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Abstract As Internet rises fast in recent decades, teach-
ing and learning tools based on Internet technology are
rapidly applied in education. Learning through Internet can
make learners absorb knowledge without the limitations
on learning time and distance. Therefore, in academy,
e-learning is one of the popular learning assistant instru-
ments. Recently, “student-centered” instruction has
become one of the primary approaches in education, and
the e-learning system, which can provide the learning
environment of personalization and adaptability, is more
and more popular. By using e-learning system, teachers can
adjust the learning schedule instantly for learners according
to their learning achievements, and build more adaptive
learning environments. However, in some cases, bias
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assessments are given for student achievements under
specific uncontrollable conditions (i.e. tiredness, prefer-
ence). In dire need of overcoming this predicament, a new
model based on radial basis function neural networks
(RBF-NN) and similarity filter to evaluate learning
achievements is proposed. The proposed model includes
three phases to reduce bias assessments: (1) preprocess:
select important features (attributes) to enhance classifi-
cation performance by feature selection methods and uti-
lize minimal entropy principle approach (MEPA) to fuzzify
the quantitative data, (2) similarity filter: select linguistic
values for each feature and delete inconsistent data by the
similarity threshold (similarity filter) and (3) construct
classification model and accuracy evaluation: build the
proposed model based on RBF-NN and evaluate model
performance. To verify the proposed model, a practical
achievement dataset, collected from e-learning online
examination system in a university of Taiwan, is used as
experiment dataset, and the performance of the proposed
model is compared with the listing models in this paper.
From the empirical study, it is shown that the proposed
model provided more proper achievement evaluations than
the listing models.

Keywords RBF-NN - MEPA - Similarity filter -
e-Learning - Learning achievement evaluation

1 Introduction

As Internet rises fast in recent decades, e-learning system
has been used as teaching and learning tool, and has one
of the most popular learning environments in academy.
In general, e-learning has the following characteristics: (1)
e-learning is effective: e-learning lets the learner to interact
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with the material for maximum retention of obtained
knowledge; (2) e-learning is individual: each e-learner
selects activities from a personal menu of learning oppor-
tunities relevant to his or her background; (3) e-learning
operates in real time: e-learners can get what they need,
when they need it; (4) e-learning is quick: e-learners can
learn fast by e-learning. Further, both the asynchronous and
synchronous features of e-learning can overcome the lim-
itation of time and space and make learning more flexible.
In asynchronous e-learning system, to make learners
achieve learning goals based on their paces and construct a
teaching mechanism with personalization and adaptability,
online examination system is applied to evaluate learning
process. By online examination system, an objective
learning evaluation is given for each stage of learning
process, but in general cases the final learning achievement
for each learner is rated and given by teachers. However, in
some specific uncontrollable conditions (i.e. tiredness and
preference) bias evaluations or improper rates are assigned.
Therefore, an appropriate achievement-evaluation assistant
method is essential for teacher or e-learning system to
evaluate learner objectively.

In most cases, statistical methods are utilized to produce
achievement evaluations by comparing individual
achievement with the achievements in the norm group (e.g.
larger student population). However, such approaches have
not been widely adopted, possibly because numerical
evaluations produced by these methods are less meaningful
to the user [1]. In addition, the assumptions of probability
density function are made when using statistical methods to
give achievement evaluations, and the assumptions are not
proper for the observations in each type of achievements
dataset.

In recent decades, fuzzy techniques have been applied to
many research areas such as supplier selection, stock mar-
kets forecasting and innovation diffusion of products [2—4].
Besides these applications above, in the area of education
research, fuzzy set theory has also been utilized in many
achievement evaluation methods to produce learning
achievements for learners as follows. An achievement
evaluation method using fuzzy techniques was proposed by
Biswas [5] to produce evaluations for student answer
scripts. Echauz and Vachtsevanos [6] presented a fuzzy
grading system. Law [7] proposed an alternative approach,
based on the notion of fuzzy expected values, to give per-
formance evaluation. Cheng and Yang [8] presented a
method using fuzzy sets to apply in education grading
systems. Chen and Lee [9] presented new methods based on
fuzzy sets to give achievement evaluations. Ma and Zhou
[10] presented an approach using fuzzy set to provide
assessments for student-centered learning process. Weon
and Kim [11] pointed out that the chief goal of educational
grading system should employ linguistic assessments such

@ Springer

as “difficulty”, “importance” and “complexity”, as eval-
uations for student answer scripts, and therefore proposed
an evaluation method using fuzzy membership function to
evaluate learning achievement. Rasmani and Shen [1]
proposed a new method, based on data-driven fuzzy rule
induction, for evaluating student academic performance. In
Rasmani and Shen’s research [1], fuzzy membership func-
tions for achievement evaluations are assigned by teachers,
tutors or experts. Bai and Chen [12] presented a new
method, using fuzzy membership functions and fuzzy rules,
to generate learning achievement evaluations for students.
From the literature above, several approaches using fuzzy
techniques have been provided to evaluate student aca-
demic performance in practice. However, these approaches
employ expert opinions mostly to produce evaluations, and
therefore it is difficult to explore and utilize valuable
information embedded in collected data [1].

