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Abstract

Based on a fully analysis of the basic principles, characteristics and related models of intelligent
teaching system, this paper applies data mining technology to the system, puts forward a research
idea of intelligent teaching system based on web and data mining and presents an overall design and
implementation scheme of the system.

It focuses on the application of sorting algorithm and its expandability in data mining, employs ID3
algorithm in classification trees and expandability methods which integrate data mining and DBMS
closely and classifies students by teaching difficulty successfully. It allows the system to adapt to
efficient information mining based on a large number of data. Meanwhile, such kind of research and
application makes a new attempt to apply data mining ideas to intelligent teaching system and improve
the performance of system.

To study inference mechanisms which demonstrate system intelligence, this paper sets up a productive
system of confirmatory inference, adopts an inference control strategy combining forward and backward
inference in teaching strategy control and achieves individualized teaching processes dominated by
teachers and centered on students.
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1. Introduction

With the continuous development and maturity
of web technology, web-based intelligent teaching
system has received more and more attention. The
application of data mining, artificial intelligence and
other technology has become more and more wide-
spread and in-depth. Research on intelligent teaching
system based on web and data mining will inevitably
promote the continuous development and progress of
intelligent teaching and related disciplines. It has pro-
found theoretical and practical significance.

Guided by constructivist learning theory, with “ar-
tificial intelligence” course teaching as the object, this
paper uses dynamic HTML, JSP and other latest web
technology, to build an intelligent distance teaching
platform. The system is suitable for interdisciplinary
pedagogy. It can achieve individualized teaching,
present suggestions and guidance for students’ lear-
ning and reflect their cognitive abilities. It is a univer
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sal intelligent distance teaching platform. The sys-
tem has been debugged in the campus network and
can run efficiently, stably and reliably. Practice has
proved that the present study has certain theoretical
and practical application value for the intelligent dis-
tance teaching system.

The greatest benefit for introducing data mining
technology to an educational system is that it can
analyze a large number of data gathered in the sys-
tem, mine useful information for the presentation of
course contents and the adjustment of teaching stra-
tegies, thus building an informative, easy-to-operate,
distinctive and intelligent teaching platform.

2. An Overall Model of the System

Teaching systems based on data mining are de-
veloped with a browser/server (B/S) mode. The B/S
mode is widely used as a mainstream of current soft-
ware development. They emphasize servers and igno-
re browsers [1]. As a result, most work can be done
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at the server side. The client side only installs browser
software. This model is featured with no installation,
easy-to-use, simple maintenance, cross-platform and
easy to upgrade, etc. Aimed at these advantages of the
B/S mode, associating with the actual needs of tea-
ching systems, we build a model of the system based
on the B/S mode.

A 3-layer structure of the system includes a user
interface layer, a web server layer and a resource
layer [2]. When student users enter the system, first
of all, their identity will be authenticated. Scheduling
modules extract teaching contents customized to their
characteristics from the field knowledge base by mi-
ning and analyzing data gathered by the system, and
adjust these contents dynamically, combining with
the users’ learning path history [3]. When users use
this teaching system, their learning behaviors, such as
learning contents, preference for resource types, stay
time in course resources, accomplishment and quality
of homework, test results, time and frequency of use,
etc. will be recorded automatically [4]. If users are
freshmen without any learning history, a sorting algo-
rithm for data mining will be used to classify them as
one type based on their features and provide teaching
contents based on their learning features. The system
can adjust teaching contents dynamically by analy-
zing students’ learning process, homework and test
results.

If users are teachers, the system will mine and
analyze data gathered from their students and pro-
vide them with students’ learning status and on-line
teaching tips [5]. Teachers can adjust the difficulty of
teaching contents and the allocation of various types
of teaching resources. They can also communicate
with some particular students in a variety of forms,
inspire their learning enthusiasm and adjust their
learning status in a timely manner.

