)

Check for
updates

Uncertain Negative Data in DEA:
An Application of Banking in Malaysia

Rokhsaneh Yousef Zehi®™® and Noor Saifurina Nana Khurizan

School of Mathematical Sciences, Universiti Sains Malaysia, 11800 Penang, Malaysia
yousefzehi.rokhsaneh@gmail.com

Abstract. DEA models and their applicability is heavily depended on the type
of data that has been used for efficiency assessment. Conventional DEA models
assume the all the involved data in the efficiency evaluation are non-negative,
which in many cases seems unrealistic specially when the profit or the rate of
growth are involved in the evaluation of organizations. Moreover, the perturbation
in data is unavoidable in real-world applications and negative data also might be
affected by error. In this paper we propose a robust DEA model to handle uncer-
tain negative data that guarantees the robustness of solution against the uncertainty
in data. The proposed robust DEA model is constructed under a box-ellipsoidal
uncertainty set and an application of banking in Malaysia is presented to validate
the applicability of proposed model and evaluate the effect of uncertainty in effi-
ciency assessment and ranking of 30 banks in Malaysia. The result shows that our
proposed model provides a better and more discriminative ranking of banks.

Keywords: Data envelopment analysis (DEA) - Mathematical programming -
Robust optimization - Uncertainty - Negative data

1 Literature Review

Data envelopment analysis (DEA) is a non-parametric approach for assessing the rela-
tive efficiency of decision-making units (DMUs) based on linear programming, which
construct a frontier based on the observed input-output ratios. Charnes et al. [1] pro-
posed the first DEA model called CCR model with the assumption of constant return
to scale (CRS). Banker et al. [2] extended the CCR model and proposed BBC model
which allows variable return to scale (VRS). Since introducing first DEA models, this
method has been extensively applied in management sciences and various real-world
applications such as education, agriculture, health care, banking, etc. (see [3] and [4] for
a Survey of DEA applications).

Conventional DEA models assume non-negative values for input and output obser-
vations which is unrealistic and in many real-life applications of DEA models some
variables can take both positive and negative values such as rate of growth, profit, rate of
return, operational cost savings etc. One of the firstly presented approaches to cope with
negative data is applying data transformation whereas an arbitrary lager number is added
to into all the values of a variable which can turn negative values into positive values
[5]. However, it should be mentioned that based on the applied model the results are
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different and the solutions may not be invariant to data transformations. Portela et al. [6]
introduced a range directional measure (RDM) model based on the directional distance
function to handle negative data. Sharp et al. [7] developed a modified slack base mea-
sure that considers both positive and negative data. One of the popular approaches for
modelling negative data is based on partitioning positive and negative variables which
was applied by Emrouznejad et al. [8] and based on that they proposed a semi oriented
radial measure (SORM) to evaluate the efficiency of DMUs. Later several models and
approaches were proposed to cope with negative data in DEA models which some of
these studies can be seen in [9, 10]. It should be noted that in the presence of negative
data in a technology, the CRS assumption is not possible, as in the CRS technology
it as assumed that any activity can be radially expanded or contracted to create other
feasible activities or in another words any proportion of an efficient unit is efficient as
well, which is not consistent if some of the values of a variable are negative. Therefore,
the VRS technologies are required to be assumed in the presence of negative data.

