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With the rapid acceleration of global competition the need has arisen for a more systematic performance evaluation system. This
research develops a two-stage performance evaluation system to help maximize performance evaluation success. The performance
evaluation is an important approach for enterprises to give incentives and restraint to their operators. It is also an important channel
for enterprise stakeholders to obtain performance information. This study analyzes the current evaluation system for the Taiwan
LED industry. This research measures the performance of ten LED companies in Taiwan for the period 2003–2009. The proposed
method is practical and useful. The evaluation model indicates that proposed method is more reasonable and easier to grasp than
othermethods. As a result, it is easier to popularize this evaluationmethod in enterprises.The proposedmethod presents a complete
assessment model that helps managers identify items for improvement, while simultaneously promoting cost and time efficiencies
in the LED industry.

1. Introduction

In todays fast moving rapidly changing business and techno-
logical environment, the performance evaluation system has
become a crucial management tool. Tender determined using
performance evaluation systems is widely used in high-tech
industries. A remarkable phenomenon in the high-tech busi-
ness over the last two decades has been the dramatic growth
in the number and importance of performance evaluation
systems.Theperformance evaluation is a necessary, beneficial
process that provides annual feedback to a company about its’
job effectiveness and efficiency. The performance evaluation
and optimalweapon systems design aremultiple criteria deci-
sionmaking problems [1]. In order to compete in todays com-
petitive environment, many organizations have recognized
benchmarking as being of strategic importance in the drive
for better performance and commitment to achieving a com-
petitive advantage [2]. Current performance evaluations have
already become important means of investigating employee
performance. Performance evaluations contribute to busi-
ness’ target attainment, business performance improvement,
and improvement in employee behavior and promoting

specific desired abilities. Over the past few decades per-
formance analysis has received significant attention. Many
studies have investigated performance evaluation methods
[3–7]. Some literatures identified different key performance
indicators, including tangible and intangible aspects [8–14].
It is essential for performance measurement application that
a company’s tangible and intangible targets are defined in a
way that is more appropriate to the requirements and objects
of these targets and that company strategy is more extensively
operationalized, quantified, and linked in amutually support-
ive way [15–18].

Accurate business performance evaluation is a key to
success for enterprises. The performance evaluation and
optimal weapon systems design are multiple criteria decision
making problems [19]. In order to compete in today’s com-
petitive environment, many organizations have recognized
benchmarking as being of strategic importance in the drive
for better performance and commitment to achieving a
competitive advantage [20, 21]. The problem of performance
evaluation complexity makes the development and applica-
tion of standardmodels more difficult, while at the same time
actually presenting motivation for the development of new,
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more flexible models, which, again, can be adapted to the
specific interests of those who compare the alternatives.

In this paper we apply a new approach based on frontier
production function to research the productivity growth
of LED companies performance in Taiwan. The research
framework is that of data envelopment analysis (DEA).
DEA is a nonparametric method in operations research and
economics for the estimation of production frontiers [22]. It is
used to empirically measure productive efficiency of decision
making units. There are also parametric approaches that are
used for production frontiers estimation [23].

Under such a competitive environment, port perfor-
mance measurement not only is a powerful management
tool for port operators, but also constitutes a most important
input for informing regional and national port planning and
operations. Kumbhakar and Lovell [24] stated that cross-
sectional data provide a snapshot of producers and their
efficiency and panel data provide more reliable evidence on
their performance because they enable us to track the perfor-
mance of each producer through a sequence of time periods.
In order to overcome the potential problem associated with
an analysis based on cross-sectional data, DEA window
analysis is used in this paper for the first time and applied
to the port industry to deduce efficiency trends. This paper
continues by conducting the Malmquist productivity index
(MPI) to estimate technological changes [25]. MPI is defined
using nonparametric distance functions, which determine
how far a firm is from its optimal production given the
observed output and applied input. MPI can decompose the
productivity growth into twomutually exclusive components:
technical efficiency change and technical change overtime,
whichmeasures the change in efficiency frontier shift, respec-
tively [26]. These are (i) technical efficiency change (𝐸);
(ii) technological change (𝑃); (iii) pure technical efficiency
change (PT); (iv) scale efficiency change (𝑆); and (v) total
factor productivity (𝑀) change [27].

The reminder of this paper is as follows. Section 2
presents themethodology,DEA, including thewindowanaly-
sis andMalmquist productivity indexes. Section 3 introduces
the research design, which includes the research framework,
research procedure, and variable measurement and sample
selection. Section 4 presents the empirical results. Some
managerial implications and ways of improving efficiency are
discussed in Section 5.

2. Data Envelopment Analysis (DEA) Model

DEA is a mathematical linear programming approach based
on the technical efficiency concept. It can be used to measure
and analyze the TE of different entities: productive and
nonproductive, public and private, and profit and nonprofit
seeking firms [28]. The main advantages of DEA that make
it suitable for measuring the efficiency of vehicle inspection
agencies are as follows: (i) it allows the simultaneous analysis
of multiple outputs and multiple inputs, (ii) it does not
require an explicit a priori determination of a production
function, (iii) efficiency is measured relative to the highest
observed performance rather than against some average,

and (iv) it does not require information on prices [29, 30].
Since the LED companies in Taiwan are part of the public
sector where economic behavior is uncertain and there is
no price information on the services produced, the window
analysis and Malmquist productivity index based on DEA
approach is well suited for productivity measurement in
this sector. It is a nonparametric approach that calculates
efficiency level by performing linear programing for each
unit in the sample [31]. DEA measures the efficiency of the
decision-making unit by comparison with the best producer
in the sample to derive compared efficiency [31, 32].

As we have seen DEA is based on the TE concept which
is as follows [29–32]:

Technical efficiency (TE) =
∑weighted output
∑weighted input

. (1)

Mathematically we can express the above relation using
the following formula [24, 25]:

𝐸𝑘 =

∑
𝑀

𝑗=1
𝑈𝑗𝑂𝑗𝑘

∑
𝑁

𝑖=1
𝑉𝑖𝐼𝑖𝑘

, (2)

where 𝐸𝑘 is the TE for the𝐷𝑀𝑈𝑘 (between 0 and 1), 𝑘 is the
number of 𝐷𝑀𝑈𝑘 in the sample (𝑘 = 1, . . . , 𝐾), 𝑁 is the
number of inputs used (𝑖 = 1, . . . , 𝑁), 𝑀 is the number of
outputs (𝑗 = 1, . . . ,𝑀), 𝑂𝑗𝑘 is the observed level of output 𝑗
from𝐷𝑀𝑈𝑘, 𝐼𝑖𝑘 is the observed level of input 𝑖 from𝐷𝑀𝑈𝑘,
𝑉𝑖 is the weight of input 𝑖, and 𝑈𝑗 is the weight of output 𝑗.

