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account of being route of dense data, resulting in efficiency of usage; such as delay in data
receiving / sending and loss of partial data.

According to the aforementioned problems, if we can forecast the natures of internet usage
quantity in the semester opening and closing period which each period of each day has data
quantity on the routes, we can use them as a model as applied to be used in considering and
managing the efficient use of the routes and assisting in reducing the route quantity in sending
the data in the network systems further. The previous researches have applied the rules of
analysis of the data relation in forecasting the data traffics; as a result, this Research aims to
study and compare the efficiency based on the data mining techniques in order to forecast the
traffics on the routes used in receiving / sending the data in the network systems in order to be
used as guidelines for consideration for option to use the routes to reach the maximum
efficiency further.

The paper is structured as follows: related works are summarized in Section 2. The framework
for network traffic prediction is presented in Section 2. Experiment setting association rule
analyses are explained in Section 4. Experimental result is explained in Section 5. Finally, Section
6 describes conclusions and future work.

2. Related Work

Literature reviewed prior research about network traffic prediction. The traffic volume, speed
and occupancy data have been regarded as important features in traffic control and information
management systems. It is possible to develop models to predict and extrapolate the
forthcoming traffic conditions based on these traffic features (Wen and Lee, 2005). In general,
the number of samples has great influence on the decision-makings. However, in real world the
traffic data is complex, only use statistical methods inefficient to provide a relatively good
decision for the traffic forecasting and control. To overcome this problem, new algorithms are
imperative to analyze mass data and mine useful information. This procedure is the so called
data mining technology. Lots of work has been done in traffic forecasting using data mining
technology. Many researcher applied data mining technique to predict network traffic {Berry and
Linnoff, 2004} , (Ng'ambi, 2002) , { Feamste and Rexford 2004} , ( Han and Kamber, 2001).
Artificial Intelligent (Al) algorithms (Jia, Yang, Kong, and Lin, 2006) were applied into the field of
traffic forecasting management. Moreover, Hauser and Scherer adopted clustering approach to
manage urban traffic for the first time. Reasonable management scheme was obtained in their
study (Hauser and Scherer, 2001). After that Park et a/.(2003) employed Genetic Algorithm (GA)
to solve the problem of unclean clusters and enhance the precision of the traffic forecasting.
Most of researches are limited for the purpose of accidents alarms nevertheless very limited
work has been done to connect the traffic features to the traffic conditions. The exploration on
correlation of various traffic parameters is necessary for traffic forecasting management. An
understanding of potential traffic principals is important for correct traffic management decision-
making. Although neural network models were devefoped for digging the associated rules of the
ITS database, the data was labeled in advance and the knowledge learning was under a
supervised way (Raahemi et al., 2008). This is not realistic in practice because the classes of the
data are difficult to determine before the data mining procedure (Li et al., 2010, 2011, 2012)
More practical tools of finding the hidden knowledge in mass data stares us in the face. In
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addition decision tree is based on the sample’s variable values. There are different methods
available for prediction that classification with decision trees (Xu and Lin, 2009} , {Howe ,and et
al., 2005}, (Knab et al., 2006), {Ganti et al., 1999), Gehrke, et al., 1998).

Previous work, researcher use only time to predict traffic level (Prangchumpal ,2013). and use
association rule for prediction network traffic in education institutes {(Prangchumpol ,2013).
Therefore this research represents comparison techniques to prediction network traffic by using
the relation of semester, time and traffic level.

3. Framework for Network Traffic Prediction

- Framework for predict network traffic is follows in Fig. 1. The study consists of 4 main steps as
ilustrated as follow:

Integration Data: This process collected network traffic data from Rajabhat University. The
data set contain on unixtime, incoming data and percent of usage data.

2) Cleaning Data: |n this process is convert data type to suitable format for data mining model.

3) Data Mining Model: In this step association rule and decision tree model are built. The
relations during semester time and traffic fevel are analyzed for two data mining technique.
These techniques were described in section 4.

4) Evaluation model and Result: This step concludes and analysis rules.

g —

Network Traffic
University

\

Integration data

¥

Cleaning data

¥

Data mining
Madel

3

Evaluation model

Framework for network traffic prediction method
4. Experimental Setting
Two data mining techniques which are association rule and decision tree are compared to find

best technique for predict network traffic. The dataset is collected from Rajabhat University
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include in network traffic, time and academic semester. Three data were integrating and
cleaning. Moreover network traffic is categorized into 5 levels: Levell is low level network traffic,
Level2 is medium low level network traffic, Level3 is medium level network traffic, Leveld is
medium high level network traffic, and LevelS is high level network traffic.