In conventional DEA models it is assumed that all data are accurate and crisp values
and the uncertainty and perturbation in data is ignored. However, uncertainty in data is
inevitable in many real-world applications and ignoring the perturbation in data may lead
to unreliable efficiency scores and ranking of DMUs and also unattainable management
decisions. There are several approaches in DEA to cope with uncertainty in data such
as fuzzy DEA models [11], imprecise DEA [12] and robust DEA (RDEA) [13]. Robust
DEA was firstly introduced by Sadjadi and Omrani [13] and since then it has gain lots
of attentions by researchers in both theory and application perspective. RDEA has been
proposed based on the robust optimization approach which was originally introduced by
Soyster [14] and extended in the work of Ben-Tal and Nemirovski [15] and Bertsimas
and Sim [16]. In robust optimization, the optimal solutions will be determined in a
robust counterpart of the nominal problem which is constructed based on a predefined
uncertainty set that ensure the optimal solution remain feasible when the data changes
in the predefined uncertainty set. RDEA is one of the most popular approaches for
handling uncertainty in DEA models. Sadjadi et al. [17] proposed a robust counterpart
based on the Bental and Nemirovski’s approach [15] for super efficiency DEA model to
evaluate the gas companies. Shirazi and Mohammdi [18] evaluated Iranian airlines by
developing a robust slack base measure (SBM) with undesirable outputs. Dehokhalaji
et al. [19] presented the robust counterpart of the envelopment form of the CCR model
based on the Ben-Tal and Nemirovski’s robust approach [15] in a situation where inputs
and outputs are assumed to take value from a symmetric box. RDEA is one of the most
popular approaches for handling uncertainty in DEA and many researchers applied the
robust optimization approaches to cope with data uncertainty in basic and advanced
DEA models. A survey of RDEA studies can be seen in [20].

The focus of this paper is to propose a robust DEA model to handle uncertain negative
data. As the equality constraints are challenging for constructing a robust counterpart for
SORM model, and the multiplier form of SORM model contains equality constraint, we
modify an equivalent model to be applied to propose a robust SORM model. The robust
counterpart of the SORM model is constructed based on a box-ellipsoidal uncertainty set
proposed by Ben-al and Nemirovski [15]. The level of conservativeness in this approach
is controllable and it depends on the decision makers preferences. The rest of this paper
is organized as follows: Sect. 2, a background on the SORM model and an equivalent
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model is proposed to be applied to propose a robust SORM model. Section 3 presents a
robust SORM (RSORM) model under a box-ellipsoidal uncertainty set. An application
on 30 banks in Malaysia is given in Sect. 4 to validate the proposed model and show the
applicability of the model. Finally, the conclusion is presented in Sect. 5.

2 SORM Model

The SORM model for handling negative data has been developed by Emrouznejad
et al. [8] based on partitioning approach to divide positive and negative values of
a specific variable and replace negative values by a difference of two non-negative
values. The first element includes positive variable, and the second element includes
the absolute value of the negative part. Assume there are n DMUs, which each of
them produces s outputs {y,; r = 1,...,s} using m inputs {x;;;i = 1,...,s}. Let
us assume the input variables take only positive values and output variables can take
positive values for some DMUs and negative values for the other. The output vari-
ables are divided into two subsets: O = {Y,; take paositive values for all DMUs} and
ON = {Y;; take paositive values some DMUS and negative values for others}, where
asOUON ={1,...,s}and ON ON = ¢. The output variables Y; € OV are defined as
Y = Yk1 — Yk2 where Ylk, Ylk > 0 and take value for DMU; as follows:

yl — | Yu if Y, >0
ki 0, if iy <O

y2 — 0, fYy;=0
ki Y, if Y3 <O

Therefore, the production possibility set (PPS) in the presence of negative data for
the output oriented SORM model, denoted by Psorys is defined as follows:

n
X=X,

Y,
<y "
Psorm = | (x, ) Y= ZJ_1<Yk) !
Z?:l Ap=1,
)"j >0 VJ

Based on the above partitions and defined variables and assumptions the output
oriented SORM model is defined as the following mathematical programming:

Max ¢, Viel
s.t. Z]’?:l AjXij < Xip, Vi€l
Z;?:] )\erj > QoYro, Yr € O
Y1 Ay = oy Yk € OV (1)
Yot vy < @oviy Vr € OV
Yiahi=1 vj
)\.j > 0.