To measure TE for 𝐷𝑀𝑈𝑘 using linear programing the
following problem must be solved which is the following
formula [24, 25, 32]:

Max TE

s.t. 𝐸𝑘 ≤ 1 𝑘 = 1, 2, . . . , 𝐾,

(3)

where TE is either maximizing outputs from given inputs or
minimizing inputs for a given level of outputs. The above
problem cannot be solved as stated because of difficulties
associated with nonlinear (fractional) mathematical pro-
gramming. Charnes et al. [33] have developed amathematical
transformationwhich converts the above nonlinear program-
ming to linear one.

Modified linear programming by the following formula
[24, 25, 32, 33]:

Max
𝑀

∑

𝑗=1

𝑈𝑗𝑂𝑗𝑘

s.t.
𝑁

∑

𝑖=1

𝑉𝑖𝐼𝑖𝑘 = 1

𝑀

∑

𝑗=1

𝑈𝑗𝑂𝑗𝑘 ≤

𝑁

∑

𝑖=1

𝑉𝑖𝐼𝑖𝑘

𝑈𝑗, 𝑉𝑖 ≥ 𝜀 > 0.

(4)
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2.1. Window Analysis. Based on the rule of thumb, the
number 𝐷𝑀𝑈𝑘 should be greater than double of the sum
of the inputs and outputs. In order to overcome the limited
𝐷𝑀𝑈𝑘 constraint the window analysis method proposed
by Charnes et al. [33] is adopted in this study. Windows
analysis is a time dependent version of DEA. In order to
capture the variations in efficiency over time, Charnes et al.
[33] proposed a technique called “window analysis” in DEA.
Window analysis assesses the performance of a 𝐷𝑀𝑈𝑘 over
time by treating it as a different entity in each time period.
This method allows for tracking the performance of a process
or unit [33, 34].

The basic idea is to regard each 𝐷𝑀𝑈𝑘 as if it were a
different 𝐷𝑀𝑈𝑘 in each of the reporting dates. Each 𝐷𝑀𝑈𝑘

is then not necessarily compared with the whole data set, but
instead only with alternative panel data subsets.Thewindows
analysis is based on the assumption that what was feasible
in the past remains feasible forever and that the treatment of
time in windows analysis is more in the nature of averaging
over the periods of time covered by the window [35]. DEA
is initially used to analyze cross-sectional data where a given
𝐷𝑀𝑈𝑘 is compared with all other 𝐷𝑀𝑈𝑘 that produce
during the same time period and where the role of time is
ignored. However, this can be rather misleading because a
dynamic context may give rise to seemingly excessive use of
resources that are intended to produce beneficial results in
future periods [32, 33]. As such, panel data prevail over cross-
sectional data in that not only do they enable a 𝐷𝑀𝑈𝑘 to
be compared with other counterparts, but also because the
movement in efficiency of a particular𝐷𝑀𝑈𝑘 can be tracked
over a period of time. In so doing panel data are more likely
to reflect the real efficiency of𝐷𝑀𝑈𝑘 [32, 33].

We briefly introduce the meaning of window analysis.
Assume there are 𝑁 alternatives, 𝑙 = 1, . . . , 𝑁, and each
alternative has data for periods 1 to 𝑀, 𝑚 = 1, . . . ,𝑀.
The window length is fixed at 𝐾, the data from periods
1, 2, . . . , 𝐾 will form the first row and the data from periods
2, 3, . . . , 𝐾,𝐾+1will form the second row, and so on. One or
more periods on the right will need to be shifted and a total
of𝑀−𝐾+1window rows exist. Each window is represented
by 𝑖 = 1, . . . ,𝑀 − 𝐾 + 1, and the 𝑖th window consists of the
data in periods 𝑗 = 𝑖, . . . , 𝑖 + 𝑘 − 1. There are𝐾 sets of data to
be evaluated. Therefore, there are a total of𝑁 × 𝐾 𝐷𝑀𝑈𝑘 in
that window [32, 33].

In order to apply window analysis DEA is used to evaluate
the performance of all 𝐷𝑀𝑈𝑘 in the same window. The
efficiency, 𝐸𝑙

𝑖,𝑗
, of each 𝐷𝑀𝑈 will be entered in the right

window position. The procedure will be repeated𝑀− 𝐾 + 1

times to obtain all of the efficiency values in all windows.
Window analysis uses all efficiency values of an alternative
to generate some statistical values. The average efficiency
(𝑀𝑙), variance among efficiencies of alternative 𝑙 (𝑉𝑙), column
range (CR𝑙,𝑚), and the total range for alternative 𝑙 (TR𝑙) [33,
36] are included.

The average efficiency (𝑀𝑙) of alternative 𝑙 is obtained
using the following formula [32, 33]:

𝑀𝑙 =

∑
𝑀−𝑘+1

𝑡=1
∑
𝑖+𝑘−1

𝑗=1
𝐸𝑖,𝑗𝑙

𝐾 × (𝑀 − 𝐾 + 1)
, 𝑙 = 1, . . . , 𝑁. (5)

The variance among efficiencies of alternative 𝑙, 𝑉𝑙, is
calculated using the following formula [32, 33]:

𝑉𝑙 =

∑
𝑀−𝐾+1

𝑖
∑
𝑖+𝑘−1

𝑗
(𝐸
𝑙

𝑖,𝑗
−𝑀𝑙)

2

𝐾 × (𝑀 − 𝐾 + 1) − 1
, 𝑙 = 1, . . . , 𝑁. (6)

The variance in efficiency reflects the fluctuation in
efficiency values for each alternative. If an alternative has
higher average efficiency and small variance, its ranking can
be higher compared to other alternatives.

