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 Background: Data envelopment analysis (DEA) is an important managerial tool for 
evaluating and improving the performance of decision making units(DMUs).Most DEA 

models are established by individually maximizing each firm's efficiency according to 

its advantageous expectation by a ratio. Objective: Some scholars have pointed out the 

interesting relationship between the multi-objective linear programming (MOLP) 

problem and the DEA problem. They also introduced the common weight approach to 

DEA based on MOLP. Results: . The aim of this work is to introduce a new linear 
programming problem for computing the efficiency of a DMU. The proposed model 

differs from traditional and existing multi-objective DEA models in that its objective 

function is the difference between inputs and outputs instead of the outputs/inputs ratio. 
Conclusion: Then an MOLP problem, based on the introduced linear programming 

problem, is formulated for the computation of common weights for all DMUs. To be 

precise, the modified Chebychev distance and the ideal point of MOLP are used to 
generate common weights. Finally, this study presents an actual case study analysing 

R&D efficiency of 10 TFT-LCD companies in Taiwan to illustrate this new approach. 

Our model demonstrates better performance than the traditional DEA model as well as 
some of the most important existing multi-objective DEA models. 
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INTRODUCTION 

 

 Data envelopment analysis (DEA) of CCR model was developed by Charnes et al to evaluate the efficiency 

of decision-making units (DMUs)[5]. The CCR model was further studied and extended by many other 

researchers, for example, [1,9]. As the DEA involves many DMUs, some researchers have investigated the 

possible relationship between DEA and multi-objective linear programming (MOLP) 

 The use of common weights to rank DMUs is fully justified [2]. Different sets of weights are used to 

classify the DMUs as efficient or inefficient. However, if different sets of weights are used for ranking, most 

practitioners may disagree because every DMU believes that the other DMUs will take this advantage to defeat 

it. Therefore, the major purpose for generating common weights in DEA is to provide a common criteria for 

ranking the DMUs, both efficient and inefficient ones. 

 A common set of weights means that only one frontier hyperplane generates a compromized solution; all 

DMUs lie beneath the hyperplane and agree with the final status[8]. 

 Many models for deriving common weights are available and continue to be explored as such models are 

interesting both from theoretical and practical viewpoints. Common weights derived by MOLP for a DEA 

model are theoretically supported by the concept of Pareto efficiency in economics Charnes et al (1977) DEA 

and MOLP both search for a set of non-inferior solutions[6]. Thus characterizing the DEA model by multi-

objective programming is natural, reasonable. Li & Reeves (1999) presented a multi-objective model that 

considers two additional efficiency measures: minimizing the sum of DMU distances to the frontier (minisum) 

and minimizing the largest distance (minimax)[21], in addition to maximizing classical efficiency in DEA. The 

objective function of the model has the same expression as in the CCR [5].When this is applied to maximize 

efficiency of all DMUs at the same time, instead of one at a time, the restrictions remain unchanged. In a survey 

of DEA publications in the period 1978–1995Seiford(1996)pointed out that the use of common weights concept 

of MOLP in DEA had lesser emphasis. 

 Based on the above review on common weights approach to DEA, we can say that it is natural and it enjoys 

the following features. First, the common weights concept reduces computational complexity with the 
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traditional model. Second, common weights models are based on a strong theoretical background, the [8].Third, 

common weights models show higher discrimination power than other models according to recent developments 

[21]. However, in almost all the existing DEA models, the considered objective functions are outputs/inputs 

ratios. 

 Various DEA models produce different results because of their different assumptions and referred 

hyperplanes. Any DEA model developed through a rational basis or theory should lead to acceptable results and 

partially or totally reflect the considered real decision-making process[13]. 

