
Chapter 18

Research Fronts and Prevailing Applications
in Data Envelopment Analysis

John S. Liu, Louis Y.Y. Lu, and Wen-Min Lu

Abstract Research activities relating to data envelopment analysis (DEA) have

grown at a fast rate recently. Exactly what activities have been carrying the research

momentum forward is a question of particular interest to the research community.

This study finds these research activities, or research fronts, as well as some facts on

applications in DEA. A research front refers to a coherent topic or issue addressed

by a group of research articles in recent years. The large amount of DEA literature

makes it difficult to use any traditional qualitative methodology to sort out the

matter. Thus, this study applies a network clustering method to group the literature

through a citation network established from the DEA literature over the period

2000–2014. The keywords of the articles in each discovered group help pinpoint its

research focus. The four research fronts identified are “bootstrapping and two-stage

analysis”, “undesirable factors”, “cross-efficiency and ranking”, and “network

DEA, dynamic DEA, and SBM”. Each research front is then examined with

key-route main path analysis to uncover the elements in its core. In the end, we

present the prevailing DEA applications and the observed association between

DEA methodologies and applications.
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18.1 Introduction

Data envelopment analysis (DEA) is a methodology for performance evaluation

and benchmarking where multiple performance measures are present (Cook

et al. 2014; Sherman and Zhu 2013). Charnes et al. (1978) establish an efficient

frontier formed by the best performing decision making units (DMUs) and assign

an efficiency index to each non-frontier units according to their distances to the

efficient frontier. After more than 35 years of development, research activities

relating to DEA are still growing at a very fast rate. Our search in the Web of

Science (WOS) database indicates that during the period 2010–2014, around 2000

more DEA-related papers have been published, which is in addition to the 4500

existing collections prior to 2010 as reported by Liu et al. (2013a).

Amidst such a large amount of literature, it is getting more and more difficult to

comprehend the development of the field without the guidance of survey type

studies. Several previous studies have reviewed the general DEA literature. They

include, in the sequence of their publication year, Seiford and Thrall (1990), Seiford

(1996), Gattoufi et al. (2004a, b), Cooper et al. (2007), Emrouznejad et al. (2008),

Cook and Seiford (2009), Liu et al. (2013a, b), etc. Seiford and Thrall (1990) review

DEA development when the field was in its early stage. Seiford (1996) and Gattoufi

et al. (2004a) extensively list the DEA literature up to the time when their articles

was published. Cooper et al. (2007) review DEA models and measures from a

theoretical perspective. Gattoufi et al. (2004b) and Emrouznejad et al. (2008)

conduct bibliometric style surveys and present the DEA publication statistics.

Cook and Seiford (2009) present a comprehensive review on the methodological

developments since 1978. Liu et al. (2013a, b) survey the general DEA literature

and examine how DEA is applied through a citation-based methodology.

There is also no lack of survey studies in specific DEA subfields. Studies that

survey methods to further discriminate DEA results include Adler et al. (2002),

Angulo-Meza and Lins (2002), and Hosseinzadeh Lotfi et al. (2013). Zhu (2003)

and Hatami-Marbini et al. (2011) review the approaches to handle imprecise and

fuzzy data in DEA. Zhou et al. (2008) and Song et al. (2012) survey energy and

environmental studies that apply DEA. For financial institution and banking appli-

cations, Berger and Humphrey (1997), Fethi and Pasiouras (2010), and Paradi and

Zhu (2013) conduct comprehensive surveys. Recently, Cook et al. (2010a), Castelli

et al. (2010), and Kao (2014b) go over the developments in network DEA and

two-stage process model.

All these surveys enrich the DEA literature and help advance our understanding

of the field. They provide guidance to scholars who are new to the field and may

have helped widen the view of long standing researchers. This current study

attempts to play the same role as those previous surveys by applying a quantitative

and systematic approach similar to that adopted in Liu et al. (2013a). In fact, this

current study continues and complements the previous survey by Liu et al. (2013a)

with up-to-date data. As regards to methodology, in addition to main path analysis,

this study also adopts a widely used network clustering method to separate the
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literature into groups. Nevertheless, we deviate from Liu et al. (2013a) in that this

study’s main focus is on research fronts of DEA. Aside from providing updates on

the main trajectory of the overall DEA development and authors who have made

significant contributions to the development, the current study answers an interest-

ing question: What are the recent major activities that have carried the DEA

research momentum forward?

Research fronts are areas in which many researchers put their focus in recent

years. They are typically represented by a group of articles addressing the same or

similar issues. In order to discover these coherent groups within the DEA field, we

construct a citation network and apply a powerful network clustering method, the

edge-betweenness based clustering (Girvan and Newman 2002), to separate the

citation network into sub-networks. The clustering method demands that the

resulting sub-networks have nodes tightly knitted within, but loosely connected to

nodes outside the sub-network. We then apply key-route main path analysis assisted

by keyword analysis to comprehend the research activities in each group. As to the

time coverage, Liu et al. (2013a) observes two phases of DEA development with

the latest phase beginning around 2000. It is quite reasonable to take that year as the

starting point, and thus we take articles from 2000 through to 2014 to uncover

research fronts.

The growth of DEA research is largely boosted by its broad applicability.

Scholars have applied various DEA methodologies to study efficiencies and related

management issues in a wide array of applications. Applications in different

industry, nevertheless, seemed to be associated with certain methodologies. Some

of such phenomena are rooted in the nature of applications while others are not. For

those that are not, comprehending the phenomena opens opportunities for further

innovation in the application research. The last part of this study applies keyword

analysis to find association between methodologies and applications, along with

some basic descriptive analysis on applications.

This paper is organized as follows. After the introduction, we briefly describe the

methodology used in this study, in particular the edge-betweenness based clustering

and the key-route main path analysis. Section 18.3 discusses data composition and

presents the basic statistics. Section 18.4 offers the results of overall DEA devel-

opment, which is essentially an update of the major results in (Liu et al. 2013a).

Section 18.5 elaborates on the DEA research fronts. It is followed by a presentation

of keyword analysis results on DEA applications in particular the association

between methodologies and applications. The last section concludes and discusses

future research avenues to pursue.

18.2 Methodologies

The methodologies to uncover research fronts are based on citation relationships

among articles, or more exactly a citation network. In a citation network, each node

represents an article, and it is linked to other nodes that it references or is cited
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by. Using network terminology, a citation network is a non-weighted and directed

network. It is non-weighted, because the importance of each citation is regarded as

the same. It is directed, as presumed knowledge flows directionally from a

cited article to the article that references it.