Column range, CR𝑙,𝑚, can be used to compare the
fluctuations in efficiencies among the alternatives. In each
alternative, because the data for the first period (𝑚 = 1) and
last period (𝑚 = 𝑀) are being analyzed in only the first and
the𝑀−𝐾+1window, only one efficiency value is obtained for
each of the two windows. The efficiencies in the first and last
periods will not be included in the calculation of CR values.
For the other periods the data for each alternative is used at
least twice and at least two efficiency values are available for
calculating the CR values [30, 31].

CR𝑙,𝑚 is the difference between the largest and the
smallest efficiencies for alternative 𝑙 in period 𝑚 by the
following formula [33, 37]:

CR𝑙,𝑚 = Max (𝐸𝑙
𝑖,𝑚
) −Min (𝐸𝑙

𝑖,𝑚
) ,

𝑖 = max (𝑚 − 𝑘 + 1, 1) , . . . ,min (𝑚,𝑀 − 𝐾 + 1) ,

𝑚 = 1, . . . ,𝑀.

(7)

CR𝑙,𝑚 can be used to evaluate the stability of efficiency for
an alternative in each period. CR𝑙 is then the overall column
range for alternative 𝑙, and it shows the greatest variation in
efficiency for an alternative over different periods using the
following formula [33, 37]:

CR𝑙 = Max
𝑚=2,...,𝑀−1

(CR𝑙,𝑚) . (8)

We can use a total range for evaluation in order to under-
stand the stability of an alternative over different periods.
The total range is the difference between the maximum and
minimum efficiency values of alternatives in all windows.

The total range (TR) for alternative 𝑙 is the following
formula [33, 37]:

TR𝑙 = Max (𝐸𝑙
𝑖,𝑗
) −Min (𝐸𝑙

𝑖,𝑗
) ,

𝑖 = 1, . . . ,𝑀 − 𝐾 + 1,

𝑗 = 𝑖, . . . , 𝑖 + 𝐾 − 1.

(9)

DEA window analysis has been adapted in many aca-
demic fields such as industry analysis. Cullinane et al. [37]
applied DEA windows analysis to container port production
efficiency. Shahooth and Battall [38] used data envelopment
analysis and window analysis in measuring and analyzing
the relative cost efficiency of 24 Islamic banking institutions.
Chang et al. [39] applied window analysis to analyze the
dynamic efficiencies of Taiwan’s TFT-LCD firms for the
period from 2001 to 2005.
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2.2. Malmquist Productivity Indexes (𝑀𝑃𝐼). The MPI were
developed by Caves et al. based on the distance functions
developed byMalmquist [40, 41]. Fare et al. [42] decomposed
the productivity growth into two mutually exclusive com-
ponents: technical efficiency change and technical change
overtime, which measures the change in efficiency frontier
shift, respectively [26]. The MPI expressed in DEA efficiency
measures is defined as the ratio of the efficiency measures
for the same production unit in two different time periods
or between two different observations for the same period
[32, 43]. The study used the DEA approach outlined by Fare
et al. [42] to construct the best-practice frontier for ten LED
companies in Taiwan.

TheMPI for any unit between period 0 and 1 with period 𝑖
frontier technology as a reference,𝑀𝑖(0, 1), can be calculated
using DEA measures obtained by solving the LP-problems
[32], which is as follows:

𝑀𝑖 (0, 1) =
𝐸𝑖1

𝐸𝑖0

, 𝑖 = 0, 1 ∈ 𝑇. (10)

The 𝑖 is the frontier technology, 𝐸𝑖0 is the input (output)
efficiency measure for a unit observed in period 0, and 𝐸𝑖1
is input (output) efficiency for the same units observed in
period 1 with technology 𝑖. The index, 𝑀𝑖(0, 1), shows the
relative change in technical efficiency and 𝑇 represents the
time period for the𝐷𝑀𝑈𝑘 [32, 44].

Malmquist productivity indexes are based on the
nonparametric-parametric approach which can capture
the productivity change in economic growth using a
specific production function. The mathematics concept
was borrowed from Odeck [32]. The denominator shows
the proportional adjustment of the observed input vector
of the unit in period 1 for observed outputs to be on the
same frontier function [45, 46]. The denominator is always
between 0 and 1, while the numerator can be greater than
1. It follows that when 𝑀𝑖(0, 1) > 1, then productivity
has increased. If 𝑀𝑖(0, 1) < 1, then the productivity has
decreased and if𝑀𝑖(0, 1) = 1 the productivity is unchanged.
This holds irrespective of the reference technology [32]. We
can then transform the mathematics concept into a diagram,
which is shown in Figure 1. The first year is 𝑡0 and the second
year is 𝑡1. The model included one input variable (𝑥) and one
output variable (𝑦). In the first year 𝑡0, unit 𝐾0 is observed
with the combination (𝑦0, 𝑥0), the corresponding benchmark
units on the frontier are 𝐾1(𝑦0, 𝑥00) and 𝐾2(𝑦0, 𝑥10). The
efficiency measures 𝐸00 and 𝐸10 are equal to the ratios
(𝑥00/𝑥0) and (𝑥10, 𝑥0) [32].Therefore, theMPI can be written
as in (11). Equation (11) indicates that the MPI is the change
in productivity between the two periods:

𝑀𝑖 (𝑡0, 𝑡1) =
𝐸𝑖1

𝐸𝑖0

=
𝑥𝑖1/𝑥1

𝑥𝑖0/𝑥0

=
𝑦1/𝑥1

𝑦0/𝑥0

. (11)

In relation to Figure 1 MPI can be decomposed into two
parts. The first part is the technical efficiency change (𝐸)

Output

y1

y0

0

K1 K0K2

t1

t0

X10 X11 X00 X0 X1 X01

Input

Figure 1: The MPI and its components. Source: Odeck [32].

and the second is the technological change (𝑃), represented
by the following formula [32]:

𝑀𝑖 = 𝐸𝑖 × 𝑃𝑖, 𝑖 = 0, 1,

𝑃𝑖 (𝑡0, 𝑡1) =
𝐸01

𝐸11

=
𝑥01/𝑥1

𝑥11/𝑥1

=
𝑥12

𝑥22

,

𝐸𝑖 (𝑡0, 𝑡1) =
𝐸11

𝐸00

=
𝑥11/𝑥1

𝑥00/𝑥0

=
(𝑦1/𝑥1) (𝑦1/𝑥11)

(𝑦0/𝑥0) (𝑦0/𝑥00)
=
𝑥11

𝑥00

.

