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Abstract

Benchmarking is a tool for evaluating organizational performance with a learning approach from oth-
ers. The importance of benchmarking in every industry is clear for anyone. In the automotive industry,
the performance of after-sales service agencies in Iran is evaluated every year by Iran Standard and
Quality Inspection company. One of the ways to continuously improve in after-sales service agencies
is benchmarking of successful and efficient examples in the network. In this paper, a benchmarking
model is developed considering that the repair index and customer satisfaction are interdependent.
To improve the accuracy and operationality of benchmarking, some constraints have been added to
the model with the opinion of experts. Considering the dependent parameters, a data envelopment
analysis model has been proposed and this model has been implemented to benchmark 20 after-sales
service agencies of a car company. By solving the model and comparing it with the results of the
original model, it was observed that the considered conditions changed the benchmarking and in-
creased the accuracy. This paper discusses the concept of the impact and importance of dependent
parameters in benchmarking, and with this concept, a benchmarking model for automotive after-sales
service agencies is presented.
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1 Introduction

P
erformance evaluation is one of the most basic

tasks of managers of different organizations,

for this purpose, various methods and models

have been proposed by researchers [1]. One of the

most widely used methods of performance evalu-

ation is the Data Envelopment Analysis (DEA).

Based on the basic concepts [2], Charens et al.

measured the efficiency of decision-making units

in 1978 using a linear programming model to esti-
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mate the efficiency frontier [3]. After that, many

books and papers on the concept of DEA and

DEA applications in various industries and topics

were presented. The DEA method is a linear and

non-parametric programming method that com-

pares the outputs and inputs of Decision-Making

Units or DMUs with each other. This method is

a good tool for measuring and evaluating the rel-

ative efficiency of DMUs. Traditional statistical

methods usually work with strict approaches and

in these methods, DMUs are evaluated by com-

paring their parameters according to the average

of parameters of DMUs, while DEA is a maxi-

malist approach, it compares and evaluates the

parameters of each DMU with only the specifica-

tions of the best DMU. Lai et al showed that data

envelopment analysis has two advantages over the

traditional performance evaluations approach [4]:

• Woight calcdlated baseu on the inputs and

outpuus of each unit and there is no need te

evaluate the weight of the inputs or outptts

or prioritize them.

• We can calcelate relative efficiuncy, because

the DEA method involves multiple inputs

and outputs,

Therefore, data envelopment analysis is rec-

ommended to assist traditional performance

assessment and benchmarking methods and for

providing guidance for managing decision-making

units [5]. Various experiences show that this

method is a powerful tool for performance evalu-

ating and benchmarking to improve and enhance

the efficiency of organizations. This method

has been used in various studies, for example

[6, 7, 8, 9, 10]. The data envelopment analy-

sis method has been widely used in performance

evaluating and benchmarking studies since it was

proposed by Charnz et al., But one of areas that

has paid very little attention in researchers in

data envelopment analysis models is the depen-

dence parameters especially the output parame-

ters of DMUs, because in the real world, parame-

ters of DMUs have interdependence and correla-

tion, for example, suppose the purpose is evalu-

ating the efficiency of bank branches, one of the

output parameters is the amount of bank income

through loan installments that this parameter is

directly related to the of given loans, here two

basic questions are raised, first, why not consider

both parameters as one gathered parameter? Sec-

ond, the values of the parameters in each DMU

are known, so what helps to consider this depen-

dency? To answer the first question, the accuracy

of measuring the efficiency of decision-making

units is considered, because the parameters are

interdependent and not exactly equal (in other

words, their correlation coefficient is not equal to

1 and other factors affect them). To answer the

second question, it should be noted that to mea-

sure efficiency, indeed, this dependence may not

be significant (the efficiency of decision-making

units is the result of the ratio of outputs to inputs

of the decision-making unit, these parameters are

obtained, even if the parameters are dependent).

