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Abstract: Sustainable concerns are reputed to be of the utmost priority among governments.
Consequently, they have become more and more of a concern among supply chain partners. Logistics
service providers (LPs), as significant contributors to supply chain success but also one of the
greatest generator of emissions, play a significant role in reducing the negative environmental impact.
Thus, the performance evaluations of LPs should necessarily involve such a measure which, firstly,
represents a balance between all three pillars of sustainability and, secondly, consider the desirable and
undesirable performance criteria. This paper proposes an integrated analytic hierarchy process (AHP)
and slack-based measure (SBM) data envelopment analysis (DEA) model, based on the assumption of
a variable return to scale (VRS). An AHP pairwise comparison enables selecting the most influential
input/output variables. Output-oriented SBM DEA provides simultaneously evaluation of both the
undesirable and desirable outputs. The proposed model was tested on a numerical example of 18 LPs.
The comparison of output Charnes, Cooper and Rhodes (CCR) and SBM DEA models resulted in a
higher number of inefficient LPs when the SBM DEA model was applied. Moreover, efficiency scores
of inefficient LPs were lower in SBM DEA model. The proposed model is fair to those LPs that are
environmentally friendly.
Keywords: logistics service provider; LP; measuring efficiency; sustainable efficiency;
data envelopment analysis; DEA; slack based measure; SBM; undesirable performance criteria