(12)

Using these models and the Fare et al. [42] approach it is
thus possible to provide four efficiency/productivity indices
for each firm and a technical progress measure over time
[47]. These are as follows: (i) technical efficiency change
(𝐸) (i.e., relative to a constant returns-to-scale technology);
(ii) technological change (𝑃); (iii) pure technical efficiency
change (PT) (i.e., relative to a variable returns-to-scale
technology); (iv) scale efficiency change (𝑆); and (v) total
factor productivity (𝑀) change. Recalling that 𝑀 indicates
the degree of productivity change, then if 𝑀 > 1 then
productivity gains occur, whilst if𝑀 < 1, productivity losses
occur. Regarding changes in efficiency, technical efficiency
increases (decreases) if and only if 𝐸 is greater (less) than
one. The technological change index interpretation is that
technical progress (regress) has occurred if 𝑃 is greater (less)
than one [32].

An assessment can also be made of the major sources
of productivity gains/losses by comparing the 𝐸 and 𝑃

values. If 𝐸 > 𝑃, then productivity gains are largely the
result of improvements in efficiency, whereas if 𝐸 < 𝑃,
productivity gains are primarily the result of technological
progress [32, 48]. In addition, an indication of the major
source of efficiency change can be obtained by recalling that
overall technical efficiency is the product of pure technical
efficiency and scale efficiency, such that 𝐸 = PT × 𝑆. Thus,
if PT > 𝑆, then the major source of efficiency change (both
increase and decrease) is an improvement in pure technical
efficiency, whereas if PT < 𝑆, the major source of efficiency is
an improvement in scale efficiency [32].

There are many different researches that have applied
MPI to evaluate cross-period efficiency. Worthington [49]
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employed MPI productivity growth decomposed into tech-
nical efficiency change and technological change for two
hundred and sixty-nine Australian credit unions. Odeck [32]
used MPI to analyze the efficiency and productivity growth
of Norwegian Motor Vehicle Inspection Agencies for the
period 1989–91. Zheng et al. [50] investigated the productivity
performance of SOEs using data envelopment analysis and a
MPI based on a sample of about 600 state enterprises from
1980 to 1994. Chen and Ali [51] proposed a new approach
that reveals patterns of productivity change and presents a
new interpretation along with the managerial implication of
each Malmquist component and also identifies the strategy
shifts of individual 𝐷𝑀𝑈𝑘 based upon isoquant changes.
Pastor and Lovell [52] proposed a global MPI that gives
a single productivity change measure. Zelenyuk [53] found
a theoretically justified method of aggregating MPI over
individual decision making units into a group MPI. Wei
et al. [54] used MPI decomposition and investigated the
energy efficiency of China’s iron and steel sector during the
period 1994–2003. Liu and Wu [55] used MPI to analyze the
total factor productivity change in China’s logistics industry
with panel data of logistics listed corporation from 1999
to 2006. Liu and Wang [56] employed data envelopment
analysis to measure the MPI of semiconductor packaging
and testing firms in Taiwan from 2000 to 2003. Barros [57]
estimated changes in total productivity, breaking this down
into technically efficient change and technological change,
using data envelopment analysis applied to the hydroelectric
energy generating plants of EDP, the Portugal Electricity
Company. Rezitis [58] investigated the effect of acquisition
activity on the efficiency and total factor productivity of
Greek banks.

3. Research Design

In this section we propose our research framework and
describe our variable measurement and sample selection.

3.1. Research Framework. This research measures the perfor-
mance of LED companies in Taiwan for the period 2003–
2009 (see Figure 2). The model outputs are two well-known
overall performance measures: net operating revenue and
gross profit determine the relative efficiencies of the first tier
industries in our sample using the four inputs, total assets,
number of employees, operating expense, operating expense,
and operating cost, to generate the two outputs. This allows
the identification of efficiency differentiators, which proves
very useful for inefficient industries because it allows them
to spot their weaknesses and improve performance. This
study applies the DEA approach to reveal the extent to which
inputs can be augmented while maintaining the same level
of outputs. We employed window analysis to determine the
long-term effectiveness in productivity. Finally, we adopted
MPI to identify the major source of productivity growth and
separate the catching effect from efficiency changes over time
due to technological advancements. This study uses a DEA
model to establish a foundation for measuring the efficiency
of ten LED companies in Taiwan.

Input variables Output variables

Window analysis

Malmquist productivity 

Long-term 
effectiveness in 
productivity

Identified the 
major sources 
of productivity 
growth

(1) Total assets
(2) Number of employees
(3) Operating expense
(4) Operating cost

(1) Net operating revenue
(2) Gross profit

index

Figure 2: Research framework.

3.2. Variable Measurement and Sample Selection. Frontier
models require the identification of inputs (resources) and
outputs (transformation of resources). Several criteria can be
used in their selection. The first empirical criterion is avail-
ability. The literature survey is a way of ensuring the research
validity and thus represents another criterion to be taken
into account. The research samples are ten LED companies
in Taiwan. The upstream and midstream LED companies are
Tekcore, Tyntek, Epistar, and Forepi. The downstream LED
companies are Everlight, Ledtech electronics, Bright LED
electronics, Unity Opto Technology, Para light electronics,
and Harvatec. This research period 𝐷𝑀𝑈𝑠 is from 2003 to
2009. We used four input variables and two output variables.
The input variables are total assets, number of employees,
operating expense, and operating cost. The output variables
are net operating revenue and gross profit. The data source is
the Taiwan Economic Journal Database Bureau.

4. Empirical Results

Our study developed a performance evaluation system for
Taiwan LED companies.We conduct the correlation analysis,
window analysis, and Malmquist productivity indexes analy-
sis in this section. LED industry products are mainly used in
displays, automotive, lighting, building decoration, outdoor
advertisement, transportation, and other fields.

Taiwan is the second largest LEDmanufacturing country
in the world in terms of output quantity, just after Japan. The
output value of LEDs in Taiwan was USD 1.423 billion for the
year 2007, which took about 21.6% share of the global output.
It is estimated that the figure will rise to USD 1.595 billion in
2008, representing an annual growth rate of 12.1%. At present,
LEDmanufacturers in Taiwan are focusing on the production
and sales of AlGaInP and blue LEDs.