 This paper first proposes a linear programming problem for computing DMU efficiency. The objective 

function of this problem is the difference between inputs and outputs instead of the ratio of outputs/inputs as in 

the case of most existing models. Second, using the introduced new model for individual DMU, a simple multi-

objective model based on the difference between inputs and outputs for computing common weights for all 

DMUs is proposed. The proposed model has some similarities withKao & [14]. however, there are major 

differences. These similarities and differences will be discussed later in Section 3. Thus, the current approach 

proves to be different from any of the MOLP–DEA approaches cited above. Moreover, our model is compared 

to the most important existing common weights models mentioned above through an example in Section 4. The 

results show that our model performs better than all others and exhibits similar discrimination power. 

 This paper is organized in the following manner: the traditional DEA concept and the MOLP are reviewed 

in Section 2; a multi-objective DEA model with its slack analysis is proposed in Section 3 reviewing some of 

the most important common weights models; Section 4 uses a real-word example to validate the introduced 

model and compares our model to some existing common weights DEA models; finally, conclusions and 

recommendations are given in Section 5. 

 

Common weight DEA models: 

 The purpose of this section is to review the basic model CCR of DEA, MOLP and the most important 

common weight models. 

 

2.1 CCR DEA model: 

 The DEA model developed byCharnes et al is a mathematical programming model that considers several 

inputs and outputs. This model assumes n decision-making units (DMUs), with m inputs and p outputs, where 

the efficiency evaluation model of k-th DMU can be defined as in the following equation [5,6] 

Max 

s.t . 1           l=1,…,n 

r=1,…, p 

i=1,…, m                      (1) 

where 

: the i-th input value for l-th DMU 

: the r-th output value for the l-th DMU 

: the weight values of the r-th output 

: the weight values of the i-th input 

: very small positive value 

 Obtaining the solution from Equation(1)  is difficult because it is a nonlinear programming problem. 

Charnes et al transformed Equation (1)into a linear programming problem by assuming =1. 

 

2.2 multi-objectiv problem: 

 The traditional linear multi-objective programming problem with s linear objective functions is defined as 

follows [28] 

Max    (x) = 

s.t.      AXb 

X0                                              (2) 

 where zi(x) is an objective function for the i-th objective, i=1,2,…,s, T is the transposition operation; 

X : the decision variable vector, x=(x1,x2,…,xn)
T
, 

b : the right-hand side (RHS) vector, b=(b1,b2,…,bm)
T
, 

A : the coefficient matrix, A=⌊aij⌋m × n. 

 Equation (2)could be resolved by various multi-objective approaches, for example, the weighting method or 

the distance method[28].This study uses the generalized distance method. That is, each zi should be as close as 

possible to its individual optimum, say zi
+
. The generalized distance measurement here is referred to as the 

chebychev metricor distance [28]. 

 

2.3 Common weights models: 
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 As our model is essentially a common weights DEA model, in this section, we present the most important 

common weights DEA models, mentioned in the introduction, in order to compare them to our model 

theoretically and practically. 

 Most of DEA models must select a DMU among all DMUs, say DMU0, in order to compute the efficiency 

scores of each DMU. However, choosing different DMU0 leads to various evaluation results. Each DMU 

generates its hyperplane for efficiency evaluation. The common weights approach generates only one 

hyperplane for efficiency evaluation of all DMUs. The existing common weights models can be classified into 

two categories: the first category consists of the multi-objective models; the second category consists of non-

multi-objective models. In considering the category of multi-objective models, Roll & Golany (1993)proposed 

the following common weights model[23]: 

s.t.        =  1      k=1,…,n 

r=1,…, p 

i=1,…, m                       (3) 

 The model (3) needs no predeciding of the reference point DMU k; actually, the model of Roll and Golany 

could be regarded as a true common weights model because no DMU0 should be predetermined. They assumed 

that each DMU has the same weight , then the weighting method in multi-objective programming is used to 

integrate each DMU's efficiency function in order to form the objective (3). However, the assumption of the 

same weight for for all DMUs is restrictive. Thus, Doyle used the concept to present the evaluation by avoiding 

the controversy of weight setting, in the following model[10]: 

s.t.   =  1      k=1,…,n 

r=1,…, p 

i=1,…, m                        (4) 

 However, model (4) involves the problem of the predetermination of DMU0 and δ. 

