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This paper adopts data envelopment analysis (DEA), a robust and reliable evaluation method widely
applied in various fields to explore the key indicators contributing to the learning performance of English
freshmen writing courses in a university of Taiwan from the academic year 2004 to 2006. The results of
DEA model applied in learning performance change our original viewpoint and reveal that some decision-
making units (DMUs) with higher actual values of inputs and outputs have lower efficiency because the
relative efficiency of each DMU is measured by their distance to the efficiency frontier. DMUs may refer to
different facet reference sets according to their actual values located in lower or higher ranges. In the
managerial strategy of educational field, the paper can encourage inefficient DMUs to always compare
themselves with efficient DMUs in their range and make improvement little by little. The results of
DEA model can also give clear indicators and the percentage of which input and output items to improve.
The paper also demonstrates that the benchmarking characteristics of the DEA model can automatically
segment all the DMUs into different levels based on the indicators fed into the performance evaluation
mechanism. The efficient DMUs on the frontier curve can be considered as the boundaries of the classi-
fication which are systematically defined by the DEA model according to the statistic distribution.

� 2011 Elsevier Ltd. All rights reserved.
1. Introduction

According to the Ministry of Education in Taiwan (2009a), the
number of students in higher education institutions (HEIs) has in-
creased by about 23% from 915,921 to 1,123,755 from 1999 to
2009. During the past decade, higher education has become acces-
sible to more people with the encouragement from the Ministry of
Education. As a result, the number of colleges and universities has
increased rapidly. However, the government budget has not in-
creased as much as the number of academic institutions. Many of
these institutions struggle to obtain public financial support and
need to find additional financial support.

Moreover, even if higher education is now universal, Taiwan has
the lowest birth rate in the world: 0.83 according to the Ministry of
Interior (2010). The birth rate has dropped dramatically during the
past 4 years certainly due to the global economic downturn. If this
trend continues, the number of students in Taiwan will inevitably
decrease in the coming years. The percentage of children under 15
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years of age has already dropped from 20.80% in 2001 to 16.95% in
2008 (Ministry of Education, 2009b) and the number of elementary
school children has dropped from 1,927,179 during 1999–2000 to
1,677,303 during 2008–2009 (Ministry of Education 2001, 2009a).

In order to distribute limited resources more fairly and close
less competitive institutions, the Higher Education Evaluation
and Accreditation Council of Taiwan has initiated a system of per-
formance evaluation based on self-evaluation reports and accom-
panied by peer reviews or site visits (Ministry of Education,
2009a). Higher education institutions need to maintain a certain
level of quality and become as efficient and attractive as possible
in order to avoid low student enrollment, high graduate unemploy-
ment, credential inflation, and even closure. The performance eval-
uation by the Ministry of Education is now a universal practice
undertaken every four years in Taiwan. Every academic institution
also performs self-evaluations concerning teachers’ research re-
sults and student’s learning performance.

This paper adopts data envelopment analysis (DEA), a robust
and reliable evaluation method widely applied in various fields
to explore the key indicators contributing to the learning perfor-
mance of English freshmen writing courses in a university of
Taiwan from the academic year 2004 to 2006. Taiwan export-based
economy makes English an indispensable communication tool and
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a valuable skill for the students who expect to enter the job mar-
ket. The paper aims at not only calculating the quantitative effi-
ciency of DMUs (evaluated units), but also indicating the room
for improvement in what aspect for the inefficient DMUs. Through
the benchmarking characteristics of DEA, the inefficient DMUs can
have more objective indication and endeavor to make progress
step by step.

According to McGowan and Graham (2009), the four factors
contributing most to improved teaching are active/practical learn-
ing (real-world experiences and in-class discussions), teacher/
student interactions (knowing students personally), clear expecta-
tions/learning outcomes, and faculty preparation. By comparison
in our paper, the following four factors are classified into two in-
puts and two outputs: the preparation of teaching contents and
teaching skills for the inputs and fair grading and students’ learn-
ing performance for the outputs. Active/practical learning may cor-
respond to our teaching skills and faculty preparation to our
preparation of teaching contents. However, contrary to McGowan
and Graham (2009), the paper shows that fair grading and stu-
dents’ learning performance are the major factors contributing to
students’ learning performance and teachers’ improved teaching.

Dickinson (1990) made a study in an American public school by
using Mitzel’s, 1982 criterion for classifying the rating questions.
Students were asked about instructors’ knowledge, presentation,
overall evaluation, presentation of clear objectives, and about stu-
dents’ estimate of amount learned. His paper determined the rela-
tionship between learning and the students’ ratings of the
instruction by using Pearson correlation coefficients. The findings
pointed out the problems with using pupils’ ratings of teachers
especially if the ratings were to be used as part of a teacher’s eval-
uation for merit pay, promotion, or tenure if amount learned was
used as the criterion of effective teaching: according to Chacko
(1983), Arreola (1986) and Dickinson (1990), and students gener-
ally gave their teachers high marks even in the face of low learning.