Uncertain Negative Data in DEA 185

In model (1) it can be seen that y,%j is treated as inputs since the absolute value of
the negative variables should be decreased to improve the performance of the under
evaluation DMU. Let v; represent the weights factors related to the i-th input and u, the
weights assigned to outputs belong to O and u} and u% are the wrights factors related to
y,lj and y,%j respectively, so the dual form of model (1) is formulated as follow:

Min E C ViXip + Vo
iel
1.1 2.2

s.t. E u E u — E u =1,

reO rYro + keON ko keON kYko

1.1 2.2

v-x--—g u -—E U,y E u vy >0,

Zie] et reo MY keon Kk T 2y con Uidko Vo =

Viel

u, >0, Vre O

up,ul >0 Vk e OV

v;i >0 Viel

Vv, IS free in sign. 2)

The optimal value of model (2) represents the efficiency score of DMUgp. DMUy is
called efficient if the optimal value of model (2) is equal to 1 and it is called inefficient
if the optimal value of model (2) is greater than 1.

2.1 Equality Constraints in the Multiplier SORM Model and an Equivalent
Model

One of the challenges in constructing a tractable robust counterpart for some of the DEA
models is the existence of equality constraints in some of the models. In the multiplier
form of the output oriented SORM model the constraint (2.1) is in equality form, hence
if the outputs variables are assumed to be uncertain, this constraint may restrict the
feasible region or results in a non-feasible solution for the robust counterpart of model
(2) [21]. In order to avoid such complications one can assume that only input variables
are under uncertainty to avoid the problems caused by equality constraint related to
output variables which is not an appropriate way. Therefore, we develop an equivalent
model to model (2), without any equality constraint which is more applicable in cases
where both inputs and outputs variables are subjected to uncertainty or in our case to
handle the uncertainty in output variables in an output-oriented model. In this section
we modify an alternative formulation to convert the equality constraint to inequality.
Towards this end, suppose the equality constraint (2.1) is fixed at an arbitrary positive
parameter, thus model (2) can be reformulated as follows:

. 1.1 2.2
Min E ViX; v, S.t. E u E u — E u =1,
g Vi¥io + Vo re0 U0 2 _icon Wik keon “kVko
Z Z Z 1.1 Z 2.2
ViXii — u ; —_ u . u 1% >09
ier Y reo keov "6k T 2 geon MeVko Vo =

Vield
ur >0, VreO
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u,i, u,% >0 vk e OV
vi >0 Viel
Vv, 1S free in sign. 3

Proposition 1. Model (3) is equivalent to SORM model.

Proof. It is clear that (uf, u,i*, u,%*, Vi, vg) is an optimal solution for the SORM model

if and only if (tu;“, tu,i*, tu,%*, wr, tv(’)‘) is an optimal solution of model (3). Therefore, it
can be concluded that model (3) is equivalent to SORM model.

Theorem 1. SORM model is equivalent to the following model:
Min Zl_e ; Vikio Vo
1.1 2.2
st ZrEO UrYro + ZkEON UWedko — ZkEON Uk Z 1

1.1 2.2
E v»x--—E u '—E U,y E u vy >0,
ier Y reo "V keov "6k T 2 eon MeVko Vo =

Viel

u, >0, VreO

u,l, u,% >0 vk € OV

vi >0 Viel

Vv, IS free in sign. 4)

Proof. By proposition 1, model (3) is equivalent to SORM model, hence it is sufficient
to prove that the dual of model (3) is equivalent to the dual of model (4). The dual form
of model (3) is the following mathematical programming:

Max tg,

st Dy Axi < Xig, Yiel  (5.1)
Y1 Ay = $oyro, Vre O (52)
S Ay = @y, Yk € OV (5.3)

®)
Yoo v < @ovg, Yk € OV (5.4)
S hi=1, VieJ (5.5)
A =0 (5.6)
@, IS free in sign 5.7
and the dual of model (4) is as follows:
Max to,
s.t. Z]"l:l AjXij < Xio, Vi €1
Z;?:l )‘jyrj > QoYro, Vreo
Z]r'l=1 )‘jy/lj =z %Y,ij, Vk € OV ©
Y Ay < 9oy, Vke OV
Yichi=1 vjield
)‘j >0