1. Introduction
Logistics service providers (LPs), as providers of logistics outsourcing, play a highly significant role
within the supply chain of companies. They enable concentration of the company human resource on
core business, improve service quality, eliminate assets investments, reduce costs [1,2] and consequently
enhance the company’s competitiveness in the scenario of globalization [3].
The LP is not only a significant contributor to the supply chain success but also one of the greatest
consumers of energy and generators of emissions. Freight transport is a major and the fastest growing
generator of carbon emissions [4,5] and energy consumers, followed by warehousing activities.
Being a significant player within supply chains, which nowadays demands not only operational
but also sustainable effectiveness [6], LPs started to respond to environmental concerns [7]. A large
portion of energy savings is a result of using today’s light- and heavy-duty trucks by LPs with improved
fuel efficiency or powered by natural gas, propane or electricity [8]. LPs are increasing sustainable
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efficiency in the last miles of deliveries by optimizing routes and thereby removing unnecessary miles
or idling due to congestion and by collecting more freight on a single truck and thereby cutting down
the number of miles driven [8].
These environmentally friendly activities are the result of considerable financial contributions,
and it would, therefore, be very fair that those LPs that are working in these directions are also rewarded
in the sense that they have better opportunities in the selection process. However, the most frequently
employed model for evaluating the efficiency of LPs—data envelopment analysis (DEA) models
(Charnes, Cooper and Rhodes (CCR) data envelopment analysis (DEA) and the Banker, Charnes and
Cooper (BCC)-DEA analysis) only address the desirable (good) outputs offered by the LP but fails
to address the undesirable outputs (environmental). Those LPs that invest money and other efforts
into emissions reduction [6] consequently have a lower economic index and a lower probability of
success in the process of LP selection. An LP with a very poor environmental index can be evaluated
as efficient.
The authors [9] have begun to fill this gap by using the Slacked Based Measure (SBM)-DEA
model for benchmarking 3PLs. However, only economical and not environmental undesired variables
were considered in their model. They [5] continued working on this issue and benchmarked the
environmental efficiency of road transport companies by using the SBM-DEA and considering undesired
environmental variables. However, evaluation of the efficiency that considers all three pillars of
sustainability and their undesired variables remains unexplored.
Moreover, even using the most appropriate DEA model, DEA results are still highly influenced
by the identification of appropriate inputs and outputs—yet the method itself does not provide
guidance for their identification. The rule of thumb which proposes to have at least two times
greater number of decision making units (DMUs) than the sum of the number of inputs and outputs
(nr. o f DMU ≥ 2[nr. o f inputs + nr. o f outputs]) [10] only suggests the number of DMUs, which further
influences the number of inputs/outputs, but does not indicate the ratio between the number of inputs
or outputs nor any guidance regarding how to select the relevant inputs and outputs. Studies have
revealed that the availability of data and suggestions by the authors are factors that most often assist in
identifying inputs and outputs [11–17]. This, however, raises doubt about the value of the selected
inputs/outputs and consequently the robustness and reliability of the results. Moreover, valuable
information may be lost.
To close these gaps two research questions (RQ) were developed:
RQ1. Is the SBM DEA model, which is able to divide outputs into two sets, desirable and undesirable
units, a more authentic model for evaluating the efficiency of LPs by the buyer of outsourcing?
RQ2. Would the extension of DEA with AHP increase the robustness and reliability of the results?
The objectives of this study are twofold. One is the proposal of a DEA model, which simultaneously
evaluates both the undesirable and desirable outputs variables. The second is the proposal of a DEA
extension which enables that at least those variables that are influential and contribute most to efficiency
will be involved in the analysis.
An integrated analytic hierarchy process (AHP) and SBM DEA model is proposed in this study.
Firstly, an AHP pairwise comparison is used to rank a set of criteria (inputs, outputs) according to
their importance. Then, an SBM DEA model that evaluates both the undesirable and desirable outputs
is used.
The present analysis is important for a number of reasons and for stakeholders. First, from a
managerial perspective, this paper provides a kind of tool for helping decision makers evaluate the
efficiency of LPs in a very comprehensive way with an appropriate methodology. Usually, decision
makers are not familiar with multi-criteria decision-making methods, where DEA and AHP belong.
They select the method arbitrarily, because the method is popular [18] or because they have an affinity
for the chosen MCDM method [19]. The proposed model, moreover, considers all three pillars of
sustainability, undesirable outputs and also enables simultaneously evaluation of both the undesirable
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and desirable outputs variables. Real world considerations (environmental concerns) are not ignored
any more with the proposed methodology which leads to a more sustainable supply chain and opens
entirely new opportunities for companies.
Second, from the LP perspective, this paper enables a more fair evaluation process for those LPs
that invest much effort and financial resources into green solutions. The proposed methodology might
also open new opportunities for them and can also encourage all the other LPs which are not yet aware
of the importance of sustainability to take a step forward [20]. In this case, all stakeholders will benefit.
The set of efficient LPs will increase, which allows decision makers to choose between a larger number
of LPs. LPs have better potential to become an LP of choice. Both of which lead to greater efficiency of
the applicable countries.
Additionally, in comparison to past models, the proposed integrated AHP-SBM-DEA methodology
enables the selection of the most appropriate inputs and outputs. The risk of the most critical step of
DEA analysis is consequently reduced and the results even more robust and reliable.
To answer the paper’s research questions the rest of the paper is arranged as follows: Section 2
presents a comprehensive review of literature on the SBM-DEA model used for LP evaluation and
a brief background and explanation of methods/models used. Section 3 presents DEA models and
proposes a novel two-step methodological approach. Section 4 applies this method to a numerical
example of 18 LP. The paper ends with a discussion of the results and the conclusion.
2. Literature Review
In recent years, many performance assessment studies in various levels of logistics sector (firm,
regional, national) have been conducted. However, this study only relates to existing literature
pertaining to DEA performance evaluations of LPs. So far, authors have mainly developed a
benchmarking approach, using traditional CCR and BCC DEA.
Traditional DEA was, for example, used to examine the relationship between the functional
heterogeneity of senior less than truck load motor carrier managers’ departmental positions and the
relative efficiency of their companies in the production of quality customer service [21]. The input
data in this study were functional categories of senior managers and the output data variables were
customer service measures.
Traditional DEA was used to benchmark the operational efficiency of third-party logistics providers
in the USA [22]. Four inputs (account receivables, salaries and wages of employees, operating expenses
other than salaries and wages, and property and equipment) and one input (operative income) formed
the analysis [22].
CCR and BCC-DEA models were applied to benchmark Chinese logistics service providers [23].
Four metrics were selected as inputs (net fixed assets including properties and equipment, salaries and
wages of employees, operating expenses other than salaries and wages, and current liabilities such as
accounts payable) and one metric as output (operating income).
A comparative analysis of leading third-party logistics providers (3PLs) in the USA was done by
using CCR and BCC-DEA models [9]. The performance was measured by using one output (revenue)
and three inputs (cost of sales, selling and administrative expenses including salaries, wages, and fringe
benefits of 3PL employees, depreciation and amortization expenses associated with property and
equipment (e.g., warehouses, terminals, trucks, airplanes, trailers, and containers) [9].
CCR model and BCC-DEA models were used to measure the efficiency of 24 leading third-party
logistics providers (3PLs) in North America [24]. The authors selected three different metrics as inputs
(size and number of physical facilities and the total number of employees) and one output (revenue).
DEA analysis was employed as well to examine the efficiency and productivity of fourteen Korean
logistics providers [25]. The input elements used in this study were capital, assets and the number of
employees. Total revenue was used for the output element.
The traditional DEA model was also applied to measure the performance of logistics service
provider, which is characterized by a multistage process (supply chains take this form) [26].
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The reverse logistics provider was also measured using traditional DEA by an Indian apparel
manufacturer [27] and once by [28] using the SBM-DEA model. In this study, only desired inputs and
outputs were selected.
Traditional DEA was also used as a tool to evaluate the efficiency of a group of 3PL that offer
warehouse logistics operations [29]. Labor hours, warehouse space, technology investment and
materials handling equipment were used as inputs. Shipping volume, number of orders filled and
space utilization were used as outputs. The depot’s efficiency measurements were also made [30–33].
The study of Reference [34] uses a data envelopment analysis (DEA) and a robust regression
approach to measure the impact of contextual variables on the efficiency of Brazilian 3PL providers of
refrigeration services. Many desirable, also environmental, input/output variables were considered,
but no undesired.
The longitudinal efficiency of branch operations of a third party logistics (3PL) company
was evaluated by [35] using SBM-DEA. Undesired economical variables were considered but not
environmental variables. In a similar way, 16 LPs in the USA from 2012 to 2015 were evaluated [36].
A super SBM-DEA model was used, but only desirable economic input/output were analyzed.
Based on the results of this literature review, the negative impacts generated by LP were seldom
considered in DEA analyses. The SBM-DEA was used once to benchmark road freight companies [5].
The authors aimed to minimize CO2 emissions. Fleet-wise weight, volume utilization and distance
travelled by fleet were used as inputs. Greenhouse gases (GHG) were used as an output. SBM was
also applied to assess the efficiencies, considering the negative environmental impact, of shipping
enterprises [37].
In summary, the literature review shows (Table 1) that little effort has been made to develop the
sustainable performance measurement of LPs using the SBM-DEA model. LPs are, in comparison to
other supply chain partners, very high energy consumers and CO2 causers. For this reason, undesirable
variables have to be considered as output variables. This paper, therefore, proposes to employ an
SBM DEA model, further integrated with the AHP method, which reduces the most problematic DEA
pitfall—choice of the right input and output.
Table 1. Literature review results.
Reference

