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ABSTRACT Technology selection is an important part of enterprises sustainable development. The best
technologies could create significant competitive advantages for an enterprise to realize its profit growth
and capability improvement, and then realize its sustainable development. However, due to the complexity of
technology selection, decisionmakers are facedwith a difficult task, therefore, to select the best technologies,
we introduce the evaluation based on distance from average solution (EDAS) method to aggregate ultimate
cross-efficiency scores. By calculating the positive distance from average solution (PDA) and the negative
distance from average solution (NDA), we can get the appraisal scores (AS) to rank for each rated decision
making unit (DMU). Finally, an example of technology selection is illustrated to examine the validity of the
proposed method.

INDEX TERMS Cross-efficiency evaluation, DEA (data envelopment analysis), EDAS (evaluation based
on distance from average solution) method, technology selection.

I. INTRODUCTION
Sustainable development refers to the development of the
ability to meet the needs of the present without compromising
the ability of future generations to meet their needs [1]. With
the development of sustainability, people pay more and more
attention to sustainability, and sustainable development has
penetrated into various fields. The sustainable development
of an enterprise means that in the process of pursuing self-
survival and sustainable development, the enterprise should
not only consider the realization of the business goals, but
also improve its market position. It is necessary to maintain
a sustained profit growth and capability improvement in the
leading competitive areas and future expansion of the busi-
ness environment [2]. Among this, technology selection as
one of the elements of sustainable strategies has received
extensive attention. In the past few years, the range of man-
ufacturing technologies available to enterprises has signifi-
cantly increased, decision makers of a technology such as
machine tools, industrial robots, or flexible manufacturing
systems are faced with many options, so how to select a
best technology is an important part for enterprises. The best
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technologies could create significant competitive advantages
for an enterprise to realize its profit growth and capability
improvement, and then realize its sustainable development.

However, technology selection is always a difficult task
for decision makers. Technologies have varied strengths
and weaknesses which require careful assessment by
the purchasers. Technology selection model can help
decision-makers choose the best technology between the
evolving technologies. Because of the complexity of tech-
nology evaluation which includes strategic and opera-
tional characteristic, there are many tools that consider
a wide range of dimensions have been developed for
evaluating these characteristics, which include cost, qual-
ity, flexibility, time, etc. Rai et al. [3] addressed appli-
cation of a fuzzy Goal Programming(GP) concept to
model the problem of machine-tool selection and operation
allocation with explicit considerations given to objec-
tives of minimizing the tool cost of machining opera-
tion, material handling and setup. Chan et al. [4] presented
a fuzzy GP approach to model the machine tool selec-
tion and operation allocation problem of flexible manufac-
turing systems (FMSs). Jaganathan et al. [5] proposed an
integrated fuzzy analytic hierarchy process (AHP) based
approach to facilitate the selection and evaluation of new
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manufacturing technologies in the presence of intangible
attributes and uncertainty. Khouja [6] proposed a deci-
sion model for technology selection problems using a
two-phase procedure. Maghsoodi et al. [7] investigated a
technology selection problem by proposing a hybrid MADM
approach based on the Step-Wise Weight Assessment
Ratio Analysis (SWARA) approach with a hierarchical
arrangement combined with the Multi-Objective Opti-
mization on the basis of Ratio Analysis plus the full
MULTIplicative form (MULTIMOORA). Peng et al. [8]
applied the fuzzy Technique for Order Preference by Simi-
larity to Ideal Solution (TOPSIS) approach to select a proper
restoring technology for the crankshaft remanufacturing.
Narayanamoorthy et al. [9] proposed interval valued intu-
itionistic hesitant fuzzy entropy based on VlseKriterijumska
Optimizacija I Kompromisno Resenje(VIKOR) method for
robot selection. Liu et al. [10] proposed a novel robot
selection model by integrating quality function develop-
ment (QFD) theory and qualitative flexible multiple criteria
method (QUALIFLEX) under interval valued Pythagorean
uncertain linguistic context.

