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a b s t r a c t

There are three primary encountered problems in classic data envelopment analysis (DEA), which they de-

crease the effectiveness and reliability of decision making based on the obtained information from the classic

DEA. These three problems include the following issues: (1) DEA efficiency scores overestimate efficiency

and they are biased; (2) In certain cases, the standard DEA models are not as useful as expected in the sense

of discriminating the decision making units (DMUs); (3) Specification of the evaluated DMUs as efficient by

using DEA are peculiar rather than superiority. Tackling these mentioned problems is the motivation for cre-

ating this current study. To overcome these three problems in DEA together and enhance the effectiveness

and reliability of the decision-making process, this paper uses the evidential-reasoning (ER) approach to con-

struct a performance indicator for combining the efficiency and anti-efficiency obtained by DEA and inverted

DEA models, which they are used to identify the efficient and anti-efficient frontiers, respectively. Numerical

simulation tests indicate that our new performance indicator is more suitable for the cases where there are

relatively few DMUs to be evaluated with respect to the number of input and output indicators. Furthermore,

empirical studies demonstrate that this indicator has considerably more discrimination power than that of

the standard DEA models, and also it reduces overestimation and addresses peculiar DMUs, properly.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Data envelopment analysis (DEA), which first introduced by

Charnes et al. [13], has been widely used in productivity or per-

formance evaluation and also the efficiency analysis of many busi-

nesses and non-profit organizations. The core idea of the classic DEA

is first to identify the production frontier and then, the decision mak-

ing units (DMUs) on the frontier will be regarded as efficient. Those

DMUs that are not on the frontier will be compared with their peers

or projections on the frontier to measure their relative efficiencies.

All of the DMUs on the frontier are considered to represent the best

practices and they have the same level of performance.

However, DEA efficiency scores usually overestimate the effi-

ciency and they are biased [9]. Smith [38] argued that the classic

DEA always overestimates the true efficiencies, and the main reason

for the overestimation is that many inefficient units have been in-

correctly classified as efficient by the classic DEA. The extent of the
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overestimation is dependent on the sample size and the complexity

of the production process (as indicated by the number of inputs and

outputs). This problem is denoted as overestimation in this paper.

Second, as we know, one of the main advantages of DEA is to allow

the DMUs to have full flexibility to select their most favorable weights

for their assessments to achieve the maximum efficiency scores. This

full flexibility of selecting weights is important for identifying inef-

ficient DMUs. However, this full flexibility may reduce the discrimi-

nation capacity of DEA in the sense that there are often many DMUs

on the frontier, which they cannot be ranked further in the classic

DEA models. Entani et al. [21] noted that the number of evaluating

DMUs as efficient will increase combinationally as the dimensions of

inputs and outputs increase. When there are many input and output

variables and only a few DMUs, decision makers may find that most

DMUs are efficient. Adler et al. [1] argued: “Often decision-makers are

interested in a complete ranking, beyond the dichotomized classification,

to refine the evaluation of the units.” This problem is denoted as dis-

crimination in this context.

Third, Entani et al. [21] argued that some of the evaluated DMUs

as efficient by using DEA are peculiar rather than superiority. In their
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example with crisp data, they showed that peculiar DMUs, which are

the intersection of efficient and anti-efficient frontiers, should not be

evaluated as efficient, because the widths of their efficiency inter-

vals are very large, and other superior DMUs (identified as efficient in

their example) can dominate them. This problem is denoted as deal-

ing with peculiar DMUs. These three main encountered problems in

the classic DEA models, which are based on the distances to efficient

frontiers, will decrease the reliability of decision making.

There are already numerous published studies related to these

three problems. However, most of these studies cannot solve the

three problems together in a single framework. See Section 2 for

details. This paper aims to provide a new idea to overcome some

extent these three problems together including overestimation, dis-

crimination and the handling of peculiar DMUs to rank DMUs using

the evidential-reasoning approach (ER approach) (see, e.g., [47,48])

to combine the efficient and anti-efficient scores. The main contribu-

tion of this paper is to consider the efficient and anti-efficient scores

as two pieces of evidence and then use the ER approach based on the

evidence theory to combine two pieces of evidence for each DMU to:

(1) Lower the overestimation; (2) Increase the discrimination power;

(3) Deal with peculiar DMUs properly within a single framework.

The remainder of this paper is organized as follows. Section 2

summarizes the related literatures for addressing the above three

problems. We discuss about the efficient and anti-efficient frontiers

in DEA models in Section 3. In Section 4, we first give a basic mathe-

matical recall regarding the ER approach, and then we transform the

efficiency scores or anti-efficiency scores to two pieces of evidence

for combining the obtained information from both the best and worst

viewpoints. Then, in this section, we conduct a numerical simulation

process to test the performance of the proposed approach in this pa-

per. In Section 5, we first provide an empirical example to illustrate

the features of the ER approach, and then we perform a case study

to examine the performance of the generated results from the ER ap-

proach. Finally, some conclusions are presented in Section 6.

