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ABSTRACT

This paper proposes a new approach for ranking efficiency units in data envelopment analysis as a modification of the
super-efficiency models developed by Tone [1]. The new approach based on slacks-based measure of efficiency (SBM)
for dealing with objective function used to classify all of the decision-making units allows the ranking of all inefficient
DMUs and overcomes the disadvantages of infeasibility. This method also is applied to rank super-efficient scores for
the sample of 145 agricultural bank branches in Viet Nam during 2007-2010. We then compare the estimated results
from the new SCI model and the exsisting SBM model by using some statistical tests.

Keywords: Data Envelopment Analysis (DEA); Slacks-Based Measure of Efficiency (SBM); SCI Super-Efficient

1. Introduction

DEA is a non-parametric approach of frontier estimation,
first developed by Charnes, Cooper, and Rhodes (CCR)
[2]. Based on the original CCR model, Banker, Charnes,
and Cooper (BBC) [3] developed a variable returns to
scale (VRS) variation. Various researchers have devel-
oped DEA ever since. A large number of empirical stud-
ies have adapted these models to deal with real economic
problems. One adaptation is to rank decision-making
units (DMUs), such as firms or industries. DMUs are
divided into efficient and inefficient groups, and their
ranks can be examined by using DEA.

According to Adler et al. [4], the research on ranking
DMUs could be classified into six streams, including 1)
cross-efficiency ranking methods; 2) benchmark ranking
method; 3) ranking with multivariate statistics in the
DEA context; 4) ranking inefficient DMUs; 5) DEA and
multi-criteria decision-making methods; and 6) super-
efficiency ranking techniques. The sixth stream is super-
efficiency ranking techniques developed by Andersen
and Petersen [5], which ranked efficiency units by meas-
uring the distance from an efficiency unit to a frontier,
based on a set of observations excluding the efficiency
unit in question. In other words, the most efficient unit is
the one that can proportionally reduce outputs relative to
the most efficient one without becoming inefficient. The
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approach has become very popular and a lot of research
work has extended this idea. Liu and Tsai [6] introduced
tools for reconciling diverse measures, which character-
ize the profitability of the twenty-nine public semicon-
ductor companies in Taiwan. To analyze their profitabil-
ity performance, the companies used five variables, in-
cluding three inputs and two outputs. Their procedure
included five phases. In phase I, the companies used the
super-SBM model to distinguish the efficient and ineffi-
cient companies. In phase Il, the companies used the su-
per-SBM model to obtain the projection points of the
efficient companies on the frontier. These projection
points constructed the secondary frontier. In phase IlI,
they located the projection of inefficient companies on
the secondary frontier. In phase 1V, they used a linear
programming technique to determine the set of weights
of the indices for all the points on the secondary efficient
frontier. Lastly, in phase V, they traced back the effi-
ciency score of each company by multiplying the abso-
lute efficiency score of its projection point on the secon-
dary score obtained from the phase Il and phase IlI. Lotfi
et al. [7] presented the idea of computing the efficiency
of DMUs with interval data. An interval was defined for
the efficiency score of each unit. Lotfi et al. [7] exam-
ined a method for ranking DMUs by obtained efficiency
interval. Their method was applied to commercial bank
branches in Iran. Recently, Li et al. [8] developed a su-
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per-efficiency model to overcome some deficiencies in
other models. They showed that their model was superior
to that of both Andersen and Petersen [5] and Mehrabian
et al. [9] by removing deficiencies in these models. Li et
al. [8] also compared their model with slacks-based
model developed by Tone [10], who presented a new
super-efficiency model based on the work of Andersen
[5]. However, Tone’s [9] super-efficiency model could
not be applied to rank inefficient DMUSs. In the section 2,
we present the new approach, the section 3 applies the
new approach to bank branches, including previous stud-
ies on banking performance, bank input and output, su-
per-efficiency scores from SCI model, and the compari-
son of SBM and SCI models. The last section provides
concluding remarks.

2. Theoretical Model

We analyze DMUs with the input and output matrices
X :<xij)e R™" and Y =(yrj)e R™™ . It is assumed
that the data set is positive, i.e. X >0,and Y >0. In
order to estimate the efficiency of a DMU (x,,Y, ), we
formulate the following fractional program in the fol-
lowing equation:

(SBM—1)p; Lss

= m|n o) _1—EZX—'
i=1

subjectto > x4 +S; =X,
Z 177) (1)

zyrj/lj _s;r =Y
=

4;20,57 20,57 >0
Definition 1. A DMU (x,,Y,) is SBM-I efficient
onlyif p; =1 and s" =s"=0.
The CCR model can be formulated as the following:
(CCR)&" = min 6
87,8t
subject to Ox,, = >" ;% +$
@)

ro :leyrj +S:
j=1
A>0,s">0,s">0

From the SBM-I model and the CCR model, we con-

sider the following model:
1& s
(SCI) pac; =min pg¢, = 6’_5; X,

subject to ) x4 +5S; =X,
z 177 (3)

Z yrjij _S: =Yoo
i1

;20,87 20,87 >0
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Definition 2. A DMU (x,,y,) is SCI efficient only
if =1 and s =s"=0.