Otherwise, many researchers used data envelopment
analysis (DEA) to study the problems of technology
selection. For example, Baker and Talluri [11] proposed
an alternate methodology for technology selection using
data envelopment analysis (DEA). Ramanathan [12] intro-
duced the use of DEA for synthesizing the diverse
characteristics of energy supply technologies into a sin-
gle objective efficiency score. Farzipoor [13] proposed
an innovative approach, which is based on imprecise
data envelopment analysis (IDEA). Talluri et al. [14] pro-
posed a framework, which is based on the combined
application of DEA and non-parametric statistical proce-
dures, for the selection of FMSs. Seiford and Zhu [15]
extended the context-dependent DEA by incorporating
value judgment into attractiveness and progress measures.
Sarkis and Talluri [16] introduced an application of DEA
that considers both cardinal and ordinal data, for the evalu-
ation of alternative FMS. Talluri and Yoon [17] introduced
the advanced manufacturing technology selection process.
They proposed a combination of a cone-ratio DEA model
and a new methodological extension in DEA, while allow-
ing for the incorporation of preference of decision-makers.
Shang and Sueyoshi [18] utilized a combination of AHP and
DEA for selection of FMS. Braglia and Petroni [19] proposed
the use of DEA for selection of industrial robots.

DEA proposed by Charnes et al. [20] (CCR model)and
developed by Banker et al. [21] (BCC model) is an approach
for evaluating the efficiencies of a group of homogenous deci-
sion making units (DMUs) in which one or multiple inputs
are consumed to produce one or multiple outputs. In the
traditional DEA models, each DMU selects its own most
favorable set of optimal weights to evaluate its efficiency,
namely self-evaluation, which may results in the problem
that many DMUs are evaluated as DEA efficiency and the
efficient DMUs cannot be further distinguished or ranked.

To solve this problem, some scholars have extended the tra-
ditional DEA and proposed new technologies to improve the
discriminative power of DEA. One method is the DEA cross-
efficiency evaluation method proposed by Sexton et al. [22].
However, because of the optimal weights calculated by the
DEA model are generally not unique, cross-efficiency scores
may be generated arbitrarily. Doyle and Green [23] intro-
duced the aggressive and benevolent models, whichminimize
and maximize, respectively, the efficiency of the composite
DMU constructed from the other DMUs compared to DMU0.
Wang and Chin [24] suggested a neutral DEA model for
cross-efficiency evaluation. Wu et al. [25] and Contreras [26]
proposed models in which the secondary goal is to opti-
mize the ranking position of the DMU under evaluation.
Wu et al. [27] proposed a weight-balanced model, which
goals are to lessen large differences in weighted data and
reduce the number of zero-weights. Liang et al. [28] pro-
posed the game cross-efficiency model and an algorithm.

Another problem in the cross-efficiency evaluation is the
aggregation of the ultimate cross-efficiency scores. The most
extensively used approach is to aggregate cross-efficiency
scores with equal weights. Additionally, Wang et al. [29]
investigated how to determine the weights in cross-efficiency
evaluation. Wu et al. [30] introduced the Shannon entropy
to aggregate the cross-efficiency scores. Yang et al. [31]
proposed a cross-efficiency aggregation model using the
evidential-reasoning approach. Oukil [32] embedded ordered
weighted averaging (OWA) under preference ranking for
DEA cross-efficiency aggregation. Song et al. [33] improved
a recently proposed DEA cross-efficiency aggregation
method based on the Shannon entropy. The weights for
determining cross-efficiency are derived fromminimizing the
square distance of weighted cross-efficiency and weighted
CCR efficiency. In addition, Kao et al. [34] implied the
ideal of cross evaluation to measure the efficiency of the
two basic structures of network systems, series and parallel.
Liu et al. [35] considered the decision makers’ risk attitude
and investigated the cross-efficiency based on prospect the-
ory. Fan et al. [36] proposed a group decision-making for
cross-efficiency based on hesitant fuzzy sets(HFSs).

The evaluation based on distance from average solu-
tion (EDAS) method developed by Ghorabaee et al. [37] is
a novel multiple criteria decision-making method (MCDM)
for inventory classification, which is a compromise MCDM
method. Peng and Chong [38] extended the EDAS method
to neutrosophic soft decision making. Galina et al. [39]
introducedL1 metrics in EDAS method for multiple crite-
ria decision-making. Liang et al. [40] integrated the EDAS
with elimination and choice translating reality (ELECTRE)
approaches for assessing the cleaner production of gold
mines. Li et al. [41] developed an approach that incorporates
power aggregation operators with the evaluation based on
distance from average solution (EDAS) method under lin-
guistic neutrosophic situations to solve fuzzy multi-criteria
group decision-making problems. Stevic et al. [42]proposed
a model based on fuzzy AHP and fuzzy EDAS for evaluation
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of suppliers. Feng et al. [43]extended the Evaluation Based
on Distance from Average Solution (EDAS) method to the
extended hesitant fuzzy linguistic environment, which use
average solution for appraising alternatives.