Marsh and Roche (1997) showed that student evaluation could
result in improved teaching effectiveness and that end-of-term
feedback is more effective than midterm feedback. The validity of
student evaluation is demonstrated by validation of student rat-
ings, student achievement, teacher self-evaluation, and observa-
tion by trained evaluators. But not all scholars acknowledge the
value of evaluating faculty performance. Ryan, Anderson, and
Birchler (1980) showed that 38% of professors admitted to making
their courses easier in response to student evaluation. Boland and
Sims (1988) criticized the process as subjective, inconsistent, puni-
tive, and sporadic. They showed that evaluation criteria were
inconsistently written and that performance expectations were
inexplicit or poorly communicated. Haskell (1997) analyzed the
impact of student evaluation of faculty performance on academic
freedom and argued that the pressure to respond to students’
needs could cause the problems regarding retention, promotion,
tenure, and salary increases.

Students’ ratings of teachers are part of the performance evalu-
ation. Even though these ratings are not considered by some schol-
ars to be very objective, however, they provide useful information
and give an opportunity to students to express their feelings and
what they think about their teachers and their courses. It should
only be used as a reference, but with great care and fairness. More-
over, the questions asked to the students can be improved in order
to make the results more accurate and objective. When the ratings
are unfair and do not reflect the reality, it will make teachers feel
bitter and want to give up. When the ratings are accurate and fair,
it can help teachers better understand their students and their
needs, leading to improved teaching methods.

Data envelopment analysis (DEA) has been used by various
studies to analyze students’ learning performance. Ahn, Arnold,
Charnes, and Cooper (1989) have assessed the efficiency of US
universities during 1981–1985 and Glass, Mckillop, and O’Roruke
(1998) the efficiency of UK universities during 1989–1992. Other
studies have measured efficiency at the departmental level:
Madden, Savage, and Kemp (1997) measured the performance of
economics departments in Australian universities; Johnes and
Johnes (1993) the performance of economics departments in the
UK during 1984–1988; Colbert, Levary, and Shaner (2000) the
performance of MBA programs in the US. Fu and Huang (2009)
conducted a survey of college graduates in 2003 and used an out-
put-oriented BCC type of DEA model to provide information for
students and school administrators.

Lin (2009) developed an evaluation approach for measuring and
ranking the efficiency of tutors in some higher education institu-
tions (HEIs) in Taiwan. As many of these institutions have estab-
lished committees to evaluate the performance of tutors and
reward the outstanding tutors each academic year, Lin (2009) pro-
posed to use an IDEA (imprecise data envelopment analysis) model
based on the BCC model to help determining the final ranking of
outstanding DMUs, that is, the evaluated tutors.

In the field of Teaching English as a Second Language (TESL),
Barcelos and Kalaja (2003) demonstrated that teachers’ and stu-
dents’ beliefs about second language acquisition are experiential,
dynamic, socially constructed, and changeable. Hsu (2010) pro-
posed a web-based interactive speaking improvement system for
English as a Second Language learner by using fuzzy matching.
According to this study, the system could effectively help students
speak English more correctly and it could be adapted for improving
the speaking ability of learners of other foreign languages than
English. Clinton and Kohlmeyer (2005) have investigated the effect
of group quizzes on accounting students’ performance and motiva-
tion to learn. They found out that students in the group-condition
had significantly different affective reactions than those in the
non-group condition. Moreover, the overall performance of the
instructor was rated higher for the group quizzes sections and
the students expressed greater motivation to learn and increased
enthusiasm even if they did not evidence any significantly different
performance results.

The remainder of the paper is organized as follows: the method-
ology and choice of key indicators explain the DEA method and the
important input and output items discussed in the paper. The fol-
lowing section presents the obtained numerical results and recom-
mendations. The final paragraph draws the conclusions and
implications.
2. Methodology and choice of inputs and outputs

Performance evaluation has been widely applied in various
industries and fields. The objective of evaluation aims at enhancing
management performance, changing strategy, or increasing pro-
ductivity. Enterprises and institutions use assessment tools or
methods to clarify the performance of people, machines, equip-
ment resources, and operation procedures. Therefore, managers
can better allocate limited resources and make optimal strategies
and decisions in time. For the organizations possessing human re-
sources as their major assets, employees’ working performance
and learning performance are also fatal in a fierce competitive
market. Education institutions even consider training high quality
students both in professional knowledge and in daily life behavior
as one of their most important missions. The students going to uni-
versity have different background and characteristics every year. It
is quite difficult to predict their learning performance, especially
because English writing courses are taught by many teachers pro-
viding different teaching efforts. The paper aims at identifying the
main input indicators having a significant impact on the output
indicators. The input and output indicators describing this type



Table 1
Correlation coefficients between input and output items.

Inputs outputs I1 (preparation of teaching
contents)

I2 (teaching
skill)

O1 (Fair grading) 0.961*** 0.939***

O2 (Learning
performance)

0.936*** 0.908***

*** Denotes significant levels at 1%.
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of learning performance should better be quantitative so as to be
compared with different evaluated units. The DEA method is par-
ticularly suitable and reliable for this type of study.