Knowledge base: The sources of teaching con-
tents are mainly various types of teaching resour-
ces elaborately organized by teachers, in accordance
with teaching needs, including documents, electro-
nic slides, teaching videos and small demo software,
etc. They are a cornerstone of teaching systems [6].
Whether they are good or bad have a direct impact on
students’ learning effect and initiative.

Teaching strategy base: It is a guarantee for sys-
tems to carry out teaching activities. This base is
mainly organized by teachers according to teaching
experience, based on the logical relationships be-
tween all knowledge points, well-designed teaching
sequences and applicable methods in the form of 2D
matrixes [7]. After each student or each group of stu-
dents has learned for a period of time, a dynamically
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adjustable teaching strategy matrix will be saved ac-
cording to their characteristics.

Students’ information bank: The students’ infor-
mation bank stores all students’ personal profiles and
learning history, such as their learning contents, pref-
erence for resource types, accomplishment and qua-
lity of homework, test results and time and frequency
of use, etc. It provides a guarantee for data mining
modules to analyze students.

Question bank: It stores questions about various
knowledge points and can be used to assign home-
work or tests [8]. The questions are designed by
teachers elaborately and divided into different levels
of difficulty. The system can adjust questions auto-
matically, according to the situations of students [9].
Teachers can also adjust questions manually in tea-
chers’ module and discriminate different students,
lest poor homework or tests dampen their learning
enthusiasm.

Data warehouse: The data warehouse stores vari-
ous data from other databases through ETL, as well
as useful features in the “feature extraction” part.

Data mining: It is an intelligent core of any intel-
ligent teaching system based on data mining [10]. It
is composed of two sub-modules: correlation and sor-
ting. It analyzes key features extracted by the “feature
extraction” part through correlation rules, sorting and
other data mining methods and finds out the temporal
and spatial relationship between characteristics.

2.1. Process Design of the System

After learners enter the system, they need to reg-
ister first, fill in their personal information, such as
age, gender, educational background and major, etc.
and a personal cognitive assessment form [11]. After
login, learners can choose majors and subjects. The
system will choose suitable teaching strategies from a
knowledge base, according to students’ learning his-
tory and cognitive abilities. It controls their learning
progress and learning contents. Students enter a navi-
gation interface and study. In the process of learning,
students can select presentation media for teaching
contents and sample questions to assist learning [12].
Knowledge points in each chapter are tested, to check
students’ learning effect. Teaching progress and strat-
egies are adjusted according to students’ learning ef-
fect. Meanwhile, the results of knowledge point tests
in each chapter will be used as materials of data mi-
ning in teaching strategy. The results of data mining
are some rules about the teaching strategy [13], such
as Teaching Strategy X. The result of mining is that if
students have a high cognitive ability, then the strate-
gy will be adopted. Any mistakes that students make
in knowledge tests in each chapter will be recorded in
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the history bank, as the source of data mining, to ge-
nerate a dependency between knowledge points, i.e.,
learning priority. Students are also allowed to view

answers, grades and rankings. Their learning motiva-
tion will be inspired (Fig. 1)

Figure 1. Process design of teaching system model based on Data Mining

2.2. The Design of a Knowledge Base

A knowledge base includes field expert model(s).
The field expert model in this system studies the mod-
el design between different courses and the model ex-
pression of the relationship between knowledge points.

2.2.1. A Design Based on the Relationship be-
tween Professional Courses

Learning is a gradual process. Each profession that
we learn is composed of several professional cour-
ses [14]. Each course touches upon one direction of a
profession and knowledge points in this direction. All
courses combine organically and form a profession.
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From the perspective of professions, some courses are
fundamental subjects, for example, “advanced math”.
They are independent of other courses, while others
cannot begin until basic elective courses are com-
pleted. For example, software students usually learn
“data structure” after “program design fundamentals”
and “discrete math” [15]. This kind of priority can be
represented with a directed acyclic graph (DAG), i.e.
AOV web, as shown in Tables 1 and Fig. 2. The apex
of the DAG stands for a course. The arc stands for a
prerequisite. If Couse i is an prerequisite for Couse j,
then Arc <i, j> exists.
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Table 1. Required Courses for Software Majors
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Course Codes Course Names Prerequisites
Cl Program Design Fundamentals No
C2 Discrete Math Cl
C3 Data Structure ClL,C2
C4 Assembly Language Cl
5 Design and Analysis of Language C3.C4
Programs
Cé6 Computer Principles Cl11
Cc7 Compiling Principles C5,C3
C8 Operating System C3,C6
C9 Advanced Math No
C10 Linear Algebra c9
Cl11 General Physics c9
C12 Numerical Value Analysis C9,C10,Cl1