DEA Model

Type of Undesirable Variable

[9,21,22,24–27,29–34]
[28]
[35]
[36]
[5]

traditional DEA
SBM-DEA
SBM-DEA
Super SBM-DEA
SBM-DEA

/
/
Economic
/
environmental

Data envelopment analysis (DEA) was introduced by Charnes, Cooper and Rhodes in 1978 and is
a linear optimization method widely used in efficiency analysis [38]. There are many variations of the
DEA method, formulated for desirable inputs and outputs. The most frequently used are the CCR
model [39], the BCC model [40], the additive model (ADD) [41] and the cone ratio model [42].
Since inputs/outputs are also undesirable, there are many methods (transformations) used to
transform undesirable elements into desirable. The most frequently used transformation is the ADD
approach that associate with each undesirable element the opposite element [43].
It is also possible to use the multiplicative inverse approach, but this transformation is not linear
and so the DEA optimization method becomes more complicated [44].
Liu and Sharp [45] were the first to approach the problem by changing the relationship between
inputs and outputs, so they transferred the problem of distinguishing between desirable and undesirable
inputs (or outputs) to a minimum or a maximum value search.
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Recently many authors have combined the ADD approach and directional distance functions
to solve the undesirable elements problem using the slack-based approach and the radial -Russell
approach [38].
The DEA models evaluate the efficiency of n DMUs to produce s outputs from m inputs. The aim
of the DEA method is to estimate and maximize the efficiency of each DMU.
The AHP, introduced by Thomas Saaty (1980), is an effective tool which considers a set of
evaluation criteria and a set of alternatives among which the best is selected. The AHP generates
a weight for each criterion according to the decision maker’s pairwise comparisons of the criteria.
In addition, the AHP enables the checking of the consistency of the decision maker’s evaluations in
order to reduce the bias in the decision-making process [46].
The AHP method involves four main stages: decomposition of the decision problem into a
hierarchy of interrelated elements, pairwise comparisons of the criteria with 9-degree scale application,
calculation of criteria weights and final selection of the best decision [47].
A 9-degree Saaty scale is used to compare each input/output variable in a pairwise comparison
matrix, A. The matrix’s element aij represents the intensity of the preference of the row element i over
the column element j.
The relative weights are given by the eigenvector W corresponding to the highest eigenvalue λmax :
A·W = λmax ·W.

(1)

Generally, the matrix A is not completely consistent. In this case, it is necessary to compute the
consistency index (CI ) given by [48]:
λmax − n
CI =
.
(2)
n−1
In order to conclude whether the evaluations are consistent, the consistency ratio (CR) is calculated
as the ratio of the consistency index CI and the random consistency index CI∗ [46]:
CR =

CI
.
CI∗

(3)

The inconsistency should not be higher than 10 per cent [48].
3. Methodology
3.1. Basic Data Envelopment Analysis
h i
h i
Let X = xij ∈ Rm×n is the input matrix and Y = yij ∈ Rs×n is the output matrix. DMU0 is the
target DMU, x0 = (x10 , . . . , xm0 ) is the input vector and y0 = ( y10 , . . . , ys0 ) is the output vector.
The basic DEA model is defined as a nonlinear model with linear fractional conditions and a
linear fractional goal function.
The DEA model could be written in linear form as the CCR output-oriented model [39]:
maxθ = vT y0,
u,v

(4)

subject to:
uT y0 = 1,
vT y j − uT x j ≤ 0, j = 1, . . . , n,
u ≥ 0, v ≥ 0,

(5)

or could be written in linear form as the CCR input-oriented model [39]:
maxθ = uT x0 ,
u,v

(6)
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subject to:
vT y0 = 1,
uT x j − vT y j ≥ 0, j = 1, . . . , n,
u ≥ ε > 0, v ≥ ε > 0,

(7)

where v is the vector of weights assigned to inputs, u is the vector of weights assigned to outputs and ε
is a so-called non-Archimedean smaller than any positive real number.
The DEA model can also be written as an input-oriented BCC model, as proposed by Banker,
Charnes and Cooper [40], as:
minθ,
(8)
subject to:
X

n
j=1 xij λ j

X

≤ θxi0 , i = 1, . . . , m,

n
j = 1 yk j λ j

≥ yk0 , k = 1, . . . , s,

n
X

λ j = 1,

j=1

j ≥ 0, j = 1, . . . , n.

(9)

The output-oriented BCC model proposed by Banker, Charnes and Cooper [40], could be written as:
maxη,

(10)

subject to:
X

n
j=1 xij λ j

n
X

≤ xi0 , i = 1, . . . , m,

yk j λ j ≥ ηyk0 , k = 1, . . . , s,

j=1

X

n
j=1 λ j

= 1,

λ j ≥ 0, j = 1, . . . , n.