At present, the EDAS method is used in MCDM. In this
paper, we will introduce the EDAS method to aggregate the
ultimate cross-efficiency scores. By calculating the positive
distance from average solution (PDA) and the negative dis-
tance from average solution (NDA), we can get the appraisal
scores (AS) for each Rated DMU, then we can rank for all
DMUs according to the AS. Finally, an example of 27 indus-
trial robots is illustrated to examine the method.

The rest of this paper unfolds as follows: Section 2 presents
the DEA cross-efficiency evaluation method; Section 3 deter-
mines the ultimate cross-efficiency scores using the EDAS
method. An example of technology selection is given in
section 4 and conclusions are made in section 5.

II. DEA CROSS-EFFICIENCY
We assume that there are a set of n DMUs, and each
DMUj(j = 1, 2, . . . , n) produce s different outputs using m
different inputs which are denoted as xij(i = 1, 2, . . . ,m) and
yrj(r = 1, 2, . . . , s) respectively.

For any evaluated DMUd (d = 1, 2, . . . , n), the efficiency
score Edd can be calculated by the following model (1),
proposed by Charnes et al. [20].

max
s∑

r=1

µrd yrj = Edd

s.t.
m∑
i=1

ωidxij −
s∑

r=1

µrd yrj ≥ 0, j = 1, 2, . . . , n

m∑
i=1

ωidxid = 1

ωid ≥ 0, i = 1, 2, . . . ,m
µrd ≥ 0, r = 1, 2, . . . , s (1)

By solving the above model (1), we can get a group
of optimal weights ω∗1d , . . . , ω

∗
md , µ

∗

1d , . . . , µ
∗
sd for each

DMUd (d = 1, 2, . . . , n). In the model, each DMU is
self-evaluated and termed efficient if and only if the opti-
mal objective function is equal to 1. The traditional cross-
efficiency of each DMUj using the weights of DMUd ,
namely Edj, can be calculated as follows:

Edj =

∑s
r=1 µ

∗
rdyrj∑m

i=1 ω
∗
idxij

, d, j = 1, 2, . . . , n (2)

Then we can obtain the cross-efficiency matrix (CEM) as
shown in table1. For each row, Edj is the cross-efficiency
score of DMUj using the weights that DMUd (d =

1, 2, . . . , n) has chosen. We can also find that the elements
in the diagonal are the special cases that can be seen as
self-evaluated.

For each DMU, the average of all Edj, that are listed
in the last column of table 1, namely, Ēj = 1

n

∑n
d=1

TABLE 1. Generalized cross-efficiency matrix.

TABLE 2. Data for 27 industrial robots.

Edj (j = 1, 2, . . . , n) can be treated as a new efficiency
measure, that is, the cross-efficiency score for DMUj.

III. DETERMINATION OF ULTIMATE
CROSS-EFFICIENCY USING EDAS
In this section, we will use the EDAS to aggregate the cross-
efficiency. The EDAS method is used for MCDM problems.
In this paper, the Rating DMUd will be seen as criteria, and
the RatedDMUj will be seen as all alternatives in theMCDM.

Step 1: Determine the average solution according to all
Rating DMUd , shown as follows:

AV = [AVd ]1×n (3)
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TABLE 3. Cross-efficiency matrix.

where

AVd =

∑n
j=1 Edj
n

(4)

In this step, the RatingDMUd will be seen as criteria in the
MCDM. We can obtain the average scores for every Rating
DMUd by calculating equation (3) and (4).
Step 2: Calculate the positive distance from average

solution (PDA) and the negative distance from average solu-
tion (NDA) matrices, shown as follows:

PDA = [PDAdj]n×n (5)

NDA = [NDAdj]n×n (6)

PDAdj =
max(0, (Edj − AVd ))

AVd
(7)