2.1. DEA model, Charnes–Cooper–Rhodes model and Banker–Charnes–
Cooper model

Data envelopment analysis (DEA) is a quantitative method which
can handle both multiple inputs and multiple outputs to measure
the performance of decision-making units (DMUs), that is, the eval-
uated units. DEA includes the function and concept of benchmark-
ing. The inefficient DMUs can refer to the outstanding DMUs on
their range and are not always compared with the ones with the
highest range of actual values. The DEA method can indicate the
relative efficiency of each DMU within a sample (Samoilenko &
Osei-Bryson, 2008). Charnes, Cooper, and Rhodes (1978) converted
the concept of multiple inputs and multiple outputs into single vir-
tual input and output by linear combination. Their method, called
the ‘‘Charnes–Cooper–Rhodes (CCR) model’’ or ‘‘CCR model’’ esti-
mated the efficiency frontier by the ratio of two linear combinations
and measured the relative efficiency of each DMU. According to Lin,
Lee, and Chiu (2009) and Lee (2009), the efficiency value of the CCR
model corresponds to the overall technical efficiency of an evaluated
unit. If the efficiency value equals 1, the evaluated unit is efficient
(optimal performance) and in constant returns to scale (CRTS); if
the efficiency value is less than 1, the evaluated unit needs some
improvement. Banker, Charnes, and Cooper (1984) expanded the
concept and application scope in both Farrell and CCR models by
supposing that the inefficiency of a DMU might not have allocative
efficiency, proper scale, and technical efficiency. Therefore, they
changed the CCR model’s CRTS hypothesis to variable returns to
scale (VRS) and divided technical efficiency into pure technical
efficiency and scale efficiency. This method is called the ‘‘Banker–
Charnes–Cooper (BCC) model’’ or ‘‘BCC model’’.

2.2. Definition of data source and DMU

The paper adopts DEA to perform the efficiency evaluation of
freshmen students in a university of Taiwan from the academic year
2004 to 2006. They follow the same training program of English
writing for one semester. A total of 50 classes are selected as the
decision-making units (DMUs), that is, the evaluated units. They
are named from D1 to D50. The learning performance of the DMUs
is then interpreted by analyzing input items and output items.

2.3. Selection of input and output items

The specification of inputs and outputs is a crucial first step in
DEA. According to students’ ratings, each question is given a score
from 1 to 5. 1 means that students are very unsatisfied; 2 means
that students are unsatisfied; 3 means that students are neither
satisfied nor unsatisfied; 4 means that students are satisfied; 5
means that students are very satisfied. Four items for the evalua-
tion model are chosen as follows:

Input dimension:

I1 The preparation of teaching contents: it can reflect the
degree of teachers’ professional knowledge for the prepara-
tion of teaching materials. A high score signifies that stu-
dents are highly satisfied with teachers’ preparation of
teaching contents.

I2 Teaching skills: students acknowledge their teacher’s ability
to make the course of English writing clear and interesting
and have no difficulty to assimilate the contents. A high
score signifies that students are highly satisfied with teach-
ers’ teaching skills.
Output dimension:

O1 Fair grading: it shows whether teachers’ grading is fair
according to students. A higher score denotes that students
consider teachers’ grading to be fairer.

O2 Students’ learning performance: it indicates students’
knowledge acquisition after a semester of English writing
training. A higher score denotes that students are more sat-
isfied with what and how much they learned over the past
semester.

The average actual values (students’ ratings of teachers) of I1,
I2, O1, and O2 are 3.97, 3.82, 3.83, and 3.99, respectively. All the ac-
quired data are treated and then interpreted in the following
sections.
2.4. Correlation analysis of input and output items

The paper uses the Pearson correlation coefficient test to verify
the correlation of inputs and outputs so as to understand whether
the principle of Isotonicity is satisfied. A higher Pearson correlation
coefficient means that the relationship between two variables is
closer. A Pearson correlation coefficient of 0.8 or above indicates
a very high correlation; a value between 0.6 and 0.8 indicates a
high correlation; a value between 0.2 and 0.4 indicates a low cor-
relation; a value inferior to 0.2 indicates an extremely low correla-
tion or no correlation. Table 1 lists the correlation coefficients
between input (I) and output (O) items: I1 represents the prepara-
tion of teaching contents and I2 teaching skills; O1 represents fair
grading and O2 students’ learning performance. The correlation
coefficients among these 4 items are all above 0.9 with a significant
level at 1%. Therefore, the principle of Isotonicity is satisfied. In
addition, the variance inflation factor (VIF) check is undertaken
to measure the impact of collinearity between the two inputs
and between the two outputs. The result shows that the VIF values
all satisfy the norm (VIF < 10); that is, the VIF value inferior to 10
represents that there is no highly collinearity problem between
the inputs or between the outputs, and that the high correlation
problem does not exist in our paper. Hence, the inputs and outputs
chosen in the paper can not replace one another; each item is rep-
resentative of the evaluation of learning performance.
3. Results and recommendations

The results of numerical analysis may provide useful sugges-
tions for both teachers and students. These results can help stu-
dents’ learning efforts and teachers’ teaching efforts to reach
their optimal performance under limited resources. In the paper,
the software Frontier Analyst is used to analyze the learning per-
formance of 50 DMUs, named from D1 to D50. The calculi are
undertaken respectively by using an input oriented and an output
oriented DEA model to evaluate the use efficiency of relative re-
sources. An input orientation evaluates the minimum input effort
needed to maintain the current output performance, while an
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output orientation evaluates the maximum output performance
needed under the current input resources.