To address the deficiencies of previous achievement-
evaluation methods, this paper proposes a new model based
on two advanced methods, minimize entropy principle
approach (MEPA) and radial basis function neural network
(RBF-NN), to produce objective achievement evaluations
without utilizing subjective opinions of teachers or experts,
and there are three main phases contained in the model: (1)
preprocess; (2) similarity filter; and (3) construct classifi-
cation model and accuracy evaluation.

Entropy-based discretization [13] method, one of the
popular methods in preprocess of data mining, uses class
information to discretize features, and the entropy-based
discretization of quantitative features is a valuable aspect
of data mining, particularly in classification problems.
MEPA, one of the entropy-based discretization methods,
can discretize the observations contained in target dataset
based on data distribution characteristics to construct
membership functions objectively instead of subjective
judgments (expert’s opinions) used by previous works. In
addition, due to the fact that similarity threshold can screen
inconsistent data (similarity filter) and feature selection can
reduce the number of features, the proposed model incor-
porates feature selection method and similarity threshold in
the phase of preprocess and similarity filter to enhance
model performance.

RBF-NN, one type of ANN, applies locally tuned neu-
rons to perform function mappings, and is constructed for
several different purposes such as function approximation
or curve fitting and pattern recognition [5, 14-20]. The
RBF-NN is a simple and fast learning network, and its
nonlinear structures can build model for target dataset
without the limitations of statistical methods (statistical
distribution assumptions are necessarily made for obser-
vations). Therefore, in this paper, RBF-NN is employed as
a classification model in the last phase of the proposed
model to improve classification efficiency.
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To verify the proposed model, this paper provides an
empirical case study, which employs a practical learning
achievement dataset as experimental dataset. The prac-
tical dataset is collected from an e-learning online
examination system used by a university of Taiwan.
From the results of this study, the proposed model may
be of useful to the educators in academy who apply
e-learning system to teach and evaluate the learning
performance of learners. To detail the proposed model,
the rest of this paper is organized as follows. Literature
review is arranged in Sect. 2. The proposed achievement
evaluation model is introduced in Sect. 3. An empirical
case study is provided in Sect. 4. In Sect. 5, findings and
conclusions along with recommendations for future
research are given.

2 Literature review

This section reviews related works of feature selection,
MEPA, similarity based on fuzzy rule and RBF-NN.

2.1 Feature selection

Data mining and knowledge discovery has been applied to
many fields, and feature selection is a critical aspect of
knowledge discovery process. Redundant features dupli-
cate much or all of the information contained in one or
more other features. Irrelevant features contain almost no
useful information for the data mining task at hand.
Redundant and irrelevant features can reduce classification
accuracy and quality of the clusters that found. Feature
selection is to choose a subset of input features by elimi-
nating redundant and irrelevant features, and has been an
important research area in statistics, pattern recognition
and data mining [21].

According to a study by Witten and Frank [22], the eight
feature selection methods, Cfs, Chi-square, Consistency,
Gain Ratio, InfoGain, OneR, Relief and Symmetrical
uncertainty, are well known and widely used in academic
studies. The first two methods are usually used for statis-
tical analysis, and the rest are generally used for data
mining. Thus, this study introduces the eight evaluator
methods for selecting features as follows:

Cfs (Correlation-based feature selection) [23] The
method evaluates feature subsets that are highly corre-
lated with the class, preferably with low intercorrelation.
Chi-squared [24] The method determines the value of a
feature by computing the value of the chi-squared
statistic with respect to the class.

Consistency [25] This method values a feature subset by
using the level of consistency in the class values, when

the training instances are projected onto the feature
subset.

Gain ratio [26] This method values a feature by
measuring gain ratio with respect to the class.

InfoGain [24] This method values a feature by measur-
ing the information gain with respect to the class.
OneR [27] This method evaluates the value of a feature
by using the OneR classifier.

Relief [28] This method evaluates the value of a feature
by repeatedly sampling an instance and considering the
value of the given feature for the nearest instance of the
same and different class.

Symmetrical uncertainty [29] This method evaluates the
value of a feature by measuring the symmetrical
uncertainty with respect to the class.