This study adopts two methods to analyze the citation network established from

the collected dataset. We apply the first method, the edge-betweenness based

clustering (Girvan and Newman 2002) in association with the optimal modularity

concept (Newman 2006), to find coherent groups in the citation network. The

second method, key-route main path analysis (Liu and Lu 2012), helps examine

the content of each group. The following sections briefly introduce these two

methods.

18.2.1 Edge-Betweenness Based Clustering

Grouping articles that address similar issues is an essential step in discovering

research fronts. We assume that citation relationships among articles can be used

to determine any similarity between articles. If two articles reference several of

the same articles and are also cited by several of the same other articles, then the

probability of these two articles addressing the same issue is high; otherwise,

they probably study quite different problems. Thus, articles that address the

same issues form a tightly knitted ‘community’ in a citation network. Based on

such a premise, this study adopts the widely used edge-betweenness based

clustering (Girvan and Newman 2002) with the assistance of the optimal modu-

larity concepts (Newman 2006) to group similar articles. Both the edge-

betweenness clustering and modularity concepts are originated from physicist

Mark Newman.

The modularity for a network is defined as “the number of edges (links) falling

within groups minus the expected number in an equivalent network with edges

placed at random” (Newman 2006). A network with high modularity is dense in

connections between the nodes within groups, but sparse in connections between

nodes in different groups. The best division for a network is the one that has the

largest value of network modularity.

The edge-betweenness of a network link is “the number of shortest paths

between pairs of vertices that run along it” (Girvan and Newman 2002). The

links that connect groups in the network have high edge-betweenness. The edge-

betweenness based clustering relies on this property and removes step by step links

with the highest edge-betweenness. In the process, the groups are separated from

one another and the underlying group structure is gradually revealed.

The clustering procedure begins with a calculation of edge-betweenness of all

existing links in the network. The link with the highest edge-betweenness is then

removed. One then recalculates edge-betweenness for the links that are affected by

the previous removal, which is followed by removal of the current highest-rank

link. Eventually, the network is divided into two groups. At this step, the modularity
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for such division is computed and recorded. The recalculation and removal steps

continue. The modularity is calculated whenever there are existing groups that are

divided further. The recalculation and removal steps are repeated until all the links

in the network are removed. At this point, one traces back to the network division

that has the largest modularity and obtains the grouping result. In practice, we adopt

igraph (Csardi and Nepusz 2006) implementation of the algorithm under Microsoft

Visual Studio development environment.

18.2.2 Key-Route Main Path Analysis

One of the more widely used extensions of main path analysis is the key-route

main path approach (Liu and Lu 2012), which extends the main path analysis

originally introduced by Hummon and Dereian (1989). A main path is a connected

chain of significant links in an acyclic directed network such as a citation network.

In general, the procedure for main path analysis consists of two steps. First, it

finds the significance measure “traversal count” for each network link based on

the network structure. Search path link count (SPLC) is the algorithm adopted in

this study to measure the significance of the links. Second, it searches for the main

path(s) based on traversal counts found in the first step. Here, the method as

suggested by Hummon and Dereian (1989) searches only forward—that is, it

establishes paths from a given network node by moving along the direction of

links. The path(s) found this way run the risk of missing many top significant

links. The key-route main path approach proposed by Liu and Lu (2012) begins

the search from the top significant links, thus guaranteeing the inclusion of these

links. It requires specifying the number of the top links (key-routes). For example,

key-route 10 specifies that the search begins from the top 10 most significant

links. By varying the number of key-routes, one is able to control the level of main

path details.

The search in key-route main path analysis starts by picking one top link and

searching backward from the tail node of a given link as well as forward from the

head node of the same link. The search can be global or local (Liu and Lu 2012).

This study adopts the global search, which means connecting the link that deliver

the largest overall traversal count value. A path is obtained by joining both forward

and backward search results with the link itself. One repeats the same process for all

the specified top links. The final key-route main paths are a union of all the paths

thus obtained. The key-route main path analysis has been successfully applied to

detect technological changes (Chen et al. 2013a; Hung et al. 2014), conducting

literature reviews (Chuang et al. 2014; Lu and Liu 2013, 2014), and tracing the

decisions of legal opinions (Liu et al. 2014), etc.
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18.3 Data

This study obtains data from the Thomson Reuters Web of Science (WOS) database

service. Data are separated into two parts in time. Part I ranges from 1978 to 1999,

whereas Part II ranges from 2000 to 2014. We use the combination of Parts I and II

data to observe the overall DEA development and Part II data to examine the

research front. Part I data were taken from the dataset used in a previous study by

Liu et al. (2013a) and retrieved on August 2010. Part II data were retrieved from

WOS on July 17, 2014.1 Since research front is the main objective of this study and

it is more likely to be observed from articles published in prestigious journals and

highly cited articles, we limit our data to articles published in several prestigious

journals as well as top cited articles. In other words, this study considers only

articles that are either published in prestigious journals or are highly cited in the

WOS database. Certainly, many articles meet both criteria.

In our preliminary dataset, there are more than 400 journals that published at

least two DEA-related articles in the period 2000–2014. To select journals, we

consulted two journal rating sources2 and conducted a survey with experts in the

field. Twenty experts were issued a survey letter and ten of them responded. In the

end, 12 journals are selected, which are listed in Table 18.1.3 All the journals

selected receive good rankings in the two journal rating sources. More importantly,

Table 18.1 Target journals (in alphabetical order)

Journals Number of expert endorsementsa

1 Annals of Operations Research 9

2 Applied Economics 7

3 Computers & Operations Research 6

4 European Journal of Operational Research 10

5 International Journal of Production Economics 5

6 Journal of Banking & Finance 7

7 Journal of Econometrics 5

8 Journal of Productivity Analysis 10

9 Journal of the Operational Research Society 10

10 Management Science 8

11 Omega-International Journal of Management Science 10

12 Operations Research 9
aA total of 10 experts responded to the survey

1 Part II data thus contain only articles in the first half of 2014.
2 The two sources are the Harzing Journal Quality List (http://www.harzing.com/pop.htm) and The

ABDC Journal Quality List (http://www.abdc.edu.au/pages/abdc-journal-quality-list-2013.html).
3 In the same survey, several experts indicate that they do not feel comfortable with DEA papers

published in some journals. Among them, African Journal of Business Management, Applied

Mathematics and Computation, and Expert Systems with Applications are high on the list.
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they are all endorsed by more than five of the experts we consulted as journals that

publish quality DEA articles.

In addition to articles published in the 12 selected journals, this study includes

the top 400 cited articles in Part I data and the top 500 articles in Part II data. In

practice, the data search procedure first filters-in the top cited articles and then takes

in those that are published in the selected journals from the remaining articles.4 In

the end, Part I data consist of 733 articles and Part II data consist of 1595 articles.