Theorem 1. DMU (X,,Y,) is SBM-I-efficient only
if it is SCl-efficient.

Theorem 2. p; > pq, -

For DMU (x,,Y,), we have the following super-ef-
ficiency model:

* . 1 S:
(SuperSCl) pssey = min psge, = H_EZ—'

subjectto > x4, +5; <X,
j=Lj=0 4)

n

Z yrj j Sr = yro

j=1,j#0

0<6,2,20,5 20,5 >0

Theorem 3. The SCI super-efficiency model is always
feasible under constant or variable return to scale as-
sumption. _

Proof. For any non-negative set {ﬂj J=1
we can define:

=15 =x —mln{x,o, > E,—xij}

~,n,j¢o}

j=1,j=0
forall i=12,---,m and
n —
=+
S, =maxyq Yy, Z ﬂ’jyrj Yo
j=1j=o0
forall r=1,2,---,s then
n —
D AiX +5 <X,
j=1,j=#0
no_
Z ﬂ’iyrj 5rﬁ——yro
j=1j=0
and
n —
D A
S, j=1, j#0 -
1-4 - >1=) >0, i=1---,m
X X

It is observed that
O=1 4 =41, j=12ns =5,

i=12--,m s:' :§r+,r:l,2,...75

is a feasible solution to the model (4). Therefore, the
model (4) is always feasible. This remains true under the

> Aj=1 is added into

j=1j=0

assumption of VRS where

the model (4).

Theorem 4. Let (ax,, By, )with 0<a <1 and g>1
be a DMU with reduced inputs and enlarged outputs
compared with (X,,Y, ). Then, the SCI super-efficiency

AJOR



128 N.K.MINH ET AL.

score of (ax,,Y,) isnotless than that of (x,,y,).
Proof. The optimal value to the model (4) for
DMU (ax,, BY,) is obtained by solving the following
problem:
. 1o 5
Pssci = MiN Pggey = 60— Elz_l:aT

n

subjectto >’ x +5 < 0Oax,

i=1j=o0 (5)
i yrjzl =572 BY,
0_9,,1,» >0,5 20,5 >0
Provide an optimal solution:

{9271?,]:1,2,---, 5 i=12,, “r=12,- }

1r1

Then,

It is observed that

{0*;1’;, J :1,2’...’n;si_,i :1,...,m;sr_,r:1’...,s}
o

is a feasible solution to the model (4). Furthermore,

1&5 m 5"
pssm o _E;ax >0 __Zl X, Pssci

Theorem 5: For SCI model and the SCI super-effi-
ciency model considering any DMUs, there are three
possible cases:

e Case 1: The SCI super-efficiency optimal value of
DMU (x,,Y,) & <1, then DMU(x,,y,) is SCI
model of inefficient decision making unit.

e Case 2: The SCI super-efficiency optimal value of
DMU (%,,Y,) € =1, then DMU(x,,y,) is SCI
model of inefficient decision making unit or
DMU, e E'"UF (E’ is the set of efficient but not
extremely efficient decision making units, F is the set
of weak-efficient with non-zero slacks decision mak-
ing units).

e Case 3: The SCI super-efficiency optimal value of
DMU (x,,Y,) 6 >1, then DMU eE (E is the
set of extremely efficient decision-making units).

Proof. The dual program of the problem in (3) and in
(4) can be expressed as the following with the dual vari-

ables v=(vy,,0, ), 1= (g4, 1t5)

Copyright © 2012 SciRes.