But it is very important for benchmarking, a vir-

tual DMU cannot be benchmark for an inefficient

DMU without the dependency of the parameters

being logically observed. Therefore, the innova-

tion of this paper is benchmarking by considering

dependent parameters in data envelopment anal-

ysis. The envelopment model is used for bench-

marking or obtaining a benchmark for inefficient

DMUs, which is by calculation of the coefficients

of each DMU. according to the purpose of this

paper (benchmarking) the final model is the en-

velopment model. Like other businesses, after-

sales service agencies, have input and output pa-

rameters, but these parameters have certain con-

ditions, for example, some of them are interde-

pendent, some are more important and some of

them cannot be changed. In this paper, after-

sales service agents have been selected as a case

study and a benchmarking model has been devel-

oped. In the second section, the subject litera-

ture is presented and showed that the subject of

benchmarking of DMUs withs dependent param-

eters was missed in the literature on data envel-

opment analysis. The necessity of this issue can

be seen in the case study. The after-sales ser-

vice agencies of a car company are considered as

decision-making units, and further examination

shows that its two outputs have a high correlation

coefficient. Therefore, in this paper, a data en-
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velopment analysis model has been developed for

benchmarking for car after-sales service agencies.

For this purpose, after reviewing the literature,

mathematical modeling is presented in the third

section, then in the fourth section the numerical

results are presented, and finally, in the fifth sec-

tion, discussion and conclusion are presented.

2 Literature Review

The history of benchmarking may back to the

1800s and the textile industry [11] and has under-

gone many changes, especially with the advent of

quality management principles. The experience

of using benchmarking as an effective and practi-

cal management tool began in the 1980s at Xerox

due to the loss of market share and pressure from

competitors, especially Japanese companies. Suc-

cessful lessons from Xerox have led many other

companies to use this new approach to increase

efficiency, productivity, and consequentialism in

order to gain a competitive advantage [12]. The

benchmarking method spread rapidly and be-

came the most widely used method of compet-

itiveness [13]. This method is widely used as a

method of efficiency improving [14], eliminating

errors in the process, new product development

[15] and improving customer satisfaction [16] was

used. Accordingly, benchmarking has several def-

initions in the literature. In 1989, Camp pre-

sented a comprehensive and common definition

of benchmarking as ”a search to achieve the most

acceptable industry exercises that would result

in the exceptional results by implementing these

best practices” [12]. According to the literature,

benchmarking has more than 42 definitions [17]

but it can be stated that there is not yet a suitable

and comprehensive definition for benchmarking

[18]. But Peng Wong and Yew Wong stated in

2008 that, in the opinion of most authors, bench-

marking is one of the management tools that use

a systematic process to find the best benchmark,

innovative ideas, and efficiency on a path of con-

tinuous improvement [19]. The target of this im-

provement is to find a way to do similar tasks with

greater efficiency, identify and implement meth-

ods to increase process efficiency, and determine

the number of outputs [17]. As mentioned, based

on the basic concepts [2], Charens et al. mea-

sured the efficiency of decision-making units in

1978 using a linear programming model to esti-

mate the frontier of the production technology [3].

Efficiency means ”working well”, is influenced by

internal indexes such as profit per unit, price per

unit, and so on, which is expressed as the ratio of

output to input. Data envelopment analysis is a

linear programming method that uses the data of

decision-making units to construct an efficiency

frontier. The above frontier is based on data in

the form of inputs and outputs, and in fact, the

value of inefficiency of each decision-making unit

is the distance of the unit to the efficiency fron-

tier [20]. Data envelopment analysis calculates

the deviation of each DMU from the efficiency

frontier by plotting the performance frontier ac-

cording to the Production Possibility Set (PPS).

The production possibility set is defined as fol-

lows [21].

PPS = {(x, y) | x ≥
N∑
j=1

˘jxj, 0 ≤ y ≤
N∑
j=1

˘jyj}

(2.1)

Data envelopment analysis models are generally

divided into two main parts: CCR and BCC,

the basic CCR model proposed by Charnes and

Cooper [20] and the BCC model in 1984 by

Bunker et al. The basis of the CCR model and

the addition of a new constraint were presented

[22]. Data envelopment analysis models are di-

vided into envelopment and multiplication cat-

egories in terms of modeling. The first model

of data envelopment analysis is called multiplica-

tion. The basis of this model is the definition of

efficiency as the ratio of one output to one input.