 Thus, the model (4) is less convenient than the model (3). for a DMU0, outputs and inputs are classified into 

two categories: variables that decision maker wants to change, set R0 for the outputs and I0 for the inputs; and 

unchangeable variables that he/she does not want to change:  and . The model is: 

- ) 

s.t.       -  = 0 

-  = 0 

-  = 

+   = 

,   ,     ,                     (5) 

 The advantage of the model (5) is that it allows setting the individual target/ideal point for improving each 

inefficient DMU's performance. However, in addition to the structural complexity and weight setting of 

(wr
+
,wi

−
), no efficiency scores are available within this model (5) and DMU0 should be predetermined. Kao & 

Hung(2005)extended the spirit of models (3)–(4), and presented their true common weights model based on the 

distance between actual efficiency and ideal efficiencies for each DMU as follows[16]: 

Min     = 

s.t.         =  1     k=1,…,n 

r=1,…, p 

i=1,…, m                       (6) 

 Here, Ek
*
 is the precomputed optimal efficiency of DMU k by solving the problem, and q=1,2,…,+∞. The 

model (6) is the latest and the best true common weights model so far; the best value of q. Belton & Vickers 

(1993) used the dominance concept to develop the following common weights model[2]: 

Min 

s.t. -  +         k=1,…,n 

+= 1 

,,r , i , k       (7) 

 Here, dk represents the deviation between − and . The model (7) minimizes the sum of deviations and 

assumes each deviation to be equally important. The model (7) also requires the pre-determination of the DMU0 

before evaluation. Li & Reeves also proposed a common weights DEA model with three objectives as 

follows[21]: 

Max 

Min     M 

Min 

s.t.        = 1 

- + = 0        k=1,…,n 

M -   k=1,…,n 

,,r , i , k                 (8) 
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 Li and Reeves claimed that the model (8) has a better discrimination power, however, similarly to the 

previous models, the reference point DMU0 should be predecided. In addition, the first constraint ∑i=1
m
vixi0=1 

favours the DMU0. This condition may not be accepted by all DMUs. Finally, some scholars imposed some 

restrictions on the weights in DEA for finding the common weights, for example, Dyson & Thanassoulis (1988) 

simply proposed the idea of adding extra constraints [11]:  - +  in the DEA models, here, 

u=(u1,u2,…,up);v=(v1,v2,…,vm); By R
p × l

 is a matrix, Bx R
m × l

 is a matrix, and c R
1 × l

 is also a matrix. The main 

problems of this restriction approach is that By, Bx, and c are arbitrarily decided and need to be justified; 

furthermore, some DMUs’ efficiency scores become zero (under-estimated) by this approach. 

 Let us now discuss some of the models in the second category, the non-multipleobjective models. Some 

scholars proposed the DEA game approach in order to compute common weights. A two-person game is 

formulated, then DEA common weights are derived from the optimal strategies. This approach seems to be 

more difficult than MOLP approach at least from computation point of view. 

 To summarize, the existing common weights approaches to DEA are characterized by (i) the 

predetermination of the reference point DMU0 and (ii) the predetermination of the weights. As our model is the 

first category of common weights DEA models, this paper will compare the performances of models (3), (4), 

(6), (7), and (8) to our model's performance in Section 4 by a real-world example. 

 

3. Proposed model: 

 This section presents the new MOLP–DEA model and compares it with some common weights models 

reviewed in the earlier section. Its special projection is discussed as well. 

