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Abstract

The estimating returns to scale (RTS) and identifying the area in which the type of returns to the scale of a single
decision maker unit (DMU) remains sustainable helps managers to have more accurate predictions about the size
variations of a DMU. Contrary to theoretical studies and attitudinal surveys, the RTS-based econometric estimates
of the panel data are derived from the time changes observed in inputs and outputs. Therefore the description of
returns-to-scale based on the panel data is closer to those that are related to changes in demand and changes in the
policy of managers during the sample period. it’s clear that the use of the panel data, in addition to estimating returns
to scale closer to the view of the managers, leads to a significant increase in the number of inputs and outputs for
each DMU. Since we know that the DEA models have computational complexity for the great practical issues, use
particularly when there are large numbers of outputs and inputs reducing the number of models will greatly help to
solve these issues. In most articles, the returns-to-scale estimates for decision-making units (DMU) are performed
with at least two LP models. Furthermore have problems in some cases and may not be able to investigate all DMUs.
In this paper, a method has been proposed which determines returns-to-scale and identifies boundary units by solving
only one model. In fact, unlike some articles which explore the boundary DMUs, the assessment area in this paper is
all the DMUs observed in PPS (Production Possible Set). Therefore, based on this approach, identifying boundary
units and estimating their returns-to-scale will be possible by solving only one LP model. Further, according to
the proposed dual model, a different perspective has been proposed to identify and evaluate boundary units and to
estimate the returns-to-scale by solving a single LP model. Additionally and according to numerous observations,
the dual model is able to estimate the returns-to-scale of the image point of the inefficient units in the BCC model
in the input orientation. The correctness of all content has been shown theoretically as well as intuitively, with due
substantiation.
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1 Introduction

Estimating returns-to-scale is one of the most important issues in Data Envelopment Analysis (DEA). the esti-
mating returns to scale (RTS) helps managers to have more accurate predictions about the size variations of a DMU
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. There are different methods to do this. [2] have paid particular attention to the BCC linear model with a unique
optimal solution. A unique reliant hyper plane has been estimated using the DEA method for Production Possible
Set(PPS).Their approach does not guarantee that RTS will be unique in the presence of multiple optimal responses.
This limitation caused considerable concern in many applications where multiple optimal solutions are available. Thus,
some methods have been developed to overcome this problem. [4] presented a method based on solving two LP models
by examining all the optimal solutions of BCC and CCR models. Also, [9] 14} [7, IT], and [2 B] have introduced
alternative methods to estimate RT'S by solving at least two LP models in DEA.

[8] introduced a method for determining the left and right return toscale. They used two LP models to estimate
RTS for each DMUin this method: however, this method will fail when at least one of these models is not possible.
[10] introduced an advanced method for solving two LP models for estimating RTS in suspected cases where Golany
and Yu’s method is not applicable. [I] presented a method based on solving two LP models: one of these was in
the input orientation and the other in the output orientation, taking into account the concept of left and right RTS
from the point of view of [§] method. The models presented by [6] and by [I] are always feasible and do not have the
infeasibility of the [8] model. [I2] examine this assessment in a more general sense, the whole of the PPS boundary.
By solving two DEA models, the boundary units are identified, and then the returns-to-scale of the boundary units
are determined.

In statistics and econometrics, panel data or longitudinal data are multi-dimensional data involving measurements
over time. Panel data contain observations of multiple inputs and outputs obtained over multiple time periods for
the same DMUs. [13] illustrated that access to a large panel data set allows us to deal with Demsetz effects and
measurement errors. Contrary to theoretical studies and attitudinal surveys, the RTS-based econometric estimates
of the data panel are derived from the time changes observed in inputs and outputs. Therefore, their description
of returns to scale is closer to those that are related to changes in demand and changes in the policy of managers
during the sample period.It is well known that novice DMUs tend to be small and to have relatively high failure rates.
also that among these DMUs, the less efficient units fail more frequently. Therefore, if DMUs that have not been
observed over all years (have not been active for all years of a sample period), their data for all sample years will
be eliminated from the analysis and used cross-sectional data for analysis, the ratio of estimated change in input per
unit to the change in output may be biased. For example, if a novice efficient DMU needs to have a relatively high
changes in inputs for outputs changes, then eliminating information during the period and using cross-sectional data
will probably result in estimate of increasing returns to scale that diverges from The views of managers. A corollary
of this finding is that most estimating RTS based on cross-sectional data will result in exaggerated estimating returns
to scale that may not provide The opinion of managers.