For example, in the CCR model, instead of using

the ratio of one output to one input, the ratio of

the weighted sum of outputs (virtual output) to

the weighted sum of inputs (virtual input) is used

to calculate technical efficiency [20]. Equation (2)



404 S. Kheyri et al., /IJIM Vol. 14, No. 4 (2022) 401-413

presents the CCR multiplication DEA model.

Mo = Max
∑s

r=1 ur.yr,o
s.t.

∑m
i=1 vi.xi,o = 1∑s

r=1 ur.yr,j −
∑m

i=1 vi.xi,j ≤ 0
j = 1, ...,n

ur , vi ≥ ε r = 1, ...,s, i = 1, ...,m

(2.2)In Equation (

Equation (2,2) relates to the evaluation of n

DMUs, where each DMU has m inputs and s out-

puts, which yrjare outputs and xij are inputs of

DMUs, in Figure 1 a schematic model of a DMU

is presented.

Figure 1: Structure of DMU

By calculating the dual of multiplication

model, the envelopment model is obtained. In

Equation (2,3), the CCR envelopment model is

provided.

Eo = Min θ −
∑s

r=1 ε.s
+
r −

∑m
i=1 ε.s

−
i

s.t.
∑n

j=1 λj .xij + s−i = θxi,o
i = 1, ...,m∑n

j=1 λj .yrj − s+r = yr,o r = 1, ...,s

λj , s+r , s
−
i ≥ 0 , θ Free

(2.3)

Equation (2,3) looks for a point in the produc-

tion possibility set that consumes less input than

the input and produces more output than the out-

put of DMUo. This point is always a point on

the efficiency frontier, comparing it with the unit

under evaluation determines the efficiency. Ob-

viously, DMUo is efficient if and only if Eo=1.

After introducing DEA models, many books and

papers were presented on DEA and the applica-

tion of DEA in various organizations and sub-

jects. Many papers on the applications of DEA

in various industries have been presented by re-

searchers. Most of researchers have included the

development of computational methods for ba-

sic models or development internal structure of

DMUs [23]. Regarding the development of base

models [17, 24, 25, 26], and also in recent years

researchers have focused on the development of

models based on the internal structures of DMUs,

for example [27, 28, 29, 30, 31]. As mentioned, re-

searchers have focused on the structure of DMUs

and developing methods for solving or analyzing

results (such as performance prediction or bench-

marking) and little attention has been paid to

conditions of DMU parameters. For example, the

dependency of parameters can have a high impact

on the accuracy of benchmarking. By searching

this topic in databases few papers can be found

below some of them are mentioned. Siti Fatimah

Mahmudah in 2017 were proposed a two-phase

DEA model, which is in the first phase, the per-

formance of the DMUs has been calculated and

ultimately corrected by the effects of environmen-

tal parameters. They used this model to evalu-

ate the efficiency of elementary schools in 2014-

2015 [32]. NIU et al. in 2018, provided a data

envelopment analysis model to evaluate the effi-

ciency of wind turbine farms in China, they di-

vided DMUs into two sub-processes, wind tur-

bines, and power generation optimization. They

first calculated the efficiency of each of two pro-

cesses separately, and finally calculated the to-

tal performance process using the relationship be-

tween the dependence of these two sub-processes

[33]. Najahi et al. In 2014, showed the impact

of some parameters such as the organization’s

size on their performance, they used the data of

the Tehran Stock Exchange from 2007 to 2011 to

prove their theory and showed the effectiveness

of the dependency with Company size [34]. Ji

et al. In 2015, provided a model for evaluating

the performance of DMUs that has interdepen-

dent parameters. They converted all dependent

parameters using the Choquet integral into a pa-

rameter and used them in the final model [35].