2.2 Minimize entropy principle approach (MEPA)

A key objective of entropy minimization analysis is to
determine the quantity of information in a given data set.
The entropy of a probability distribution is a measure of the
uncertainty of the distribution [30, 31]. Assume that a
threshold value is being seeking for a sample in the range
between x; and x,. An entropy equation is written for the
regions [x, x] and [x, x,], and denote the first region p and
the second region ¢. Entropy with each value of x are
expressed as [13]:

S(x) = p(x)Sp(x) + q(x)S4(x) (1)
where

Sp(x) = —=[p1(x) Inpy(x) + pa(x) Inpy(x)]
Sy(x) = —[gq1(x) Ingi (x) + g2(x) In g2 (x)]

and pi(x) and g (x) = conditional probabilities that the
class k sample is in the region [x;, x; + x] and [x; + x, x5],
respectively. p(x) and g(x) = probabilities that all samples
are in the region [x, x; + x] and [x; + x, x;], respectively

p(x) +q(x) =1 (3)
A value of x that gives the minimum entropy is the

optimum threshold value. The entropy estimates of p(x)
and ¢(x), p(x) and ¢g(x), are calculated as follows [32]:

(2)

~om(x) 41
pr(x) = W (4)
_ Nie(x) + 1
qi(x) = m (5)
pl) =" ©
q(x) =1—p(x) (7)
where
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ni(x) number of class k samples located in[x;, x; + x]
n(x)  the total number of samples located in [x, x; + x]
Ni(x) number of class k samples located in [x;+x, x,]
N(x) the total number of samples located in [x;+x, x5]
n total number of samples in [xi, x,]

2.3 Similarity based on fuzzy rule

Fuzzy classification is an important application in fuzzy
logic research areas [33]. Yuan and Shaw [34] proposed an
induced fuzzy decision trees approach to expand the
approach of decision trees induction, and the approach
consists of the following steps: (1) fuzzification of the
dataset, (2) induction of the fuzzy decision trees, (3) con-
version (convert the decision trees into rule set), and (4)
classification (classify data by the rule set).

Chen et al. [35] present a new approach based on the
filtering the fuzzy subsethood values to reduce the number
of fuzzy rules and to enhance the accuracy rate. In each
subgroup, the fuzzy subsethoods [34, 36] are calculated
between the decisions of the subgroup and terms of each
feature. The subsethood value is defined as following:

S(A,B) = M(AN B) _ 2wy min(py (1), pp(u)) ()

M(A) ZuEU Ha (Lt)
In (8), A and B are two fuzzy sets defined on the universe
of discourse U. The p4 and pp be the respectively mem-
bership functions.

2.4 Radial basis function neural networks (RBF-NN)

Moody et al. [14] proposed radial basis function neural
networks based on supervised learning. The RBF-NN has a
feed forward structure consisting of a single hidden layer of
Jj locally tuned units, which are fully interconnected to an
output layer of linear units. In general, we have assumed a
Gaussian basis function for the hidden units given as Z;(x)
[see (9)].

Zi(x) = exp <w) 9)

where p; and o; are mean and the standard deviation,
respectively, of the jth unit receptive field.

And the summation of all Zi(x) weighted with corre-
sponding weight, W;, is the hidden layer to produce an
output value as Y shown in (10).

Y= iwjz,-(x) (10)

RBF-NN takes the sum of square error criterion function as
an error function E to be minimized over the given training
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set. The process of the RBF-NN algorithm is described as
follows:

Step I Set the number J of hidden nodes and the stop
criterion ¢. Initialize all the parameters w;, W, g,
j=1..J

Step 2 Sequentially input a data point x and calculate its
network output Yby (10).

Step 3 Update the parameters y;, W;, g5, j = 1,..., J by
(11-13).

Ay = —p,VyE (11)
OF

Ag: = —p. — 12

0j plfao.j ( )
OE

Aw: = —p  — 13

where p,, ps, and p,, are small positive constants.

Step 4 Update the parameters p;, W;, o; until the
algorithm are trained by all the training data (xy,..., x,).
Step 5 Evaluate Y(x;),...,Y(x,)by final estimated
parameters and calculate the RMSE by (14).

RMSE\/Z?_1 (Y(x) — V() "

n

Step 6 If RMSE > ¢ then goes to step 2.

3 Proposed e-learning achievement evaluation model

From the literature reviews in Sect. 1, there are two
drawbacks in past achievement evaluation methods:(1)
specific statistic assumptions about data distributions is
made in statistical methods, and they can not be applied to
each type of dataset; and (2) the evaluation methods
employing fuzzy set theory produce evaluations mostly
based on expert opinions, and it is difficult to explore and
utilize the valuable information embedded in collected
data. To improve the past methods, two advanced data
mining techniques are proposed in achievement evaluation:
(1) use MEPA as discretization method; and (2) use RBF-
NN as classification model.