(11)

In the DEA ratio models, it is possible to differentiate between two variants: the input-oriented
and the output-oriented DEA models. The model is input-oriented if the efficiency can be increased
through the reduction of inputs while outputs are held constant. In the case of output-oriented models,
the roles are exchanged. While the CCR model yields the same efficiencies regardless of whether it is
input or output-oriented, the BCC model results are case sensitive.
3.2. Slack-Based Measure
As explained in the introduction, input set X and output set Y can be composed of desirable and
undesirable elements. It is, therefore, necessary to introduce a measure of the input/output efficiency
variables. From the literature review, it seems possible to note that the slack-based measure (SBM) has
greater discriminatory power and also detects more sources of inefficiencies compared with other DEA
models (radial models) [1].
Let PPS be the desirable and undesirable inputs and outputs, respectively; the Production
Possibility Set:

PPS = x ≥ Xλ, y ≤ Yλ, λ ≥ 0 ,
(12)
P
where λ = (λ1 , . . . , λn ) ∈ Rn is a non-negative vector and ni=1 λi = 1.
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Let the DMU0 be described as:
x0 = Xλ + s− ,
x0 = Xλ + s−

(13)

where s− ∈ Rm and s+ ∈ Rs are positive slack vectors that indicate, respectively, the input excess and
the output shortfall.
Using slack vectors it is possible to define a measure ρ, 0 < ρ ≤ 1:
ρ=

s−
i
i=1 xi0

1−

1
m

Pm

1+

1
s

Ps

si+
i=1 yi0

.

(14)

On the basis of the proposed definition the SBM model in a fractional form is defined as [49]:

min ρ j =

j∈{1,...,n}

s−
i
i=1 xi0

1−

1
m

Pm

1+

1
s

Ps

si+
i=1 yi0

,

(15)

subject to:
X

n
i=1 x ji λi

+ s−j = xi0 , j = 1, . . . , m,

X

n
i=1 yki λi

− sk+ = yk0 , k = 1, . . . , s,

λ ≥ 0, s− ≥ 0, s+ ≥ 0.

(16)

The proposed, non-separable SBM model is based on the inseparability of desirable and undesirable
outputs in equation [12]. In other words, a reduction in undesirable outputs will inevitably require a
cut in desirable outputs [50].
It is also possible to use the bad output SBM model, which separates outputs into desirable and
undesirable without assuming the correlation between them [50]. In this case, the output matrix
= YD ∪ YU , YD ∈ Rs1×n , YU ∈ Rs2×n , s1 + s2 = s; is splintered in two parts: desirable outputs and
undesirable outputs. The model is defined as:
1−

min ρ j =

j∈{1,...,n}

1 + 1s (

1
m

+
sD
i
i=1 yi0

Ps1

s−
i
i=1 xi0

Pm

+

+
sU
i
i=1 yi0 )

.

(17)

Ps2

subject to:
X

n
i=1 x ji λi

+ s−j = xi0 , j = 1, . . . , m,

X

n
D
i=1 yki λi

+
− sD
= yk0 , k = 1, . . . , s1, ,
k

X

n
U
i=1 yki λi

+
− sU
= yk0 , k = 1, . . . , s2, ,
k

λ ≥ 0, s− ≥ 0, s+ ≥ 0.

(18)

One may note that the output-oriented models have ρ ≥ 1.
3.3. An AHP-SBM DEA Model for Measuring the Sustainable Performance of LP
Based on a thorough examination of the literature on this topic and an investigation of several DEA
approaches a two phase-model is proposed (Figure 1). The first stage ensures that most appropriate
inputs/outputs variables are considered in the DEA analysis. In order not to decrease the discriminatory
power of the DEA method not all variables can be included in the analysis. However, the most important
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variables must be applied. Therefore, AHP pairwise comparison is applied to rank inputs and outputs
from
the most
to11,
the
least
important.
Sustainability
2019,
x FOR
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8 of 19
Identification of relevant input/
output variables.

Pairwise comparison of input/
output variables.

AHP
method
Weighted
input/output
variables.
if CI/RI

if CI/RI > 0,1

0,1

Calculation of relative technical
efficiency.

DEA
method

Selecting the proper DMUs.

input/output oriented

Selecting SBM DEA model.

Scores of relative technical efficiency.

Figure
Figure1.1. Model
Modelfor
forthe
theassessment
assessmentof
oflogistics
logisticsprovider
provider(LP)
(LP)performance.
performance.