Podinovski and Chameeva identify an additional

theoretical problem that may arise if such bounds

are used in a multiplier model with weight restric-

tions. Namely, they show that the use of small

lower bounds may lead to the identification of an

efficient target with negative inputs. they suggest

a corrected model that overcomes this problem



S. Kheyri et al., /IJIM Vol. 14, No. 4 (2022) 401-413 405

[36]. Pidovski proves that, for any weight restric-

tions, the optimal weights of the multiplier model

show DMUo in the best light in comparison to the

entire technology expanded by the weight restric-

tions. This result is consistent with the fact that

the dual envelopment DEA model benchmarks

DMUo against all DMUs in the technology, and

not only against the observed DMUs. his devel-

opment overcomes previous concerns about the

use of weight restrictions of certain types in DEA

models and provides their rigorous and meaning-

ful interpretation [37]. Gner examines the sus-

tainable efficiencies of busiest European airports

considering their success in reducing emissions

during landing and take-off cycles. He has con-

structed a weight-restricted Data Envelopment

Analysis model, and both physical and sustain-

able efficiencies of each airport were examined

during nine years between 2010 and 2018. He

used a combinative Analytic Hierarchy Process -

Criteria Importance Through Intercriteria Corre-

lation approach to defining criteria weights, and a

new modified approach was proposed and used to

include these weights in Data Envelopment Anal-

ysis. His findings proved the necessity of weight

restriction when one would examine the impact

of emissions produced on sustainable airport ef-

ficiency [38]. Medeiros and et. provided a paper

intending to evaluate weights restrictions influ-

ence on efficiencies results and to perform a sen-

sitivity analysis of efficiency scores using addi-

tional benchmarking techniques. they apply the

Cross-Efficiency Analysis and the Ratio-based Ef-

ficiency Analysis benchmarking methods, to pro-

vide relevant quantitative information to com-

pute relative efficiency scores and perform peer

evaluations among utilities even if they are out-

side of the efficient frontier. The Brazilian elec-

tricity distribution system is selected as their

study case. Results from their analysis show that

the diversity of concession areas significantly in-

fluences the stability of efficiency scores [39]. As

described, the subject of dependent parameters

in the DEA literature are less investigated by re-

searchers, and most articles have examined the

external dependent parameters and their effect on

performance, with our search, only one paper [35]

Figure 2: Structure of after-sales service agenciesU

was found that they also converted all parameters

into a parameter and solved the model, according

to the purpose of this paper, which finds a bench-

mark for DMUs, It cannot be used this method,

so this paper has been attempted to cover this

gap in the subject literature.

3 Modeling

3.1 Introducing case study

In this paper, we consider the car after-sales ser-

vice agencies as DMUs. 20 agents were selected

from a car provider after-sales service agency.

Iran Standard and Quality Inspection Company

(ISQI), based on the ”Instruction of terms, condi-

tions, and evaluation of after-sales service in the

automotive industry”, evaluates the after-sales

service agencies of all automotive companies. In

this instruction, the processes and performance

functions are evaluated and rated. In this paper,

the input and output parameters of the DMUs

are obtained from the evaluation data of 2019.

3.2 The structure of DMUs

Figure 2 shows the structure, input and output

parameters of the case study DMUs. It can be

seen that after-sales service agencies have 9 input

parameters and 7 output parameters. Definition

of each parameter and how to calculate them are

provided in follow.

(i) Reception space: Score on a scale of 100 for

the status of the reception area in accordance

with the standard.



406 S. Kheyri et al., /IJIM Vol. 14, No. 4 (2022) 401-413

(ii) Technical personnel: Score on a scale of

100 for the conditions of technical personnel

(skills, experience and knowledge) in accor-

dance with the standard.

(iii) Receptionist: Score on a scale of 100 for re-

ception expert requirements (skills, experi-

ence and knowledge) in accordance with the

standard.

(iv) CRM Expert: Score on a scale of 100 for

CRM expert requirements (skills, experience

and knowledge) in accordance with the stan-

dard.

(v) Welfare facilities: Score on a scale of 100 for

the status of customer amenities in accor-

dance with the standard.

(vi) Technical equipment: Score on a scale of 100

for the status of technical equipment in ac-

cordance with the standard.