In our paper about learning performance in higher educational
institutions, minimizing input items in order to obtain an effi-
ciency value equal to 1 can mislead educators because:

1. In order to obtain a high overall technical efficiency, some
teachers choose to reduce their teaching efforts and ignore
the improvement of their teaching skills. A study by Ryan
et al. (1980) showed that 38% of professors admitted making
their courses easier in response to student evaluation.

2. It is possible for a teacher to obtain a very high overall technical
efficiency by reducing the preparation of teaching contents and
by giving higher grades to students. This kind of attitude will
probably lead to the decline of students’ professional
knowledge.

3. If hard-working teachers know that it is possible to obtain a
higher evaluation by reducing the preparation of teaching con-
tents, it can discourage them from making tremendous efforts
to better prepare their courses and improve their teaching
skills.

Therefore, the input oriented model is not suitable for our paper
because it is contrary to the objective of education. If used, this in-
put oriented model must follow the criteria which can avoid the
problems mentioned above. Teaching resources and teachers’ en-
ergy are limited. Hence, the output oriented model is more suitable
because it emphasizes on how much the insufficiency of the output
performance is under the current input resources without addi-
tional input efforts.

We have undertaken the calculi of both the input and output
oriented BCC models (assuming returns to scale are variable).
The results show that the changes in efficiency have the same ten-
dency. The DMUs with an efficiency value of 1 are the same for
both input and output orientations; but for the DMUs with an effi-
ciency value inferior to 1, there are slight gaps. The same phenom-
enon appears in the result of other indicators probably because the
goal-settings and limitations of mathematical model for both input
and output orientations are different. Therefore, only the output
oriented empirical results and some important indicators are cho-
sen and listed in Table 2. In addition, Table 2 also lists the CCR
score, that is, the overall technical efficiency of 50 DMUs calculated
under the CCR model of DEA in order to highlight the differences of
efficiency values between the CCR model and BCC model. The BCC
model improves the CCR model and assumes that the DMUs are
scale variable, which is more objective, reasonable, and realistic.
Therefore, the results of the other parameters obtained under the
output oriented BCC model are showed in Table 2. The DMUs are
ranked by descending order of ‘‘CCR’’ and BCC model’s ‘‘Refs’’ col-
umns. The column ‘‘Refs’’ indicates the number of times the other
DMUs are referring to it.

3.1. Efficiency analysis of learning performance

The DMUs with an efficiency value equal to 1 are efficient and
can constitute ‘‘facet reference sets’’ which form efficiency frontier
curves. These efficient DMUs, on the frontier curves, become refer-
ring standards for other inefficient DMUs. The efficiency value of
each DMU is calculated by the distance of their locations to the
efficiency frontier curves. The DMUs in the top 50% of the CCR
scores are arranged in the left part of Table 2 with the average effi-
ciency of 0.982; in the right part of Table 2 are the other DMUs
with the average efficiency of 0.941. We observe that five DMUs
have an overall technical efficiency value of 1, including D37,
D41, D22, D6, and D49. They represent 10% of all the evaluated
units; they have the best performance and are ranked from 1 to
5. These 5 DMUs do not need any improvement in the input items
or in the output items because they have reached their optimal
state, meaning that both teachers and students feel at ease and
are motivated to work. This state requires a good atmosphere in
the class and good teaching preparation and skills from the part
of the teachers. At the same time, students have to show their ef-
forts during the training and to accept criticism. They should not be
afraid of making mistakes and accept to be corrected. Sometimes,
students do not like to be too much corrected and teachers have
to know how much amount of criticism they can handle. This atti-
tude belongs to ‘‘teaching skills’’. If students are over criticized,
they will probably loose their motivation.

According to the BCC model, DMUs are variable returns to
scale (VRS) and the overall technical efficiency can be divided into
pure technical efficiency and scale efficiency, named ‘‘BCC’’ and
‘‘Scale’’ in Table 2 respectively. Under managerial discretion, pure
technical efficiency helps to know whether the production cost
has been minimized and whether the output efficiency has
reached its optimal performance. That is, whether the input re-
sources are perfectly used or lay idle. In our paper, the pure tech-
nical efficiency means whether the preparation of teaching
contents and teaching skills (input items) are sufficiently pre-
sented during the courses.