(DSCI) ppsey =Max p = > 1.,
r=1

subject to — ZU, it Y <0
i=1 r=1

ZUIXIO =1 (6)
i-
v, Zi,,ur >0,
rnXio
I:17 ',m;rzll VS,J:17" ,n’
S
(DSSCI)stsu =MmaX Ppgger = Z/ur Yro
r=1
S
subject to — Zu, i MY SO
i r=1 (7)

U'Xio :l!/ur 20
m
i=1--,mr=1--5s

e Case 1: If the SCI super-efficiency optimal value of
bMU (X07y0) ¢ <1, then pgee = Posser <1 and

—Zu, . +Zﬂrym <1- plese <0, which indicates
r=1

that o=(v,u),0=(v,0p), 1= (14,

optimal solution of model (6). Furthermore,

DMU (X,,Y,) is SCI model of inefficient decision-

making unit.

e Case 2: If the SCI super-efficiency optimal value of
DMU (%,.Y,) & =1, from the proof of case 1, we
have if @ is a feasible solution of model (7) and
0 <1 then o is also a feasible solution of model
(6). -

Assumption Aj,j=1,
tion of model (4), then

M) is a

-,n; j#0 is an optimal solu-

qu 2;20,j#0

Z yrj/lj*
j=1

If DMU (x,.,Y,) is extremely efficient for model (3),
then it has unique optimal solution 4 =1, A;=0,
j # 0. So the above inequality cannot be satisfied. Fur-
thermore, DMU (x,,y,) is SCI model of inefficient
decision making unitor DMU, e E'UF .
o Case3:If w=(v,u),0=(v,0n) =1, 1)
is a feasible solution of model (6), then,

w20,j#0

ZUI ij +Z/uryrj SO! J #0
r=1

_ZUI io +Z:uryro -

i r=1

1+2,ur ro —
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S
It is shown that ppgs =MaX Ppsser = D My Yo 1.
r=1

Furthermore, @ is also a feasible solution of model (7)
and ppese <1. Suppose DMU (X,,Y,) is extremely
efficient for model (3), then by the above proof
DMU (x,,Y,) has a dual feasible multiplier; hence ei-
ther (3) DMU (x,,Y,) has an optimal multiplier @, or
(b) the multiplier program for DMU (x,, Y, ) in SCI su-
per-efficiency is unbounded. If (b) holds, from theorem 2,
we have ¢ =1, then DMU (X,,Y,) is not extremely
efficient, this is a contradiction. If (a) holds, from the

S
proof of case 1 and case 2, we must have Z MY >1,
r=1

so 0 >1.

3. Application to Vietnamese Agricultural
Bank Branches

The structure of the agricultural bank has changed
swiftly during the transition, in which the number of
bank branches and the volume of capital transactions
have increased over time. The agricultural bank has
greatly contributed to the development of financial mar-
kets, especially the development of agricultural sector in
Viet Nam. Studying production efficiency of the agricul-
tural bank branches is thus necessary for promoting fur-
ther contribution of the agricultural bank to the economy,
as well as for proposing policy strategies for develop-
ment of the agricultural sector under globalization.
However, there have been a few quantitative studies that
focus on measuring production efficiency of the com-
mercial banks in Vietnam, and most of the current stud-
ies were based on qualitative analyses. Therefore, the
objectives of this application are to estimate efficiency
levels for the agricultural bank branches in Vietham and
to rank these bank branches according to their efficiency
score in order to identify the most and the least efficient
bank branches.

3.1. Previous Studies on Banking Performance

At the microeconomic level, efficiency is a concept to
measure how efficiently the resources like inputs are
used to produce an output of a defined final product. For
the banking sector, the problem is rather complicated,
because of the difficulties in defining the final products.
For instance, should bank deposits be traced as an input
or an output, and how should off-balance sheet items be
treated? There are two main approaches for choosing
input and output variables, including the value-added
approach, and the asset approach or intermediation ap-
proach. The valued added approach is based on the share
of value added to identified inputs and outputs for the
banking sector. This approach considers deposits as out-
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puts since they imply the creation of value added. The
intermediation approach is based on the theory of inter-
mediation, which considers banks as financial interme-
diation between depositors and borrowers. In this ap-
proach, liabilities are considered as inputs and assets as
output. In fact, many studies have applied intermediation
approach in DEA analysis. For instance, Favero and Papi
[11] estimated the technical efficiency of 174 Italian
banks in 1991 by using four inputs (labour, capital,
loanable funds, and financial capital), and three outputs
(loans, investments, and non-interest income). The esti-
mated results were robust to modifications in the speci-
fication of inputs, and outputs followed the intermedia-
tion and asset approaches.

Wheelock and Wilson [12] used non-parametric ap-
proach to compute the Malmquist index and productivity
change for all U.S. banks during 1984-1993. They used
three inputs (labour, physical capital, and purchased
funds) and five outputs (real estate loans, commercial
and industrial loans, consumer loans, all other loans, and
total deposits), and found that the average productivity
growth of larger banks was 3.44% per year during 1984-
1990. Using data of 1490 banks of German banking,
Lang and et al. [13] evaluated the banking technology by
applying the intermediation approach, which treated de-
posits as inputs and loans as outputs.