A DAG for course priority aimed at a certain pro-
fession exists in the field knowledge base. When stu-
dents log in, this DAG is copied to their history bank,
according to the professions they selected. First of all,
the system recommends subjects with 0 degree of ad-
mission to students, according to the DAG. If students
haven’t learned this subject, they will be able to learn
it. If they have, they will be tested. If they pass the
test, a tail arc of this subject will be deleted. Students
can enter any subject with 0 degree of admission and
learn. If professional learning is completed, the de-
gree of admission for all nodes in this DAG must be
0. When the degree of admission for all nodes in this
DAG is 0, students can learn any subject at will. It
can be judged from test results whether students have
completed professional learning. There are very si-
milar knowledge point DAGs in students’ history
bank. Of course, they also come from the expert mo-
del.

Figure 2. A DAG for Course Priority
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3. Algorithm Design

When we finish learning a chapter or a unit, there
will be specific tests for the knowledge points in this
chapter. When students learn by the priority of de-
pendency in the DAG, if preceding language points
are not mastered, it is very likely that subsequent
language points are not mastered, either. That is to
say, in the test, if a preceding Knowledge Point A is
wrong, then it is very likely that a subsequent Knowl-
edge Point B is wrong, too. We take advantage of the
necessary correlation between such a priority of mis-
takes to judge and adjust AOV webs between know-
ledge points in the expert model and arrive at the
following methods for judgment: if Knowledge Point
A is wrong, it is very likely that Knowledge Point
B is wrong, too. But it is unlikely that Knowledge
Points A and B are simultaneously wrong, or it can
be inferred from the difficulty of knowledge points
that A and B are not simultaneously difficult. It can
be concluded that Knowledge Point A is preceding
to Knowledge Point B. If Knowledge Points A and B
don’t have any directed arcs in the expert model, then
add this arc to show that the path from A to B is con-
sistent with students’ learning and cognitive process.
On the contrary, if Knowledge Points A and B already
have directed arcs, then whether Knowledge Point A
is wrong or not has little impact on Knowledge Point
B. It is believed that there is a small dependency be-
tween Knowledge Points A and B. The arc between A
and B can be deleted. It doesn’t matter whether A or
B is learned first. Compared with the original DAG, if
there is any change, the subsequent DAG will present
a more consistent knowledge point dependency with
students’ learning characteristics and improve tea-
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ching sequence. Of course, we should judge wheth-
er there is any loop in the subsequent DAG, through
topology sequencing. If so, delete the generated
DAG. Based on the above analysis, we can select
correlation rules for data mining and find out correla-
tions between knowledge points. The basic model of
correlation rules is as follows:

Correlation rules: Assume that 7 ={i,i, ---,i, } isa
setof items. D is a set of database transactions. Among
them, each transaction T is a set of items. T < I . As-
sume that A is an item set. Transaction T contains A
when and only when 4c 7. Correlation rules are
an implication of 4= B, where AcI, Bcl and
AN B = . Support: transactions in D contain per-
centages of 4uU B, thatis, support(4= B)=P(4U B)
. Confidence: D contains transactions in A and per-
centages in B, that is, confidence(4 = B) = P(B|A).

Frequent item set: When the support of an item set
is greater than or equal to a given minimum support,
then the set is called a frequent item set.

Strong rules: Rules that satisfy the threshold of
minimum support and the threshold of minimum con-
fidence simultaneously are called strong rules.