Just like the IT industry, Taiwan plays an important role
in the LED industry. The main reason is the complete and
specialized vertical disintegration. Taiwan manufacturers are
deeply involved in different areas ranging from epitaxy in
the upstream, chips in the middle-stream to packaging in the
downstream. As opposed to the highly integrated industrial
production in other countries, Taiwan’s LED industry is more
flexible and more capable of providing quality services to
fulfill the needs of a variety of customers.



6 Mathematical Problems in Engineering

The LED industry chain in Taiwan is comprised of
numerous manufacturers including epitaxy in the upstream,
chips in the middle-stream and packaging in the down-
stream. Currently, there are altogether about 200 manufac-
turers that form a very much complete structure. In terms
of terminal applications, enterprises such as China Electric,
Tatung, Forward Electronics, LiteOn, Alliance Optotek, Epis-
tar, I-Chiun, Lustrous, and Wei Min have already engaged in
the LED lighting industry and made strides into automobile
electronics and monitor applications as well. The whole LED
industry supply and demand chain is therefore complete.

The upstream and midstream LED companies in Taiwan
include Tekcore, Tyntek, Epistar, and Forepi. Hence, the
comprehensive product lines, customer base and patent cov-
erage, have made Taiwan a world class LED manufacturing
center. For LED packaging, the downstream LED company
in Taiwan has Everlight, Ledtech electronics, Bright LED
electronics, Unity Opto Technology, Para light electronics,
and Harvatec. In this research, we choose all Taiwanese LED
companies as our DMUS.

Ten listed LED companies were selected as the study
samples. The upstream and midstream LED companies are
Tekcore, Tyntek, Epistar, and Forepi; the downstream LED
companies are Everlight, Ledtech electronics, Bright LED
electronics, Unity Opto Technology, Para light electronics,
and Harvatec. The financial data used in the study were
derived from the Taiwan Economic Journal Database. The
tools used in data processing and analysis are EXCEL2003
and DEAP 2.1.

4.1. Window Analysis. DEA window analysis can be per-
formed using the Excel Solver via Visual Basic application.
Microsoft Company, 2003 Microsoft Company (2003) Excel.
Seattle, USA.We assumed constant returns to scale; that is, as
all inputs double, all outputs will double.Thewindow analysis
enables us to identify the best and the worst industries in
a relative sense, as well as the most stable and variable
industries in DEA scores. The overall efficiency for each
𝐷𝑀𝑈𝑘 is calculated using the CCRmodel [32]. DEAwindow
analysis is also applied. The efficiency scores reported above
are from panel data analyses, where the observations for
ten LED companies in Taiwan in different years are treated
as separate observations, with all measured against each
other. This may not be a reasonable assumption because of
technological improvements occurring over the 7 year period
under analysis. This could make the comparison of units in
different years unfair or unrealistic.The above results indicate
this expected general tendency for improvements over time.
To deal with the problem of unfair comparisons occurring
when including all 7 years in the same analysis, we suggest
using a window rather than a panel data approach, with a
window width of 3 years. This means that observations are
only compared to other observations within a 3-year time
span.

The scores for an industry in different years within the
same window show how the efficiency of an industry changes
from one year to another. The column view shows the
efficiency for the same year but measured against different

1.000

0.900

0.800

0.700

0.600
2003 2004 2005 2006 2007

Tekcore
Tyntek

Epistar
Forepi

Figure 3:Window analysis results of upstream andmidstream LED
companies.

windows and illustrates the impact of changing the units used
to generate the frontier.

We can get the mean, standard division, column range,
and total range values from the window analysis result.
According to the mean value, we can understand the long-
term effectiveness in productivity. The variance in efficiency
reflects the fluctuation in efficiency values for each alter-
native. Column range, CR𝑙,𝑚, can be used to compare the
fluctuations of efficiencies among the alternatives.We can use
the total range to evaluate the stability of an alternative over
different periods.The total range is the difference between the
maximum and minimum efficiency values of alternatives in
all windows.

The information in Table 1 can be used to compare
the performance of different upstream and midstream LED
companies as illustrated in Figure 3. Figure 3 shows the
average efficiency score for different LED companies for each
window in the analysis.

Observing the average efficiency values, Epistar company
has the highest scorewith amean of 0.976, followed byTyntek
and Tekcore. On top of that, Tyntek has the lowest standard
division of 0.044. Regarding the CR value, the best upstream
and midstream LED company is Epistar, and the second best
is Tekcore. Tyntek also has the best TR value of 0.142, followed
by Epistar and Tekcore.

The information in Table 2 can be used to compare the
performance of the different downstream LED companies as
illustrated in Figure 4. Figure 4 shows the average efficiency
score for the different downstream LED companies for each
window in the analysis.

Observing the average efficiency values, Bright LED
electronics has the highest score with a mean of 0.997,
followed by Everlight and Harvatec. On top of that, Bright
LED electronics has the lowest standard division of 0.025.
Regarding the CR value, the best downstream LED company
is Bright LED electronics, and the second best is Unity Opto
Technology. Bright LED electronics also has the best TR value
of 0.025, followed by Everlight and Para light electronics.

We conducted the DEA Malmquist productivity
approach to identify the major source of productivity growth
and separate the catching effect from efficiency changes
over time due to technological advancements. The DEA
Malmquist productivity approach shows that in-depth
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Table 1: 2003∼2009 total efficiency-window analysis of upstream and midstream LED companies.