There are many advantages to employ MEPA in data
preprocess. For example, complex data dimensions in
datasets can be reduced and simplified, and the size of
dataset with discrete features is usually more compact
and smaller than the one with continuous features [37].
In addition, MEPA discretization method is a more
objective way to construct membership functions than the
past methods utilizing expert opinions to build member-
ship functions. RBF-NN is a simple and fast learning
network to build model for datasets, and the nonlinear
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structures of the neural networks can process data with-
out any statistic assumption for the observations in target
dataset.

To provide more objective and proper achievement
evaluations than past methods for e-learning system, this
paper proposes a new evaluation model, which incorpo-
rates MEPA and RBF-NN in evaluation processes. The
overall framework of the proposed model (shown as Fig. 1)
contains three main phases of achievement evaluation
processes as follows. (1) Preprocess: use feature selection
to reduce dataset dimension and use MEPA discretization
method to construct a more objective and reasonable
membership functions of features. (2) Similarity filter:
apply similarity threshold to screen inconsistent data and
make our achievements evaluation model more compact.
(3) Construct classification model and accuracy evaluation:
use RBF-NN to construct classification model and evaluate
accuracy. To introduce the proposed model, each step
contained in three main phases is described in the
following.

|

Preptl'ocess Select the features :
' |

| l |

| Build membership functions based :

| on MEPA |

: v I

I Fuzzify the quantitative data into :

| corresponding linguistic values |
e -

: y |

| Calculate subsethood and select the I
Similarity similarity threshold |
filter |

, l .

I Transform the fuzzy dataset with :

| similarity threshold and remove |
P -

s T v T |
Construct Construct classification model from |
classification transformed binary dataset by RBF-NN |
model and |
accuracy L |
evaluation Evaluate accuracy |
! |

' |

Fig. 1 Framework of the proposed model

Step 1 Select the features

In this step, well-known feature selection methods such
as Cfs, Chi-square, Consistency, Gain Ratio, InfoGain,
OneR, Relief and Symmetrical uncertainty are employed,
and reduction features with consistency are produced by
analyzing different results from the feature selection
methods. Because irrelevant and redundant features may
degrade the performance of data mining algorithms, this
step selects relevant features by evaluating usefulness of
features and eliminate irrelevant features to simplify
classification rules.

Step 2 Build membership functions based on MEPA
This step utilizes MEPA to build membership function
for each selected feature from step 1. The entropy value
of each quantitative data is computed by (1). By
repeating this procedure to subdivide the all features of
the data set, the thresholds can be obtained. If n(x) (the
total number of samples located in [x;, x;4x]) and N(x)
(the total number of samples located in [x;+x, x,]) equal
to zero, then data within the range are not further
subdivided. The thresholds are used as the midpoint of
membership function. If the feature value is lower than
SEC1 (secondary threshold value), then the membership
degree equals to one. Further, the membership degree
equals to one when feature value exceeds SEC2
(secondary threshold value). The membership function
of minimal entropy approach can be established.

Step 3 Fuzzify the quantitative data into corresponding
linguistic values

Use the membership functions generated in step 2, the
membership degree for each observation is calculated to
determine its corresponding linguistic value. A quanti-
tative dataset is discretized and converted into a
corresponding linguistic dataset by MEPA.

Step 4 Calculate subsethood and select the similarity
threshold

There are two sub-steps in this step. First, in order to find
the closeness between the outcome feature and each term
of the selected features, the subsethood values are
calculated for them. Based on (8), in this step, the
subsethood value is defined by (15):

M (ppp N piy,)
M (upp) (15)

where S(DD, A;) denotes subsethood value, DD is the
outcome label, A; is the linguistic value of feature,
M(upp) is the sum of membership degree in the same
outcome label, M(upp M py,) denotes the sum of min
(Hpps 1a,) M, is Teature membership degree, and 1ippis
outcome membership degree for each record.

Second, select the maximal subsethood value as simi-
larity threshold (S7,). The similarity threshold is defined
as (16).

S(DD,A;) =
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Sr, = Max{S(DD, A;)} (16)

Step 5 Transform the fuzzy dataset with similarity
threshold and remove inconsistent data

There are two sub-steps in this step. First, the fuzzified
dataset (from step 3) is transformed into binary values with
similarity threshold (from step 4). The transformational
method is defined by (17):

1 L;>S8n
¢; = (17)
0 I;<Sy

where I; denotes membership grade of fuzzified dataset,
¢; is the transformed binary value, and if the member-
ship grade of fuzzified value is great than or equal to the
similarity threshold, then this step transforms the
membership grade to ‘1°, otherwise ‘0’.