Asmild et al. [14] used data envelopment analysis
(DEA) window analysis to evaluate the industry’s per-
formance overtime during 1981-2000. To measure pro-
ductivity changes overtime, they used Malmquist indices,
calculated from DEA scores. To define the “same period
frontier” in a DEA window analysis, Asmild et al. [14]
showed that for both the adjacent and the base period
Malquist index and for all suggested definitions of same
period frontier.

Camanho et al. [15] described an application of data
envelopment analysis (DEA) to the performance assess-
ment of Portuguese bank branches. They focussed on
analyzing the relation between branch size and perform-
ance. Hauner et al. [16] considered bank efficiency and
competition in low-income countries in the case of
Uganda. The concern was that the state-dominated, inef-
ficient, and fragile banking systems in many low-income
countries, especially in sub-Saharan Africa, were a major
hindrance to economic growth. They analyzed the impact
of the far-reaching banking sector reforms undertaken in
Uganda to improve competition and efficiency. They
found that the level of competition has increased signifi-
cantly and had been associated with a rise in efficiency.
They showed that the larger banks and the foreign-owned
banks had become more efficient, while smaller banks
had become less efficient in the face of increased com-
petitive pressures.

Wheelock et al. [17] considered new evidence on re-
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turns to scale and product mix among the U.S. commer-
cial banks. They found that banks experience increasing
returns to scale up to approximately $500 million of as-
sets, and constant returns and minimum efficient scale
had increased since 1985.

Chen [18] analyzed the technical efficiency of 39
banks in Taiwan using chance-constrained DEA and
stochastic frontier analysis (SFA). He showed that there
were significant differences in efficiency scores between
chance-constrained DEA and stochastic frontier produc-
tion function.

Nguyen et al. [19] estimated efficiency levels for 32
commercial banks in Vietnam during 2001-2005 and
ranked these banks according to their efficiency scores in
order to find the most and the least efficient banks. Effi-
ciency was measured by data envelopment analysis
(DEA) model and super-efficiency measure through
SBM, in which the assumption of variable return to scale
(VRS) was used. They conducted a sensitive analysis, in
which data for the banks were allowed to simultaneously
vary across different subsets of inputs and outputs.

3.2. Bank Input and Output

In this study, the selection of inputs and outputs for our
model is based on the intermediation approach. The out-
put categories include received interest (y,); other oper-
ating income (y,); and total loans (ys). The inputs include
personnel expenses (x,); net total assets (x,), which are
estimated by the total domestic assets minus bank loans
and investments; all deposits (x3); and labour (x4). The
study period is 2007-2010, in which the number of ob-
servations remains over time. Table 1 presents the statis-
tical summary for the outputs and inputs of the sampled
banks in the study period. Generally, the table shows that
the Agricultural bank branches in Vietnam expanded
over time in terms of all output and input indicators.

3.3. Data of Agricultural Bank Branches in
2007-2010

Data in our research, which was obtained from the Viet-
namese Agricultural Bank, consist of annual observations
of outputs and inputs from 145 agricultural bank
branches during 2007-2010. Three outputs and four in-
puts are used in the empirical application of this study.
The four inputs are personal expenses, net total assets,
deposits and labour and three outputs are received inter-
est, other interest income and loans. These input and
output variables are defined in Table 1. Tables 2-5 pre-
sent the statistical summary for the outputs and inputs of
the sample banks in the study period. Generally, all ta-
bles show that the agricultural bank branches in Vietnam
expanded over time in terms of output and input indica-
tors. Note that, among the studied bank branches, there
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were 14 largest ones, which accounted for 33.5%, 31.5%,
30.6%, and 28.6% of the total assets of all 145 bank
branches in 2007, 2008, 2009, and 2010, respectively.
The 14 smallest bank branches in the sample only ac-
counted for 1.2%, 2.5%, 2.7%, and 2.9% of total assets
of the total sampled banks in the study period.

3.4. Super Efficiency Scores from SCI Model

The analysis produced sets of super-efficiency scores for
each year from 2007 to 2010. They are the super-effi-
ciency under the assumption of constant return to scale
and the super-efficiency under the assumption of variable
return to scale. The scores are presented as annual aver-
ages of bank branches under investigation for the whole
Vietnamese Agricultural bank. Although average the
super-efficiency scores causes loss of information, par-
ticularly the variation among individual bank branches
would require a separate study. However ranking of each
bank branches can capture information about bank
branches’ super efficiency scores. Super-efficiency score
is estimated using the Mathlab program with input-ori-
ented model under the assumption of constant return to
scale and variable return to scale for the sample of 145
Agricultural bank branches in Vietnam.