The scale efficiency is also called allocative efficiency or price
efficiency, which refers to the ability of finding an optimal ratio
for a configuration of fixed inputs and outputs. That is, the prod-
ucts should reach their economic scale in order to cost down the
production. The input resources and output performance are
weighed at the same time. In general, the input cost is higher than
the value on the minimum cost line; therefore, the scale efficiency,
calculated by the minimum cost over the real cost is always infe-
rior or equal to 1. In our paper, the scale efficiency inferior to 1
means most teachers prepare more teaching contents, but students
cannot assimilate or appreciate 100% of the teaching contents or
even are not aware of them.

The 5 DMUs with the overall technical efficiency value of 1 have
the pure technical efficiency value and scale efficiency value of 1,
which indicates that they have reached their optimal state. Among
the other DMUs in Table 2. 6 do not attain the optimal overall tech-
nical efficiency but obtain the pure technical efficiency value of 1
(including D25, D29, D45, D16, D12, and D10). These six DMUs’
scale efficiency values are all smaller than 1, indicating that the
inefficiency of these DMUs mainly stems from the scale factor. Fur-
thermore, there are 39 inefficient DMUs like D3 whose pure tech-
nical efficiency values are smaller than 1. Among which, 6 DMUs
(D3, D28, D11, D21, D30, and D26) have the pure technical effi-
ciency values greater than the scale efficiency values, indicating
that the inefficiency of these DMUs is mainly due to the fact that
students are unable to assimilate the entire contents of the courses.
As to the other inefficient 33 DMUs, their pure technical efficiency
values are smaller than scale efficiency values. It means that some
students think that their teacher has not enough professional
knowledge and experience to teach a course of English writing.

The ‘‘RTS’’ column in Table 2 indicates DMUs’ state of returns to
scale. The constant returns to scale (CRTS) represents that the
DMUs’ inputs and outputs reach a state of optimal configuration
without the need of any adjustments. The increasing returns to
scale (IRTS) represents that DMUs can increase the input resources
in order to increase the output performance. The decreasing re-
turns to scale (DRTS) represents that DMUs should reduce the in-
put resources and adjust the output configuration. Table 2 shows
that among 39 pure technical inefficient DMUs, 26 inefficient
DMUs like D3 are in the stage of increasing returns to scale (IRTS).
The other inefficient 13 DMUs like D11 are in the stage of decreas-
ing returns to scale (DRTS) and recommended to reduce the quan-
tity of teaching contents and improve teaching skills.



Table 2
Output oriented evaluation indicators of 50 DMUs.

ID Ranking CCR BCC Scale RTS Refs Peers Room for improvement (%) ID Ranking CCR BCC Scale RTS Refs Peers Room for improvement (%)

O1 O2 I1 I2 O1 O2 I1 I2

D37 1 1.000 1.000 1.000 CRTS 25 0 0 0 0 0 D30 26 0.963 0.986 0.977 IRTS 0 3 1.5 1.5 0 �4
D41 2 1.000 1.000 1.000 CRTS 21 0 0 0 0 0 D17 26 0.963 0.975 0.988 IRTS 0 2 2.6 3.3 0 �0.7
D22 3 1.000 1.000 1.000 CRTS 13 0 0 0 0 0 D15 28 0.961 0.968 0.992 DRTS 0 4 3.3 3.3 0 0
D6 4 1.000 1.000 1.000 CRTS 9 0 0 0 0 0 D44 29 0.953 0.958 0.995 IRTS 0 3 4.4 4.4 0 �0.2
D49 5 1.000 1.000 1.000 CRTS 1 0 0 0 0 0 D47 30 0.953 0.955 0.998 DRTS 0 4 4.7 4.7 0 0
D25 6 0.999 1.000 0.999 CRTS 2 0 0 0 0 0 D28 31 0.951 0.994 0.956 IRTS 0 2 0.6 3.3 �2.9 0
D29 7 0.997 1.000 0.997 CRTS 2 0 0 0 0 0 D48 31 0.951 0.975 0.976 IRTS 0 2 2.6 13.7 �0.1 0
D45 8 0.995 1.000 0.995 CRTS 24 0 0 0 0 0 D9 33 0.949 0.962 0.987 IRTS 0 3 6.6 4 0 0
D38 9 0.987 0.988 0.999 IRTS 0 4 1.2 1.2 0 0 D19 34 0.948 0.956 0.991 IRTS 0 4 4.6 4.6 0 0
D16 10 0.985 1.000 0.985 CRTS 2 0 0 0 0 0 D50 35 0.948 0.952 0.995 IRTS 0 4 5 5 0 0
D12 11 0.984 1.000 0.984 CRTS 14 0 0 0 0 0 D7 36 0.947 0.948 0.999 DRTS 0 4 5.5 5.5 0 0
D24 12 0.983 0.987 0.996 IRTS 0 3 1.3 1.3 0 �0.6 D18 37 0.943 0.953 0.989 IRTS 0 3 6.8 4.9 0 0
D5 13 0.98 0.981 0.999 DRTS 0 4 1.9 1.9 0 0 D34 38 0.942 0.947 0.995 IRTS 0 3 5.7 5.6 0 0
D31 14 0.978 0.985 0.994 DRTS 0 4 1.6 1.6 0 0 D27 39 0.942 0.951 0.991 IRTS 0 4 5.2 5.2 0 0
D10 15 0.978 1.000 0.978 CRTS 10 0 0 0 0 0 D32 40 0.941 0.952 0.989 IRTS 0 3 5.1 5.1 0 �0.2
D2 16 0.973 0.976 0.997 DRTS 0 3 2.5 2.5 0 �2.8 D35 41 0.941 0.954 0.986 DRTS 0 3 4.8 9.1 0 0
D20 17 0.971 0.972 0.999 DRTS 0 4 2.9 2.9 0 0 D43 42 0.94 0.957 0.982 IRTS 0 2 6.6 4.5 0 �0.7
D42 18 0.971 0.977 0.994 DRTS 0 3 2.4 2.4 �0.2 0 D39 43 0.938 0.945 0.993 IRTS 0 4 5.8 5.8 0 0
D11 19 0.969 0.992 0.977 DRTS 0 2 3 0.8 0 �9.9 D36 44 0.938 0.94 0.998 IRTS 0 3 6.4 7.5 0 0
D46 20 0.968 0.973 0.995 IRTS 0 4 2.8 2.8 0 0 D26 45 0.934 0.968 0.964 IRTS 0 2 8.2 3.3 �1.5 0
D3 21 0.968 0.994 0.973 IRTS 0 2 0.6 2.3 �6.4 0 D33 46 0.932 0.933 0.999 IRTS 0 4 7.2 7.2 0 0
D21 22 0.967 0.99 0.977 IRTS 0 2 4.3 1 0 �4.5 D8 47 0.926 0.939 0.986 IRTS 0 2 6.8 6.5 0 �2.4
D4 23 0.967 0.969 0.998 DRTS 0 3 3.2 9.2 0 0 D13 48 0.913 0.92 0.993 DRTS 0 3 8.7 11.6 0 0
D40 24 0.966 0.967 0.999 DRTS 0 4 3.4 3.4 0 0 D14 49 0.912 0.913 0.999 IRTS 0 4 9.6 9.6 0 0
D1 25 0.965 0.98 0.985 IRTS 0 3 2 2.1 0 0 D23 50 0.906 0.928 0.977 IRTS 0 3 7.8 7.8 0 �2.2