Second, if this step detects the inconsistent records
(binary values in the same feature are all zero. For
example, in Table 7, the binary values in each linguistic
value of assignment feature are all zero for student No. 4
and student No. 5), then removes these records to make
achievements evaluation more compact.

Step 6 Construct classification model from transformed
binary dataset by RBF-NN

In this step, use RBF-NN to construct a classification
model with the transformed binary dataset derived in
step 5. The classification model is used to assign student
grade.

Step 7 Evaluate accuracy

In the last step, the classification model derived from
step 6 is evaluated. The accuracy of the proposed model
is taken to compare with some existing models to
evaluate model performance.

4 Empirical case study

An empirical case study is provided in the section to
illustrate the proposed model, and a collected e-learning
achievement dataset is used as experimental dataset to
demonstrate the practicability of the proposed model.

4.1 Experimental dataset

The practical e-learning achievement dataset (see Table 1) is
collected from an e-learning online examination system of a
university in Taiwan. There are five conditional features
contained in the dataset: (1) the frequency of online
e-learning (the frequency of reviewing the content of online
e-learning over 30 min); (2) the frequency of discussion
by e-learning (the frequency of discussing the content of
course in online discussion forum); (3) assignment; (4) test;
and (5) final exam. Besides, there is one decision feature in
the dataset with five grades of student achievement: Excellent
(A), Good (B), Average(C), Satisfactory (D), and Unsatis-
factory (E). The dataset consists of 115 records (students),
and the course name is “system analysis and design”.

4.2 Demonstration of the proposed model

The steps of the achievement evaluation processes (such as
select the features, screen inconsistent data and calculate
accuracy) by using practical collected e-learning achieve-
ment dataset are as follows:

Step 1 Select the features

This step applies eight well-known feature selection
methods, Cfs, Chi-square, Consistency, Gain Ratio,
InfoGain, OneR, Relief and Symmetrical uncertainty to
select features from the achievement dataset. The feature
selection results for the eight feature selection methods
are shown in Table 2 and items 1-5 denote the ranking
of features according to each selection method from 1
(first ordering) to 5 (last ordering). From Table 2, we can
see that the first three important features derived by the
eight above methods are “assignment”, “test” and “final
exam”. Therefore, from the results of feature selection
methods, the three key features are “assignment”, “test”
and “final exam” as input features for next step.

Step 2 Build membership functions based on MEPA
From step 1, the selected features are assignment, test
and final exam. Then this step utilizes MEPA to build
membership function for each feature. The entropy
values of each data are computed using (1) proposed by
MEPA. By repeating this procedure to subdivide the

Table 1 The partial of student

achievement dataset Student The fre'quency of online The freque.:ncy of discussing Assignment Test  Final Grade

No. e-learning by e-learning exam

1 20 1 5.00 37.00 18.00 E
2 88 18 10.00 23.00 16.00 E
3 46 5 15.00 13.00 6.00 E
4 30 3 40.00 13.00 20.00 E
5 12 2 25.00 31.00 1400 E
115 35 10 90 90 98 A
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Table 2 A comparison of the ranking of features by eight feature selection methods

Feature method Cfs Chi-square Consistency Gain Ratio InfoGain OneR Relief Symmetrical uncertainty
The frequency of online e-learning NA 4 NA 4 4 4 4 4
The frequency of discussing by e-learning NA 5 NA 5 5 5 5 5
Assignment 3 3 2 3 2 3 2
Test 2 2 2 3 2 3 2 3
Final exam 1 1 3 1 1 1 1 1

1-5 denote feature selection ranking by eight different selection methods, and 1 refers to the most important. NA denotes no given answer in this
method

Table 3 Threshold of features Second, the selected similarity thresholds for each
linguistic value are obtained by (16) and are listed in
Table 6. For example, the similarity threshold value of

MIN SEC1 PRI SEC2 MAX

Assignment 1 15.5 56 60.5 100 assignment in ‘Bad’ linguistic value can be selected as
Test 10 25.5 46 71.5 98 following.
Final exam ! 32 4 735 % Max{S(A; Bad), S(B; Bad), S(C; Bad), S(D; Bad),

S(E;Bad)} = Max{0,0.19,0.47,0.59,0.91} = 0.91

data, the thresholds can be obtained. As Table 3 shows,
if n(x) and N(x) equal to zero, then stop subdividing the
data in the range.