Using this explanation, it’s clear that the use of the data panel, in addition to estimating returns to scale closer to
the view of the managers, leads to a significant increase in the number of inputs and outputs for each DMU.Since we
know that the DEA models have computational complexity for the great practical issues, use particularly when there
are large numbers of outputs and inputs reducing the number of models will greatly help to solve these issues.

The our proposed estimation approach is of practical use particularly when there are large numbers of outputs and
inputs, a situation that often results using standard econometric methods and aggregate annual data even when firm
or establishment data are used.

Therefore, based on this approach, identifying boundary units and estimating their returns-to-scale will be possible
by solving only one LP model. Therefore, a lot of computational complexity is reduced.

In this paper, our approach is to estimate the returns-to-scale for a DMU. The present paper aims to achieve the
goal of identifying boundary units and determining RTS by solving a single LP model. Our approach is a one-step
method that, in addition to identifying boundary units, determines the returns-to-scale of a DMU in the case of a
boundary. In fact, the field of evaluation in this method is not necessarily boundary DMUs, and there is no need to
solve an independent LP model for identifying boundary units and then estimating returns-to-scale. The proposed
model performs both actions simultaneously in a LP model. The model’s duals also provide an intuitive and theoretical
view for identifying boundary units and estimating their returns-to-scale from duality perspective:it leads to interesting
and remarkable results in this regard. The results of this assessment are consistent with the results of [3].

2 Basic Concepts

Suppose that {DMU,|j =1,--- ,n} is the set of n observation generating m inputs z;; >0 (i = 1,--- ,m) and s
outputs y,; > 0 (r=1,---,s) for each j = 1,--- ,n. The PPS with variable return-to-scale will be in the following
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form:

To={@w)le =Y Nag y <D Nwss DA =14 20, j=1,n}
Jj=1 j=1 j=1

DMUy € T,. If the efficiency value of a specific DMUj is evaluated with the BCC multiplier model in DEA (in the
input orientation):

max uYg + ug

s.t uyj; —vx; +ug <0 (2.1)
vy =1
(u,v) >0

Definition 2.1. If (u*,v*,uf) is the optimal solution for the model , we denote the DMUj in the boundary
T,(DMU, € 0T,) whenever u*yo + uf = 1.

If (DMUy ¢ 0T,), then is an internal unit in 7, and it can be written that (DMUy € int T,) and DMUj is known
as the inefficient unit.

3 RTS Estimation with Banker and Thrall (1992)

[4] have shown that the return-to-scale for each boundary unit is estimated as follows:
Theorem 3.1. If (DMUy, € T,) is strongly efficient, by solving the two models (3.1) and (3.2)) we have:

i) If uy < 0, then DMUy has decreasing returns-to-scale (DRS).
ii) If u; > 0, then DMUj, has increasing returns-to-scale (IRS).
iii) If ut > 0,u; <0 then DMUj has constant returns-to-scale (CRS).

The correctness of this issue has been shown in Theorem 7 of Seiford and Zhu [13] (1999).

Result 3.2. Clearly, if uar > 0 and uy, < 0, then there is a feasible solution of (u,,v/,ué)) for the model (3.1)) and
B-2) that uy = 0.

The correctness of this is apparent because the feasible regions of the models (3.1)) and (3.2]) are convex and equal.
Result [3.2] has been used in this paper.

ud = maxug

st uly; —v'zj+ug <0, j=1,---,n (3.1)
uty0+u0:1
vizg =1, u>0, v>0

Uy = minug

s.t utyj — Uta:j 4u <0, j=1,---.n (3.2)
utyo +ug=1
vtx():l, u>0, v>0

4 Proposed method for estimating returns-to-scale with a model
4.1 Single-step primal model for estimating returns-to-scale

Researchers can use panel data for cases where issues can not be explored merely as cross-sectional data. One of
these cases is the estimation of the returns to scale and management decisions that result from it. The integration
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of panel data with cross-sectional data can provide useful information for estimating econometric models. Also,
policy-making inferences can be considered based on the results obtained. Panel data contains more information and
broader variation, and therefor more reliable estimates can be made. Over the past few years, panel data (panels or
compilations) have become increasingly important in econometrics, especially in practical applications. These data
are most widely used in economic subjects. But the real issue is not gathering a lot of data; that’s how these data
are analyzed. The hopeful view is that units can collect data, analyze data and ultimately make smarter decisions.
Panel data means a collection of information that has a high volume and They are produced at high speed and require
innovative processing approaches at logical computational complexity that can be used to make accurate estimates
and Improve decision making and insight.