0o >0
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Let ¢} be the optimal solution of model (5) and (6). The only difference between
the dual models is the sign of ¢ which is free in sign in (5) and non-negative in (6). It is
straightforward to show that ¢ > 0 in (5) since if ¢} < 0, then A* = 0, in constraints
(5.2),(5.3) and (5.4) which contradicts with the convexity constraint and violate it, that is
impossible. Therefore, it can be concluded that the dual models (5) and (6) are equivalent
and subsequently their primal models (3) and (4) are equivalent.

As mentioned previously in order to avoid the challenges regarding the normalization
constraint, various models in the RDEA literature adopted the input-oriented models
when output variables are assumed to be uncertain and similarly the output-oriented
model are adopted when input variable are uncertain. One of the advantages of model
(4) is that the constraints in this model are all in the form of inequality which make it
suitable to be applied in cases when uncertain inputs and outputs appear simultaneously.
Since in model (4), the parameter ¢ is ab arbitrary positive number, therefore it can
be considered to set 1 = 1 and the following model (7) is a suitable model to handle
uncertainty in output variables in an output-oriented model in the presence of negative
data.

(SORME) Min) . vixio +vo

1,1 2.2
st ZreO rro ZkeoN "kko ™ ZkeON “iko = 1>

2 2 2 : 1.1 § 2.2
ViXii — u i — u -+ u +v, > O,
ier Y reo rYrj keoN kVkj keoN kVko ¢

Vield

u, >0, VreO

u,l, u,% >0 Vk € OV

vi >0 Viel

Vv, IS free in sign. )

3 Robust Counterpart of the SORME Model

In this section we modify a robust counterpart for the SORME model based on Ben-
Tal and Nemirovski’s approach [15] when uncertain data change in a box-ellipsoidal
uncertainty set. Without loss of generality, we assume input variables are certain and
accurate and only output variables are subjected to uncertainty. Let ij be the set of
1 2
uncertain non-negative outputs (yrj) and J]:V and Jj} be the set of uncertain outputs that
are non-negative valued for some DMUs (y,lj) and negative valued for the other DMUs
(y,%j), in j-th constraint. The uncertain outputs are expressed as y,; = y,j + 1,58y,

- 1 - 2 ol 2
Yy = v+ me” vy, and y,%j = y,%j + n,%jsy y,%j where &, ¥ and & are the level of
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perturbations in outputs and 1,;, n ,1] and r),%j are the scale deviation from the nominal value.
The uncertain outputs change in a box-ellipsoidal uncertainty set defined as follows:

il <1 Xy <@ Vrel

1 1 2 yl yl
‘”kj‘ =L Zjej,.(nkj) <¢ Vkel
2

)2 2
"71%]‘ <1, ZjeJ,-(U/%j) < w} Vk € ij

1 2
where, parameters (pjy , go} and <pjy are the lengths of the semi-axes of the ellipsoid for
the uncertain outputs that control the size of ellipsoid and the level of reliability. The

level of ¢; < (‘JJ} ’ + ‘ijl ’ + ‘J]y ’ ’)0'5 adjust the level of protection against uncertainty
and ¢; = 0 means the model is not protected against uncertainty and the robust counter-
part is reduced to the SORMEg model. Note ¢; = ‘ij + ‘ijl ‘ + ‘ijz ‘)0'5 implies the
smallest volume of ellipsoid contained in the box and it is the highest allowable level
of conservatism that the decision maker can consider for the j-th constraint and ¢; =1
implies the largest volume of ellipsoid contained in the box. Considering the uncertainty

set U(1, ¢), the robust counterpart of the SORME based on Ben-Tal and Nemirovski’s
approach [15] can be formulated as the following mathematical programming:

(RSORM) Min Ziel ViXip + Vo
1,1 2.2
ZVEO uryra + ZkEON ukyko - ZkEON ukykg
~12_12
_ Z O!ro)’ro(po rel? yro m Z Jyl ,Bkoykg §00 Zke]’ YkoZko

2
_ A2y 222 22
E cen? Veodko = o N E v Vko%ko = =1,

1.1 2.2 -
= 1~ Dt g 5 0 K,
Ziel i reo reoy Mkl keoy Ui T Vo rel? 1 Yrj

1
Y 52 22 a1y A12 12
¢ res? Vi Zke s Piiyig — ¢; Z Yij Sk~ Zk Ve Vi
y? 5222 > 0,
-9 Zk ] y! Vi Zk] -
y
U < U — 70 < O ;
Qi < Uy — Zrj < 0y Vr e J/
By <ul —7\ < By viker'
Jg — "k ki — Pk J
2
2 2 y
TV = U T g = Vi Vk € J;
u >0 Vre O
u,lc, u,% >0 vk € OV
vi >0 Viel

Vv, is free in sign (8)
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where o, Bij, Vijs 2 z,lj and z,%j are auxiliary decision variables. The probability that

j-th constraint in model (8) is violated is at most exp| — (% . The robust counterpart of

the SORM model under a box-ellipsoidal uncertainty set lead to a second order quadratic
programming and it is non-linear, however its formulation is practically tractable.

4 Application

DEA is one of most popular approaches for the assessment of efficiency in banking
system. As the banks play a significant role in the economic development, evaluating the
efficiency of banks provides valuable information regarding the future decisions made for
the banks in order to improve the efficiency scores of banks and as a result an economic
growth for the banks can be expected. Generally, there are two approaches to identify the
input and output variables in the assessment of efficiency in banks: the intermediation
and production approaches [22]. The intermediation approach uses monetary measure
such as capital and labor as inputs and loans and profit as outputs. On the other hand,
the production approach considers banks as producers and uses physical inputs such as
number of staff and capital to produces services as outputs such as loans.

Several research have been conducted to evaluate the efficiency of banks in Malaysia
based on different approaches. Omar et al. [23] adopted the intermediary approach
for input and output selection and evaluated the efficiency of 11 commercial banks in
Malaysia using a CRS and VRS CCR model and investigated the change of productivity
for the banks using a Malmquist index. Tahir et al. [24] employed the intermediation
approach to identify inputs and outputs and evaluated the efficiency of 23 banks in
Malaysia during the period of 2000-2006 using the basic DEA models. Ab Rahim
et al. [25] applied DEA models to estimate the cost efficiency of 10 domestic banks
in Malaysia during the period of 1995-2010. Echchabi [26] provided a review of the
previous work on the efficiency evolution of banks in Malaysia and stated that there are
limited studies on this area in developing countries like Malaysia in comparison with
developed countries. They adopted the intermediary approach to choose the variables
and estimate the efficiency of 23 Malaysian banks and examine the factors that has an
impact of the efficiency score of the banks.

However, the previous studies considered the input and output as certain and non-
negative variables. In fact, in the presence of profit as an output in the evaluation process it
is most likely that some of DMUs experience a loss instead of profit in a specified period.
Moreover, uncertainty in data is an unavoidable factor in the efficiency assessment of any
organizations such as banks and it can be due to errors in computation and measurement
etc. Utilizing the intermediary approach, in this study we determine the efficiency of 30
banks in Malaysia with three inputs (total assets, deposit, total equity) and two outputs
(loans and profit). The SORM models is applied to cope with negative data and the
proposed RSORM to handle the uncertainty in in both negative and positive variables.
we assume that outputs variables are subject to uncertainty. A descriptive statistic for data
sets is given in Table 1. Firstly, the efficiency scores of DMUs are evaluated applying the
SORM model and the proposed RSORM model for two different level of perturbation in
data (0.01 and 0.05). The result of efficiency score and ranking of DMUs are presented
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Table 1. Descriptive statistics for data sets