The thresholds (see Table 3) are used as the midpoint of
membership function. When the feature value is lower
than SECI, then the membership degree equals 1.
Similarly, the membership degree equals 1 when feature
value exceeds SEC2. The membership function of
MEPA can be established which is shown in Fig. 2 Iad = 0.44, INormal = 0.56, [Gooa = 0.
Step 3 Fuzzify the quantitative data into unique corre-
sponding linguistic values

According to the membership function in step 2, the
degree of membership for each datum is calculated.
Table 4 shows the partial result of the student achieve- The membership grade of fuzzified value

ment dataset.
o Igag = 0.44 2 = 0.76).
Step 4 Calculate subsethood and select the similarity (Iaa = 0.44) < (SrBaa = 0.76)

Step 5 Transform the fuzzy dataset by similarity
threshold and remove inconsistent data

According to the similarity threshold values in step 4,
this step transforms the fuzzified dataset (from step 3)
into binary values, shown in Table 7.

For example, the membership grades of fuzzified dataset
for feature ‘Test’ in student No. 1 are

The similarity thresholds for these three linguistic values
are

STBad = 0-767STN0rmal = 05, STGood = 0.98.

threshold So ¢ppag = 0 [from (17)].

First, to find the closeness between the outcome feature In the same way, ¢normal = 1 and pgooq = 0.

and each term of the selected features, we calculate the Next, this step detects inconsistent data (the binary
subsethood of them. From (15), the subsethood values values in the same feature are all zero) and removes
can be computed from fuzzified student achievement these data to make achievements evaluation more
dataset (see Table 5). compact. From Table 7, we can see that the binary

Table 4 The partial of fuzzied student achievement dataset

Student No. Assignment Test Final exam Grade

>
o]
@
o
es!

Bad Normal Good Bad Normal Good Bad Normal Good

1 1 0 0 0.44 0.56 0 1 0 0 0 0 0 0 1
2 1 0 0 1 0 0 1 0 0 0 0 0 0 1
3 1 0 0 1 0 0 1 0 0 0 0 0 0 1
4 0.4 0.6 0 1 0 0 1 0 0 0 0 0 0 1
5 0.77 0.23 0 0.73 0.27 0 1 0 0 0 0 0 0 1
115 0 0 1 0 0 1 0 0 1 1 0 0 0 0
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Table 5 The subsethood values

Assignment Test Final exam
Subgroupl (A)

S(A; Bad) =0 S(A; Bad) =0 S(A; Bad) =0
S(A; Normal) = 0.04 S(A; Normal) = 0.02 S(A; Normal) = 0
S(A; Good) = 0.96 S(A; Good) = 0.98 S(A; Good) = 1
Subgroup2 (B)

S(B; Bad) = 0.19 S(B; Bad) =0 S(B; Bad) =0

S(B; Normal) = 0.48
S(B; Good) = 0.33
Subgroup3 (C)

S(C; Bad) = 0.47
S(C; Normal) = 0.53
S(C; Good) =0
Subgroup4 (D)

S(D; Bad) = 0.59
S(D; Normal) = 0.37
S(D; Good) = 0.04
Subgroup5 (E)

S(B; Normal) = 0.29
S(B; Good) = 0.71

S(C; Bad) = 0.11
S(C; Normal) = 0.4
S(C; Good) = 0.5

S(D; Bad) = 0.48
S(D; Normal) = 0.38
S(D; Good) = 0.14

S(B; Normal) = 0.28
S(B; Good) = 0.72

S(C; Bad) = 0.07
S(C; Normal) = 0.57
S(C; Good) = 0.35

S(D; Bad) = 0.56
S(D; Normal) = 0.29
S(D; Good) = 0.15

S(E; Bad) = 0.91 S(E; Bad) = 0.76 S(E; Bad) = 1
S(E; Normal) = 0.09 S(E; Normal) = 0.24 S(E; Normal) = 0
S(E; Good) = 0 S(E; Good) =0 S(E; Good) =0
Table 6 The similarity thresholds
Assignment Test Final exam
Bad Normal Good Bad Normal Good Bad Normal Good
Similarity threshold 0.91 0.53 0.96 0.76 0.5 0.98 1 0.57 1

values for student No. 4 and student No. 5 in each

linguistic value of assignment feature are all zero;
therefore theses two records are removed.

Step 6 Construct classification model from transformed
binary dataset by RBF-NN

This step utilizes RBF-NN to construct classification
model from transformed binary dataset (see Table 7).
Then students’ grade can be assigned by the produced

classification model.