 

3.1 The model: 

 The presented model is based on the computation of efficiency through the difference between inputs and 

outputs. Consider a DMU k and some values ur
*
,vi

*
,xik,yrk, r=1,…,p, i=1,…,m satisfying the constraints of the 

problem (1). Then the following chain of equivalences relates the efficiency of DMU k to the difference 

between its inputs and outputs: 

= 1  = 

-  = 0 

 In other words, when the ratio of the outputs to the inputs is 1 (fk is efficient), the difference between the 

inputs and outputs is 0 and vice versa. Hence, when the difference between inputs and outputs of the considered 

DMU is 0, it is efficient. Thus, the difference between inputs and outputs can be used as a basis for efficiency 

computation. Next, we show that in the settings of the model (1), the efficiency of DMU k can be investigated 

by minimizing the difference between outputs and inputs ∑i=1
m
vixik−∑r=1

p
uryrk. 

Consider the problem (1). Assume that 

l=1,…,n 

Then, the n first constraints of the problem (1) are equivalent to the following: 

-  ≤ 0 l=1,…,n           (9) 

Moreover, from the constraints of the problem (1) we deduce that 

0 <≤ 1 

 Thus, the maximum value that the efficiency fkof a DMU k can ideally reach is 1. For DMU k, consider the 

function 

=  - 

From (9) we deduce that 

=  -  ≥ 0 

 then the smallest value that gk can ideally reach is 0. Moreover, when gk=0, ∑i=1
m
vixik=∑r=1

p
uryrk, which 

means fk=1. Consider now the following linear programming problem 

Min     =  - 

s.t.            - ≤ 0 l=1,…,n 

r=1,…, p 

i=1,…, m                      (10) 

 The constraints of the problem (10) are equivalent to those of the problem (1). Moreover, if the optimal 

value of the objective function of the problem (10) is gk=0, then the DMU k is efficient. If the DMU k is 

efficient in the sense of model (1), that is, Max fk=∑r=1
p
ur

*
yrk/∑i=1

m
vi

*
xik=1, where ur

*
,vi

*
 are the corresponding 

optimal solutions, then ur
*
,vi

*
 are also optimal for the problem (10), and the optimal value of its objective 

function is gk=0, that is, the DMU k is also efficient in the sense of the model (10). If the DMU k is not efficient, 

an optimal solution of the problem (1) is not necessarily optimal for the problem (10). Conversely, an optimal 

solution of the problem (10) is not necessarily optimal for the problem (1). Thus, problems (1) and (10) are 

equivalent only in the case where DMU k is efficient. 

 The problem (10) can be equivalently formulated as a minimization problem of the distance between gk and 

0 as follows 
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Min    (, 0) 

s.t.        -  ≥ 0      k=1,…,n 

r=1,…, p 

i=1,…, m                       (11) 

where gk=d1(gk,0)=|gk−0| is the usual distance in R, the set of real numbers. 

 The problem (11) can be interpreted as follows. A solution for the problem (11) provides weights u, v with 

the smallest possible distance between gk and 0. When the optimal value of d1(gk,0) is 0, that is, gk=0, the DMU 

k is efficient. When d1(gk,0)> 0, that is, gk>0, the DMU k is not efficient. Its efficiency is 

fk=∑r=1
p
ur

*
yrk/∑i=1

m
vi

*
xik, where ur

*
,vi

*
 are corresponding optimal solutions of (11). 

 Based on the problem (11), efficiency for each DMU k is obtained by minimizing the distance to the ideal 

point 0. Therefore, if the central authority wants a common set of weights that maximizes the efficiency of all 

DMUs at the same time, it has to consider a multi-objective problem of the form 

Min    (, 0) 

Min    (, 0) 

… 

Min    (, 0) 

s.t.       -  ≥ 0      k=1,…,n 

r=1,…, p 

i=1,…, m                      (12) 

 There are many approaches for solving multi-objective problems in literature. As minimizing the distance 

to the ideal value 0 for each DMU is the goal, it is natural to use the reference point method to solve the multi-

objective problem (12), taking the n-vector (0,0, …,0) as the reference point. Thus, obtaining a solution requires 

the resolution of the following single objective problem 

Min    ((,,…,),(0,0,…,0) 

s.t.      -  ≥ 0      k=1,…,n 

r=1,…, p 

i=1,…, m                      (13) 

 where d1((g1,g2,…,gn),(0,0,…,0))=∑i=1
n
|gi−0|. As problem (13) is about minimizing the distance to the point 