The sum of both, 2328, is used to analyze overall DEA development.

18.4 Overall DEA Development

Liu et al. (2013a) conduct a citation-based literature survey using data collected in

August 2010. The DEA literature has grown tremendously since then. As men-

tioned in the introduction section, around 2000 DEA papers have been published in

the period 2010–2014. This section provides an update to the major results of Liu

et al. (2013a). It should be kept in mind, however, that there is a difference in data

criteria between this study and the previous one. The previous study includes all

DEA articles in the analysis, whereas this study takes only the top cited articles and

those articles published in the 12 selected journals.

18.4.1 Researcher Statistics

This section presents top DEA researchers in order to recognize their significant

contributions to the field. In the WOS database, some authors are listed by different

identities, e.g., by showing or not showing their middle initials. Before identifying

the top researchers, we correct authors’ names so that each author has only one

identity.

Table 18.2 lists the top 29 DEA authors in the order according to their g-index
(Egghe 2006) followed by h-index (Hirsch 2005). It can be regarded as an update to
Table 18.1 of Liu et al. (2013a), which covers researchers in the period 1978–2010,

while the current table encompasses scholars in the period 1978–2014. The indices

are calculated based on citation number listed in the WOS database on April

21, 2015. We also expand the list from top 20 to top 29 in order to maintain the

same cutoff point, which is at g-index 19. The list contains certainly DEA pioneers

Charnes, Cooper, Banker, etc. One notices that the indices for Charnes are smaller

than those in the previous study (Liu et al. 2013a). This is because this current study

4 The procedure preserves medium to high cited articles even though they are not in the 12 selected

journals.
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includes fewer articles in general for all authors and that Charnes did not produce

any more DEA papers after 1997. In comparison with the list in the previous study,

the table now includes several new names.

18.4.2 Main Paths

Figure 18.1 presents the key-route main paths of DEA development from 1978 to

2014. The number of top key-routes is set to 20. In the figure, the arrow indicates

the direction of knowledge flow, and the line thickness reflects the size of its

Table 18.2 Top 29 DEA researchers (1978–2014) according to their g-index

Authors g-index h-index Years active

Total number

of papers

1 Cooper, William W 71 35 1978–2014 71

2 Zhu, Joe 49 30 1995–2014 71

3 Färe, Rolf 48 23 1978–2014 48

4 Grosskopf, Shawna 44 26 1983–2013 44

5 Cook, Wade D. 43 25 1985–2014 55

6 Banker, Rajiv D 42 26 1980–2010 42

7 Thanassoulis, Emmanuel 40 21 1987–2014 41

8 Sueyoshi, Toshiyuki 38 30 1986–2013 51

9 Charnes, A 35 26 1978–1997 35

10 Seiford, Lawrence M. 34 26 1982–2009 34

11 Lovell, C.A. Knox 31 20 1978–2012 31

12 Kao, Chiang 31 18 1991–2014 36

13 Simar, Leopold 28 20 1995–2014 28

14 Pastor, Jesus T. 26 14 1995–2014 26

15 Liang, Liang 25 15 2006–2014 25

16 Tone, Kaoru 25 14 1996–2014 25

17 Thrall, R.M. 24 15 1986–2004 24

18 Golany, Boaz 23 19 1985–2008 23

19 Chen, Yao 22 15 2002–2013 28

20 Podinovski, Victor V. 22 12 1997–2013 25

21 Wilson, Paul W. 21 16 1993–2012 21

22 Forsund, Finn R. 21 13 1979–2014 21

23 Kuosmanen, Timo 21 13 2000–2014 32

24 Paradi, Joseph C. 21 13 1997–2014 21

25 Ruggiero, John 20 11 1996–2014 25

26 Dyson, Robert G. 19 16 1987–2010 19

27 Athanassopoulos, A.D. 19 14 1995–2004 19

28 Ray, Subhash C. 19 10 1988–2014 19

29 Camanho, Ana S. 19 9 1999–2013 19
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traversal count. The thicker the line is, the more significant the route is. The figure is

drawn with Pajek software (Batagelj and Mrvar 1998). The “key-route 20” main

paths consist of 50 papers. Each paper in the figure is attached with a notation that

begins with the last name of the 1st author followed by the 1st letters of the

co-author’s last name and ends with the publication year of the paper. For example,

the original paper by Charnes, Cooper and Rhodes in 1978 is indicated as

CharnesCR1978.

The main paths take the shape of a tennis racket with one central path (handle)

followed by a hoop that consists of papers in various subareas of DEA. There is no

surprise that the main path begins from CharnesCR1978 (Charnes et al. 1978),

which introduces the renowned CCR model. It then passes through the article that

proposes the BCC model (BankersCC1984 (Banker et al. 1984)) and continues to

SeifordZ1999a (Seiford and Zhu 1999a) before diverging into two paths. One can

see that both the local and global main paths reported in Liu et al. (2013a) are

embedded in the paths between CharnesCR1978 to Seiford1996 (Seiford 1996).

The similarity between the previous and the current results ends at Seiford1996.

New research activities after 2010 change the main paths. Following Seiford1996,

which is a review article, SeifordZ1998f (Seiford and Zhu 1998b), SeifordZ1998d

(Seiford and Zhu 1998a), and SeifordZ1999a make up a series of studies on

sensitivity analysis and super-efficiency models.

Following SeifordZ1999a are two paths, each one including papers that

focus on various topics in DEA. In a scientific field with a dominant subarea, all

papers on the main paths can belong to the same subarea. On the other hand, in a

scientific field with several subareas of roughly equal awareness, as is the case

we have seen here for DEA, one can have papers in different subareas

alternating on the main path. The subject of interest of the papers on the paths

actually hints that the subareas are significant in the historical development

of DEA.

Fig. 18.1 Key-route main path of overall DEA development (for top 20 key-routes). Link weights

are indicated with different line thickness. Thicker lines indicate heavier weights
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The two paths following SeifordZ1999a contain papers discussing the subject of

super-efficiency, slacks-based measure, network DEA, dynamic DEA (upper path),

as well as banking and environmental studies (lower path). On the upper path,

Zhu2001 (Zhu 2001) continues the development of applying a super-efficiency

concept for the sensitivity analysis. Tone2002 (Tone 2002) introduces a slacks-

based measure of super-efficiency. Avkiran2009a (Avkiran 2009b) proposes a four-

stage approach designed to remove the impact of exogenous factors. Avkiran2009b

(Avkiran 2009a) demonstrates network DEA in a slacks-based measure format

using UAE bank data. ToneT2010b (Tone and Tsutsui 2010) develops a dynamic

DEA model in a slacks-based measure framework. CookLZ2010 (Cook

et al. 2010a) reviews the two-stage process DEA models that are a special case of

network DEA models. ZhongYLH2011 (Zhong et al. 2011) investigates R&D

performance in China. ChenDH2013 (Chen et al. 2013c) and FangLHC2013

(Fang et al. 2013) present novel variations on the super-efficiency model.