The source of data is a list of wrong knowledge
points in all students’ information base, who com-
plete the course. According to learning chapters and
sequence, they are organized into the data source of
mining. This paper uses algorithm analogic to Aprio-
riAll to generate frequent item sets.

First of all, aimed at a list of wrong knowledge
points of a certain course, a transaction sequence is
formed, according to students’ learning sequence. All
sequences combine and form a sequence for mining.

(2) Items in Candidate Set C1 are sequenced by
the topology of the original DAG. A frequent item set
L1 is derived from the threshold of support;

(3) The loop generates Ck from the complete con-
nection of item sets in LK-1, until the item sets in
LK-1 is null.

(4) Some rules are derived from each LK-1.
Among them, some rules are coincident with the orig-
inal DAG and should be supported. Judge non-coin-
cident parts. If they can satisfy certain requirements,
then the DAG is improved and enriched. The algo-
rithm is as follows.

An algorithm analogic to AprioriAll:

Input:

D//transaction sequence base

S//minimum support

Output: sequence mode

Items in C1 are sequenced by the topology of
original DAG.

FindL1inD ;
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Ln=AprioriAll(D ,S ,L.1)

Find maximal reference sequences from Ln

AprioriAll(D,S,L1)

Find maximal refrence sequences from Ln

N=2

Do

For i=1 to length(Ln-1)

For j=2 to length(Ln-1)

If i<>j then Append(In-1,i(+)In-1,j)to Cn//(+)
stands for perfect crossing.

Next j

Next i

ForeachcinC

If Supprort(c)inD>=S then Append ¢ to Ln

Next

n=n+1

While Cn-1<>null

The difference between this algorithm and Ap-
rioriAll is that the item sequence in Cl1 is arranged
by knowledge points learned by students in the
original DAG. Students using the same knowledge
point sequence are regarded as the object of mining.
The purpose of sequencing is to describe the shadow
of the original DAG. Below, a set of instances will be
given(Table 2).

First of all, sequence wrong knowledge points,
according to a list of students’ mistakes in knowledge
points. Assume that a DAG for knowledge point de-
pendency is shown in Figure 2. Assume that the sup-
port is 50% and confidence is 75%.

Analysis and application of mining results.
According to L1, it can be concluded that knowledge
points A, B, C and D are difficult to grasp. They need
be improved in teaching strategies (e.g. to increase
learning time and enrich knowledge contents, etc.)

The correlation between unexpected knowledge
points derived from L2 is as follows:

Confidence = support ({B,C})/support ({B})=1

Confidence = support ({B,C})/support({C})=50%

According to the dependency in the original DAG,
an unexpected discovery of this mining is that there
may be a dependency between B and C. If there is an
easy knowledge point between B and C or the support
and confidence of mistakes in C and B don’t meet
the requirements of closed values, then it is believed
that there is a dependency between B and C. Learning
from B to C in the topology sequence of learning path
will achieve better learning effect.

From L3, we can derive a sequence with the most
mistakes in knowledge points. Knowledge point
combinations in this sequence can be used to improve
the difficulty of questions.
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Table 2. Sequence for Mining, Candidate Item Sets and
Frequent Item Sets

Transaction Sequences | Item Sets
001 ACD
002 BCD
003 ABCD
004 CE

Cl: (When K=1, items are sequenced according
to a list of students’ knowledge points in the original
DAG).

Item Sets Support
A 50%

B 75%

C 100%
D 75%
C2:

Item Sets Support
{AB} 25%
{AC} 50%
{AD} 50%
{BC} 50%
{BD} 50%
{CD} 75%
{BA} 0

{CA} 0

{DA} 0

{CB} 0

{DB} 0

{DC} 0

L2:

Frequent Item Sets Support
{AC} 50%
{AD} 50%
{BC} 50%
{BD} 50%
{CD} 75%
C3:

Item Sets Support
{ACD} 50%
{BCD} 50%
L3:

Frequent Item Set Support
{ACD} 50%
{BCD} 50%
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Improve the original DAG of knowledge points
according to mining results:

(1) Add a directed arc: If two points in the origi-
nal DAGs don’t have direct and indirect dependency
or correlation, then the correlation and confidence of
mining results meet requirements. If it is judged that
there is a dependency between two knowledge points,
then add a directed arc between two nodes.