NDAdj =
max(0, (AVd − Edj))

AVd
(8)

where PDAdj and NDAdj denote the positive and the negative
distance of jth RatedDMUj from average solution in terms of
d th Rating DMUd , respectively.
Step 3: Aggregate PDA and NDA for all Rated DMUj,

shown as follows:

SPj =
1
n

n∑
d=1

PDAdj (9)

SNj =
1
n

n∑
d=1

NDAdj (10)

Step 4: Normalize the values of SP and SN for all Rated
DMUj, shown as follows:

NSPj =
SPj

maxj(SPj)
(11)

NSNj = 1−
SNj

maxj(SNj)
(12)

Step 5: Calculate the appraisal scores (AS) for all Rated
DMUj, shown as follows:

ASj =
1
2
(NSPj + NSNj) (13)

where 0 ≤ ASj ≤ 1.
In this step, we aggregate the NSPj and NSNj to get the

ultimate AS.
Step 6: Rank the Rated DMUj according to the decreasing

values of appraisal scores(AS). The higher AS, the better the
Rated DMUj.

IV. APPLICATION TO TECHNOLOGY SELECTION
Many advanced manufacturers use robots extensively to per-
form repetitious, difficult, and hazardous tasks with preci-
sion. Robots improve quality and productivity if deployed
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TABLE 4. The results of the EDAS.

properly, so the selection of robots is an important part
for enterprises. The best robots can create profits for enter-
prises and enhance their capabilities, so that enterprises can
achieve sustainable development. In this section, the pro-
posed method is used for robot selection. There are 27 indus-
trial robots that need to be evaluated and selected, the inputs
include cost (in $10,000), repeatability (in millimeters), and
the outputs include load capacity (in kilograms) and velocity
(in meters per second). The data for the 27 robots are listed
in Table 2.

Then we can obtain the cross-efficiency matrix by
model (2), it was shown in Table 3. After getting the
cross-efficiency matrix (CEM), we can use the method pro-
posed in section III to obtain the ultimate cross-efficiency
scores. The results are shown in Table4.

After getting the SP, NP, NSP, NNP, then we can obtain the
ultimate AS for each Rated DMUj that are listed in the last

column of table 4. From table 4, we can see that DMU14 get
the highest AS,0.9956, however DMU12 get the worst AS,0,
so DMU14 is the best selection and its use will could create
significant competitive advantages for an enterprise to realize
its profit growth and capability improvement, and then realize
its sustainable development.

TABLE 5. Evaluation results of 27 industrial robots.

Table 5 shows the results of the traditional CCR efficiency
scores, the efficiency scores of Wu’method [30], and the AS
calculated by the EDAS. TheCCR efficiency scores show that
nineDMUs are identified as efficient DMUs, which cannot be
discriminated any further. Wu’method [30] use the Shannon
entropy to aggregate the cross-efficiency and the rankings
are listed in the fifth column of table 5. The sixth column
of the table 5 lists the results of the EDAS. The rankings of
the 27 industrial robots obtained by the Wu’method [30] and
the EDAS are not significantly different based on a Spear-
man rank correlation coefficient test, with the statistic of
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rs = 0.913 and the corresponding p-value of p < 0.01, so this
method is feasible.

V. CONCLUSIONS
In the sustainable development of enterprises, more and more
attention has been paid to the technology selection. In this
paper, we introduce the EDAS to aggregate ultimate cross-
efficiency scores. In this method, we introduce the PDA,
NDA, and AS to rank for all DMUs. Finally, our method
is applied to an example of technology selection. Compared
with Wu’method [30], this method does not need to generate
a set of weights for aggregating and determining the ulti-
mate cross-efficiency scores, it only needs to calculate the
AS for each Rated DMU, so it is more simple. Otherwise,
the Spearman Rank correlation coefficient shows that the
rankings obtained by the Wu’method [30] and the EDAS are
not significantly different, so this method is feasible.

In this paper, we discussed the problem of the selection of
industrial robots based on EDAS cross-efficiency evaluation
method. However, we don’t consider the non-uniqueness of
the weights, so we can take it into consideration in the future.
In addition, we can use this method to discuss other decision
making problems, and the EDAS method can be used in net-
work data envelopment analysis (NDEA) with other methods
to solve the more complex problems.
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