(0,0,…,0), it can be extended to other distances as follows: 

Min    ((,,…,),(0,0,…,0)) 

s.t.        -  ≥ 0      k=1,…,n 

r=1,…, p 

i=1,…, m                      (14) 

 where dq(.,.) is the distance defined in R
n
, by dq(x,y)=(∑i=1

n
|xi − yi|

q
)

1/q
, for 1 q<+∞ and d∞(x, y) = 

(max0 i n|xi − yi| for q = +∞; d∞(x,y) is called the Chebychev metric (Seture, 1986). Let (g1
*
,…,gn

*
) be the 

optimal value in the problem (14) for some values of q, 1 q<+∞. It is worth noting here also that if for the 

DMU k, gk
*
=0, then DMU k is efficient. In literature, the most used distances are d1(x,y), d2(x,y)and d∞(x,y). This 

paper does not discuss solutions generated by different distances, but only assumes that the central authority 

focuses more on the least efficient DMU, then the most adequate distance is the Chebychev distance. Thus, this 

work considers this distance only in remainder of the paper. By replacing q by ∞ in (14), we obtain the 

following problem: 

Min  | – 0| = Min 

s.t.       -  0     k=1,…,n 

r=1,…, p 

i=1,…, m                      (15) 

 It is well known that a solution to this problem may be weak Pareto optimal but not Pareto optimal. In order 

to get a Pareto optimal solution, this study uses the modified Tchebychev metric. Thus, the following 

regularized problem is used 

Min   [{ – z} +  z) ] 

s.t.      -  0k=1,…,n 

r=1,…, p 

i=1,…, m                      (16) 

where ρ and z are sufficiently small scalars. 

 As gi, i=1,2,…,n is non-negative by definition, the problem (16) can be rewritten as follows: 

Min 

s.t.        – z +  z)       s=1,…,n 

-  0        k=1,…,n 

r=1,…, p 

i=1,…, m                      (17) 

Here gs=∑i=1
m
vixis−∑r=1

p
uryrs      s=1,2,…,n 
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 The presented approach for determining common weights of DMUs has some similarities with Kao and 

Hung's work (2005), but with major differences. First, in our approach, the difference between inputs and 

outputs is used to compute the efficiency rather than the ratio between inputs and outputs. Second, solution 

computation in our model also uses the reference point method; however, the reference point we use is the 

vector (0, …,0), while Kao and Hung use the vector (f1
*
,…,fn

*
, where fk

*
 is the optimal value in the objective 

function in (1), that is, the efficiency of DMU k. Third, the present approach needs to solve only one single 

objective optimization problem, the problem (17), while Kao and Hung's approach requires the resolution of 

n+1 optimization problems, n being the number of DMUs. Indeed, Kao and Hung solve the problem (1) for each 

of the n DMUs first, then they solve the problem of minimizing the distance to the vector (f1
*
,…,fn

*
). Thus, the 

current approach is better in terms of computation of common weights, especially, when the problem involves a 

large number of DMUs, inputs and outputs. Fourth, the optimization problems to be solved in Kao and Hung's 

model are of ratio type, while the present model only solves one linear programming problem (17). Fifth, for 

q=∞, Kao and Hung use the Wierzbicki(1999) method to generate a solution, that may not be Pareto optimal. 

This study uses the modified Tchebychev metric (Seture, 1986) that generates a Pareto optimal solution. Finally, 

the referred hyperplane of the current model and that of Kao and Hung's model differ. Because of similarities 

and differences between these two approaches, Section 4 compare them by real-world examples[8]. 