0.982 0.989 0.993 2.36 2.53 0.941 0.953 0.988 5.44 5.88

Notes: 1. ‘‘Refs’’ denotes the number of times the efficient DMUs are referred to by the inefficient DMUs. 2. ‘‘Peers’’ denotes the number of times the inefficient DMUs are referring to other efficient DMUs. 3. The values of BCC, Scale,
RTS, Refs, Peers, and room for improvement are obtained under BCC model.
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3.2. Reference indicators of DMUs

The column ‘‘Refs’’ indicates the number of times the efficient
DMUs referred by the inefficient DMUs. Table 2 indicates that a to-
tal of 11 DMUs with the pure technical efficiency (BCC score) equal
to 1 have Refs values due to their excellent performance: no
improvement in input and output items is needed for them. For
example, D37 is the DMU most referred to and performs best:
there are 25 inefficient DMUs referring to it. However, there is only
1 inefficient DMU referring to D49. Because D37’s actual values
(students’ ratings of teachers) of output and input items (O1 =
4.05, O2 = 4.15, I1 = 3.9, and I2 = 3.95) are superior to those of
D49 (O1 = 2.95, O2 = 3.6, I1 = 3.3, and I2 = 3.05). D37 belongs to
the high actual value group with more DMUs; D49 belongs to
the lower actual value group with fewer DMUs. It means that the
key factors of the DMUs with higher actual values like the prepara-
tion of teaching contents, teaching skills, fair grading, and learning
performance are more recognized by students. As for those DMUs
with the BCC score inferior to 1 and not being located on the pure
technical efficiency frontier curve, no DMUs will refer to them; this
explains why their Refs values are all equal to 0.

The column ‘‘Peers’’ indicates the number of times the ineffi-
cient DMUs refer to other efficient DMUs on the efficient frontier
curve in the same range of input and output items’ actual values.
The DMUs with a BCC score inferior to 1 are those with lower per-
formance in the pure technical efficiency. For example, D11, ranked
19 refers 2 times to other efficient DMUs.
3.3. Room for improvement analysis

Using DEA can provide concrete and practical strategies for inef-
ficient DMUs. The efficient frontier curve analyzes how many ef-
forts and how much room for improvement is necessary for the
output performance to come close to the efficient frontier and to
reduce the gap between the actual output performance and the
targeted output performance.