2003 2004 2005 2006 2007 2008 2009 Mean efficiency Standard division Total range

Tekcore

0.983 1.000 0.995 0.993 0.938 0.074 0.247
1.000 0.968 0.922 0.963

1.000 0.979 0.841 0.940
1.000 0.855 0.903 0.919

0.918 0.953 0.753 0.875
CR1,𝑚 x 0.000 0.032 0.078 0.077 0.050 x CR1 0.078

Tyntek

1.000 1.000 1.000 1.000 0.974 0.044 0.142
0.952 0.923 1.000 0.958

0.920 1.000 1.000 0.973
1.000 1.000 0.955 0.985

1.000 1.000 0.858 0.953
CR2,𝑚 x 0.048 0.080 0.000 0.000 0.045 x CR2 0.080

Epistar

1.000 1.000 0.969 0.990 0.976 0.048 0.157
1.000 0.980 1.000 0.993

0.963 1.000 1.000 0.988
1.000 1.000 0.843 0.948

1.000 0.880 1.000 0.960
CR3,𝑚 x 0.000 0.017 0.000 0.000 0.037 x CR3 0.037

Forepi

0.987 0.923 0.692 0.867 0.835 0.111 0.317
0.940 0.704 0.671 0.772

0.805 0.710 0.884 0.800
0.717 0.887 0.839 0.814

0.940 0.854 0.967 0.920
CR4,𝑚 x 0.017 0.113 0.046 0.056 0.015 x CR4 0.113

Everlight

Ledtech electronics
Bright LED electronicsUnity Opto technology
Para light electronics

Harvatec
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Figure 4: Window analysis results of downstream LED companies.

information can be obtained by analyzing each individual
MPI component [59, 60]. Such analyses are sometimes
very critical in comprehensively capturing an industry’s
performance. Through an analysis of the MPI components
we reveal the managerial implications of each component.
The results from these analyses are then further examined
using the MPI approach and its decomposition. Hence we
saw separation in the catching up effect from the frontier
shift, and we clearly observed how the frontier shift is the
determinant for productivity growth, with the catching
up effect being neutral or negative depending on the
assumptions used. From the MPI results, we know that
industries not only enhance their managerial skills but also
increase and improve innovative performance and upgrade
technology [32, 61].

4.2. Malmquist Productivity Indexes Analysis. Malmquist
indices for the period 2003 to 2009 are presented below
for the sample of ten LED companies in Taiwan. Using
this information two primary issues are addressed in our
Malmquist productivity growth indices computation over
the sample period. The first is the productivity change
measurement over the period. The second is to decompose
changes in productivity into what are generally referred to
as a “catching-up” effect (efficiency change) and a “frontier
shift” effect (technological change). In turn, the “catching-
up” effect is further decomposed to identify the main sources
of improvement, through either enhancements in technical
efficiency or increases in scale efficiency [49, 50].

DEA allows for the estimation of total productivity
change in the form of the Malmquist index. The results are
presented in Tables 3–6, with the Malmquist index, denoted
total productivity change, broken down into technically
efficient change (the diffusion or catch-up component), and
technologically efficient change (the innovation or frontier-
shift component). Moreover, we break down technically
efficient change into pure efficient change and scale-efficient
change.

In Table 3 we can see that the total productivity change
score (the MPI presented in column 5) for upstream and
midstream LED companies is higher than one for almost all
periods, except for 2003-2004 and 2006-2007, showing that
a large proportion of the four upstream and midstream LED
companies in Taiwan experienced gains in total productivity
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Table 2: 2003∼2009 total efficiency-window analysis of downstream LED companies.

2003 2004 2005 2006 2007 2008 2009 Mean efficiency Standard division Total range

Everlight

0.912 0.918 0.919 0.916 0.977 0.034 0.088
0.977 1.000 0.988

1.000 1.000 0.990 0.997
1.000 1.000 0.970 0.990

1.000 1.000 0.989 0.996
CR1,𝑚 x 0.059 0.081 0.000 0.010 0.030 x CR1 0.081

Ledtech electronics

0.782 0.834 0.873 0.830 0.939 0.065 0.218
0.911 0.929 0.948 0.929

0.955 0.969 1.000 0.975
0.969 1.000 0.978 0.982

1.000 0.994 0.949 0.981
CR2,𝑚 x 0.077 0.082 0.021 0.000 0.017 x CR2 0.082

Bright LED electronics

1.000 1.000 1.000 1.000 0.997 0.007 0.025
1.000 1.000 1.000 1.000

1.000 0.989 1.000 0.996
1.000 1.000 1.000
1.000 0.975 1.000 0.992

CR3,𝑚 x 0.000 0.000 0.011 0.000 0.025 x CR3 0.025

Unity Opto Technology

0.871 0.934 0.792 0.865 0.861 0.047 0.179
0.971 0.858 0.813 0.881

0.863 0.815 0.863 0.847
0.815 0.876 0.830 0.840

0.876 0.846 0.887 0.870
CR4,𝑚 x 0.037 0.072 0.002 0.013 0.016 x CR4 0.072

Para light electronics

0.841 0.870 0.849 0.853 0.898 0.031 0.099
0.911 0.887 0.888 0.895

0.932 0.928 0.910 0.923
0.941 0.920 0.904 0.921

0.927 0.904 0.867 0.899
CR5,𝑚 x 0.041 0.083 0.052 0.017 0.000 x CR5 0.083

Harvatec

1.000 0.834 0.866 0.900 0.948 0.050 0.166
0.908 0.950 0.901 0.919

0.968 0.945 0.962 0.958
0.970 0.989 0.977 0.979

1.000 0.990 0.964 0.984
CR6,𝑚 x 0.074 0.102 0.070 0.038 0.013 x CR6 0.102

in the six periods considered. The mean MPI is 1.069, which,
since it is higher than one, signifies that for the four upstream
and midstream LED companies in Taiwan, total productivity
decreased from 2003 to 2009.

In Table 4 we can see that the total productivity change
score (the MPI presented in column 5) for upstream and
midstream LED companies is higher than one for Tekcore,
Tyntek, Epistar, and Forepi showing that a large proportion
of the three industries experienced gains in total produc-
tivity in the period considered. The mean MPI is 1.069,
which, since it is higher than one, signifies that for the six
high-tech industries, total productivity increased from 2003
to 2009.The change in the technical efficiency score (column
1) is defined as the diffusion of best-practice technology
in the management of the activity and is attributed to

investment planning, technical experience, and management
and organization in the four upstream and midstream LED
companies in Taiwan. For the period under analysis, we can
see that it is higher than one for Tekcore, Tyntek, Epistar,
and Forepi, signifying that there was an increase in technical
efficiency in the period.

The breakdown of the score for the change in technical
efficiency into pure technical efficiency change (column 3)
and scale-efficiency change (column 4) shows mixed results,
with some plants obtaining simultaneous gains in both areas
and others obtaining gains in one, but losses in the other.
The improvement in pure technical efficiency, which signifies
an improvement in managerial skills, shows that there was
investment in organizational factors associated with the
management of plants, such as a better balance between
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Table 3: Malmquist productivity index summary of annual means of upstream and midstream LED companies.