 

3.2 Projection of the proposed model: 

 The proposed multiobjective DEA model has a special projection, shown in Figure1. Considering Figure1, 

assume that there are five DMUs, for example, A, B, C, D, and E. This work proposes the VX−UY hyperplane 

for clear illustration. The blue dot line denotes the distance from each DMU to the hyperplane V
2
X=U

2
Y+d2, the 

red dot line denotes the distance from each DMU to the hyperplane V
1
X=U

1
Y+d1. Here, V=[v1,v2,…,vm], 

X=[x1k,x2k,…,xmk], U=[u1,u2,…,up], and Y=[y1k,y2k,…,ypk]. Various vectors V and U could meet the collected 

outputs/inputs data, creating many possible VX−UY measuring systems, for example, the V
1
X−U

1
Y measuring 

system, the V
2
X−U

2
Y measuring system, and the V

3
X−U

3
Y measuring system; in addition, d1, d2, and d3 

represent the intercepts of these systems. Different VX−UY measuring systems provide different hyperplanes 

for including DMUs and generating different weights of (U,V). 

 

 
 

Fig. 1: Illustration of the projection for the proposed model. 

 

 To summarize, the new DEA model based on the difference between inputs and outputs provides an 

alternative ranking system, distinct from traditional models which are based on the maximization of the ratio 

outputs/inputs. The use of the difference between inputs and outputs also explains the significant theoretical and 

practical differences between the new model and the ratio maximization approach. 

 Let us compare the present approach with existing approaches. Doyle, Doyle &Green and Roll & Golany 

averaged weights of all DMUs, whereas this is not necessary in the new model [10,23]. Li & Reeves proposed a 

three-objective formulation by maximizing the efficiency score of the k-th DMU, minimizing maximal deviation 

and the deviation sum. The above formulation is unlike ours as we use n objectives, and these objectives are 

totally different from Li and Reeves[21]. Karlaftis (2004) used the goal-programming concept to weigh each 

deviation so as to form a global single objective. Following this direction of research [17], Belton & Vickers 

used the MOLP dominance concept to deduce the minimal deviation sum of the multi-objective model [2], 

while Stewart proposed a similar extended model. Although the present model is constructed on a similar primal 

aspect, it does not use the concept of minimizing the deviation sum rather it uses a general distance function and 

an ideal point [29]. 

 

4. Real-worldapplication: 

 The thin film transistor liquid-crystal display (TFT–LCD) industry has become a major force in Taiwan's 

high-tech competitiveness; therefore, this work explores R&D efficiency of each TFT–LCD company in Taiwan 

from the aspect of technology management. Thus, this study defines three inputs as operational cost, number of 

R&D faculty, and R&D expense. Outputs are defined as net profit and the number of patents. This work 

normalizes actual data by dividing each column element by the maximal value in its corresponding column; the 

normalized value ranges from 0 to 1 in Table 1. Furthermore, this work summarizes computed results from 

seven models: the traditional model, the models (3), (4), (6), (7), (8), and the new model in Table 2. Results of 
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the model are obtained for q=∞, whileKao & Hung (2005)are computed by their suggested MSE type (q=2). 

The Company G is used as the DMU0 when necessary. 

 
 

Table 1  Normalized R&D data of 10 TFT-LCD companies in 2005. 
Company Input Output 

 Operational cost Number of R&D faculty R&D expense Net profit Number of patent 

A 1.000 1.000 1.000 1.000 1.000 

B 0.701 0.193 0.835 0.703 0.403 

C 0.420 0.415 0.714 0.361 0.210 

D 0.343 0.081 0.307 0.284 0.081 

E 0.350 0.060 0.329 0.287 0.133 

F 0.058 0.202 0.088 0.053 0.036 

G 0.241 0.023 0.164 0.239 0.250 

H 0.258 0.088 0.167 0.237 0.274 

I 0.122 0.085 0.282 0.101 0.238 

J 0.018 0.007 0.030 0.015 0.044 

 

Table 2: Efficiency of the 10 TFT-LCD companies by different models. 