After AHPExample
ranking, proper variables and a proper number of variables are selected in accordance
4. Numerical
with the rule of thumb (nr. o f DMU ≥ 2[nr. o f inputs + nr. o f outputs]) [40].
LPs provide many logistics services (domestic and international transportation, warehousing,
To measure the sustainable performance of LP and considering undesirable variables the SBM
freight forwarding, customs brokerage, cross-docking, added-value services, reverse logistics,
DEA model is selected. However, the selection of a sub-model (input or output orientation) depends
inventory management, consulting services, information technology services, fleet management,
on the characteristics of the analyzed problem and decision maker requirements.
customer services, etc.). However, domestic transportation (81%) for many years, including so far
has been
the most frequently requested logistics service, followed by international
4.2019,
Numerical
Example
transportation (71%) and warehousing (69%) [8]. The authors, therefore, decided to apply the
LPs provide many logistics services (domestic and international transportation, warehousing,
proposed model in a numerical example of LPs that provide transport services.
freight forwarding, customs brokerage, cross-docking, added-value services, reverse logistics, inventory
management,
consulting
services, information technology services, fleet management, customer
4.1. Identification
of Inputs/Outputs
services, etc.). However, domestic transportation (81%) for many years, including so far 2019, has been
The frequently
inputs andrequested
outputs variables
this study
wereby
selected
in two transportation
phases. Two databases
of
the most
logistics in
service,
followed
international
(71%) and
efficiency variables, for LPs that provide all, not only transport, services, as a result of very extensive
literature reviews [51,52] and interviews with academics and practitioners [52], were compared firstly
to select the most commonly used efficiency variables. Cost/price variable, information technology
application variable, accurate delivery time variable, circumstance of delivery, transport capacity,
staff quality/educated employee variable and the employee/customer satisfaction variable were
found to be the most frequently used.
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warehousing (69%) [8]. The authors, therefore, decided to apply the proposed model in a numerical
example of LPs that provide transport services.
4.1. Identification of Inputs/Outputs
The inputs and outputs variables in this study were selected in two phases. Two databases of
efficiency variables, for LPs that provide all, not only transport, services, as a result of very extensive
literature reviews [51,52] and interviews with academics and practitioners [52], were compared firstly
to select the most commonly used efficiency variables. Cost/price variable, information technology
application variable, accurate delivery time variable, circumstance of delivery, transport capacity,
staff quality/educated employee variable and the employee/customer satisfaction variable were found
to be the most frequently used.
The set of criteria was in the second phase adjusted and harmonized to the measurement of
the logistics provider that performs only transport activities. By using very comprehensive and one
of the latest performance frameworks for measuring the performance of transport activity of a 3PL
firm [53] some variables were subdivided into more sub-variables (for example the cost variable was
divided into turnover per km and profit per delivery; circumstances per delivery was subdivided into
correctness and completeness sub-variables), some new variables were added due to their relevance
and to cover the overall sustainability performance of the LP (the average lead time per delivery,
productivity per driver, the utilization of the cargo space, distance travelled, productivity per driver,
transportation accidents per year, total number of orders and total number of employees). Since the
group of environmental variables was not sufficiently comprehensive, two more variables were added
(Carbon dioxide (CO2 ) Greenhouse gas emissions (GSG) and average speed per km) [5] (Tables 2 and 3).
Table 2. Outputs variables.
Outputs
Name

Formula

Turnover per km
Profit per delivery
On-time delivery
Correctness
Completeness
The average lead time per delivery
Productivity per driver
Total number of orders in a certain period of time
Carbon dioxide (CO2 ) Greenhouse gas emissions (GHG)
Average speed per km per vehicle
Distance travelled during a certain period of time
The utilization of the cargo space of a vehicle fleet
Level of employee satisfaction
Transportation accidents per year

turnover per journey
nr. o f km o f a given journey
P delivery tari f f −delivery costs
total number o f deliveries
P number o f on−time deliveries
number o f all deliveries ·100
P number o f correct deliveries
number o f all deliveries ·100
P number o f complete deliveries
number o f all deliveries ·100
P reception date−delivery date
number o f deliveries
P number o f orders dispatched
number o f drivers
P

P

P

total number o f orders
f uel emission f actor·travel distance
P distance traveled
time spent

P

total number o f kilometers travelled
P total weight that requires delivery
maximum weight and or volume ·100
ordinal/qualitative measure
P
number o f transportation accidents

D/U

Sustainable Aspect

D

economic

D

economic

D

economic

D

economic

D

economic

U

economic

D
D
U
U
U/D

economic
economic
environmental
environmental
environmental

D
D
U

environmental
social
social

D—desirable variable. U—undesirable variable

The final set of variables was, accordingly, the fact that the inputs are the resources consumed by
the LP for transport activity and the outputs are results from providing transport activity, divided into
input (Table 3) and output groups of variables (Table 2).
The variables reflect the economic, environmental and social aspects of an LPs’ performance.
Together they cover the overall sustainability performance of LP (Tables 2 and 3).
Ten output variables are desirable, three are undesirable and distance travelled during a certain
period of time can be both (Fuel consumption is calculated from distance travelled. Higher distance
travelled consequently leads to higher CO2 emissions. Viewing from this perspective, distance travelled
variable is undesirable output. However, distance travelled by a truck during a certain period of time
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also shows better truck utilization, which increases efficiency and is therefore treated as desirable
output) (Table 2).
Table 3. Input variables.
Inputs
Name
Total number of employees
Total number of trucks
Average years of education
per employee

Formula
P
total number o f employees
P
total number o f trucks
P

years o f education
number o f employees

D/U

Sustainable Aspect

D
D

economic
economic

D

social

D—desirable variable. U—undesirable variable

Three relevant inputs and 14 relevant outputs were selected by the authors from the database.
Due to the low number of inputs, only outputs variables were included in the AHP pairwise comparison.
Table 4 presents the resulting weights wi for the output variables. To check the consistency of the
comparison matrix, a consistency ratio was computed, CR = 0.099.
Table 4. Priority vector.
Output Variable