In most models presented for estimating RTS, the efficient assumption of power is considered for DMU,. In this
model, the field of evaluation and assessment has been considered by all the observed DMUs for the Production
Possible Set (PPS). By solving only one model, the boundary units are first identified and then the RTS of these units
will be estimated. We introduce the model as a single-stage model for determining the type of returns-to-scale
of a specific DMUj (in the case of a boundary) as the following:

min |ug|

s.t utyj—vtxj—i—uogo, ji=1,---,n (4.1)
vizg =1
ulyo +uo = 1, u>0, v>0

ug is a sign free variable, with variable transformation of ug = ua' — u, where ua' > 0 and u, > 0 and the condition
ugd g : Jug| = ug +ug . Therefore, we can write the model as follows:
min ua' + ug
s.t utyj—vtxj—i—uf{—ua <0, j=1,---,n (4.2)
vl =1
ulyo +ug —ug =1
u>0, v>0, uarZO, u, >0

Theorem 4.1. If (u*,v*, ui ,ug ) is an optimal solution for the model [@.3), then ug .ug = 0. Therefore, ug .ug =0
in model (4.2)) is an added constraint for an optimal solution, and the optimal solution set of models (4.2)) and (4.3
are equal.

Proof . Suppose (u*,v*,u(‘f*,uo_*) is the optimal solution for model (4.3)). According to proof by contradiction, let

us assume u ug  # 0, so uf > 0,uy > 0. If we consider § = min{ul ,ug }, clearly § > 0. Now, we define
ua' =ul —§ >0 and ug = ua* —§ > 0. Obviously ua' g = 0 and (u*,v*,ua' ,uy ) is a feasible solution for

model (4.3]). Further, since § > 0, we have:

ud ‘uy =ul —d+tu; —S=uy +uy; —25<ug +ugy

*

Given that model (4.3)) is minimized, therefore the above expression is contradictory with the optimality (u*, v*, uar ) ,uy )
and so the contradicted assumption is null and void. Hence uar* g =0.0

minuS‘—‘—uS

s.t utyj—vt;vj—l—uogo, ji=1,--,n (4.3)
’l)t.li():l
uty0+u0+—u6:1
u>0, v>0, ul >0 wuy >0

Using Theorem [3.1]} we were able to write non-linear models ([{4.1)) and (4.2) onto the linear model form (4.3). Therefore,
the optimal solutions for the two models (4.2) and (4.3) are equal.
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Theorem 4.2. In model (4.3)):

i) If it is an impractical model, then DMUj is inefficient.

If the model is feasible and (u*,v*, ug *,ua ) is the optimal solution, then:
ii) If uar* = ug* = 0, then there is constant returns-to-scale (CRS) of DMUj.
iii) If ua'* > 0 then there is increasing returns-to-scale of DMUy(IRS) is observed.

iv) If ug " > 0 then there is decreasing returns-to-scale of DM Uo(DRS) is observed.

Proof . i) It is clear from the model constraints and Definition

*

ii) Assume (u*,v*,ud ,ug ) that is the optimal solution for model so that ud .uy = 0. If ufy = uf —ug
is a feasible solution for models and such that uf = 0, then DMUj, has a constant returns-to-scale (CRS)
with respect to Theorem [3.1] and the result of [3:2]

iii) If ug~ > 0, then according to Theorem uy = 0 and therefore (u*,v*,uf ) is a feasible solution for the
model . It can also be easily demonstrated that considering ua' " > 0 for each feasible solution of model
(u/7 v, ué), the condition ué) > 0 must apply. (Otherwise, the model will have a feasible solution (@, 7, 4g), where
g = 0. If i =0 and @, = 0, then (@, v,ug, Uy ) is a feasible solution for the model (4.3). This is in contradiction
with the optimality (, v, u(‘)"*,ug ) ). Therefore, with respect to Theorem the increasing returns-to-scale (IRS)
of DM Uy will be proven.

iv) If ua* > 0, then according to Theorem ug* =0 and (u*,v*, —ua*) is a feasible solution for model (3.1)).
This is similar to proof (iii) above, and it can be concluded that each feasible solution of model (u', v, uy) must
be uz) < 0. Therefore, according to Theorem there will be decrease in the returns-to-scale DMUy(DRS). O

With the help of Theorem [£.1] we have been able to provide an approach to estimate the returns-to-scale by solving
only one model (4.1]) or, equivalently, by solving a single linear model (4.3 in addition to the identification of the
boundary unit: we thus showed its correctness according to [4].