Table 7 The transformed dataset based on similarity threshold

4.3 Performance evaluation of the proposed model

To evaluate the proposed model in detail, the experimental

dataset (115 records) is separated into three sub-datasets:

sub-dataset A (50 records), sub-dataset B (50 records) and

sub-dataset C (15 records), and three types of experimen-

tations are provided: (1) sub-dataset A and sub-dataset B

are used for training, and sub-dataset C is used for testing;

(2) sub-dataset A is used for training, and sub-dataset B is

Student No. Assignment Test Final exam Grade

Bad Normal Good Bad Normal Good Bad Normal Good A B C D E
1 1 0 0 0 1 0 1 0 0 0 0 0 0 1
2 1 0 0 1 0 0 1 0 0 0 0 0 0 1
3 1 0 0 1 0 0 1 0 0 0 0 0 0 1
4 0 0 0 1 0 0 1 0 0 0 0 0 0 1
5 0 0 0 0 0 0 1 0 0 0 0 0 0 1
115 0 0 1 0 0 1 0 0 1 1 0 0 0 0

@ Springer



Neural Comput & Applic (2011) 20:659-669

667

Fig. 2 Membership function of 1.2
assignment
0.8
0.6
0.4

0.2

0 20

used for testing; and (3) sub-dataset B is used for training,
and sub-dataset A is used for testing.

To verify the performance carefully, the classification
accuracy produced by the proposed model is compared with
the data from some other classification methods such as
RBF-NN [14], rough set theory (RST) [38], decision tree
(C4.5) [39] and BayesNet method [40]. The different clas-
sification accuracies for the proposed model and compari-
son methods in three experimentations are listed in Table 8.

From the experimental results, it is shown that the
classification accuracies in different experiments under
the same classification method are not the same, and the
accuracy order for five method (excluding RST) is listed as
follows: accuracy in experiment 1 > accuracy in experi-
ment 3 > accuracy in experiment 2. It tells that using
different ratios of training to testing for experimental
datasets influences the model accuracy. Further, among
five classification methods, the proposed model performs
best in the three types of experimentations including
average accuracy (74.9% for Decision Tree; 71.6% for
BayesNet; 69.4% for RST; 80.4% for RBF-NN; and 90.2%
for the proposed model). From the overall performance
evaluation, it is concluded that the proposed model sur-
passes the listing models in classification accuracy, and
provides more proper achievement evaluations for the

56 60.5
40 60 80 100 120

5 Findings and conclusions

In asynchronous e-learning system for self-pace learning,
objective and proper achievement evaluations for learners
are especially necessary. In the system, teachers have to
upload their e-learning contents to system and students can
receive their learning content based on their learning paces
at any time and any place. Therefore, learning achievement
evaluation for each learning stage, contained in a whole
course designed by teachers, is the key part to decide the
learning pace for students, and objective and proper
achievement evaluation model is the critical subsystem to
examine whether students have reached the learning
objectives each learning stage. Besides, automatic
achievement evaluation model can reduce the evaluation
works for teachers and avoid the individual preference
from teachers. Based on these important points in
e-learning system above, in this paper, we have proposed a
new machine-learning model to apply in e-learning system
to produce objective and proper achievement evaluations
for learners. From the empirical case study, four conclu-
sions are given in this paper as follows.

1. Using machine-learning based methods to assign
achievements can avoid individual preference in

. . . achievement evaluation process. We argue that

learners contained in experimental dataset.
Table 8 Results of different classification methods
Experiment Classification method

Decision Tree BayesNet (%) RST (%) RBF-NN (%) The proposed

(C4.5) (%) (RBE-NN with MEPA) (%)
Experiment 1* 86.7 86.7 83.3 93.3 100
Experiment 2° 66 60 75 64 80
Experiment 3° 72 63 50 84 90.5
Average 74.9 71.6 69.4 80.4 90.2

* Sub-datasets-A and sub-datasets-B for training, and sub-datasets-C for testing

" Sub-datasets-A for training and sub-datasets-B for testing
¢ Sub-datasets-B for training and sub-datasets-A for testing
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individual preference from teacher can be avoided if
teacher judgments are not involved in achievement
evaluation process. Therefore, in the experiment for
the empirical case, a machine-learning based method
(RBF-NN) is employed in the processes of the
proposed model to produce achievement evaluations,
and each process of the model deal with data only.

Refining classification model with proper preprocess
methods such as MEPA and similarity filter can provide
more proper achievement evaluations (higher classifi-
cation accuracy) for learners than common classification
models. From the performance evaluation section (see
Table 8), it is clear that the proposed model surpasses
the listing models, Decision Tree, BayesNet, RST, and
RBF-NN, in classification accuracy. Besides, the clas-
sifications for the learners’ achievements from the
proposed model are approved as reasonable achieve-

. Teoh HJ, Cheng CH, Chu HH, Chen JS (2008) Fuzzy time series

model based on probabilistic approach and rough set rule
induction for empirical research in stock markets. Data Knowl
Eng 67(1):103-117. doi:10.1016/j.datak.2008.06.002

. Cheng CH, Chen YS, Wu YL (2009) Forecasting innovation

diffusion of products using trend-weighted fuzzy time-series
model. Expert Syst Appl 36(2):1826-1832. doi:10.1016/j.eswa.
2007.12.041