The lower path consists of two articles on banking and a series of articles that

study environmental performance. SeifordZ1999c (Seiford and Zhu 1999b) is the

first to introduce a two-stage process concept to study bank performance.

MukherjeeNP2003 (Mukherjee et al. 2003) applies a similar two-stage process

concept to measure the efficiency of banking service in India. The topic then

turns to methods to deal with undesirable factors which are essential common in

energy and environmental studies. Ramanathan2005b (Ramanathan 2005) applies

DEA to forecast energy consumption and CO2 emissions. ZhouAP2008b (Zhou

et al. 2008) conducts a comprehensive literature survey on the application of DEA

to energy and environmental studies. It is followed by a series of works by Sueyoshi

and colleagues (SueyoshiGU2010 (Sueyoshi et al. 2010), SueyoshiG2010b

(Sueyoshi and Goto 2010b), SueyoshiG2011b (Sueyoshi and Goto 2011a),

SueyoshiG2012 (Sueyoshi and Goto 2012), and SueyoshiG2013 (Sueyoshi and

Goto 2013)), which evaluate performances of coal-fired power plants, petroleum

industry, etc. with an emphasis on the methods used to deal with undesirable (bad)

outputs.

The two paths cascade to LiuLLL2013b (Liu et al. 2013b), which surveys DEA

applications through a bibliometric method. DaiK2014 (Dai and Kuosmanen 2014)

proposes an approach that combines DEA with clustering methods to

benchmarking DMUs.

The key-route main paths highlight many highly recognized works in DEA

development. No doubt, many important works are not revealed, but it does sketch

the outlines of a grand DEA development especially in the early stage. The

key-route main path approach expands the traditional method, thus providing us a

richer view of the development trajectory. After SeifordZ1999a, the main paths

include discussions on various subjects of DEA. Are these discussions truly repre-

sentative of recent DEA research activities? The next section investigates further to

answer the question.
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18.5 DEA Research Fronts

The key-route main paths presented in the previous section highlight certain aspects

of overall DEA development, but may not reveal enough detail of the research

fronts. This section focuses on more recent articles and applies the edge-between-

ness clustering method to Part II dataset (2000–2014) in order to discover active

DEA research subareas in recent years. One issue needs to be addressed before

clustering, and that is whether to include in the analysis survey type articles in

which their discussions encompass the whole DEA field. Survey type articles

impose a difficulty in clustering, because they logically do not belong to any of

the subareas. There are four such articles (Cook and Seiford 2009; Cooper

et al. 2007; Liu et al. 2013a, b) during the period 2000–2014. In order to know

the difference these four articles can make, we conduct a pilot analysis that analyzes

two datasets. One includes all articles in Part II dataset while the other has the four

survey articles removed. The results show that the network modularity of the two

analyses is 0.513 and 0.525, respectively, out of scale from 0 to 1. The one without

the four review articles provides a better clustering result, as indicated by its higher

network modularity, and thus we adopt it in this study.

Edge-betweenness clustering divides the DEA citation network into groups of

various sizes. The largest group contains 156 articles, while the smallest includes

only one article. Four groups have a size greater than 100, consisting of 156, 156,

152, and 147 articles, respectively. The total number of papers in the top four

groups is 611, which amounts to 38.3 % of Part II data. The sizes of the groups

ranked number 5th to 10th are 97, 55, 47, 47, 38, and 32. Taken together, the top

10 groups contain 927 (58.1 %) of Part II data. The remaining groups are of size

29 and smaller. Among them, 91 groups are of size less than 5. The majority of

these small-size groups are either isolated nodes or ‘islands’ in the citation network.
Reporting results with so many small size groups is actually one of the advantages

of edge-betweenness clustering methods—it does not enforce an attachment of an

entity to a seemingly irrelevant group, like what is done in the K-means method. It

leaves remotely relevant entities alone as small groups.

Those groups of a larger size are the subareas that have a large amount of

coherent research activities and can therefore be regarded as the research fronts

in DEA. In the following discussions, we concentrate on the four largest groups and

apply key-route main path analysis to each group in order to identify the essence of

each research front. The key-route main paths are created from the top 10 -

key-routes. The groups ranked number 5th–10th, however, deserve brief notes.

They are discussed together at the end of this section.

To comprehend the contents of each group, we count keywords in the titles and

abstracts of the articles in each group. The keywords are selected from a list of

terms used in all the articles excluding stop-words5 and words that are too common

5 Stop words include ‘about’, ‘become’, ‘could’, ‘give’, ‘please’, ‘seems’, ‘under’, ‘whereas’, etc.,
to name a few.
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in DEA such as ‘DEA’, ‘efficiency’, ‘model’, ‘measure’, etc. Variations of terms

with identical or similar meanings are regarded as the same keywords—for exam-

ple, ‘cross efficiencies’, ‘cross efficiency’, ‘cross-efficiencies’, and ‘cross-effi-
ciency’ are all treated as the same keywords.

Table 18.3 presents the results of the keyword analysis. Keywords within each

group are listed in the order of their appearance count. Only keywords with an

average appearance count greater than 0.12 are listed. Except for the 1st and 4th

groups, the focus for each group is identified from the keywords without much

struggle. For example, the 2nd group includes mostly terms related to energy and

environment and undesirable factors, while ‘cross-efficiency’ is the prevailing term
in the 3rd group.

The 1st and 4th groups both have ‘stage’ as the top word and seem to contain

several other irrelevant terms. The term ‘stage’ is used widely in the DEA literature,

especially in network structure models and contextual analysis methodology. In the

context of network structure models, a two-stage process model or two-stage

network model refers to a special case of the general network DEA models where

a DMU’s operation is divided into two processes and all outputs from the first stage

become the only inputs to the second stage. In contextual analysis methodology,

two-stage or multi-stage analysis indicates that additional regression analysis is

applied to determine the exogenous factors that affect the efficiency. The 1st group

includes the term ‘regression’, and so ‘stage’ has to be used in the context of

two-stage contextual factor analysis. The 4th group contains terms on new meth-

odologies such ‘slacks-based measure’ (SBM), ‘network DEA’, and ‘dynamic’.
Thus, it is reasonable to assume that the term ‘stage’ in this group is related to a

two-stage process model. The terms ‘banking’ and ‘financial’ in this group can be

interpreted as these new methodologies using banking and financial data to test their

new models.