Table 6 presents the estimated results. Under the as-
sumption of constant return to scale, the mean super-
efficiency of the sampled bank branches in 2007, 2008,
2009, and 2010 were 64%, 63%, 57%, and 59%, respec-
tively. While, under the assumption of variable return to
scale ,the mean super-efficiency of the sampled bank
branches in 2007, 2008, 2009, and 2010 were 71%, 71%,
66%, and 67%, respectively. These results imply that on
average, the sampled bank branches could produce the
same output levels by using fewer resources than they
employed in respective years.

As shown in Table 6, maximum and minimum super-
efficiency levels for the sampled bank branches under the
assumption of constant return to scale (variable return to
scale) varies from 1.328 (1.183), 1.434 (1.662), 1.56
(1.725), 1.481 (1.719) to 0.355 (0.374), 0.379 (0.401),
0.323 (0.359), 0.357 (0.380) in 2007, 2008, 2009, and
2010, respectively.

The frequency distribution of the mean super-effi-
ciency scores estimated from SCI models under the CRS
and VRS assumptions are presented in Tables 7-10. A

Table 1. Input and output variables.

Inputs Outputs

Personal expenses Received interest

Net total assets Other interest income
Deposits Loans

Labour
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Table 2. Summary statistics—inputs and outputs in 2007.

Input variables 2007 Output variables 2007

2007 Personal expenses Net assets Deposits Labour Received interest  Other interest income Loans
Mean 16.64 2247.97 1885.18 205 216.97 3.45 1613.75
Median 10.10 1694.60 1290.97 115 151.70 2.50 1117.48
Maximum 90.10 13876.80 13700.40 1029 1507.00 20.00 6114.30

Minimum 1.60 156.00 64.10 28 13.10 0.30 44.00
Std. Dev. 15.54 2237.10 2116.15 184 232.21 2.93 1417.00

Observations 145 145 145 145 145 145 145

Note: Personal expenses of 2007 are given at constant prices in columns (2). Net total asset, deposits and labour of 2007 are in column (3), (4) and (5). Received
interest, other interest income and loans of 2007 are in columns (6), (7) and (8), respectively.

Table 3. Summary statistics—inputs and outputs in 2008.

Input variables 2008 Output variables 2008

2008 Personal expenses  Net total assets Deposits Labour Received interest  Other interest income Loans
Mean 18.47586 2692.53 2352.448 214 387.4028 6.753793 1887.035
Median 11.7 1998.4 1694.43 122 286.8 53 1366.18
Maximum 921 15509.3 15322.86 1037 2421 28.1 6656.12
Minimum 2.6 285.1 82.67 40 36.2 0.7 208.56
Std. Dev. 16.64 2525.95 2431.04 187.80 382.55 4.89 1571.02

Observations 145 145 145 145 145 145 145

Note: Personal expenses of 2008 are given at constant prices in columns (2). Net total asset, deposits and labour of 2008 are in column (3), (4) and (5). Received
interest, other interest income and loans of 2008 are in columns (6), (7) and (8), respectively.

Table 4. Summary statistics—inputs and outputs in 2009.

Input variables 2009 Output variables 2009
2009 Personal expenses  Net total assets Deposits Labour Received interest  Other interest income Loans
Mean 21.78 3077.37 2572.76 233 324.62 5.95 2318.71
Median 14.20 2277.30 1756.50 138 233.70 5.10 1624.36
Maximum 106.70 25074.50 24756.00 1071 3045.00 27.40 9238.78
Minimum 3.70 331.40 81.57 55 27.90 0.60 297.30
Std. Dev. 18.37 2993.08 2913.73 189 347.50 4.09 1820.96
Observations 145 145 145 145 145 145 145

Notes: Personal expenses of 2009 are given at constant prices in columns (2). Net total asset, deposits and labour of 2009 are in column (3), (4) and (5). Re-
ceived interest, other interest income and loans of 2009 are in columns (6), (7) and (8), respectively.

Table 5. Summary statistics—inputs and outputs in 2010.

Input variables 2010 Output variables 2010

2010 Personal expenses  Net total assets Deposits Labour Received interest  Other interest income Loans
Mean 25.83793 3431.326 2874.34 246 607.1124 11.66345 2712.107
Median 17.7 2606.5 2080.494 149 4475 10.6 2071.446
Maximum 127.1 20420.5 20066.47 109 3812.6 44 9665.736
Minimum 4.6 396 98.977 64 62.7 13 350.205
Std. Dev. 21.17991 3002.169 2861.582 191 548.718 6.94621 2063.87

Observations 145 145 145 145 145 145 145

Note: Personal expenses of 2010 are given at constant prices in columns (2). Net total asset, deposits and labour of 2010 are in column (3), (4) and (5). Received
interest, other interest income and loans of 2010 are in columns (6), (7) and (8), respectively.
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Table 6. General results of technical efficiency from SCI model.