2. Literature review

2.1. Overestimation

Banker [9] recognized in theoretical work that DEA efficiency

scores overestimate efficiency and they are biased for a finite exam-

ple. He argued that the efficient frontier is biased below the true effi-

cient frontier for a finite sample size. When the sample size is small,

the efficiency scores of DMUs are considerably higher than their true

efficiency scores. Smith [38] reported that “In the deterministic set-

ting assumed here, using a convex production function, a well-specified

DEA model will always overestimate efficiency. However, the extent of

the overestimate is highly dependent on sample size. In effect, a larger

sample size increases the possibility of encountering DMUs close to the

production frontier, and therefore the DEA frontier approaches the true

frontier asymptotically as sample size increases. For example, using the

two input model, the average overestimate reduces from an average of

31% with samples of size 10 to just 8% as sample size increases to 80.”

Alirezaee et al. [5] showed that the high average efficiency is the re-

sult of assuming that the units in the efficient set are 100% efficient.

Galagedera and Silvapulle [23] contributed to this issue by investigat-

ing the sensitivity of DEA efficiency estimates to include inappropri-

ate and/or by omitting several important variables in a large-sample

DEA model. They found that DEA tends to overestimate the efficiency

in nearly all production units for constant and decreasing returns to

scale (RTS) processes with irrelevant inputs.

The statistical properties of the nonparametric estimators were

determined by the models developed by Kneip et al. [25] and

Simar and Wilson [35], and they demonstrated that the speed of

convergence of DEA estimators relies on (1) the smoothness of

the unknown frontier and (2) the number of inputs and outputs

relative to the number of observations. If the number of variables

is relatively large, the estimators show have very low rates of con-

vergence, and a rather large quantity of data will be needed to avoid

substantial variance and very wide confidence interval estimates. To

avoid the dimensionality problem, Simar and Wilson [35] suggested

that the number of observations should increase exponentially with

the addition of variables. According to the Simar and Wilson boot-

strap results, even the simple case with a single input and single out-

put requires at least 25 observations and preferably more than 100

for the confidence intervals of the efficiency estimator to be nearly

exact. Moreover, Banker [10], Simar and Wilson [36] and Pastor et

al. [31] suggested statistical tests to measure the relevance of inputs

or outputs and tests for considering potentially aggregating inputs or

outputs. Simar and Wilson [37] also noted when the number of inputs

and outputs is large, the imprecision of the results will be reflected in

large bias, large variances and wide confidence intervals. However,

large samples are not generally available in practice, and researchers

try to handle small multivariate data sets. Hence, it is required to find

alternative methods to avoid efficiency overestimation in DEA models

to some extent in the case where there are limited observations.

2.2. Discrimination

Cooper et al. [16] proposed a rule of thumb, for the number of

required DMUs in DEA models, as

n ≥ max{m × s, 3(m + s)},
where n is the number of DMUs, and m and s are the number of in-

puts and outputs, respectively. However, the rule above is sometimes

violated in reality in the case of a small sample of DMUs with many

input and output variables. In this case, many DMUs will often be cat-

egorized as efficient DMUs in the standard DEA models, which they

are not as useful as expected in the sense of discriminating the DMUs.

Therefore, many researchers have attempted to improve the dis-

crimination power of the standard DEA models. Podinovski and

Thanassoulis [32] pointed out that there are some approaches which

they can be used to improve the discrimination of DEA. It includes

some simple methods (e.g., the aggregation of inputs or outputs, the

use of longitudinal data) and more advanced methods (e.g., the use

of weight restriction, production trade-offs, the use of selective pro-

portionality between the inputs and outputs). Adler and Golany [2,3]

suggested using principal components to improve discrimination in

DEA with minimal loss of information. Despotis [18] introduced the

global efficiency approach as a means to improve DEA discrimina-

tion power. Jenkins and Anderson [24] used the partial covariance

analysis to choose a subset of variables for increasing the discrimina-

tion of DEA. Adler and Yazhemsky [4] applied Monte Carlo simulation

to generalize and compare two discrimination improving methods

(Principal component analysis applied to DEA and variable reduction

based on partial covariance).

In our view, there are three main approaches to improve discrim-

ination in current DEA literatures. The first approach requires pref-

erential or prior information of decision makers to increase the dis-

crimination ability of DEA models, e.g., some scholars have developed

the weights restriction [6,15,20,39] or preference change methods

[28,29,51] to incorporate the decision makers’ value judgments into

DEA models. Although this approach can increase the discrimination

power of DEA significantly, it needs more prior information on prefer-

ence of decision makers. Furthermore, this approach cannot solve the

problems of overestimation well. The second popular approach is the

super-efficiency method, which it obtains the score of the DMU being

evaluated by excluding itself from the reference set [8,40]. The super-

efficiency method can also increase the discrimination power of DEA

models, but it fails to address the overestimation and peculiar DMUs.

Additionally, it is clear that this model uses different reference sets

to evaluate the efficient DMUs and inefficient DMUs. Furthermore,



Download English Version:

https://daneshyari.com/en/article/402768

Download Persian Version:

https://daneshyari.com/article/402768

Daneshyari.com

https://daneshyari.com/en/article/402768
https://daneshyari.com/article/402768
https://daneshyari.com