4.2 Single-stage dual model for estimating returns-to-scale

Now we want to provide an intuitive vision and a different theory for identifying boundary units and estimating
their returns -to-scale by solving a single model by examining model (4.3]).The dual model (4.3) can be written as
follows:

max p — 0

s.t Z )\jl’j S 91’0
j=1
D Ny = ewo (4.4)
j=1

Z)\j >2e—1 (4)
=1

S NS+l (i)
j=1

Aj >0, pand?0is free sign
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If we write the two constraints (i) and (ii) in model (4.4) by slack variables, then model (4.4]) will be:

max e — 6

n
s.t Z)\jl’j § 0270
j=1

> Ayi > eyo (4.5)
j=1

Z)\j — S_ =P — 1

j=1

Z)\j — S+ =@ +1

j=1

A; >0 5 >0, ST >0, p and 0 is free sign

Theorem 4.3. Model (4.4) is always feasible.

Proof . It is sufficient to consider § = 1,90 =1, =1,A; =0,Vj =1,--- ,n,j # 0. (6,¢, ) by this definition is a
feasiblesolution for the model (4.4)), so model (4.4) is always feasible. O

Since model (4.4) is dual of model (4.3]), each optimal solution of the model (4.1) (u*,v*,u) corresponds to an
optimal solution of the model (4.3]) with the optimum |ufj| > 0 and if it is feasible. Therefore, for each optimal solution

of the model (4.4), (6*,0*,\*) : |Uf| = ¢* — 6* > 0.
Theorem 4.4. If (6%, o* A\*, ST, S~") is the optimal solution for model (4.5):

i) If * — 0* =0, then the returns-to-scale of DMUj is constant (CRS).

i) If 0 < p* — 0* < 400 and Z;-L:l A7 = ¢* — 1, then there is increasing returns-to-scale of DMUjy is observed
(IRS).

iii) If 0 < ¢p* — 0* < 400 and Z?Zl A7 = ¢* + 1, then there is decreasing returns-to-scale of DMUj is observed
(DRS).

iv) If there is infinite optimum, then DMUj is inefficient.

Proof . If model (4.5) has a finite optimal value, then model (4.3) is also feasible and has a finite optimum. Therefore,
assume that (u*,v*, ug*,ua*) is an optimal solution to the model (4.3):

i) If p* — 0* = 0, then according to the duality Theorem uar* + ug* = * —0* = O(US_* > O,ua* > 0). So,
ul = O,ug* = 0: thus, uf = uf)" — Uo_* = 0 and with respect to Theorem DMUy is a unit with constant
returns-to-scale (CRS).

ii) If 0 < ¢* — 0* < 400 and Y7 | \j = ¢* — 1 then 377 | A\ < ¢* + 1. Therefore, S+° > 0, with respect to the
Complementary Slackness Theorem ([5] Theorem 6.2) for each optimal solution of the model (4.3),such as for
(u*,v*,ug ,ug ) we have uy = 0. Since uj +uy = ¢* —60* > 0,50 uf > 0, and with respect to Theorem
DMUy is a unit with increasing returns-to-scale (IRS).

iii) If 0 < * — 0" < 400 and }37_ | A\¥ = ¢* + 1 then 337 A¥ > ¢* — 1. Thus, S=" > 0 with respect to the
Complementary Slackness Theorem ([5] Theorem 6.2). For any optimal solution of the model (4.3), such as for
(u*,v*,uar*,ua*) : ua'* = 0 and since ug'* + ua* = ¢* —0* > 0, then ua* > 0, and With respect to Theorem
DMUj is a unit with decreasing returns-to-scale (DRS).

iv) Model (4.5) has an infinite optimal value: since model (4.5) is the dual of model (4.3]), then model (4.3 is either
infeasible or has an infinite optimal value (Fundamental Theorem of Duality).Since it is a minimization problem
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and the feasible solution set of model (4.3)) is bounded,theinfinite optimal value will not be possible and, in fact,
the model (4.3]) will not have a divergent and improving direction. Thus, model (4.3)) is not feasible,model (4.1
is impossible, and DM Uy is an inefficient unit.

O

Theorem 4.5. If model (@5) has an optimal solution such that (6‘/ o, )\/,S"’/,S_/) so that
<p -1< Ej 1 )\ <1+ (p then return-to-scale is constant and,hence, we have <p -6 =o.