Year Effch1 Techch Pech Sech Tfpch (MPI)2

2003∼2004 1.021 0.978 1.000 1.021 0.999
2004∼2005 0.982 1.206 1.000 0.982 1.185
2005∼2006 0.955 1.086 0.929 1.028 1.038
2006∼2007 1.047 0.890 1.038 1.009 0.932
2007∼2008 1.021 1.231 1.027 0.995 1.257
2008∼2009 1.015 1.021 1.010 1.005 1.037
Mean 1.007 1.062 1.000 1.007 1.069
1Effch = pech × sech.
2Tfpch (MPI) = effch × techch.

Table 4: Malmquist productivity index summary of upstream and midstream LED companies means.

Effch Techch Pech Sech Tfpch (MPI)
Tekcore 1.027 1.094 1.000 1.027 1.123
Tyntek 1.000 1.058 1.000 1.000 1.058
Epistar 1.000 1.064 1.000 1.000 1.064
Forepi 1.000 1.032 1.000 1.000 1.032
Mean 1.007 1.062 1.000 1.007 1.069

inputs and outputs, best-practice initiatives, more accurate
reporting, an improvement in quality, and so on. The scale
efficiency, which is the consequence of size, increases in
the period for many plants, due to the increase in capacity
utilization [57]. It is important to note that the mean amount
of technical efficiency improvement is 1.007 (mean), the
mean value of pure technical efficiency change is 1.000 and
the mean value of scale-efficiency change is 1.007. This is a
relatively high improvement in efficiency.

Technological change (column 2) is the consequence of
innovation, that is, the adoption of new technologies, by best-
practice hydroelectric plants [57]. Its mean value is 1.062
and this index is higher than one for four upstream and
midstream LED companies in Taiwan. The value of techno-
logical change is larger than one for Tekcore, Tyntek, Epistar,
and Forepi. This indicates that innovation improved in the
period for Tekcore, Tyntek, Epistar, and Forepi, meaning that
there was investment in new technologies (methodologies,
procedures, and techniques) and in the commensurate skills
upgrades related to this.

In Table 5 we can see that the total productivity change
score (the MPI presented in column 5) for downstream LED
companies is higher than one for almost all periods, except
for 2005-2006, showing that a large proportion of the six
downstream LED companies in Taiwan experienced gains in
total productivity in the six periods considered. The mean
MPI is 1.031, which, since it is higher than one, signifies that
for the four upstream and midstream LED companies in
Taiwan, total productivity decreased from 2003 to 2009.

In Table 6, we can see that the total productivity change
score (the MPI presented in column 5) for downstream LED
companies is higher than one for all downstream LED com-
panies showing that a large proportion of the downstream
LED companies experienced gains in total productivity in
the period considered. The mean MPI is 1.031, which, since

it is higher than one, signifies that for the downstream LED
companies, total productivity increased from 2003 to 2009.
The change in the technical efficiency score (column 1) is
defined as the diffusion of best-practice technology in the
management of the activity and is attributed to investment
planning, technical experience, and management and orga-
nization in the downstream LED companies in Taiwan. For
the period under analysis, we can see that it is higher than one
signifying that there was an increase in technical efficiency in
the period.

The score breakdown for the change in technical effi-
ciency into pure technical efficiency change (column 3) and
scale-efficiency change (column 4) shows mixed results, with
some plants obtaining simultaneous gains in both areas and
others obtaining gains in one, but losses in the other. The
improvement in pure technical efficiency, which signifies
an improvement in managerial skills, shows that there was
investment in organizational factors associated with plant
management, such as a better balance between inputs and
outputs, best-practice initiatives, more accurate reporting,
an improvement in quality, and so on. The scale efficiency,
which is the consequence of size, increases in the period for
many plants, due to the increase in capacity utilization [57].
It is important to note that the mean amount of technical
efficiency improvement is 0.986 (mean), the mean value of
pure technical efficiency change is 0.999 and the mean value
of scale-efficiency change is 0.987. This is a relatively low
improvement in efficiency.

Technological change (column 2) is the consequence of
innovation, that is, the adoption of new technologies, by
best-practice hydroelectric plants [57]. Its mean value is
1.045, and this index is higher than one for six downstream
LED companies in Taiwan. The technological change value
is larger than one for six downstream LED companies.
This indicates that innovation improved in the period for
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Table 5: Malmquist productivity index summary of annual means of downstream LED companies.

Year Effch Techch Pech Sech Tfpch (MPI)
2003∼2004 1.002 1.006 0.996 1.005 1.008
2004∼2005 0.987 1.144 0.993 0.994 1.129
2005∼2006 0.983 0.997 0.986 0.997 0.980
2006∼2007 1.009 1.012 1.012 0.997 1.020
2007∼2008 1.009 1.015 1.014 0.995 1.024
2008∼2009 0.931 1.107 0.993 0.938 1.031
Mean 0.986 1.045 0.999 0.987 1.031

Table 6: Malmquist productivity index summary of annual means of downstream LED companies.

Effch Techch Pech Sech Tfpch (MPI)
Everlight 0.986 1.062 1.000 0.986 1.046
Ledtech electronics 0.960 1.049 1.000 0.960 1.007
Bright LED electronics 1.000 1.040 1.000 1.000 1.040
Unity Opto Technology 0.987 1.023 0.994 0.993 1.010
Para light electronics 0.986 1.034 1.000 0.986 1.020
Harvatec 1.000 1.063 1.000 1.000 1.063
Mean 0.986 1.045 0.999 0.987 1.031

six downstream LED companies, meaning that there was
investment in new technologies (methodologies, procedures,
and techniques) and in the commensurate skills upgrades
related to this.

5. Conclusions and Remarks

Performance is “accomplishment” and “efficiency.” Accom-
plishment means the exterior efficiency of the business;
efficiency means the level of inner business circulation [61].
Evaluating performance scientifically and reasonably and
establishing a performance evaluation model have become
the core contents of performance evaluation. Performance
evaluation is an important approach for enterprises to give
incentives and restraint to their operators. It is also an
important channel for enterprise stakeholders to obtain
performance information [62, 63].