(vii) Repair shop space: Score on a scale of 100

for the condition of the repair shop space in

accordance with the standard.

(viii) warehouse keeper: Score on a scale of 100

for warehouse keeper requirements (skills,

experience and knowledge) in accordance

with the standard.

(ix) Warehouse space: Score on a scale of 100

for the condition of the warehouse space in

accordance with the standard.

(x) Repair index: Score on a scale of 1000 for

fixing all vehicle defects in a sutible time.

(xi) Reception score: Score on a scale of 100 re-

garding the status of customer reception con-

ditions.

(xii) Warehousing score: Score 100 on the status

of ordering and warehousing.

(xiii) Purchase of spare part: Amount of pur-

chasing spare parts from the company in Ri-

als.

(xii) Repair planning: Score on a scale of 100 for

the status of repair planning.

(xv) Customer Satisfaction: Customer satisfac-

tion score on a scale of 1000.

(xvi) Reception amount: Number of customers.

3.3 Identify the dependent parameters
and the relationships of parame-
ters

It should be noted that in the multiplication

model (Equation (2,2)), some of the parameters

have higher importance than other parameters

and have higher weight representation for as-

sessing performance, for example, customer sat-

isfaction is more important than the warehous-

ing score, this is not representing the trivial-

ity of warehousing in the evaluation of perfor-

mance, but reflects the very high importance

of customer satisfaction parameter. Therefore,

these constraints are also added to the multipli-

cation model. Considering that these weights are

also effective for evaluating efficiency, therefore, it

should be added to the primary and multiplica-

tion model, by adding these constraints Equation

(3.4) is obtained.

M ′
o = Max

∑s
r=1 ur.yr,o

s.t.
∑m

i=1 vi.xi,o = 1∑s
r=1 ur.yr,j −

∑m
i=1 vi.xi,j ≤ 0

j = 1, ...,n
ua ≥ kub ∀(a, b) ∈ s

va ≥ k
′
vb ∀(a, b) ∈ m

ur , vi ≥ ε

(3.4)

Because other conditions of parameters are im-

portant in determining the benchmark, at first,

the dual form of Equation (3.4) should be calcu-

lated and then the constraints of other conditions

of parameters should be added. In Equation (3.5)

the dual form of Equation (3.4) is presented. In

Equation (3.4) CX and CY are related to weight

restrictions coefficients.
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E′
o = Min θ −

∑
i ε.S

−
i −

∑
j ε.S

+
j

s.t.
∑n

j=1 λj .xi,j +
∑

ci µiciCXci+S−
i = θxi,o

i = 1, ...,m∑n
j=1 λj .yr,j −

∑
cr µjcrCYcr − S+

j = yr,o
r = 1, ...,s

λj , µici, µjcr, S
−
i , S

+
j ≥ 0

(3.5)

Due to the nature of the automobile after-sale

work, as well as the evaluation model, ”Repairs

Index” and ”customer satisfaction” that both

measured by a questionnaire notified in the ”In-

structions for measuring consumer satisfaction in

the automotive industry”. The initial assump-

tion of experts is that these two parameters have

a significant correlation coefficient, of course, this

hypothesis is proved, by examining and testing

the Spearman correlation coefficient. According

to the non-normal distribution of parameters, the

nonparametric Spearman test was used. SPSS

Statistics 24 software was used to perform the

correlation coefficient test. The correlation co-

efficient value was 0.761 and the P-Value value

was 0.001, which shows that the correlation coef-

ficient test shows the relationship between these

two parameters with a high value of 0.761 at the

level. 99.99% is significant, so this should be ap-

plied to the model. Assume that the two output

parameters (for example, variables a and b) are

interdependent, the two parameters have a rela-

tionship such as Equation (3.6). In this model, it

is assumed that the relationship is linear regres-

sion. For other functions, a similar relationship

can be written. It should be noted that the di-

rection of the equation can change based on the

type of parameters.

ya,j ≥ βyb,j + α (3.6)

On the other hand, some parameters have spe-

cial conditions that according to the benchmark-

ing, these conditions should also be considered,

for example, according to the conditions (person-

nel training, equipment, vehicle conditions, etc.),

according to experts, in repair index, an increase

of more than 10% in this index cannot be ex-

pected from the agency. Also, repair shop space

must be constant. In evaluating the efficiency, the

amount of space used by the dealership should

be considered as input, but during benchmark-

ing, the dealer cannot be given a benchmark that

increases or decreases the repair shop space.