Priority Vector (weights wi )

Profit per delivery
The average lead time per delivery
The utilization of cargo space of a vehicle fleet
Carbon dioxide (CO2 ) Greenhouse gas emissions (GHG)
Total number of orders in a certain period of time
Level of employee satisfaction
Turnover per km
On-time delivery
Correctness
Completeness
Productivity per driver
Average speed per km per vehicle
Distance traveled during a certain period of time
Transportation accidents per year

18.7%
17.0%
13.6%
12.4%
9.2%
7.6%
4.9%
4.4%
3.6%
2.6%
2.2%
1.5%
1.1%
1.1%

4.2. Selecting DMU and Input/Output Variables
Eighteen Slovene LPs with a vehicle fleet of size in the range N = [2 to 8] were selected as DMUs.
Given the rule of thumb (nr. o f DMU ≥ 2[nr. o f inputs + nr. o f outputs]), all three input variables
and the six most influential outputs were applied in the DEA analysis (Table 5). All three inputs
are desirable. They cover the economic and social aspects of sustainability. Output 3, 4, 5 and 6 are
desirable. Output 1 and 2 are undesirable and therefore need to be reduced and not increased. All of
them cover all three aspects of sustainability.
Since all LPs do not select all the data required by the model, the missing data were calculated
from the real LP’s values, according to the equations (Tables 2 and 3), or were simulated according to
the data of those LPs that provided data for these input/outputs at all.
4.3. Results and Discussion
In this study, the efficiency scores of LPs were estimated with the use of an input- and
output-oriented CCR model and with the use of the output-oriented SBM model (Table 6).
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Table 5. Data description.
Input 1

Input 2

Input 3

Output 1

Output 2

Output 3

Output 4

Output 5

Output 6

The Utilization of
the Cargo Space of
a Vehicle Fleet [%]

Turnover Per
km [€]

Profit Per
Delivery [€]

Total Numbers of
Orders in a Certain
Period of Time

77
83
89
87
77
77
89
98
70
73
85
82
80
65
70
91
78
86

646,791.6
704,379.4
538,280.5
905,172.6
595,698.7
976,955.3
434,567.3
612,234.1
323,987.1
678,956.1
595,234.1
519,310.3
745,234.1
310,345.8
300,254.8
350,123.7
569,234.8
550,235.7

221,753.1
234,701.3
221,313.1
344,122.8
187,961.4
410,071.9
150,345.5
186,500.1
955,46.34
310,256.1
299,245.3
102,345.8
349,234.1
84,953.7
115,657.3
50,345.2
195,467.2
175,463.2

1303
1537
1135
1938
1299
2006
959
1250
925
1467
1568
1095
2001
834
725
512
935
1323

DMU

Total Nr. of
Employees

Total Nr. of
Truckss

Average Years of
Educations Per
Employee

The Average
Lead Time Per
Delivery [Days]

Carbon Dioxide (CO2 )
Greenhouse Gas
Emissions (GHG)
[Tons C02 ]

LP1
LP2
LP3
LP4
LP5
LP6
LP7
LP8
LP9
LP10
LP11
LP12
LP13
LP14
LP15
LP16
LP17
LP18

8
8
5
9
7
10
5
5
5
9
9
5
9
4
4
4
7
7

5
6
4
7
5
8
4
5
3
6
6
4
7
3
3
2
5
5

1
1
0
2
0
2
0
2
0
2
0
1
6
1
0
0
3
2

2
3
1
2
3
2
2
4
3
1
3
2
2
2
3
2
3
4

696.13
888.73
605.24
938.68
669.27
1226.50
639.65
610.00
435.71
929.65
886.46
567.47
1066.04
486.90
520.74
275.73
566.37
726.99
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Table 6. LPs efficiency score, CCR and SBM DEA model.
CCR—Output Oriented Model
Eff.
DMU
score