Based on the observations and discussions above, we determine that the four

research fronts are “bootstrapping and two-stage analysis”, “undesirable factors”,

“cross-efficiency and ranking”, and “network DEA, dynamic DEA, and SBM”. All

of them focus on methodologies and techniques. From methodological point of

view, it may not be appropriate to group SBM with network and dynamic DEA.

They are grouped together here because some of the network and dynamic DEA are

based upon SBM.

These four subareas show, nevertheless, dissimilar paper growth trends. The

last row in Table 18.3 presents the trend of the number of papers for each subarea.

The first three subareas exhibit somewhat jagged growth while the 4th subarea

“network DEA, dynamic DEA, and SBM” displays a surge in the period

2008–2012.

A previous study (Liu et al. 2013a) mentions five active subareas—“two-stage

contextual factor evaluation framework”, “extending models”, “handling special

data”, “examining the internal structure”, and “measuring environmental perfor-

mance”—using a dataset for the period 1978–2010. In comparison, three of them

continue as active subareas: “two-stage contextual factor evaluation framework”

(now as “bootstrap and two-stage analysis”), “examining the internal structure”
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(now as “network DEA, dynamic DEA, and SBM”), as well as “measuring

environmental performance” (now as “undesirable factors”). We elaborate on the

contents of these four research fronts in the following subsections.

18.5.1 Bootstrapping and Two-Stage Analysis

DEA does not embed a statistical concept in its original methodology. This partic-

ular research stream integrates two statistical methodologies into DEA. The first

one, bootstrapping, constructs a base for statistical inference in DEA. The second,

two-stage analysis, establishes procedures for contextual factor analysis.

Bootstrapping refers to regenerating original input/output data repeatedly

according to a specified statistical distribution. The purpose of the technique is to

mimic the sampling distribution of the original data, thus allowing the estimation of

data bias and the construction of confidence intervals for efficiency scores. The

additional confidence interval information for efficiency scores can be useful for

decision makers. The main paths for this research front, shown in Fig. 18.2, begin

with SimarW2000 (Simar and Wilson 2000) which extends their earlier work

(Simar and Wilson 1998) on bootstrapping in non-parametric frontier models and

proposes a general methodology. SimarW2002 (Simar and Wilson 2002) presents

another bootstrap procedure, this time for testing hypotheses regarding returns to

scale in DEA models. Wilson2003 (Wilson 2003) discusses independence test

methods under the premise that an independence condition can simplify the boot-

strap procedure.

Finding the contextual factors that affect the efficiency has a strong need for

many DEA applications and is the emphasis of many studies. This is usually done

through a two-stage procedure that typically begins by calculating DEA efficiency

scores and then regressing these scores on contextual factors. As to which regres-

sion model is the most proper to use in the second stage is a subject of intense

debates. The next study on the main paths, SimarW2007 (Simar and Wilson 2007),

suggests that a maximum likelihood estimation of a truncated regression rather than

Fig. 18.2 Key-route main path for “bootstrapping and two-stage analysis” research front (for top

8 key-routes)
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tobit is the preferred approach. BankerN2008 (Banker and Natarajan 2008)

indicates that ordinary least squares (OLS), maximum likelihood, and tobit regres-

sion are all appropriate. Mcdonald2009 (McDonald 2009) advocates using OLS and

not using tobit. RamalhoRH2010 (Ramalho et al. 2010) proposes to use fractional

regression models. SimarW2011a (Simar and Wilson 2011) compares the

approaches in SimarW2007 and BankerN2008 in detail. BadinDS2012 (Badin

et al. 2012) suggests a new two-stage type approach for detecting the impact of

contextual factors by using a conditional efficiency measure. JohnsonK2012 (John-

son and Kuosmanen 2012) offers a method that directly integrates the regression

model into the standard DEA formulation and develop a new one-stage semi-

nonparametric estimator.

Two-stage analysis is a useful tool for decision makers who are looking for

improving performance while coping with environmental factors. The development

in this area in the last few years largely advances our understanding on the

assumptions and constraints of the methodology. From a practical point of view,

the current state of development, nevertheless, still leaves some confusion to

practitioners whose true need is a clear guidance on what methodology to use.

18.5.2 Undesirable Factors

Applying DEA to measure energy and environmental performance faces a special

situation where an increase in output level may not be desirable. This is particularly

so for some output factors such as wastes, pollutants, and noise. Most of the studies

in this subarea focus on the methods that deal with such undesirable outputs. These

methods resort to extending into the area of reference technology and/or efficiency

measure under the traditional DEA framework (Zhou et al. 2008).

SeifordZ2002 (Seiford and Zhu 2002) and HailuV2001 (Hailu and Veeman

2001) lead the main paths for this research front as shown in Fig. 18.3. HailuV2001

suggest a method equivalent to treating undesirable outputs as inputs.

SeifordZ2002, on the other hand, propose to deal with undesirable outputs by

applying a monotone decreasing transformation to them. FareG2004 (Fare and

Grosskopf 2004) advocates the concept of weak disposability and suggests applying

Fig. 18.3 Key-route main path for “undesirable factors” research front (for top 10 key-routes)
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a directional distance function efficiency measure. Weak disposability of outputs

means that the model mandates a proportional reduction of both desirable and

undesirable outputs and that the reduction of only undesirable outputs is impossible.

ZhouAP2006 (Zhou et al. 2006) and ZhouPA2007 (Zhou et al. 2007) adopt weak

disposability reference technology, but use slacks-based and non-radial measures,

respectively, to evaluate the environmental performance of OECD countries.

ZhouAP2008a, as mentioned in Sect. 18.4.2, presents a review article. It is

followed by a series of works by Sueyoshi and colleagues (SueyoshiGU2010

(Sueyoshi et al. 2010), SueyoshiG2010a (Sueyoshi and Goto 2010a),

SueyoshiG2010b (Sueyoshi and Goto 2010b), SueyoshiG2011a (Sueyoshi and

Goto 2011a), SueyoshiG2011b (Sueyoshi and Goto 2011b), and SueyoshiG2012

(Sueyoshi and Goto 2012)). Several of these works are also on the overall main path

discussed in Sect. 18.4.2. The most recent study, ZhouAW2012 (Zhou et al. 2012),

applies a directional distance function approach to measure energy and CO2

emission performance in electricity generation.

In summary, the core studies in this subarea evolve around approaches to deal

with undesirable output and the attention on the performance of energy and

environmental system remains strong as the challenges from energy and pollution

have never been more demanding. To further extend the power of modern DEA,

applying a network DEA concept to tap into the inner workings of energy and

environment systems may be an interesting topic for future research.