Adding these conditions and constraints model

changes to Equation (3.7).

E′
o = Min θ −

∑
i S

−
i −

∑
j S

+
j

s.t.
∑n

j=1 λj .xij +
∑

ci µiciCXci+S−
i = θxi,o

i = 1, ...,m∑n
j=1 λj .yrj −

∑
cr µjcrCYcr − S+

j = yr,o
r = 1, ...,s∑n

j=1 λj .yaj ≥
∑n

j=1 λj .(βybj) + α

(a, b) Dependent Variables∑n
j=1 λj .y1j ≤ y1o Repair index∑n
j=1 λj .x6j = x6o Repair shop space

λj , µici, µjcr, S
−
i , S

+
j ≥ 0j = 1, ...,n

ci ∈ Indices for weight restrictions of
input parameters
cr ∈ Indices for weight restrictions of
ouput parameters

(3.7)

Theorem 3.1. If ∀r ya,o ≥ β.yb,o+α then model

number 6 is always possible.

µici = 0 , µjcr = 0 , λj = eo , θ = 1 ,
s−i = 0 , s+j = 0

xio = xio ∀i
yro = yro ∀r
∀r ya,o ≥ β.yb,o + α
y1o ≤ y1o
x6o = x6o

Based on our case study data, ∀r ya,o ≥ β.yb,o+α

is always established

4 Numerical results

In this paper, data of after-sales service agencies

of a car company in 2019 have been used. In

Table 1, descriptive statistics of parameters are

presented. In the first stage, to determine the ef-

ficiency results of each decision-making unit, the

multiplication model (Equation (3.4)) is imple-

mented and solved. Gams 23.4 software has been
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Table 1: Descriptive statistics of model parameters

parameter Minimum Maximum Mean Std. Deviation

Reception space 50 100 84 20
Technical personnel 50 100 87 11
Receptionist 58 100 86 15
CRM Expert 33 100 81 19
Welfare facilities 50 100 87 15
Technical equipment 65 100 83 9
Repair shop space 75 100 93 10
warehouse keeper 50 100 87 17
Warehouse space 50 100 84 16
Repair index 608 848 723 62
Reception score 47 84 69 9
Warehousing score 41 93 67 15
Purchase of spare part 1744780190 46593650570 9857054188 10214055180
Repair planning 19 81 47 16
Customer Satisfaction 534 735 671 47
Reception amount 103 2112 540 520

Table 2: Results of efficiency of DMUs

DMU

P
er
fo
rm

an
ce

in
E
q
u
at
io
n
(2
,2
)

S
ta
tu
s
in

E
q
u
at
io
n
(2
,2
)

P
er
fo
rm

an
ce

in
E
q
u
at
io
n
(3
.4
)

S
ta
tu
s
in

E
q
u
at
io
n
(3
.4
)

DMU1 0.76 Inefficient 0.64 Inefficient
DMU2 1 Efficient 0.8 Inefficient
DMU3 0.72 Inefficient 0.68 Inefficient
DMU4 1 Efficient 0.72 Inefficient
DMU5 1 Efficient 0.74 Inefficient
DMU6 1 Efficient 1 Efficient
DMU7 1 Efficient 0.89 Inefficient
DMU8 1 Efficient 0.9 Inefficient
DMU9 1 Efficient 0.69 Inefficient
DMU10 0.82 Inefficient 0.82 Inefficient
DMU11 1 Efficient 0.73 Inefficient
DMU12 1 Efficient 0.71 Inefficient
DMU13 0.93 Inefficient 0.73 Inefficient
DMU14 0.8 Inefficient 0.71 Inefficient
DMU15 1 Efficient 0.66 Inefficient
DMU16 1 Efficient 0.68 Inefficient
DMU17 0.89 Inefficient 0.76 Inefficient
DMU18 0.92 Inefficient 0.63 Inefficient
DMU19 0.79 Inefficient 0.69 Inefficient
DMU20 1 Efficient 0.88 Inefficient
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Table 3: Curve estimation results