Additional, in most of Thailand, semester is split into three terms: Semester1 is started in early
June and ends in late September or early April, Semester2 is started in November and ends in
early March, and Semester3 is started in mid-March and ends mid-to-late May.

Let 51, 52, 53, 54 be semester where 54 is not semester and T1, 72,.., T24 be time. However,
this research restricts the RHS as follows. Let L1, L2, L3, 14, L5 be the levels of user access. The
example of training data set is showed as follows:

EXAMPLE OF TRAINING DATA

Semester Time Traffic Level
Semesterl |  24:00 AM 1
Semesterl 01.00 AM 1
Semesterl 09:00 AM 3
Semesterl 10:00 AM 4
Semesterl 11:00 AM 3
Semesterl 12:00 PM 5
Semesterl 13:00 PM 4
Semesterl 14:00 PM 3
Semesterl 15:00 PM 3

A. Association rule

Association rule model use the relationship in the form of LIS — &4 is applied for extracting

rules. The extracted rul§s ggr_l_;-IS are based on duration of semester and 1-hour periods of time.
ir* (1 3
Therefore, a rule is created. Where  occurs most frequently in the rows,

For each rule of the form L& — &5, define the supp and conf as the support and confidence
as follows:

such as conf Semester, Time — Level
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_ count(Semester, Time and Level) (1)
cosz(Semester, Time)

such as sup Semester, Time— Level

_ count{Semester, Time and Level) (2)
count{ Al

Confidence and support value are used for rule selections. Because plenty of rules are
generated, some simple concerns in rule selections include:

1) Select the rule with maximum confidence.

2) Select the rule with maximum support if confidence value is equal.

3) Select the rule that happens first when confidence and support values are equal.
Decision tree

A decision tree has a flowchart like structure. In this structure each internal node does a test
on a certain property and each branch of this node show a result of the test; however a leaf node
indicates a class. The top node is called the root of tree. This classification can be prediction of
new situations and also decision making about them. Generally in a decision tree the root is on
. the top and leaf nodes are situated in the lowest level,

In our application, we select Information Gain, which will be explained in following subsection,
in the role of selection criterion for the learner. Pruning during induction is based on the minimal
number of two instances in leaves. This measure is based on information theory, which indicates
required information to classify a given record of data. The expected information to encode
possible class [abel of an arbitrary record of a training set in bits is given by Y of an arbitrary
record of a training set in bits is given in Equation (3).

H(¥)=-3" P(Y =C)log{ P(Y =C,)) (3}

Where P(Y=C} is the nonzero probability that the record belongs to a class C;. A log function to
the base two is used, because the information is encoded in bits. H(Y) is also known as the
entropy of the data. This parameter gets a high value if class label Y has uniform distribution in
training set and low value if its distribution varies. The conditional entropy H(¥/x,) is the
expected information required to classify a record based on some known attribute x, :

HY/x)=-Y

reval{x,y

P(x, =w)H(Y/x, =uy (4}

Information gain is defined as the difference between the original information requirement (3)
and the new requirement after obtaining the value of x, (4). That is

I{x,)=HI)-H{¥/x,) {5)

In other words, /(x ) reveal how much information would be gained by splitting an . We like to do
splitting on the attribute that would produce partitions that are more pure and the amount of
information still required to finish classifying their records is minimal. Therefore, it is sufficient to
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choose the attribute with the highest information gain and using it as a splitting attribute on the
current node in Decision Tree.

Data Set

The data set was collected from Rajabhat University during one year for every day. The data
set transaction about 87,600 records.

Model Evaluation

The performances of two models were tested. In general, the data is divided into a training
data set and a test data set.

Data obtained in all semesters are used to train the mode! while data acquired for 30 days in
June are used to test the performance of the model. Note that the ratio of the training set and
testing set is 60:40.