In Table 2, the column ‘‘Room for improvement’’ indicates how
much improvement is needed for the DMUs and what items are
concerned. The room for improvement of the output oriented BCC
model emphasizes on how much the insufficiency of the output
performance is under the current input resources without addi-
tional input efforts. It explains why I1 and I2, the values of the input
items are mostly 0. That is, most DMUs’ I1 and I2 need no further
improvement; they focus only on the output side. Moreover, all
the values in the columns O1 and O2 are positive: additional efforts
on the output side are necessary in order to increase the output per-
formance. The average values of O1 and O2 for the inefficient DMUs
of top 50% are 2.36 and 2.53, respectively; those of the other ineffi-
cient DMUs are 5.44 and 5.88, respectively. This means that the
inefficient DMUs of top 50% need less improvement in fair grading
and students’ learning performance than the other 50% inefficient
DMUs. Furthermore, O2 needs firstly to be improved. That is, learn-
ing performance should be improved prior to fair grading.
Table 3
Some indicative values of 3 inefficient DMUs in different facet reference sets.

DMU CCR
(ranking)

BCC Actual
value

Target
value

Room for improvement
(%)

D11 0.969 0.992 3.30 3.33 0.80
(19)

D28 0.951 0.994 4.55 4.7 3.25
(31)

D23 0.906 0.928 4.36 4.7 7.78
(50)
D23 (ranked 50) has the lowest overall technical efficiency of
0.906. There is still a 7.8% effort to do in fair grading and students’
learning performance. In this case, teachers are suggested to an-
nounce grading criteria clearly at the beginning of the semester
to help students obtain guidance before preparing for exams and
acquire the knowledge necessary to cover the writing course’s
important topics; it will help increase the value of O2 and enhance
students’ learning performance at the same time.

The values in the columns I1 and I2 are sometimes negative for
some of the DMUs; it means that these DMUs are recommended to
reduce the inputs so as to enhance the overall efficiency. Table 2
reveals that in the I1 column, only the values of D42, D3, D28,
D48 and D26 are different from zero. It indicates that the prepara-
tion of teaching materials and course contents are too much and
too complicated for students to assimilate. Teachers should lightly
reduce the quantity of course contents of indicated percentage in
order to improve students’ learning performance. Teachers need
to make extra efforts to teach more than just grammar and syntax.
Writing courses are not only to correct language mistakes, but also
to acquire a fair understanding of Western culture combined with
a sharp logic. A teacher with writing experience and a good under-
standing of Western culture will be more suitable for this type of
course. As for the case of inefficient DMUs with negative values
in I2, it means that teachers over explain the writing course con-
tents. In order to enhance students’ learning performance, teachers
are advised to give students more opportunities to do exercises or
to revise the course contents.
3.4. Importance of efficiency values in managerial strategy

DEA includes the function and concept of benchmarking, that is,
the process of measuring performance using specific indicators (I1,
I2, and O1, O2) resulting in quantitative values compared with oth-
ers. The inefficient DMUs can refer to the outstanding DMUs in
their range and are not always compared with the ones with the
highest range of actual values. The calculated results change our
original viewpoint and reveal that some DMUs with higher actual
values (students’ ratings of teachers) of input and output items
have lower efficiency as demonstrated in Table 3. This phenome-
non is valid for each item. Hence, Table 3 only lists the values of
output item O2 as an explanatory case and includes efficiency val-
ues, actual values, and the correspondent different facet reference
sets of D11, D28, and D23. D11 is a representative of the DMUs
with higher ranking but lower actual values of students’ ratings.
D28 and D23, on behalf of the DMUs with lower ranking but higher
actual values of students’ ratings, refer to the efficient DMUs in the
same higher range. In fact, the CCR model or the BCC model esti-
mate the efficiency frontier by the ratio of linear combination of in-
puts divided by the linear combination of outputs and measure the
relative efficiency of each DMU. This is the reason why even the
DMUs with lower actual values of input and output items may
obtain relative efficiency values equal to 1. These DMUs become
facet reference sets, which form efficiency frontier curves. The
Reference
set

Reference set’s actual
value

Reference set’s contributions
(%)

D10 2.85 10.08
D29 3.39 89.92
D12 4.68 63.64
D45 4.73 36.36
D12 4.68 50.85
D37 4.15 0.78
D45 4.73 48.38
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frontier curves in 2-dimension (dotted line) are illustrated in Fig. 1,
which is a diagram of the inefficient DMUs referring to the efficient
DMUs. The symbols ‘‘�’’ on Fig. 1 mean that the axes are not to
scale. The DMUs with lower actual values of input and output
items refer to the DMUs on the efficiency frontier curve in the same
range and near them. The efficiency is calculated in accordance
with their distance to the curve. As a result, if a DMU is located
very near the efficiency frontier curve, it will obtain an efficiency
value very close to 1, even with a lower actual value. For example,
as illustrated in Fig. 1, D11 is among the best of a group with lower
actual values and refers to two efficient DMUs of the same range,
D10 and D29. The reference set’s contribution of D29 (89.92%) to
D11 is much higher than that of D10 (10.08%) because D11’s actual
value of O2 is close to that of D29. D28 and D23 belong to a group
with higher actual values and have two efficient DMUs in common,
D12 and D45. Since D28’s location is closer to the efficiency fron-
tier curve than D23, its efficiency is higher than D23’s.