’

Proof . If (ul v ,ug ,ug ) is an optimal solutlon for model ., since Z <y + 1, then ST > 0 according to

Jj=1 J
the weak complementary Slackness Theorem “0 = 0. Since Z )\ > <p 1, then S~ > 0 and, with respect to the

weak complementary Slaekness Theorem, ug = 0. Consequently, uo = uaL +ug = 0: therefore, with respect to the

duality theorem, <p 0 = uo = 0, and the returns-to-scale of DMUj is constant. [

Theorems andlead to an examination of all possible modes of the optimal solution of model . Therefore,
it provides an approach and a method with a different view from the perspective of the duality to identify the
boundary units and estimate their returns-to-scale.In addition to the theoretical view, Theorem [£.4] can provide a
specific geometric and intuitive view of the estimation of the return-to-scale of the boundary units as well as the
return-to-scale of the bench mark point of the inefficient units in the BCC model of the input orientation.

Theorem 4.6. The optimal solution set (4.4)) is boundless.

Proof . Model (4.4)) is always possible with the assumption of (6*, ¢*, A*) as the optimal solution for model (4.4)), thus
for a >0, (0" +a, p* +a, \j+a, A%, j # 0) is also a feasible solution for model (4.4), where (¢* +a) — (6" +a) = ™ -0~
then this is an optimal solution. Therefore, the optimal solution set is boundless. [J

Therefore, the optimal solution set of model (4.4]) has at least one divergent direction such as 0 # d = (dy, d,, do, dj, j #
0) = (1,1,1,0). This is perpendicular to the vector of the objective function of the model (4.4) ¢ = (—1,1,0,0), (c.d =
0).

5 Numerical examples

Example 5.1. A simple example reviewed in [4] was investigated by adding two inefficient DMUs and a DMU on the
weak efficient boundary with the one-step model presented in this article (Model (4.3))).Its dual (model (4.3])) and the
correctness of these two models are shown by comparing their results with the results of [4].

m=s=1 and n=10
Y 1 35 6 7 8
x 1 15 2 25 3

9 2
4 5 8 4

Table |1| shows the results of model for the above data. The column u,, shows the value ug " and uop for the
value ug " in the evaluation of each DMU. In fact, the column wug represents lug| = ug et Ug ". The optimal value of
the model was also evaluated for each DMU. As shown in Table [1} model estimates the return-to-scale and
identifies the boundary units. These results are perfectly consistent with those of [4] for the boundary units. However,

the accuracy of the results of Table[I] can also be adapted with diagram
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Table 1: Data of output of model (4.3)

uo | uop | uom RTS
0.80 | 0.80 | 0.00 irs
0.53 | 0.53 | 0.00 irs

0.00 | 0.00 | 0.00 crs
0.40 | 0.00 | 0.40 drs
0.33 | 0.00 | 0.33 drs
1.25 | 0.00 | 1.25 drs
1.00 | 0.00 | 1.00 drs
0.38 | 0.00 | 4.00 drs
0.70 | 0.20 | 0.00 | infeasible
0.77 | 0.13 | 0.00 | infeasible

10 / ™

/ weia)

A e
/ [a,3)
B =

Ts,4)
T1.5,3.5)

Figure 1: A data domain with s =m =1,n =10

Table [2[ shows the values of model (dual of model ) The phi-beta column evaluates the optimal value of
p* —0* for model for each DMU. As mentioned, with respect to the uo column in Table|l|and the phi-beta column
in Table[2] if models and are both possible and finite, then |uf| = ¢* — 6* > 0 and the results of estimating
returns-to-scale for boundary units of the two models and are consistent with each other. Attending Table
it can be concluded that model , in addition to identifying inefficiencies, estimates the returns-to-scale of the
image point ofthe inefficient unit in the BCC model in the input orientation.Therefore, model in addition to
identifying boundary units and determining the type of their returns-to-scale identifies inefficient units and estimates
the returns-to-scale of their benchmark point in the BCC model in the input orientation.