18.5.3 Cross-Efficiency and Ranking

The cross-efficiency conceptwas first proposed bySexton et al. (1986) in 1986, but did

not emerge as a serious alternative DEA approach until Doyle and Green (1994)

re-examine it in detail in 1994. The concept increases the discriminating power of

DEA by conducting peer-evaluation as opposed to self-evaluation in the traditional

DEA model. It is associated closely with the idea of ranking and is widely used in

applications where the ranking of DMUs is needed. As shown in Fig. 18.4, the

key-route main paths for this subarea begin with a review article on ranking methods.

Fig. 18.4 Key-route main path for “cross-efficiency and ranking” research front (for top

10 key-routes)
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AdlerFS2002 (Adler et al. 2002) review six ranking methods, including

cross-efficiency, under the DEA context.

Four studies following AdlerFS2002 all share an interest in ranking the perfor-

mance of countries in the Olympics. LinsGDD2003 (Lins et al. 2003) proposes a

zero-sum gains model. ChurilovF2006 (Churilov and Flitman 2006) integrates data

mining techniques to DEA. WuLY2009 (Wu et al. 2009a) and WuLC2009

(Wu et al. 2009b) apply a cross-efficiency model, while the latter propose a DEA

game cross-efficiency model where each DMU is viewed as a competitor via a

non-cooperative game.

The remaining parts of the main paths are dominated by articles that propose

alternative approaches to improve the cross-efficiency analysis. A core issue in

cross-efficiency evaluation is that it may give multiple efficiency scores resulting

from alternate optima in solving the linear programming model. Doyle and Green

suggest solving this non-uniqueness problem with the use of secondary goals,

which include two alternatives called benevolent and aggressive formulations.

These secondary goals are related to weight determination. Different from benev-

olent and aggressive formulations, WangC2010a (Wang and Chin 2010) and

WangCW2012 (Wang et al. 2012) propose formulations that determine the input

and output weights in a neutral way. RamonRS2010b (Ramon et al. 2010) and

RamonRS2011 (Ramon et al. 2011) move further along the idea of WangC2010a.

WangC2011 (Wang and Chin 2011) offers a study on the aggregation process in

calculating cross-efficiency. RuizS2012 (Ruiz and Sirvent 2012) suggest calculat-

ing the cross-efficiency scores using a weighted average rather than an arithmetic

mean. AlcarazRRS2013 (Alcaraz et al. 2013) put forward a method that has no need

to choose a weighting method and yield a range of possible rankings for each DMU.

As shown in Table 18.3, keywords in this subarea center on only three terms. In

fact, it is a truly very focused subarea. Such a large coherent block of research

studies indicates that many issues in cross-efficiency remain to be resolved and that

there probably has not been a consensus on the method to address the issues in the

original cross-efficiency concept. For example, a recent review on cross-efficiency

(Cook and Zhu forthcoming) discusses two other alternative approaches including

the game cross efficiency methodology of Liang et al. (2008) and the maximum

cross efficiency concept of Cook and Zhu (2013).

18.5.4 Network DEA, Dynamic DEA, and SBM

Another chunk of coherent literature consists of several fast evolving DEA topics:

SBM, network DEA, and dynamic DEA. There is no surprise that network DEA and

dynamic DEA are assigned to the same group as they are conceptually associated

with each other. Nevertheless, SBM is grouped with network and dynamic DEA for

the reason that some of the network and dynamic DEA are based upon SBM.

The term ‘network DEA’ was first used in Färe and Grosskopf (2000) in 2000.

This work is the most likely candidate for the leading articles on the main paths of
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this research front. Due to a limitation6 of this current study, it is not shown on the

main paths. In the summary section of the article, Färe and Grosskopf notes: “The

basic idea of the network model is to ‘connect’ processes—providing a single

model framework for multi-stage production (with intermediate products, for

example) or multi-period production” (Färe and Grosskopf 2000) wherein ‘multi-

stage production’ and ‘multi-period production’ can be regarded as the origin of

network DEA and dynamic DEA concepts, respectively.

The main paths for this group, as shown in Fig. 18.5, begin with three research

streams that eventually merge to Tone’s work on dynamic DEA, ToneT2010 (Tone

and Tsutsui 2010), and then divide into two research activities. Tone2001 (Tone

2001) leads the first research stream, introducing SBM. SBM, as opposed to the

radial measure used in the traditional CCR (Charnes et al. 1978) and BCC (Banker

et al. 1984) models, measures efficiency based on the input excesses and output

shortfalls. AvkiranR2008 (Avkiran and Rowlands 2008) and Avkiran2009a

(Avkiran 2009b) extend a three-stage procedure proposed in Fried et al. (2002)

by infusing SBM into the procedure. The procedure accounts for environmental

effects and statistical noise in the efficiency measure. Avkiran2009b (Avkiran

2009a), in parallel with ToneT2009 (Tone and Tsutsui 2009), proposes a model

for network SBM.

The second stream begins with Zhu2000 (Zhu 2000) and ChenLYZ2006 (Chen

et al. 2006). Zhu2000 suggests measuring bank performance in two process stages.

ChenLYZ2006 proposes a two-stage process model that is an improvement over a

model they propose earlier (Chen and Zhu 2004). The core of this stream, however,

Fig. 18.5 Key-route main paths for “network DEA, dynamic DEA, and SBM” research front (for

top 10 key-routes)

6 The article is published in the Socio-economic Planning Sciences journal, which is not listed in

the WOS database. Thus, no citation information is available for the article.
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is a series of studies by Kao that propose several relational models (KaoH2008 (Kao

and Hwang 2008), Kao2009a (Kao 2009a), and Kao2009b (Kao 2009b)).

ToneT2009 (Tone and Tsutsui 2009) extends the network DEA model to the

SBM framework.

In the third research stream, CastelliPU2001 (Castelli et al. 2001) presents a

model that considers the case of specialized and interdependent subunits in a

DMU. LewisS2004b (Lewis and Sexton 2004) proposes a network DEA model

with a different reference set definition than that proposed in Färe and Grosskopf

(2000). Chen2009 (Chen 2009) incorporates dynamic effects into a network

DEA model.

The merging article, ToneT2010 (Tone and Tsutsui 2010), extends the

dynamic DEA concept proposed by Färe et al. (1996) within the SBM framework.

CookLZ2010 (Cook et al. 2010a) reviews the existing two-stage process models.

The remaining studies on the main paths, except ZhongYLH2011 (Zhong

et al. 2011), are all the latest studies on network DEA or dynamic DEA.