The fact that the DMUs with higher actual values of input and
output items obtain higher efficiency values is only valid when
they refer to the same reference set like in the case of D23 and
D28. As shown in Table 3, D11’s actual value and those of its refer-
ence set (D10, D29) are around 3, which belong to the range of low-
er values; D28 and D23’s actual values and those of their reference
sets [(D12, D45) and (D12, D37, D45)] are around 4.5, which belong
to the range of higher values. Even though D11 has a lower actual
value than those of D28 and D23, it is ranked higher among the 50
DMUs in our paper. This phenomenon confirms perfectly our anal-
ysis mentioned above and is very encouraging in the managerial
implications in the field of education. Because the efficiency calcu-
lated by using the DEA model helps to know how much improve-
ment needed is for the inefficient DMUs. This encourages the
inefficient DMUs to always compare themselves with the efficient
DMUs in their range. If these DMUs are compared with the efficient
DMUs of the highest range, their motivation will be probably shat-
tered and they will give up. Hence, the inefficient DMUs with lower
actual values may endeavor to make improvement little by little.
Students, who have different characteristics, cannot always acquire
the same knowledge and learning results from a same teacher even
if they make the same amount of efforts. Teachers are suggested to
ponder the proportion of different grading items in students’ final
grades such as their attendance, learning attitude, and participa-
tion during the class. As for the inefficient DMUs with high actual
values, the results of the DEA model may encourage them to aspire
to a higher target and to guide them to make continuous progress.
These results may give DMUs clear indicators and the percentage
of which input and output items to improve.

Moreover, we find that the benchmarking characteristics of the
DEA model can be used to automatically segment all the DMUs into
different levels based on their actual values of input and output
items. The efficient DMUs on the frontier curve can be considered
as the boundaries of these levels. These boundaries are systemati-
cally defined by the DEA model according to the statistic distribu-
tion of all the DMUs and may change according to the indicators
fed into the performance evaluation mechanism. Thus, the subjec-
tive judgments and errors made by human beings can be avoided
to some extent. For example, the DMUs [D10, D29, and D11] form
a group and belong to level 1 due to their lowest scores in terms of
actual values compared with those of all the DMUs; D10 and D29
are the floor and the ceiling of level 1 respectively. The DMUs [D37,
D12, D45, D23 and D28] form another group and belong to the
highest level due to their highest scores in terms of actual values;
D37 and D45 are the floor and the ceiling of the highest level
respectively. The advantage of this classification is not only that
the inefficient DMUs can obtain clear indication of improvement,
make progress step by step, and reach the frontier curve during
the benchmarking process, but also that the efficient DMUs on
the frontier curve and belonging to lower levels can refer to higher
levels and aspire to a higher target instead of being stuck in the
bottlenecks. With time, we can expect all the DMUs to become out-
standing and to belong to the highest level. The directors of educa-
tional institutions or corporations can refer to this concrete
classification to give fairer rewards and encourage DMUs to always
perform better.
4. Conclusions and implications

The paper uses DEA, a reliable and robust evaluation method to
explore the key indicators contributing to students’ learning per-
formance for English freshmen writing courses in a university of
Taiwan. The paper aims at providing DMUs with objective and
impartial measuring indices under limited teaching and learning
resources.

We observe that 10% of the DMUs have an overall technical effi-
ciency value (CCR score) of 1 and do not need any improvement in
the inputs or in the outputs because they have reached their opti-
mal state, meaning that both teachers and students feel at ease and
are motivated to work. This state requires a good atmosphere in
the class and good teaching preparation and skills from the part
of teachers. Students have to show their efforts during the training
and accept criticism. However, if they are over criticized by their
teachers, they will probably loose their motivation.

Thirty-nine inefficient DMUs have the pure technical efficiency
values (BCC score) smaller than 1. Among which, six have pure
technical efficiency values greater than scale efficiency values: stu-
dents are unable to assimilate the entire contents of the course.
The other 33 inefficient DMUs have pure technical efficiency values
smaller than scale efficiency values: some students think that their
teacher has not enough professional knowledge and experience to
teach a course of English writing.

The results of the DEA model applied in learning performance
change our original viewpoint and reveal that some DMUs with
higher actual values of inputs and outputs have lower efficiency
because the relative efficiency of each DMU is measured by their
distance to the efficiency frontier. DMUs may refer to different fa-
cet reference sets according to their actual values located in lower
or higher ranges. In the managerial strategy of educational field,
the paper can encourage the inefficient DMUs to always compare
themselves with the efficient DMUs in their range and to make
improvement little by little. The results of the DEA model can also
give clear indicators and the percentage of which input and output
items to improve.

The paper demonstrates that the benchmarking characteristics
of the DEA model can automatically segment all the DMUs into
different levels based on their actual values of input and output
items. Moreover, the efficient DMUs on the frontier curve can
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be considered as the boundaries of the classification which are
systematically defined by the DEA model according to the statis-
tic distribution of all the DMUs and may change according to the
indicators fed into the performance evaluation mechanism. This
concrete classification and the evaluation approach of learning
performance can be employed to the field of foreign language
learning as well as other branches of learning or even to corpo-
rate employee training.
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