and long-term plans. Thus, it has become
important to measure DMUs’ economic sustainability performance as well as organizational operations.
The limitation of the research is in the number of inputs and outputs that are considered relevant
to financial results. Another limitation is how current the data are, specifically our four-year data.
The results can be improved with longitudinal data. The number of GLPs available for analysis is 16.
Research is needed to examine how green logistics providers can improve financial performance as
well as environmental activities.

Any further study should include other factors covering environmental performance indicators
to evaluate the environmental impact for the selection of environmentally sound practices and
green technology.

From a researcher’s point of view, it is hoped that the integration of the models and techniques
proposed in this study can be applied to diverse industries with similar plant structures to evaluate
operational efficiency and determine appropriate and realistic means for improvement.
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The following abbreviations are used in this manuscript:

DEA Data development analysis
DMU Decision-making unit
GM (1,1) Grey model (1,1)
SBM Slacks-based model
MAPE Mean absolute percent error
GLPs Green logistics providers
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