s−
1

LP1
LP2
LP3
LP4
LP5
LP6
LP7
LP8
LP9
LP10
LP11
LP12
LP13
LP14
LP15
LP16
LP17
LP18

1.08

1.02
1
1
1
1
1
1
1
1
1
1
1.003
1
1
1
1
1.08
1

s−
2

s−
3

s+
1

s+
2

0

0

0

0

0

0

0.5

0

0

1.53

0

1.52

0

44

s+
3
7.31

7.01

s+
4
0

0

10.24 0

CCR—Input Oriented Model
s+
5
250.41

s+
6

Eff.
score

0

0.97
1
1
1
1
1
1
1
1
1
1
0.99
1
1
1
1
0.92
1

84,619.83 0

0

272.9

s−
1
1.01

s−
2
0

s+
1

s+
2

0.008 0

0

s−
3

0

0

0.51

0

1.39

0

1.54

0

0

s+
3
8.09

7.19

s+
4
0

0

43.77 15.11 0

SBM—Output Oriented Model (with Separable Outputs)
s+
5
2325.1

s+
6
0

Eff.
score

1.03
1.05
1
1
1
1
1.006
1
1
1
1
84,430.65 0
1.003
1
1
1
1
0 254.71
1
1.04

s−
3

s+
1

s+
2

1.19 0.04
0.06 0

0
0

0
0

0
0

8.46
0

0.27 0.55

0

0

0

0

0

0

6.58

0

0

0

s−
1

0

0.86

s−
2

0.008 0.52

0

1.14

s+
3

s+
4

s+
5
0
0

1132.39 12.89
57,697.35 24.52

49,726.01 23,316.35

0

s+
6

0

84,300.62

0

79,389.59 68,262.79

0
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Both CCR input and output-oriented DEA models indicated the same LPs as inefficient (LP1,
LP12 and LP17) (16%). Other DMUs (84%) were found to have an objective function value equal to
one. They are efficient.
The output-oriented CCR model shows that in order to attain efficiency, LP1, LP12 and LP17
must increase their outputs. LP1 needs to increase the utilization of the cargo space of a vehicle fleet
for additional slack variable s3 + = 7.31, LP12 for s3 + = 7.01 and LP17 for s3 + = 10.24. Moreover,
LP1 needs to increase profit per delivery for s5 + = 250.41 and LP12 for s5 + = 84, 619.83. The total
number of orders in a certain period of time of LP17 needs to be increased by a value of 272.9.
The input-oriented CCR model suggests the reduction of inputs in order that the DMU becomes
efficient. In this case, LP1 needs to decrease average years of education per employee for the slack
variable s3 − = 0.008, LP12 for the variable s3 − = 0.51 and LP17 for the variable s3 − = 1.54. The total
number of employees also needs to be decreased in the case of LP1, s1 − = 1.01, and LP17, s1 − = 1.39.
The obtained percentages depict possible savings of LPs. However, none of the abovementioned
models distinguishes between desirable and undesirable outputs (the average lead time per delivery
and Carbon dioxide (CO2 ) Greenhouse gas emissions (GHG). The latter are treated in the output CCR
model as desirable, which in accordance with DEA rules need to be increased (in the case of LP17,
s2 + = 44). However, in reality, they need to be decreased. This is only one drawback of the presented
models. The second possible drawback is that an LP with a very poor environmental index can be
evaluated as efficient. And vice versa: LPs that invest in emissions reductions have lower efficiency
scores, which is rather unfair.
For this purpose, an output-oriented SBM model, which divides outputs into two sets, desirable
and undesirable units, is more appropriate. Slack are added only to desirable outputs and to obtain
the virtual optimum, undesirable variables are decreased and the desirable are increased.
The number of orders, profit, turnover and average load capacity in our model are desirable
outputs. Lead time and GHG emissions are undesirable outputs. The SBM model results indicate
that besides LP1 and LP12 (as in the CCR two models) LP2, LP7 and LP18 are technically inefficient.
LP17 was found to be efficient. The SBM model estimates a lower efficiency score for LP1 and LP12.
The SBM model extends the set of inefficient DMUs, but at the same time, LP17 becomes
efficient, which confirms that the environmental pillar has to be considered in DEA analysis since the
environmental or any other undesired output changes the final efficiency score of the DMU. Moreover,
in other DEA models, environmental outputs are not treated as undesired.
If only the undesirable output (CO2 emission) is increased by 4% or more in the case of LP17,
it becomes inefficient. Therefore, LP17 is critical. It is evaluated as inefficient in CCR models,
but efficient in the SBM model. The appropriate evaluation of CO2 emissions is awarded in the case of
LP17, which is a good feature of the presented model.
Comparison of efficient DMUs, using the super-efficiency DEA method [54], which provides the
ranking of efficient units, in addition, revealed that LP17 is the best LP (Table 7). This info is even more
useful for decision makers and supply chain managers.
Table 7. LPs ranking, super-efficiency DEA model.
DMU

Eff. Score

Rank

LP17
LP13
LP5
LP10
LP9
LP4
LP8
LP6
LP14
LP11
LP3
LP15
LP16

0.988316
0.968483
0.937283
0.916508
0.89027
0.881189
0.879207
0.839177
0.781399
0.731465
0.681834
0.435296
0