SCI under the assumption of CRS SCI under the assumption of VRS
2007 2008 2009 2010 2007 2008 2009 2010
Mean 0.64 0.63 0.57 0.59 071 071 0.66 0.67
Median 0.62 0.61 0.53 0.56 0.68 071 0.64 0.66
Maximum 1.33 1.43 1.56 1.48 1.20 1.66 1.72 1.72
Minimum 0.35 0.38 0.32 0.36 0.37 0.40 0.35 0.38
Std. Dev. 0.17 0.16 0.17 0.16 0.19 0.20 0.20 0.19
Observations 145 145 145 145 145 145 145 145

Source: Authors’ estimates from the data source.

Table 7. Frequency distribution of super efficiency measures estimated under the assumptions of CRS and VRS from SCI
model in 2007.

SCI2007 under the assumption of CRS SCI2007 under the assumption of VRS
Count Percent Cuén;ﬁttive Cl'JDr:rucI:rt]itve Count Percent Cugglz?]ttive Cg::ﬂ::tve

[0.2,0.4) 5 3.45 5 345 2 1.38 2 1.38
[0.4,0.6) 62 42.76 67 46.21 46 31.72 48 33.10
[0.6,0.8) 58 40.00 125 86.21 54 37.24 102 70.34
[0.8,1) 14 9.66 139 95.86 31 21.38 133 91.72
[1,1.2) 5 3.45 144 99.31 12 8.28 145 100.00
[1.2,1.4) 1 0.69 145 100.00

Total 145 100.00 145 100.00 145 100.00 145 100.00

Source: Authors’ estimates from the data source.

Table 8. Frequency distribution of super efficiency measures estimated under the assumptions of CRS and VRS from SCI
model in 2008.

SCI12008 under the assumption of CRS SCI12008 under the assumption of VRS
SCI Value c Cumulative ~ Cumulative Cumulative ~ Cumulative

ount Percent Count Percent Count Percent Count Percent
[0, 0.5) 26 17.93 26 17.93 22 15.17 22 15.17
[05, 1) 117 80.69 143 98.62 119 82.07 141 97.24
[1,1.5) 2 1.38 145 100.00 3 2.07 144 99.31
[15,2) 1 0.69 145 100.00
Total 145 100.00 145 100.00 145 100.00 145 100.00

Source: Authors’ estimates from the data source.

Table 9. Frequency distribution of super efficiency measures estimated under the assumptions of CRS and VRS from SCI
model in 2009.

SCI2009 under the assumption of CRS SCI12009 under the assumption of VRS
SCI Value Cumulative  Cumulative Cumulative  Cumulative

Count Percent Count Percent Count Percent Count Percent
[0, 0.5) 55 37.93 55 37.93 39 26.90 39 26.90
[05, 1) 88 60.69 143 98.62 103 71.03 142 97.93
[1, 1.5) 1 0.69 143 98.62
[1.5,2) 2 1.38 145 100.00 2 1.38 145 100.00
Total 145 100.00 145 100.00 145 100.00 145 100.00

Source: Authors’ estimates from the data source.

Copyright © 2012 SciRes. AJOR
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Table 10. Frequency distribution of super efficiency measures estimated under the assumptions of CRS and VRS from SCI

model in 2010.
SCI12010 under the assumption of CRS SCI12010 under the assumption of VRS
SCI Value Cumulative ~ Cumulative Cumulative ~ Cumulative

Count Percent Count Percent Count Percent Count Percent
[0, 0.5) 44 30.34 44 30.34 30 20.69 30 20.69
[0.5,1) 98 67.59 142 97.93 110 75.86 140 96.55
[1,1.5) 3 2.07 145 100.00 4 2.76 144 99.31
[1.5,2) 1 0.69 145 100.00
Total 145 100.00 145 100.00 145 100.00 145 100.00

Source: Authors’ estimates from the data source.

bank having efficiency of more than 100% was fully
technically efficient. Therefore, in terms of super-effi-
ciency, out of 145 bank branches in the sample, the
number of fully technically efficient bank branches under
the assumption of constant return to scale (variable return
to scale) was 6 (12), 2 (4), 2 (3), and 3 (5) in 2007, 2008,
2009, and 2010, respectively. The number of bank
branches with super-efficiency range of 50%—more than
100% under the assumption of constant return to scale
(variable return to scale) was 119 (123), 100 (106), and
101 (115) in 2008, 2009, and 2010, respectively. As an
exception, the bank with technical efficiency level lied in
the range 0% - 20% under the assumption of constant
return to scale (variable return to scale) was 5 (2).