Company Traditional 

Roll and 

Golany 

(1993) 

Doyle 

(1995) 

Kao and 

Hung 

(2005) 

Belton and 

Vickers 

(1993) 

Li and 

Reeves 

(1999) 

Ours 

q=+  
 

A 1.000 (1) 0.578 (5) 0.747 (3) 1.000 (1) 1.000 (1) 0.994 (2) 
0.791 

(6) 
 

B 0.955 (3) 0.297 (6) 0.578 (5) 0.991 (3) 1.000 (1) 1.000 (1) 
0.792 

(5) 
 

C 0.815 (7) 0.201 (9) 0.297 (6) 0.849 (8) 0.850 (5) 0.846 (5) 
0.553 

(9) 
 

D 0.766 (9) 0.145 (10) 0.202 (9) 0.811 (9) 0.823 (6) 0.824 (7) 
0.650 

(8) 
 

E 0.773 (8) 0.228 (8) 0.146 (10) 0.807 (10) 0.814 (8) 0.817 (8) 
0.675 

(7) 
 

F 0.878 (6) 0.274 (7) 0.228 (8) 0.906 (5) 0.896 (4) 0.875 (4) 
0.445 

(10) 
 

G 1.000 (1) 0.746 (3) 0.271 (7) 0.995 (2) 0.989 (2) 1.000 (1) 
1.000 

(1) 
 

H 0.936 (4) 0.786 (2) 0.785 (2) 0.922 (4) 0.912 (3) 0.923 (3) 
0.907 

(3) 
 

I 0.935 (5) 0.621 (4) 0.622 (4) 0.861 (6) 0.822 (7) 0.835 (6) 
0.722 

(4) 
 

J 0.972 (2) 1.000 (1) 1.000 (1) 0.852 (7) 0.801 (9) 0.824 (7) 
0.924 

(2) 
 

 0.903 0.487 0.487 0.899 0.890 0.894 0.746  

CV 9.93 60.88 60.89 8.35 9.08 8.76 23.17  

 

 We have collected 2005 R&D data of 10 TFT–LCD companies in the high-tech industry in Taiwan. The 

data used in this section validate the multi-objective DEA model developed in the previous section. The TFT–

LCD technology was first developed in the early 1960s, with substantial improvements made later. The current 

complete LCD industrial complex and superior R&D ability effort geared to LCD production is the result of 

Japanese view held since the 1980s, that LCDs represent the final industrial revolution development of the 20th 

Century. However, South Koreans in 1995 made a bold entry into LCD production. Korean companies, such as 

LG Philips and Samsung, used a low price strategy, mass production capacity, and government support to 

maintain dominance from 1999 until the present [3] 

 In the resolution of the problem (17), ϵ is set to 10
−3

, ρ is set to 10
−5

, and z is set to 10
−4

. According to Table 

2, it should be noticed that multi-objective models perform better than the traditional model; however, different 

multi-objective models have different characteristics. Based on the averages and coefficients of variations (CVs) 

displayed in the last two rows of  Table 2, the ten companies could be classified into three groups: the first 

group has a low average value and a high CV value, for example, Roll and Golany, Doyle. The second group 

has a high average value and a low CV value, for example, the traditional model, Kao and Hung, Belton and 

Vickers, and Li and Reeves. The third group is our new model, which has a medium average and a medium CV. 

This difference distinguishes our model from the other models in Table 2. The traditional model shows that two 

DMUs are the best; the same two DMUs are the best in the model of Li and Reeves, and the model of Belton 

and Vickers. Generally speaking, the common weights models have a higher discrimination power as many of 

these models do not show any ties in the classification of the 10 DMUs, for example, Roll and Golany, Doyle, 

Kao and Hung, and ours. Let us now compare the CVs (CV=σ/μ × 100%) of the models of Doyle and ours. It is 

interesting to note that Doyle provide the highest CV, Roll and Golany provide the second highest, and ours is 

the third highest. This study uses the coefficient of variation instead of the standard deviation, because the 
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means are different. Clearly, the larger the CV of a model, the better the discrimination power of this model. 