Model R Square Constant b1 b2 b3

Linear 0.658 0.158 0.856
Logarithmic 0.592 0.945 0.53
Inverse 0.575 1.22 -0.325
Quadratic 0.66 1.967 -4.928 4.574
Cubic 0.661 0.937 0 -3.238 4.103
Compound 0.626 0.326 3.323
Power 0.612 0.984 0.745
S 0.596 0.372 -0.458
Growth 0.626 -1.121 1.201
Exponential 0.626 0.326 1.201

Table 4: Results of final model
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DMU1 0.865 0 0 0 0 0 0.327 0 0 0 0 0 0 0 0 0.118 0 0.272 0 0 0.366
DMU2 0.811 0 0 0 0 0 0.956 0 0 0 0 0 0 0 0 0 0 0.036 0 0 0
DMU3 0.972 0 0 0 0 0 0.162 0 0 0 0 0 0 0 0 0.229 0 0 0 0 0.617
DMU4 0.925 0 0 0 0 0.243 0.389 0 0 0 0 0 0 0 0 0 0.022 0 0 0 0.438
DMU5 0.967 0 0 0 0 0.47 0.167 0 0 0 0 0 0 0 0 0 0 0.096 0 0 0.296
DMU6 1 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
DMU7 0.898 0 0 0 0 0 0.926 0 0 0 0.056 0 0 0 0 0 0 0 0 0 0
DMU8 0.91 0 0 0 0 0 0.976 0 0 0 0 0 0 0 0 0 0 0 0 0 0.018
DMU9 0.915 0 0 0 0 0 0.396 0 0 0 0 0.128 0 0 0 0 0 0 0 0 0.549
DMU10 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
DMU11 1 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
DMU12 0.922 0 0 0 0 0 0.332 0 0 0 0 0.463 0 0 0 0 0 0 0 0 0.202
DMU13 0.962 0 0 0 0 0 0.162 0 0 0 0.717 0 0 0 0 0 0 0.004 0 0 0.144
DMU14 0.948 0 0 0 0 0 0.345 0 0 0 0 0 0 0 0 0 0 0 0 0 0.741
DMU15 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0
DMU16 0.982 0 0 0 0 0 0.201 0 0 0 0 0 0 0 0 0.64 0 0 0 0 0.119
DMU17 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
DMU18 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
DMU19 0.913 0 0 0 0 0 0.437 0 0 0 0.38 0 0 0 0 0 0 0.163 0 0 0.134
DMU20 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

used for coding and solving linear programming.

Table 2 shows the performance of each DMU. To

determine the effect of the weight constraint, Ta-

ble Table 2 presents the results of both Equation

(2,2) and Equation (3.4).

The results show that in Equation (2,2) (basic

model of data envelopment analysis), 12 DMUs

are efficient, but when weight constraints (im-

portance of parameters in evaluation by experts)

are added and Equation (3.4) is implemented,

only DMU6 is efficient. Considering the results

of Equation (3.4), we go to the next step and

benchmarking should be done for DMUs, for this,

Equation (3.7) should be implemented. First, the

situation of the two dependent parameters and

the relationship function between them must be

determined. By more evaluation of data, the re-

sults show that the parameters of customer satis-

faction and repair index have a correlation co-
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efficient equal to 0.761, so to apply this con-

straint in the final model (to increase the accu-

racy of benchmarking) the relationship between

these two parameters must be specified. It should

be noted that this shows that an agent cannot

have a low score in the repair index and we ex-

pect to be able to achieve a high score of customer

satisfaction, one of the purposes of this article is

that this condition in defining the benchmark for

agencies to be considered.