LiCLX2012 (Li et al. 2012) extend the two-stage network structure by allowing

inputs to the second stage to come from sources other than the outputs of the first

stage. AktherFW2013 (Akther et al. 2013) applies two-stage process model to

study bank efficiencies. Kao2014b (Kao 2014a) discusses a general multi-stage

DEA model. The model defines efficiency in a different way than that defined by

Cook et al. (2010b). ChenCKZ2013 (Chen et al. 2013b) discusses the differences

between the multiplier and envelopment network DEA models and points out the

functions of each. ToneT2014 (Tone and Tsutsui 2014) offers a model that

combines the network DEA and dynamic DEA models under the SBM frame-

work. KaoH2014 (Kao and Hwang 2014) proposes a multi-period two-stage

DEA model.

The research activities in this subarea have moved at a very fast pace since 2008.

One indication mentioned earlier is that the papers in this subarea have surged

during the period 2008–2012. Another indication is the number of review articles.

As of 2014, there are already three review papers for this subarea (Castelli

et al. 2010; Cook et al. 2010a; Kao 2014b). The most recent review by Kao

(2014b) indicates several future research directions for this subarea, including the

type of data used, the Malmquist index for network systems, and dynamic analysis

of network systems. Incorporating a time factor into the network structure is clearly

the core research activity in this research front.

18.5.5 Other Coherent Subareas

In addition to the four research fronts, six smaller coherent research subareas

deserve brief notes. Their group sizes are 97, 55, 47, 47, 38, and 32 respectively.

For these groups, we list papers with relative high citation counts to highlight their

subject of interests. We remind readers that the discussions herein include only

papers in Part II data.
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The 5th group focuses on banking application. Banking had been at the top of

DEA applications over the period 1978–2010 as indicated in Liu et al. (2013b). In

this current study, many of the papers examining bank data are clustered into other

groups due to the fact that their emphases are on methods and techniques. Cook

et al. (2000), Cook and Hababou (2001), Paradi and Schaffnit (2004), and Paradi

et al. (2011) apply various techniques to examine the performance of bank

branches. Asmild et al. (2004) evaluate Canadian bank performances over time

by combining DEA window analysis with the Malmquist index. Two review

articles (Fethi and Pasiouras 2010; Paradi and Zhu 2013) are good references on

the progress of research in applying DEA to measure bank performances.

The 6th group emphasizes on fuzzy and imprecise DEA. Traditional DEA

assumes that input and output data are crisp and precise, but the assumption may

not always be true in the real world. Data can be fuzzy (vague, fluctuate), or it can

be imprecise (bounded, ordinal, or ratio bounded). Kao and Liu (2000), Guo and

Tanaka (2001), Lertworasirikul et al. (2003), and Wang et al. (2005) propose

different approaches to handle fuzzy input and output data. Hatami-Marbini

et al. (2011) survey and classify fuzzy DEA methods. Cooper et al. (2001) illustrate

the use of imprecise DEA. Zhu (2003) reviews the methods to handle

imprecise data.

The next group centers on profit and cost efficiency studies. Most of the studies

in this group propose methods or models to deal with various profit and cost

efficiency measurement situations, including price under the most and least favor-

able scenarios (Camanho and Dyson 2005), the law of one price (Kuosmanen

et al. 2006), incomplete price information (Kuosmanen and Post 2001), and price

depending on negotiation (Camanho and Dyson 2008).

Centralized resource allocation is the main subject of the 8th group. There can be

situations where a centralized decision maker supervises all DMUs, such that

maximizing overall efficiency across units becomes one of his objectives in addi-

tion to maximizing individual units. Beasley (2003), Lozano and Villa (2004),

Asmild et al. (2009), and Lozano et al. (2004) propose models that cope with

such situations.

The main theme of the 9th group is variable selection. DEA results are sensitive

to the number of input/output variables. Several papers in this group propose

methods and procedures to make the best selection of variables (Cinca and

Molinero 2004; Jenkins and Anderson 2003; Pastor et al. 2002; Wagner and

Shimshak 2007), or to cope with a large number of variables (Meng et al. 2008).

The 10th group is about models that handle stochastic data. Cooper et al. (2002)

propose to apply chance constrained programming to deal with stochastic data.

Ruggiero (2004) and Kao and Liu (2009) work on problems with stochastic data

using a simulation technique. Dyson and Shale (2010) discuss approaches to handle

uncertainty in DEA which includes bootstrapping, Monte Carlo simulation, and

change constrained DEA.
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18.6 DEA Applications

DEA started out as a theoretical method and found its way into a broad spectrum of

applications. In terms of volume, the research papers that apply DEA are now well

exceeding those developing theoretical models. In this section, we present several

facts related to DEA applications in the light to familiar the readers with the buildup

in applications and their association with theoretical models.

A clarification on the meaning of ‘application’ herein is nevertheless necessary

before proceeding further. Many DEA papers touch on both methodologies and real

world applications. There are basically three types of DEA papers: purely-

methodological, application-centered, and theory-together-with-empirical-data

(Liu et al. 2013b). The first type, purely-methodological, elaborates on mathematics

and models, but does not relate to empirical data, although occasionally some

simulated data are used to test the theory. Examples are Banker et al. (1984), who

present onlymathematics, and Tone (2001), who illustrates the proposedmodel with

a set of artificial data. The second type, application-centered, applies an already

developed approach to a real world problem. The focus is mainly on application.

Examples are Karkazis and Thanassoulis (1998) and Ma et al. (2002), who apply

existing DEA models to study the efficiencies of Greece’s public investment and

China’s iron and steel industry, respectively. In-between the two extremes is the

third type, theory-together-with-empirical-data. This type proposes a methodolog-

ical innovation and then validates or tests the proposed method with a set of

empirical data. It may put strong emphasis on the application or simply adopt a

previous empirical data to test the model. Examples for the former case are Sahoo

and Tone (2009) and Kao and Hwang (2008), whereas the latter include Cook and

Zhu (2006) and Chen et al. (2006). The contribution to the theory also varies widely

in these studies. Practically, it is not easy to differentiate between the second- and the

third-type works as there is a wide spectrum on how the authors balance the weight

between the models and applications. Herein, as in Liu et al. (2013b), both of the

application-centered and theory-together-with-empirical-data are regarded as

application-embedded papers, or simply application papers.

In the remaining part of this section, we begin with presenting the evolution of

DEA applications. It is followed by a discussion of prevailing DEA applications. In

the end, we discuss the association between DEA methods and applications.

18.6.1 Catching Up of DEA Applications

Liu et al. (2013b) analyze their data collected in August, 2010 and find that among

all DEA papers, 36.5 % are purely-methodological and 63.5 % are application-

embedded, or roughly one-third purely-methodological and two-third application-

embedded. They also point out that this one-to-two ratio between types is not how it

was during the early stage of the DEA evolution. In the first 20 years of DEA
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development, purely-methodological articles outnumbered application-embedded

papers. It was not until 1999 that the accumulated number of application-embedded

papers caught up to the number of purely-methodological papers. Figure 18.6

shows the growth trend of both categories.