5. Experimental Result

The result of association rule has overall accuracy equal 98.74 % [2] and the output of decision
tree is represented by I1D3 in Table |1

RESULT OF DECISION TREE
Time Semester Traffic
Level
24,00 AM All 1
01.00 AM All 1
02.00 AM All 1
03.00 AM All 1
04.00 AM All 1
05.00 AM Al 1
06.00 AM All 1
07.00 AM All 2
08.00 AM Semesterl 3
08.00 AM Semester2 3
08.00 AM Semesterq 2
09.00 AM Semesterl 3
09.00 AM Semester2 5
09.00 AM Semesterd 2
10.00 AM Semesterl 4
10.00 AM Semester2 4
10.00 AM Semester4 3
11.00 AM Semesterl 3
13.00 AM Semester2 3
11.00 AM Semesterd 3
12.00 AM Semesterl 5
12.00 AM Semester2 5
12.00 AM Semesterd 3
13.00 AM Semesterl 4
- 13,00 AM Semester2 5
13.00 AM Semesterd 3
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Time Semester Traffic
Level
14.00 AM Semesterl 3
14.00 AM Semester2 5
14.00 Aivt Semesterd 1
15.00 AM Semesterl 3
15.00 AM Semester2 5
15.00 AM Semesterd 2
16.00 AM Semesterl 4
16.00 AM Semester? 5
16.00 AM Semesterd 2
17.00 AM Semesterl 3
17.00 AM Semester2 5
17.00 AM Semesterd 2
18.00 AM All 3
15.00 AM Semesterl 2
19.00 AM Semester2 2
19.00 AM Semester4 1
20.00 AM Semesterl 2
20.00 AM Semester2 2
20.00 AM Semesterd 1
21.00 AM All 1
22.00 AM All 1
23.00 AM All 1

This summary is presented in Fig. 4, along with some important statistical parameters. One of
it is Kappa statistic, a measure of agreement between two individuals, with a 0.9885 value; other
parameters are mean absolute error- a quantity used to measure how close forecasts or
predictions are to the eventual outcomes, root mean squared error - a good measure of the
model’s accuracy, root relative squared error -the average of the actual values, relative absolute
error - similar to the relative squared error.

=== Evaluation on training set ===

=== Summary ===
Correctly Classified Instances 119 99.1667 %
Incorrectly Classified Instances 1 0.8333 %

Evaluation on training set.

== Detailed Accuracy By Clasa —

TP Rate TP Rate Precisjon  Becall F-Measure ROC Rrea lass

1 a 1 1 1 1 1
I a 1 1 3 1 2
i .03 0.85 1 0.874 1 s
1 a 1 I 1 b3 4
0.941 o i ¢.941 8.97 3 &
Weighted Avyg. G-397 B8.402 0.992 Q.282 0.9%2 h3

Detailed accuracy by class.
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In Fig. 3, contains information regarding the detailed accuracy by class. Here are detailed
information concerning the next statistical parameters:

¢ TP Rate (True positive rate): the report of the positive instances classified as positive.
There have been classified as positive 94.1% of the positive instances from class 5, and _
100% from the first to forth class. The best percentage is for the last class which means
that all the positive instances were classified as positive.

» Precision: the number of correctly classified instances divided by the whole classified
instances number. For example, the precision value is 0.95 for class 3, is 1 for class 1, class
3, class 4, and class 5.

o Recall: the same with TP Rate

* FP Rate (False Positive Rate}: the report of the negative classified instances as positive. in
our example, for class 3 this report value is 0.01, meaning only 1 % from the negative
instances have been classified as positive.

& [-Measure is a measure of a test’s accuracy

This information can be used in prediction work. Table 1!l demonstrates the percentage
accuracy of Association Rule and Decision Tree. The accuracy of Association Rule has 98.74% and
Decision Tree has accuracy 99.16%. Therefore the model from Decision Tree by using time,
Semester and network traffic level can use for prediction quality of network traffic and this
model outperform use only time factor.

COMPARAION OF ACCURACY PERCENTAGE FOR DATA MINING MODEL

Accuracy
Data mining Model Percentage
(%)
Association Rule 98.74%
Decision Tree 99.16%

6. Conclusion and Future Works

This Research is to compare the efficiency of 2 models used in forecasting the traffics in the
network system for educational institutes or universities in order to study the model as
appropriate for managing the network systems for the educational organizations in each
semester. It is found that using the Decision Tree Technique can forecast the trend of reducing
the traffics in the manner which is more efficient than the Association Rule. Use of the
Association Rule Discovery Technique for forecasting these traffics can be used as guidelines for
considering, managing, and opting to use the routes to meet the maximum efficiency during
semester opening and closing pericd and can be used as a factor to develop the data
receiving/sending efficiency more than ever.
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