. Biswas R (1995) An application of fuzzy sets in students’ eval-

uation. Fuzzy Sets Syst 74(2):187-194. doi:10.1016/0165-0114
(95)00063-Q

. Echauz JR, Vachtsevanos GJ (1995) Fuzzy grading system. IEEE

Trans Educ 38(2):158-165. doi:10.1109/13.387218

. Law CK (1996) Using fuzzy numbers in educational grading

system. Fuzzy Sets Syst 83:311-323. doi:10.1016/0165-0114
(95)00298-7

. Cheng CH, Yang KL (1998) Using fuzzy sets in education

grading system. J Chin Fuzzy Syst Assoc 4(2):81-89

. Chen SM, Lee CH (1999) New methods for students’ evaluating

using fuzzy sets. Fuzzy Sets Syst 104(2):209-218. doi:10.1016/
S0165-0114(97)00208-X

ment evaluations by the instructor in the case study. 10. Ma J, Zhou D (2000) Fuzzy set approach to the assessment of
. . . . student-centered learning. IEEE Trans Educ 43(2):237-241. doi:

Employmg MEPA to build membership 'fl?nctlon can 10.1109/13.848079

improve accuracy. The proposed model utilizes MEPA 11. Weon S, Kim J (2001) Learning achievement evaluation strategy

to fuzzify quantitative data and build membership using fuzzy membership function. In: Proceedings of the 31st

function without employing expert’s opinions. From ASEE/IEEE frontiers in education conference, Reno, NV, vol 1,

; . .. pp 19-24

Table 8, the RBF-NN using MEPA discretization 12. Bai SM, Chen SM (2008) Evaluating students’ learning

method (the proposed model) has surpassed the same achievement using fuzzy membership functions and fuzzy rules.

method without using discretization method (average Expert Syst Appl 34:399-410. doi:10.1016/j.eswa.2006.09.010

accuracy of RBF-NN is 80.4%; average accuracy of 13. Christensen R (1980) Entropy minimax sourcebook, general

. . S . . description. Entropy Limited, Lincoln, MA

RBF_NN with MEPA 18 99’2%)' From th? evidence, it 14. Moody J, Darken CJ (1989) Fast learning in networks of locally

is shown that using discretization method in preprocess tuned processing units. Neural Comput 1:281-294. doi:10.1162/

can improve accuracy for classification model. neco.1989.1.2.281

Applying similarity threshold in preprocess can filter 15. Bishop CM (1995) Neural network for pattern recognition.

. . .. Oxford University Press, New York

mCOI.lSlStem _data .to. ma.lke data mining p roceSS. more 16. Guillén A, Pomares H, Rojas I, Gonzalez J, Herrera LJ, Rojas F,

efficient. Using similarity threshold to remove incon- Valenzuela O (2008) Studying possibility in a clustering algo-

sistent data can make the size of dataset more compact, rithm for RBFNN design for function approximation. Neural

and therefore make RBF-NN learning method to more Comput Appl 17:75-89. doi:10.1007/500521-007-0134-6

17. Haddadnia J, Faez K, Ahmadi M (2003) A fuzzy hybrid learning

efficient in building classification model.

In the future works, there are two directions to improve

algorithm for radial basis function neural network with applica-
tion in human face recognition. Pattern Recognit 36:1187-1202.
doi:10.1016/S0031-3203(02)00231-5

the proposed model to get better accuracy rate: (1) employ 18
other artificial intelligence techniques classification meth-
ods such as support vector machine [41] in the proposed
model; and (2) employ different data discretization meth-
ods such as global discretization method [42] in prepro-
cessing step to partition features.

. Lee SJ, Hou CL (2002) An ART-based construction of RBF
networks. IEEE Trans Neural Netw 13:1308-1321. doi:10.1109/
TNN.2002.804308

19. Sharma AK, Sharma RK, Kasana HS (2006) Empirical compar-

isons of feed-forward connectionist and conventional regression
models for prediction of first lactation 305-day milk yield in
Karan Fries dairy cows. Neural Comput Appl 15:359-365. doi:
10.1007/s00521-006-0037-y

20. Zhang D, Deng LF, Cai KY, So A (2005) Fuzzy nonlinear

regression with fuzzified radial basis function network. IEEE
Trans Fuzzy Syst 13(6):742-760. doi:10.1109/TFUZZ.2005.
859307

21. Tan PN, Steinbach M, Kumar V (2006) Introduction to data
mining. Addison-Wesley, New York

. Witten IH, Frank E (2005) Data mining: practical machine
learning tools and techniques, 2nd edn. Morgan Kaufmann Pub-
lishers, USA

. Hall MA (1998) Correlation-based Feature Subset Selection for
Machine Learning. PhD thesis, University of Waikato
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