3.5. Relation between Banks’ Total Assets and
Super-Efficiency Scores

In this section, our analysis focuses on the relation be-
tween bank size (the total assets by proxy) and super-
efficiency scores. The question is whether in the study
period the larger bank branches had higher super-effi-
ciency score than did the smaller bank branches. To do
S0, we use Spearman rank correlation for testing the null
hypothesis H, (total assets and super-efficiency scores
are independent). Results of the statistical tests of the
null hypothesis are shown in Table 11. The Spearman
rank correlation coefficients between total assets and
super-efficiency scores estimated from SCI’s model
(2007, 2008, 2009, and 2010) are positive, but not high.
They show that we cannot reject the null hypothesis. It
generally means that, the large bank might not have high
super-efficiency score. In practice, for instance, the total
assets of Hanoi bank branch was about five times higher
than the total assets of the Quan 10 bank branch, but
Quan10 bank branch was more efficient than Hanoi Bank
branch; even Quan 10 was one of the top ranking bank
branch under the assumption of CRS.

3.6. A Comparison of SBM and SCI Models

In this section, we compare the estimated results from the

Copyright © 2012 SciRes.

Table 11. Statistical Tests for the relation between banks’
total assets and super-efficiency from SCI model under
CRS assumption using spearman’s test.

Year 2007 2008 2009 2010
Spearman’s p 0.1597 0.1166 0.1255 0.0835
Prob. > |t] 0.055 0.1624 0.1326 0.3179
Decision at 5%  cannot Cannot Cannot Cannot
significant reject Ho reject Ho reject Ho reject Hy

Source: Authors’ estimates from the data source; Note: HO: Asset 2007
(2008, 2009, and 2010) and SCI 2007 (2008, 2009, and 20010) are inde-
pendent.

SBM and SCI models. To do so, we use:

1) Spearman Test for differences inefficiency score of
the sample bank branches from SBM and SCI under the
assumption of constant return to scale and variable return
to scale;

2) Statistical tests for differences inefficiency score of
the sample bank branches from SBM and SCI by Kend-
all’s tau; and

3) Two Banker’s asymptotic DEA efficiency tests for
inefficiency differences between two different efficiency
scores.

Before presenting the results of each test, we summary
some estimated results from SBM model as the following.
SBM models were estimated using the program DEA.-
Solver Software (2007). The super efficiency measures
from the SBM model under the assumption of CRS and
VRS for the sample bank branches in 2007, 2008, 2009,
and 2010 are 0.6586, 0.6680, 0.6213 and 0.6597, respec-
tively, while under the assumption constant return to
scale for the sample bank branches in 2007, 2008, 2009,
and 2010 are 0.749, 0.786, 0.764 and 0.781, respectively.

The estimated maximum super efficiency under the
assumption of CRS for the sample banks in 2007, 2008,
2009, and 2010 are 1.3281, 1.4341, 1.5598 and 1.4815,
respectively, and under the assumption of VRS for the
sample banks in 2007, 2008, 2009, and 2010 are 1.318,
1.662, 1.725 and 1.719, respectively. The minimum
value of super-efficiency under the assumption of CRS
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for the sample banks in 2007, 2008, 2009, and 2010 are
0.3555, 0.3793, 0.3229 and 03572, respectively, while
under the assumption of VRS for the sample banks in
2007, 2008, 2009, and 2010 are 0.374, 0.404, 0.359 and
0.380, respectively. Full efficiency under CRS (super-
efficient measures are greater than or equal to one) esti-
mated from SBM models in 2007, 2008, 2009 and 2010
are 20, 19, 17, and 19 of the 145 bank branches, respec-
tively.

3.7. Tests for Differences Inefficiency Scores
from Two Models

The two approaches were used to measure the super-
efficiency for the sample of the agricultural bank
branches in Vietnam. SBM is based on the work of Tone
(2002). The SCI model differs from Tone’s (2002) model
in the object function used and classifies all the decision
making units. To highlight the relation existing between
super-efficiency series estimated from SBM and super-
efficiency series estimated from SCI approaches, as well
as the relation between rank series from two models un-
der the assumptions of CRS and VRS, we use Spearman
correlation and Kendall’s tau-b. Results of the statistical
tests on ranking efficiency between the sampled bank
branches are shown in Tables 12 and 13. The Spearman
rank correlation coefficients and Kendall’s tau-b coeffi-
cients between ranks from super-efficiency, estimated

Table 12. Spearman rest for different inefficiency score of
constant return to scale and variable return to scale.