Data set Mean Standard Deviation Minimum Maximum

Inputs

Total assets 85938662 143794964.8 430897 602354899
Total deposits 51485240 94965298.9 101430 410839559
Total equity 11143709 17169911.37 327053 72266256
Outputs

Loans 37667592 79757727.26 32561 365844401
Profit 630273 1299502.742 —70405 5965127

Table 2. Optimal solutions obtained from SORM Model and RSORM model (¢; = 1.4)

S & = &
g s 2 0z Tz gls 2 7 2 1 |z

& 2 & 2
1 1 1 1.02 1 1.11 1 16 | 1.05 4 1.07 4 1.16 4
2 1 1 1.02 1 1.11 1 17 |1 1 1.02 1 1.58 |12
3 1 1 1.02 1 1.11 1 18 |1 1 1.02 1 1.11 1
4 1.56 | 12 1.60 | 14 1.73 | 16 19 142 |10 145 |12 1.63 | 14
5 1 1 1.02 1 1.11 1 20 | 1.06 5 1.08 5 1.17 5
6 1.22 9 1.24 9 1.79 |17 21 |1 1 1.02 1 1.11 1
7 1.54 |11 2,13 | 17 243 |20 22 |1 1 1.56 |13 1.80 |18
8 1.09 6 1.14 7 1.21 6 23 |1 1 1.02 1 1.47 |10
9 1.02 2 1.04 2 1.13 2 24 | 1.15 8 1.87 |15 2.18 | 19
10 1 1 141 |11 1.59 |13 25 | 1.05 4 1.07 4 1.64 | 15
11 1 1 1.02 1 1.11 1 26 |1 1 1.02 1 1.11 1
12 1 1 1.02 1 1.11 1 27 |1 1 2.10 | 16 2.58 |21
13 1 1 1.30 | 10 1.45 9 28 |1 1 1.15 2 1.42 8
14 1.04 3 1.06 2 1.15 3 29 142 |10 145 |12 1.57 |11
15 1 1 1.02 1 1.11 1 30 | 1.11 7 1.13 6 1.23 7

in Table 2. The results in Table 2 are obtained for the highest level of conservativeness
Y = (‘J]y‘ + ‘ij]‘ + ‘ij 2‘)0‘5 = 1.4 which means the outputs variables are fully
protected against uncertainty. In Table 3, a comparison of efficiency score for different
level of conservativeness and different level of perturbation in data is given.

The obtained results in Table 2 shows that by applying SORM model most of the
banks are efficient and the uncertainty in output variables can significantly change the
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Table 3. RSORM optimal value for different level of ¢;

0.5¢=0.01
0.5 =0.05

1.4 =0.01
1.4 ¢ =0.05
0.5 =0.01
0.5¢=0.05
1e=0.05

Banks
Banks

1.4 =0.01
i=14¢=0.05

i =1e=0.01
¢ =1e=0.01

%

1.01 |1.05 |1.02 |1.02 |1.02 |1.02 |17 |1.01 |1.05 |1.02 | 1.02 1.02 |1.02
3 1.01 {1.05 | 1.02 |1.02 |1.02 |1.02 18 |1.01 |1.03 |1.02 |1.02 | 1.02 |1.02
4 1.58 |1.64 |1.60 |1.60 |1.60 |1.60 |19 |1.44 1.49 |1.45 |1.45 145 |145
5 1.01 /1.03 |1.01 |1.02 |1.02 |1.02 |20 |1.07 [1.12 |1.08 | 1.08 | 1.08 |1.08
6 123 |1.28 |1.24 |1.24 |1.24 |1.24 |21 |1.01 |1.05 [1.02 [ 1.02 1.02 |1.02
7
8
9