It can be logically concluded that customer sat-

isfaction is the result of the repair index, there-

fore, the repair index is considered as an inde-

pendent parameter and customer satisfaction is

considered as a dependent parameter. By per-

forming the curve estimation analysis, the results

are obtained in Table 3.

According to R2, it can be seen that linear regres-

sion provides a good estimate of the data, so we

consider linear regression as a function between

two parameters.

• Customer Satisfaction = 0.856 × Repair in-

dex + 0.158

Since the ultimate goal is customer satisfaction

(and its highness is desired), so to add to the

model, we modify the above equation as follows,

it should be noted that the direction of inequality

is defined according to the conditions and type of

business.

• Customer Satisfaction ≤ 0.856 × Repair in-

dex + 0.158

Finally, the last constraint of the model is modi-

fied as Equation (4.7).

n∑
j=1

˘j.y6,j ≥
n∑

j=1

˘j.(0.856.y1,j) + 0.158

(4.8)

After completing the model (Equation (3.7)),

by solving the model, the results of are obtained

as Table 4.

In results of the multiplication model (Table

2), only the efficient unit is DMU6, and in the

corresponding envelopment model of this DMU,

all other units must benchmark from this DMU

but some conditions of this agent did not apply

to other agents, for example, the customer sat-

isfaction score of this agent was 749, and an in-

efficient agent with a customer satisfaction score

of 590 (DMU1) could not benchmark this score

without considering its repair index. Consider-

ing its progress as can be seen in the final model

(Table 4), the DMU1 has benchmarked on other

DMUs. The constraints of the parameters have

also been influential, for example, DMU18 had a

score of 707 in repair index, whereas if it were to

be benchmarked on DMU6, this score would have

reached 848, but given the nature of the work, it

is clear that in a period of planning time cannot

expect this score to be greater than 778, it should

be noted that it is possible to reach a higher num-

ber (with a very low probability) but due to the

normal conditions of goal setting and benchmark-

ing with this number is illogical.

5 Conclusion

TBenchmarking is used as a method to improve

the quality of products, services, strategies, etc.

in an organization or company. Benchmarking is

a common tool that is widely considered as one of

the ways to improve the competitiveness and effi-

ciency of organizations in their working life, also

this method is one of the most effective meth-

ods of continuous improvement in management

that managers for the growth of organizations,

they pay special attention to this method. In

this paper, we tried to improve the accuracy of

the benchmarking by considering some assump-

tions whichexistintherealworld. It should be

noted that if the appropriate benchmark is not

selected for decision-making units, the path of

progress of the organization will be diverted and

will not achieve the desired results. In this pa-

per, a benchmarking model for after-sales service

agencies based on data envelopment analysis was

developed. In the structure of after-sales service

agencies, there are different input and output pa-

rameters, but basedontheproposedstructure re-

pair index has a direct relation with customer

satisfaction, the purpose of this paper was to
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benchmarking that the model does not use a vir-

tual DMU as a benchmark for other DMUs that

the logical and statistical relationship between

these two parameters is not observed, the bench-

mark cannot be defined in any way we did not

expect customer satisfaction to increase without

a reasonable increase in the repair index. As

mentioned in the previous section, the depen-

dence and relationship between the parameters

should be considered in benchmarking. On the

other hand, it should be noted that by applying

these constraints, more DMUs became efficient,

because the model showed that some constraints

and parameters are being out of control of agen-

cies and that should be considered in evaluating

their efficiency. This paper attempts to develop a

benchmarking model for after-sales service agents

with acceptable accuracy, although it should be

noted that some improvements in this paper can

be used as future studies. Here are a few:

• It is very important to pay attention to the

structure of decision-making units. In this

paper, the internal structure of DMUs is con-

sidered as a black box, while the model can

be developed for network or other structures

• In this paper, the dependence of one-sided

parameters of DMUs inputoroutput is con-

sidered, the dependencies can be combined,

that is, the output and input parameters are

interdependent.

• Another subject that has been considered by

researchers in recent years in the field of data

envelopment analysis is the combination of

machine learning methods with DEA mod-

els. Can be predicted benchmarking by de-

veloping the proposed model with machine

learning methods.
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