N.K.MINH ET AL.

from SBM model SCI model, are positive and very high.
Note that the sign of the coefficient of Kendall’s tau-b
indicates the direction of the relationship, in which larger
absolute values indicate stronger relationship.

The results of the above two test statistics provide us
with two findings: 1) the correlations between estimated
super-efficiency series from SBM model and SCI model
are positively and highly significant level; and 2) the
correlations between rank series estimated from those are
strong.

Banker’s Test

To show differences between the average efficiency
score of SBM and SCI models under the assumptions of
variable return to scale and constant return to scale, we
use two Banker’s asymptotic DEA efficiency tests. Tests
have been used to test for inefficiency differences be-
tween two different efficiency scores.

1) The first test uses based on the assumption of the
two inefficiencies (1 — 6sgm and 1 — &s¢;) from the SBM
and SCI models that follow the exponential distribution.

The test statistic is —

SCL,i
lative to the F-distribution with (2Nsgwm, 2Nsc;) degrees of

Z(l_ HSBM,i )/NSBM
2(1-
freedom.

o )/Nsu
2) The second test is based on the assumption of the

, evaluated re-

the sample banks from SBM and SCI under the assumption of

Under the assumption of CRS

Under the assumption of VRS

2007 2008 2009 2010 2007 2008 2009 2010
2007 0.9904 (0.000) 0.941 (0.000)

2008 0.9683 (0.000) 0.849 (0.000)

2009 0.9692 (0.000) 0.784 (0.000)

20010 0.9659 (0.000) 0.845 (0.000)

Source: Authors’ estimates from the data source.

Table 13. Statistical tests for differences inefficiency score of the sample bank branches from SBM and SCI by Kendall’s tau.

Super-efficiency under the assumption of CRS

Super-efficiency under the assumption of VRS

2007 2008 2009 2010 2007 2008 2009 2010
Kendall’s tau-a 0.963 0.883 0.866 0.856 0.849 0.731 0.653 0.709
Kendall’s tau-b 0.963 0.883 0.866 0.856 0.862 0.744 0.666 0.722
Kendall’s score 10053 9218 9038 8936 8856 7634 6821 7400
SE of score 584.98 584.98 584.98 584.98 584.48 584.44 584.338 584.33
Test Zzeﬁga;iw d:g? scl Reject Reject Reject Reject Reject Reject Reject Reject
Prob > |z| 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Number of Obs 145 145 145 145 145 145 145 145
Source: Authors’ estimates from the data source.
Copyright © 2012 SciRes. AJOR
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Table 14. Summary of efficiency difference test results.

Super-SBM vs. Super SCI under

Super-SBM vs. Super SCI under

Year Test Procedure the Assumption of CRS Critical value (5%) the Assumption of VRS Critical value (5%)

2007 Exponential type 1.057 1.35 1.089 1.35
Half-normal type 1.078 1.35 0.971 1.35

2008 Exponential type 1.027 1.35 1.051 1.35
Half-normal type 1.031 1.35 1.054 1.35
Exponential type 0.989 1.35 1.017 1.35

2009 Half-normal type 0.989 1.35 0.995 1.35

2010 Exponential type 0.952 1.35 0.96 1.35
Half-normal type 0.936 1.35 0.934 1.35

Source: Authors’ estimates from the data source.

two inefficiencies (1 — 6sgy and 1 — &s¢,) from the SMB
and SCI models that follow the half-normal distribution.

2
Z(l_BSBM,i) /NSBM
The test statistic is —

Z(l_ HSCI,i )2 /Nsm

, evaluated

relative to the F-distribution with (2Nsgm, 2Nsc;) degrees
of freedom.

Table 14 presents the estimated results from Banker’s
two asymptotic DEA tests for inefficiency estimated
from each model and each year during 2007-2010. The
estimated results show that there is no significant differ-
ence between the average efficiency score of SBM and
SCI models.

4. Concluding Remarks

This paper presented the new approach to rank inefficient
DMUs based on SBM. This model allowed the ranking
of all inefficient DMUs and overcomes the disadvantages
of infeasibility. The new approach was applied to rank
super-efficient scores for the sample of 145 agricultural
bank branches in Viet Nam during 2007-2010. By using
the Spearman Rank Test, Kendall’s tau-b test and Bank-
ers’ tests show that the ranks of the sampled bank
branches based on the SBM and SCI approaches are
highly correlated.
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