This study analyzed the operating efficiency of ten LED
companies in Taiwan for the period 2003–2009. This study
indicated how the DEA approach is used to identify individ-
ual years that are less efficient than other comparable years
in terms of output factors relative to the input factors [60].
The most recent style for measuring efficiency is data envel-
opment analysis, which is a linear program approach based
on this concept. Data envelopment analysis measures the
efficiency of decision making units by performing linear pro-
graming for each in comparison to other units. Accordingly
the decision making units that lie on the frontier curve are
efficient in choosing the optimal mixture of inputs to achieve
the aimed level of outputs.Weused data envelopment analysis
to advise inefficient units by initiating certain changes in
inputs and/or outputs to improve their efficiencies [33, 64].

This paper applied DEA windows analysis to determine
the efficiency of ten LED companies in Taiwan for the period
2003–2009 over time. This approach is advocated in favor of

the commonly used cross-sectional data analysis. We have
shownhow this approach enables calculating efficiency scores
even for a small number of different units with a fairly large
number of variables. We can use DEA window analysis to
evaluate the efficiency of different LED companies over a long
term and obtain a best industry that is relativelymore efficient
for performance. The issue of how same period efficiencies
should be defined in a window analysis was discussed and
illustrated empirically. In a situation in which industries
have made recent investments to achieve beneficial results in
the future, or simply just as a result of random effects, the
traditional cross-sectional approachmay producemisleading
results.This study concludes that the efficiency of the different
industries can fluctuate over time to different extents.

We conducted the DEA Malmquist productivity ap-
proach to identify the major source of productivity growth
and separate the catching effect from efficiency changes
over time due to technological advancements. The DEA
Malmquist productivity approach shows that in-depth infor-
mation can be obtained by analyzing each individual
MPI component. Such analyses are sometimes very crit-
ical in comprehensively capturing an industry’s perfor-
mance. Through MPI components analysis we revealed the
managerial implications of each component. The results
from these analyses were then further examined using
the MPI approach and its decomposition. Hence we saw
the separation of the catching up effect from the frontier
shift, and we clearly observed how the frontier shift is
the determinant for productivity growth, with the catch-
ing up effect being neutral or negative depending on the
assumptions used. From the MPI results we know that
industries not only enhance their managerial skills but also
increase and improve innovative performance and upgrade
technology.
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TheTaiwanese LED supply-chain has already experienced
several rounds of M&A and alliance in the last few years,
especially for Epistar. The recent trend for Taiwan LED
makers is to move toward downstream, that is, packaging,
modules and lighting, to increase their revenue/profit, as well
as building their relationships with channels to secure their
orders. We view the virtual alliance via vertical integration as
a positive for Taiwanese LEDmakers, especially to capture the
growing lighting demand.

From the model results we know that industries not only
enhance their managerial skills but also increase and improve
innovative performance and upgrade technology level.

Better manufacturing ability allows more accurate
resource capacity prediction and competing resource
requirements provides more accurate production lead time
forecasting. This ability comes from the acuity gained
through improved communication, scanning,, and analysis.
Greater responsiveness provides flexibility in reacting
to schedule variations and changes. Competing in the
marketplace on a cost efficiency basis requires striving
for low cost production. In order to keep manufacturing
costs competitive, managers must address materials, labor,
overhead and other costs. Inventories have long been the
focus of cost reduction in factories and are one of the
justifications for the JIT system. Therefore, inventory and
inventory-related items, such as improving vendor quality
and reducing purchased material waste, are considered
cost capability indicators. Realizing low inventory levels,
decreasing labor costs, and reducing machine time are all
positive factors in the cost efficiency construct.

Manufacturing capability is considered an important ele-
ment in a firm’s endeavor to improve firmperformance.Man-
ufacturing capability management strategies have reduced
inventory and manufacturing cycle times, with more com-
plete, on-time shipments of better quality products. Enter-
prises should focus on reducing costs and must also pay
more attention to building agility and flexibility into their
manufacturing processes, seeking better market differentia-
tion. Cost reductions remain the focus of all enterprises and
many still struggle with data collection and cultural issues.
Manufacturing capability includes five aspects, reducing
manufacturing costs, shrinking manufacturing cycle time,
improving schedule compliance, and satisfying the demand
for more complete and on-time shipments.

Innovation shows up in the quality and quantity of ideas
and the efficiency and effectiveness of implementing those
ideas. The second face of R&D is called the absorptive
capacity. It is considered crucial, particularly for assessing
the effective contribution of spillovers from others. Defined
as a set of knowledge and competencies, a firm’s knowledge
base remains a preliminary condition in the assimilation of
spillovers from R&D efforts and the outside environment.
R&D activity does not only stimulate innovation, it also
enhances the firms’ ability to assimilate outside knowledge.

Successful human resource capability management is
important for the high tech industry. Human resource per-
formance management is a huge priority for competitive
organizations.That is where superior software solutions come
in. By automating much of the human resource performance

management process and adding much-needed knowledge
and information access to the equation, such solutions can
help make these HR initiatives a source of success. Valued
human resource development improves professional skills
and capabilities and also solves the problem of measuring
the human resources effect on an organization. We think
that HRM as an instrument designed to enhance the labor
extraction process and thus improve firm performance.

Our work provides a good method to evaluate LED
companies, but also establishes the foundation to study
performance evaluation method for LED companies more
deeply. In future work we will promote the performance
evaluation model and put forward a more reasonable criteria
weight model to improve evaluation efficiency and veracity
for LED companies. There are two extensions to this study
that can be undertaken. First, although the input side of the
DEA model considered all relevant input dimensions in our
industry, the output side bears reexamination. Our study only
considered two industry performance measures (namely,
number of patents and annual sales) due to certain limitations
in the sample size associated with DEA implementation.
Future studies should consider a more extensive set of
business performance measures. Of particular interest would
be a DEA model incorporating market-oriented measures
such as market share and sales growth. Second, in evaluating
the relative efficiency scores using DEA, we did not restrict
any input or output weights. This may affect the results if
certain input or output measures are more important than
others. In future research it may be interesting to identify
suchweights to reflect relative importance and integrate them
into the analysis. This would provide more robust results and
conclusions.
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