18.6.2 Prevailing DEA Application

As regards to prevailing DEA applications, Liu et al. (2013b) suggest that as of

2010 the top five applications are banking, health care, agriculture and farm,

transportation, and education. These five applications make up 41.0 % of all

application-embedded papers.

It is interesting to know if the emphasis on applications changes with time. In

contrast to manually classify the papers as did in Liu et al. (2013b), this study

conducts an automatic keyword analysis, and on a fairly recent data—the Part II

data. In these papers, only the titles and abstract are examined. We first identify

13 applications7 and their associated terms. The associated terms are the words or

phrases that hint the use of empirical data on certain application. For example,

Fig. 18.6 Accumulated number of purely theoretical and application DEA papers (Source: Liu

et al. 2013b)

7 These 13 applications are banking, health care, agriculture and farm, transportation, education,

(electrical) power, manufacturing, energy and environment, communication, finance, insurance,

tourism, and fishery.
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emission, pollution, energy efficiency, environmental performance, etc. are the

terms related to energy and environment application whereas hospital, medical,

pharmaceutical, etc. are related to health care application. Whenever a paper

contain at least one application specific terms, it is labeled as an article for that

application. Papers may be assigned two or more applications if they contains terms

for more than one application. Finally, one counts the number of papers for each

application.

The result is presented in Table 18.4, which shows scholar’s preference of

applications in the period 2000–2014. The table is ordered according to the number

of papers. The application that attracts the most attention is still banking, which is

followed by energy and environment, education, health care, and transportation.

The remaining five applications are finance, agriculture and farm, power, tourism,

and manufacturing. Notably, the rank for energy and environment application has

jumped sharply from number eight to the second.

18.6.3 Association Between Methodologies and Applications

Liu et al. (2013b) examine how methodological works were used in banking, health

care, agriculture and farm, transportation, and education. It was done by counting

the citations some major methodological papers received by these five application

papers. No obvious preferences for each application were observed but there is a

general trend of citing network DEA and two-stage analysis modeling articles. It

should be noted that this results reflect the status in and before 2010. Fast devel-

opment of new methodologies and some applications in recent years, may have

changed the adoption of models in different applications.

This study re-examine the issue by applying keyword analysis to the recent data

(Part II data). We check the usage of application terms in each of the four research

Table 18.4 Top DEA applications

Rank Applications Number of papersa Rank in 2010 datab

1 Banking 170 1

2 Energy & environment 130 8

3 Education 125 5

4 Health care 95 2

5 Transportation 77 4

6 Finance 68 10

7 Agriculture & farm 59 3

8 Power 59 6

9 Tourism 57 12

10 Manufacturing 26 7
aNumber of papers with target application terms in the titles and abstracts of articles in the Part II

data
bTaken from Table 1 of Liu et al. (2013b)
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fronts, noticing that all these four research fronts focus on methodologies and

techniques. In other words, we compare the number of times certain applications

are ascribed in each of the four recently popular methodologies. The results are

presented in Fig. 18.7. In contrast to the previous results, the preferences of some of

the applications on certain methodologies are obvious. Energy and environment as

well as power applications largely apply undesirable factor models. Agriculture and

farm as well as manufacturing applications are also dominated by undesirable

factor model. The results make sense because all these four applications have bad

outputs to deal with. Banking and financial applications are associated largely with

network DEA and SBM models. Education and health care applications prefer to

adopt two-stage analysis. Transportation application does not seem to have clear

preference on models while tourism application is not much associated with the

four research fronts.

The results of this association analysis imply wide-open research opportunities.

Certain preferences of methodologies are rooted in the characteristics of

Fig. 18.7 Association between methodologies and applications
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applications. For example, energy and environment applications contain bad out-

puts thus it is natural to adopt models that are able to handle undesirable factors. Yet

many research front methodologies can be applied universally. For example,

two-stage analysis is suitable for determining the contextual factors that affect

efficiency in all types of application. Network DEA is quite appropriate for exam-

ining a process’s efficiency in more details. The new methodologies provide

opportunities for deeper analyses but many applications have not taken full

opportunities from these new methodologies. A caveat is that whether such oppor-

tunities really are able to provide meaningful results are up to the judgment of

experts in the field.

18.7 Conclusions

The large amount of DEA literature has made it difficult to conduct general surveys

using qualitative approaches, thus increasing the need for applying quantitative and

systematic approaches in surveying scientific and technological fields. Citation-

based analysis, although widely accepted in the research community, has drawn

some criticisms, including no discrimination on the level of citation relevancy, self-

citation, remote citation, etc. Remote citation is the situation where an article

references others in a very broad sense, such as the same application area, the

same general method, or even just because of applying the same methodology.

Researchers have proposed methods to address some of these shortcomings—for

example, Liu et al. (2014) propose methods to handle citations with different levels

of relevancy. In addition to issues in citation-based methodology, data in this study

are taken only from WOS. Some DEA articles of certain importance may be

ignored. Bearing these limitations in mind, we present the research fronts in DEA

for the period 2000–2014.

We identifies four research fronts: “bootstrapping and two-stage analysis”,

“undesirable factors”, “cross-efficiency and ranking”, and “network DEA, dynamic

DEA, and SBM”. All of them focus on methodologies and techniques. From the

science and technology evolution point of view, two of the research fronts seem to

be at a stage that seeks a “dominant design” (Anderson and Tushman 1990;

Utterback and Abernathy 1975). The intense debate in the two-stage analysis

subarea, over which is the best regression model to adopt, seems to have not yet

reached a conclusion. For the network DEA and dynamic DEA subareas, an

intellectual exchange that looks for a simple universal model remains to be

expected.

The top five applications in the period 2000–2014 are banking, energy and

environment, education, health care, and transportation. Growth in energy and

environment application is in particular high. Some applications have not incorpo-

rated methodologies introduced in recent years. Research opportunities are wide

open considering that there are many such gaps to close.
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This study contributes to both the DEA and the bibliometric fields. For the

former, we present the most recent research fronts that help increase our under-

standing on those research activities that have continued to make this 35-year old

methodology a solid scientific field. It should be noted that the main paths, similar

to citation networks, are dynamic. New articles, along with the articles they

reference, are changing the main paths day in and day out. What we have presented

herein is only a snap shot at the current point in time. As for the contribution to the

bibliometric field, the methodology in this study that combines the clustering

method and key-route main path analysis turns out to be very effective in exploring

research fronts and can be used as a model for future studies targeting research

fronts, in DEA, or any other scientific and technology field.
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