However, when comparing the average (μ) values of the efficiency scores of the same models, it is clear that 

Doyle, and Roll and Golany underestimate the efficiency scores of DMUs, because their average is below 0.5, 

which leads to the conclusion that many of these DMUs perform poorly. 

 Table 3 suggests that most firms reduce R&D expenses and the number of R&D faculties. Taiwan's TFT–

LCD companies initially importing technologies from Japan or Korea, had to pay high prices for the privilege of 

using or extending these technologies, most whose expenses where included in R&D expenses. Thus, the R&D 

faculty often faces high pressure to fully and efficiently utilize intellectual properties of technologies on time 

because their life cycle is very short (Khalil,2000). Finally, this work concludes that firm G's performance is 

best, and firm F's performance is worst. These companies can learn their own advantages/disadvantages from 

Table 2 and 3. 

 
Table 3: Suggested adjustments of 10 TFT-LCD companies for better efficiency. 

Company Input Output 

 
Operational cost 

adjustment 
Number of R&D 

faculty adjustment 
R&D expense 

adjustment 
Net profit 

adjustment 
Number of patent 

adjustment 

A 0 -0.1093 10-3 -0.3761 10-4 0 0 

B 0 -0.4346 10-7 0 0 +0.2414 10-5 

C 0 -0.2590 -0.0449 0 +0.6954 

D -0.0403 -0.0220 0 0 +0.3771 

E -0.0439 0 -0.0174 0 +0.3319 

F 0 -0.1826 -0.0044 0 +0.0543 

G 0 0 0 0 0 

H 0 -0.3658 10-5 0 0 0 

I 0 -0.0375 -0.0787 +0.6762 10-3 +0.0601 

J 0 -0.0631 0 0 0 

 

 This study further applies the proposed model to the forest case data presented by Kao & Hung (2005), 

because their model has similarities with our model and it is the latest common weights model. Analysing and 

comparing results of the two approaches, the same comments can be made as for the actual example considered 

in this section. Moreover, this example shows that the proposed model works well even when the data are not 

normalized. 

 

5. Conclosion and recommendations: 

 This paper presented a new multi-objective approach for generating common weights in DEA, referring to 

the non-inferior solution set in MOLP, rather than from a single DMU perspective. Objective functions of the 

multi-objective problem are the differences between inputs and outputs instead of ratios. This work computes 

common weights using the modified Chebychev distance. The simple model proposed in this paper can be 

useful for further research and applications. Based on the results of the example in Section 4, the newly 

proposed model's discrimination power is acceptable and its ranking results are close to the model of Roll and 

Golany. However, we resolve the challenge/assumption of preweighing in their model. Moreover, from a 

computational point of view, the new model has an important advantage over the Kao and Hung's model. 

Computation of weights and efficiencies in our model is reduced to the resolution of only one linear 

programming problem (17). This advantage becomes crucial when the problem size increases. 

 When applying our model to the Section 4 example, findings show that most TFT–LCD companies in 

Taiwan operate at mid-level efficiency, reflecting the reality of TFT–LCD industry. Poor performance may 

result from overinvesting in operational cost, R&D faculty, and R&D expense. Of course, Taiwanese TFT–LCD 

companies’ heavy dependence on imported technologies from Japan or Korea leads to very expensive R&D 

activities. Thus, a shorter TFT–LCD technology life cycle means that R&D obstacles lead these companies to 

compete more fiercely; in other words, cutting R&D expenses is the first priority for a CEO when the economy 

is worsening: we observed these facts here in Taiwan nowadays. 

 Future studies should explore other issues, for example, more detailed research for selecting appropriate 

variables of inputs and outputs and effectiveness comparisons between our multi-objective DEA model and 

other multi-objective DEA models. 
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