(2) Maintain the original arc. If mining results are
not unexpected, for example, AC, BD, CD and AD,
etc. in L: reflect the dependency of this DAG, then
maintain them. It is also proved that the dependency
between these knowledge points is suitable for stu-
dents to learn knowledge points. There is a strong
correlation between B and C, so there is a directed
arc between B and C, as shown in the figure below
(Figure 3).

Figure 3. An Improved DAG of Knowledge Points

(3) How to judge whether a generated DAG has a
loop: to sequence the topology of a generated DAG.
If sequencing result is less than the number of knowl-
edge points, then the DAG is believed to have a loop.
Delete this DAG and maintain the original DAG.
An analysis of this algorithm according to actual sit-
uations: data mined with this mining algorithm are
all students completing this course, so each student
won’t make many mistakes in knowledge points. The
mined data are more authoritative, because students
can’t complete this course until passing the exam.
Therefore, databases won’t be scanned for too many
times.

Of course, this is just a learning sequence of
knowledge points. To achieve better teaching effect,
we should use different ways and means, i.e., tea-
ching strategies, for each knowledge point, according
to students’ characteristics.

A Quantitative Assessment of Students’ Cognitive
Abilities: a Weighted Evaluation Algorithm. In an
actual system, we assess students’ cognitive abilities
from three aspects, i.e., memorization, understan-
ding and application. In order to assess their abilities
objectively from three aspects, we employ learning
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tests. In these tests, corresponding weight levels are
set for memorization, understanding and application
in each question. These levels are given by teaching
experts when designing test questions, according
to knowledge points to be tested and form an abili-
ty weight matrix (i stands for times and j stands for
ability weight. Here j is 3.) Meanwhile, the vector of
test results T is composed of students’ answers. If stu-
dents are correct in this question, the corresponding
vector is 1. If not, the vector is 0.

The scores of various cognitive abilities are calcu-
lated by the following formula.

(1

The teachers’ assessments for students are fuzzy.
The assessment results are fuzzified. Students’ cogni-
tive ability values are fuzzified into 3 levels, i.e.

P = {Low, Medium, High}. It is defined that
4, €[0,0.6) is low, 4,€[0.6,0.8) is medium and
4; €[0.8,1) is high.

For example, as defined by fuzzification,
4; €[0.8,1) means students have high memorization
and understanding abilities, but medium application
ability. Assume that a weight matrix of cognitive abil-
ities is G=(0.6,0.35,0.05), then the overall cognitive
abilities are ts=A.G=0.87*0.6+0.8*0.35+0.71*0.05
=0.83. As defined by fuzzification, this student has
high overall cognitive abilities. When students have
high overall cognitive abilities, they can enter the
next chapter to learn.

The following part describes how to realize teach-
ing strategies and mine rules, through a decision tree
algorithm. An assessment is given for students’ over-
all cognitive abilities. The assessment results are di-
vided into excellent, good, medium, pass and fail. In
order to set up examples and counter examples for
training sets, we only select excellent and failed stu-
dents. Excellent students are examples. Failed stu-
dents are counter examples. We can set up a general
description for Training Model <<8S, V, C>, where S
is a training set, v is a property set of training sets and
c is the classification of training sets. In this system,

No. 7— 2015

the meanings of S, V and C are as follows:

1)S is a training set for students. Choose a feature
(A) to represent their learning level. |s| stands for the
total number of examples.

2) There are 3 properties in S. VO, V1, V2 and V3
stand for teaching methods, memorization, under-
standing and application abilities in turn. V1, V2 and
V3 have three values: high, medium, and low.

3) According to Feature A, S is divided into two
categories: 2 values for excellent and fail, P and N
represents examples and counter examples.