1.56 |1.62 |1.58 |2.13 |2.13 |2.13 |22 |1.01 [ 1.05 |1.02 |1.56 |1.56 |1.56
1.10 |1.14 |1.11 |1.14 |1.14 |1.14 |23 |1.01 [ 1.05 |1.02 |1.02 |1.02 |1.02
1.03 |1.07 |1.04 |1.04 |1.04 |1.04 |24 |1.16 [ 1.20 |1.17 |1.87 |1.87 |1.87
10 1.01 |1.05 |1.02 |1.41 |1.41 |1.41 [25/1.06 1.10 |1.07 |1.07 |1.07 |1.07
11 1.01 |1.05 |1.02 |1.02 |1.02 |1.02 |26 |1.01 [ 1.05 |1.02 |1.02 |1.02 |1.02
12 1.01 {1.05 | 1.02 |1.02 |1.02 |1.02 ' 27|1.01 |1.05 |1.02 |2.10 |2.10 |2.10
13 1.01 |1.05 |1.02 |1.30 |1.30 |1.30 |28 |1.01 | 1.05 |1.02 |1.15 |1.15 |1.15
14 1.05 | 1.09 |1.06 |1.06 |1.06 |1.06 |29 |1.43 [ 1.49 |1.45 145 145 |145
15 1.01 |1.05 |1.02 | 1.02 |1.02 |1.02 |30 |1.12 |1.17 |1.13 |1.13 |1.13 |1.13

efficiency score and the ranking of DMUs. For example, the ranking of Bank 27 by
SORM model is reported as 1 and by RSORM (¢ = 0.01) is 16 and by RSORM (¢ =
0.05) is 21. The result for RSORM model in Table 2 are reported for the full protection
of uncertain outputs (¢; = 1.4). The optimal solution by RSORM model increases by
increasing the level of perturbation in output variables from 0.01 to 0.05. The level of
protection indicates the level of risk that decision makers are willing to allow and in this
case any level of ¢; < 1.4 can be considered based on the preference of decision makers.
Table 3 compares the obtained optimal solutions for two different level of perturbation
(¢ =0.01, 0.05) and three different level of conservativeness (¢; = 0.5, 1, 1.4). It shows
that by increasing the level of conservativeness the optimal solution of the RSORM will
be increased which indicates that the banks will become less efficient. Decision makers
can apply SORM or RSORM based on the result they expect to achieve. The result shows
that the SORM model is less discriminative than the RSORM model and if the decision
makers are willing to accept a certain level of uncertainty in data, the RSORM model
can be a better model to assess the efficiency of banks.
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5 Conclusion

The input and output variables in the basic DEA models are assumed to be non-negative.
However, in many real-world applications negative data are also involved in set, any
type of data can be affected by uncertainty. Robust optimization is one of the popular
approaches to cope with data uncertainty in DEA models. This paper focuses on the
SORM model which is one of the popular DEA models to handle negative data and
constructing a robust counterpart for the SORM model to ensure feasible and robust
solutions. The presence of equality constraints can be problematic for constructing a
robust counterpart, as such constraints may lead to a restricted feasible region or infea-
sible solutions. Therefore, we showed that the equality constraint can be replace by
inequality and an equivalent SORM model (SORM g) is presented. A robust counterpart
for SORM g model is constructed under a box-ellipsoidal uncertainty set to handle the
uncertainty in both positive and negative data. The proposed RSORM model can be
applied in complex case studies where uncertain negative data are involved in the evo-
lution of DMUs. In this study the proposed RSORM model is applied for assessing the
efficiency of 30 banks in Malaysia in the financial year 2020 to take into consideration
the uncertainty in outputs where these uncertain outputs can take both positive and neg-
ative data. Since the previous studies on assessing the efficiency of banks in Malaysia
ignored the effect of uncertainty in data and also the presence of negative data, therefore
the proposed RSORM model provide further opportunities for researchers to apply the
proposed RSORM model and the methodological grounds of this research for future
studies on different cases such as supply chain or sustainability analysis.
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