Table 2: Data of output of model (4.5))

phi-beta RTS

0.80 irs
0.53 irs
0.00 cTS
0.40 drs
0.33 drs
1.25 drs
1.00 drs
0.38 drs

? irs

? irs
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Example 5.2. This example is provided to assess the determination trend of the returns-to-scale of model (4.5) from

2] is under consideration, we have the set of observable below:

3
Xl _[2 2 5 6 12
Y| [1 3 5 12 18

Table [3[shows the review process of model (4.5) to find the optimal value of ¢ —6 and, ultimately, their returns-to-scale
estimation.

an intuitive view.Assuming DM Uy = {

Table 3: The process of finding the optimal value by model (4.5))

step1 step 2  step 3 step 4 step b step 6 step 7

5 20

2 1 3 5 4 5 6 7
b—1e+1] [0,2] [25 [E,2] 35 [4, 6] [5,7] [6,8]
0 3 5 10 27 35 43 51

4 4 6 8 8 8 8

-0 i 5 5 g g g g
BM, (3.3) (5,5 (2,2 (F12) (22,15) (%,18) (3L,21)
Z?ZIAJ- <1 1 1 3 4 5 6

In Table[3] ¢ is an arbitrary constant value at each step: we obtain the rest of the values according to the constraints
of model and the maximization process accurately. With respect to the values of ¢ — 6 in Table 3l it is evident
that from step (4) we reach a constant value of ¢ 5. this, in fact, is the optlmal value of the model in the evaluation.
Considering the quantity Z .1 Aj for step (4), We have: Z 1Aj =9 —1. Since p — 0 = g can be deduced according
to Theoremn, it can be concluded that the return-to-scale of DM Uo is increasing (IRS). Of course, glven the optimal
solution of the model (4.3)) for the above example and the DM Uy evaluation we have: (u*,v* oud L ug ) = (3,3, 2,0).
So ug” > 0 and this is another confirmation for the increasing feature of the returns-to-scale of DMUy. Also,

. 5 e,
@ —9*:§:u;{ +uy = |ugl-

-step 7

b

Figure 2: model (4.5) behavior in finding the optimal answer
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Diagram |Z| shows the trend of table |§| from an intuitive perspective. The point BM, is also the image point of
DMU, obtained from model for a constant ¢. In fact, the direction of motion of the BM, point leads to the
identification and estimation of the returns-to-scale of DMUy. The BM, movement trend corresponding to Step 1
through Step 7 has been shown by diagram [2| This example shows a different intuitive view of how to determine the
returns-to-scale for boundary units, and provides a good view of how the model works.

6 Conclusion

In this paper, we were able to provide a single-stage alternative model for identifying boundary units and estimating
the returns-to-scale of a particular DMU. We consider the possibility that the boundary of production is not a separate
set and thus includes a general approach, including all units in the PPS and is able to separate the points on the
production boundary. Since we developed this idea within the framework of the PPS used in DEA, these concepts
in each PPS can be generalizable. It should be emphasized that this proposed model accurately identifies boundary
units and their RTS type without having to judge multiple optimal responses. The proposed dual model also offers
a different perspective on how to identify boundary units and estimate the returns-to-scale by solving only one LP
model. Corresponding to the reciprocating super-plate obtained by model and given the fact that for a constant
 the image point model is the corresponding super-plate, the dual model of movement on the parallel super-plate
sand the parallel reciprocal plate is obtained from model . The type of returns-to-scale was identified accordingly:
this means that the properties of BM,,, the type of returns-to-scale, can be identified.

This model has a finite optimal value for boundary units and has an infinite value for inefficient units.

As shown in Examples[5.1] we can establish the correctness and accuracy of the performance of both the primal and
the dual models by comparing the numerical example of [4] with the results of the two proposed methods in the paper.
Also, to illustrate the PPS boundary resolution by these two models, [4] added two inefficient DMUs and a DMU on
a weak efficient boundary. The results in the tables here indicate the identification of the boundary units by model
as well as model . Table 3| also examines the intuitive and geometric trend of model (4.5) for estimating
returns-to-scale in Example We showed the relationship between the optimal value of model (4.5)) and model
with a numerical example and then a plot of its results: this could lead to interesting results in determining the type of
returns-to-scale with a LP model. For inefficient units, model can also determine the type of returns-to-scale of
the image in the BCC model of the input-oriented. Of course, this has been observed in the face of numerous examples
that require further investigation into the future. Therefore, in addition to identifying efficient units and estimating
returns-to-scale for the image of inefficient units in the BCC model of input-oriented, the dual model also determines
the returns-to-scale. Obviously, if the returns to scale of a particular DM Uy is detected by model or model
is increasing (descending) , both left and right returns to scale are increasing (descending), but in case of the DMU,
has constant returns to scale ,a method for determining the left and right returns to scale by a single model It can be
the subject of future research.Also Future research can lead to the development of a single-step proposed model for
estimating returns-to-scale for units with negative data, as well as reviewing the dual model and interpreting it for
such data.
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