1
2
3
4
5
6
7
8
9
10
11
12
13
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The proposed model is fair to those LPs that are environmentally friendly, which is in line with
governmental requirements. Moreover, the model indirectly encourages the decision makers to include
environmental aspects into the selection process of LPs.
5. Conclusions and Discussion
This study highlights the shortcomings of traditional CCR and BCC-DEA models in evaluation
processes, evaluations of LPs, where undesirable variables need to be considered and confirms the
suitability of the SBM-DEA model for such processes. In addition, an integrated AHP-SBM-DEA is
proposed in this study to ensure that the key input/output variables are included in the analysis and
the results of the analysis are therefore more robust and reliable.
CCR and BCC-DEA models provide input and output orientation, allow an analysis of desirable
inputs and outputs but do not distinguish between desirable and undesirable outputs/inputs.
Undesirable output variables that should be reduced in order to achieve greater efficiency are
treated in the CCR and BCC models as desirable and in accordance with output-oriented models must
be increased rather than reduced. The results of DEA methods are consequently not accurate. The set
of effective decision-making units does not include all effective units or includes those that are not
effective. This is misleading for the performance measurement provider and can lead to the wrong
final choice of an effective DMU.
Unlike CCR and BCC-DEA models, the SBM-DEA model has greater discriminatory power
and also detects more sources of inefficiencies. The non-separable SBM-DEA model is based on the
inseparability of desirable and undesirable outputs in an equation. A reduction in undesirable outputs,
therefore, requires a cut in desirable outputs. The separable SBM-DEA model separates outputs into
desirable and undesirable without assuming a correlation between them. Both SBM-DEA models add
slacks to desirable outputs and to obtain the virtual optimum, undesirable variables are decreased and
the desirable are increased. The results are much more credible.
However, even by using SBM-DEA the results are highly influenced by the choice of appropriate
inputs and outputs variables. The method itself does not provide guidance for their identification
but only suggest several sensitivity analyses to validate the feasibility and robustness of its model.
Nevertheless, there is still doubt whether the appropriate variables are applied in the analysis.
Accordingly, an integrated AHP-SBM DEA model is proposed and tested using a numerical
example of Slovene small-sized LPs. Compared to past studies on this topic, which do not pay
attention to the choice of appropriate inputs and outputs variables, in the present study the relative
priorities (weights) for variables are derived using a pairwise comparison of variables. The priorities
are not assigned arbitrarily, rather are derived based on the judgments and preferences of the authors.
“These priorities, therefore, have mathematical validity, as measurement values derived from a ratio
scale” [55]. Since the priorities are derived from the subjective preferences of the authors a consistency
ratio comparing the consistency index (CI) of the matrix versus the random consistency index was
calculated. Thus, the bias in the decision-making process is reduced. Moreover, traditionally the DEA
methods may conduct several sensitivity analyses to validate the feasibility and robustness of its model.
When the method is capable of assessing two to three parameters, as is the DEA (Pearson correlation,
Jack-knifing analysis [56], removable of variables), it is rated medium feasible and robust [57]. When
the DEA would enable assessment of more than three parameters, it would be rated high. These facts
answer the RQ2.
In the conventional AHP, which was used in the present study, the pairwise comparison is made
using a discrete scale of 1–9, which is simple and easy to use; but it does not take into account the
uncertainty related to the mapping of participants’ judgement to a number. The triangular fuzzy
numbers, e
1 to e
9 could be utilized in future research to improve the conventional nine-point scale.
In decision-making problems when criteria independence is assumed, an AHP method might
not be appropriate. The analytic network process (ANP) is a more suitable but more time-consuming
solution since a decision maker must answer a much larger number of questions [58].
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Regarding the RQ1 (i.e., the credibility of the SBM-DEA model for evaluating the performance of
LPs) the CCR and BCC-DEA analyses resulted in three inefficient LPs and 15 efficient LPs. Despite the
fact that the obtained results depict possible savings of LPs, none of the applied models distinguishes
between desirable and undesirable outputs. The carbon dioxide (CO2 ) greenhouse gas emissions
(GHG) variable was considered in the output CCR model as desirable, which in accordance with
DEA rules needs to be increased (in the case of LP17, s2 + = 44) and not decreased as expected by the
external environment (government, buyers of logistics outsourcing). These facts, therefore, confirm the
credibility of the CCR and BCC-DEA models in cases when undesirable variables do not need to be
considered. However, the model fails to accurately reflect the efficiency of the LP.
Compared to traditional DEA models, the SBM-DEA model, proposed and tested by the authors,
treated the average lead time per delivery and carbon dioxide (CO2 ) greenhouse gas emissions (GHG)
variable as undesirable. Slacks were added in this analysis only to desirable outputs and to obtain the
virtual optimum; undesirable variables were decreased and the desirable were increased. The SBM
model moreover extended the set of inefficient DMUs and LP17 became efficient. This fact confirms the
authors’ doubts in past studies, which applied SBM-DEA models but did not consider all three pillars
of sustainability. Results show that the environmental pillar must be considered in DEA analysis since
the environmental or any other undesired output changes the final efficiency score of the LP. Moreover,
applying the Super-efficiency DEA method it is possible to note that LP17 is the best LP.
The presented model upgrades theoretical knowledge. The topic presented in this paper is actual,
significant and only at an early stage, which will, therefore, stimulate further studies. The authors
hope that the proposed methodology will be a subject of further refinement using qualitative and
quantitative research methods [59] and will also stimulate new theory building. The initial step would
be to test the methodology in more case studies and examples.
Whilst we cannot overemphasize the practical importance of the methodology presented, we
believe that this study is a great contribution to the evaluation of LPs efficiency, taking into account
all three pillars of sustainability. The model corresponds to a real situation and thus represents the
potential for great support for decision-makers. The authors believe that the study offers decision
makers and managers in supply chains a starting point for what is needed to become efficient from
all sustainable aspects, which would further stimulate such data collection (few companies actually
collect all data required) and would also lead to greater acceptance and adoption of the methodology.
The presented methodology, on one hand, enables tailor-made solutions, but on the other hand, is
very general, and, with minor adjustments, can in the future be applied in a variety of situations by
supply chain partners.
Considering that DEA is a data-driven approach the lack of real data in the case of some
inputs/outputs is a limitation in this work. The real data of all inputs and outputs might more
effectively demonstrate the potential of this method or might speak to the use of an updated model
formulation [5]. Thus, additional evaluations of the model would need to be undertaken in the future.
Moreover, AHP pairwise comparison reflects the authors’ opinions, which are rather subjective.
For a more objective ranking of input/output variables the integrated AHP-DELPHI method may be
the most appropriate; or, the number of evaluators in AHP pairwise comparison should be increased.
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