(1) The implementation of algorithm

We improve the traditional CLS decision tree
learning algorithm and control the size of deci-
sion tree by pre-trimming. The improved decision
tree learning algorithm is as follows: first of all, as-
sess students’ cognitive abilities quantitatively. The
assessment method is shown in 5.2.1.

1) The initial state of Decision Tree T contains
only one root (X, V), where X is a set of all training
examples. V is a set of all test properties. V={memo-
rization, understanding, application abilities};

2) If the probability that training examples in X,-
belong to the same type (examples or counter exam-
ples) is more than 80%, then these training examples
are regarded as belong to the same type.

3) If all leaf nodes in T (X,,V,) meet one of the
following conditions, then stop running the learning
algorithm. The result of learning is T;

1. V’is null.

2. Training examples in X’ belong to the same
type.

4) Or select a leaf node (X’,V’) that doesn’t have
the state mentioned in Step I1I;

5) For V’, select the largest test attribute b of I
(X’; b);

6) Assume that different values of Tested Property
b are m disjoint subjects Xi, 1<i<m stretches out m
braches. Each branch stands for a different value of
b and forms m new leaf nodes (Xi,V,-{b}), <i<m.
Then turn to Step 2.

When the number of people who have accom-
plished a teaching strategy using this system is up to
m, then the decision tree mining module of the sys-
tem begins to work. Thus, the teaching rules of sys-
tem are optimized. They are more suitable for general
teaching process.

4. The Productive Generation and Composition
of Inference Mechanism

For the purpose of inference, three database lists
are set up, i.e., a fact sheet, a rule list and a fact and
rule number list. The fact sheet stores information
about known facts and intermediate inference. That

Metallurgical and Mining Industry




is to say, intermediate results are obtained from stu-
dents’ assessment results and inference process,
through assessment modules. The rule list stores all
rules and relevant information. Fact and rule numbers
are a series of facts and rules used in the fact sheet
and rule list (including rule conditions and conclu-
sions), for ease of the citation of fact sheets and rule
lists. Their structures are as follows:

Table 3. Fact Sheet

Field Name | Field Type [FieldDescription
rid Char(10) Fact No.
Table 4. Rule List
Field Names | Field Types | Field Descriptions
rid Char(10) Rule number
rif Char(100) | Rule condition
rthen Char(100) | Rule conclusion
rifcon Char(10) Intermediate  result
or
final conclusion
prino int Rule priority
rflag bull Rule identifier
Table 5. Fact and Rule Number List
Field Names | Field Types | Field Descriptions
rid Char(10) Rule
content number
rcontent Char(50) Rule content

5. System Architecture

An internet model structure of the web-based in-
telligent teaching system is shown in Figure 4. The
system adopts a browser/server mode. It is not subject
to any specific operations and hardware constraints
and achieves cross-platform applications. More im-
portantly, the B/S mode reduces the client side’s re-
quirements for computer performance and learner
constraints. The teaching system is placed in a remote
high-performance network server and learners learn
through the internet.

Figure 4. An Internet Model Structure of the Intelligent
Teaching System
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6. Conclusions

This system is based on constructivist learning
theory and applies artificial intelligence technology,
data mining technology and web technology, etc. to
the system. It can mine potential information fully,
optimize correlations between language points, adjust
teaching strategies according to each student’s cogni-
tive abilities, mistakes in knowledge points, learning
requirements, interests and their own characteris-
tics, enable learners to receive customized teaching
according to their cognitive abilities and personal
information. In the process of teaching, students’ test
results and cognitive ability assessment can be gen-
erated automatically. Teaching strategies and rules
can be mined, according to students’ learning history,
which, to a certain extent, realizes intelligent learning
based on constructivism.

The design of this system is centered on teaching
process. It pays attention to grasping teaching rules,
takes full account of the teachers’ teaching character-
istics and applies them to the inference rules of sys-
tem, reflects the guiding role of pedagogical ideas and
theories and a combination of education and compu-
ters. It is also an important way and means to pro-
mote the intelligent teaching system towards a more
humane pedagogy.
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