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[Abstract]

Recently, due to exponential growth of access information on the web, the importance of predicting a
user’s next web page use has been increasing. One of the methods that can be used for predicting
user’s next web page is deep learmning. To predict next web page, web logs are analyzed by data
preprocessing and then a user’s next web page is predicted on the output of the analyzed web logs
using a deep learning algorithm. In this paper, we propose a framework for web page prediction that
includes methods for web log preprocessing followed by deep learning techniques for web prediction.
To increase the speed of preprocessing of large web log, a Hadoop based MapReduce programming
model is used. In addition, we present a web prediction system that uses an efficient deep learning
technique on the output of web log preprocessing for training and prediction. Through experiment, we
show the performance improvement of our proposed method over traditional methods. We also show the

accuracy of our prediction.

» Key words: Deep learning, Framework, Web page prediction, Web log, Log preprocessing,
MapReduce model
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I. Introduction
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II. Preliminaries

1. Related works
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III. The Proposed Scheme

1. Framework for Web Prediction System
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mo]X] o & AJARLS T 104 B0] 37[e] £Q HAL
HEQl tjo]g| ZAe2](data preprocessing), Hlo|E 2
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Our next page prediction system

—

Our proposed data preprocessing

Large raw access log |

MR based data cleaning & User
Identification

—

MR based Session
identification

l

MR based Page's statistical
analysis & clustering
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User sessions

Data modeling

| LSTM network training |
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Prediction
Click sequence |
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Fig. 1. Framework of Web Prediction System
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Eror sfams

199.120,110.21 -~ [02/Jul/1995:00:00:01-0400] "GET /history/apollo/ss.html HTTP/10" 2006245
199,120,110.21 -~ [0%/1ul/1995:00:00:06-0400] "GET shuttlefmissions/sshiml KTTR/L0" 200 3985
199,120,110.21 -- [01/Jul/1995:00:00:09-0400] "GET /shuttle/missions/mission-73.html ~ HTTP/1,0" 2004085
199.120.110.21 - [02/)ul/1995:00:00:11-0400] "GET /shuttle/countdowmy/liftoffhtml ~ HTTP/1.0" 3040
199,120,110.21 - - [02/Jul/1995:00:00:11-0400] "GET /shuttle/missions/sts-73-mallgf ~ HTTP/1.0" 2004179
199,120,110.21 - [01/Jul/1995:00:00:12-0400] "GET /images/NASA-ogosmall gif HTTP/L.0"3040
L | ) ' JEEEENEE S
1P address Requasted date time Requested file (Dage) HTTP version  Reques: file size

Fig. 2. CLF format of Web Log
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Fig. 3. Result after Preprocessing Step
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Fig. 4. Comparison of RNN(left) and FNN(right)
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Fig. 5. Sample LSTM unit
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Fig. 6. Sample structure of LSTM network for next
web page prediction
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2. Experimental Result
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2.1. Experimental Environment
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2.2. Data Preprocessing Experiment
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Table 1. Result of session identification

Number of real
session identified

Number of
session identified

Traditional
time-based
session
identification
(with 11
minutes static
threshold)
The proposed
technique

1381 1014

1415 1153
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ulmsh £ Uuelso avgat Ald &8 uol
1T}, &0}-8(effective rate)S AlHsH A& A|A )

= AA9 oJojskal Al &(identification
rate)2 AT A A AA| AR AAdQ] WS o]
Itk & 2014 B0l & =wollA Aot 2ar2jsol 7|
Jejauct o oz AR AHE A
o of 0]
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4
;:O
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Table 2. Comparison of effective and identification rate

Effective rate Identification
rate
Traditional 73% 54%
technique
Proposed 81% 61%
technique
O A
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Table 3. Comparison of execution time

Execution time No. of
(Sec) sessions
identified
ActiveUser 2038 79589
identification
algorithm
Trivial user 4255 79589
identification
algorithm
The proposed 79 111928
session identification
1400
0
9 1200
@1000 //
v
‘E 800 = —_—
= — A typical data
e 600 - preprocessing
§ 400 == Qur proposed data
a preprocessing
G 200
0 y .
26 36 46 56
DataSet size

Fig. 7. Execution time of MR based data
preprocessing on large log data set
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2.3. Next Page Prediction Experiment
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T WA A= LSTM 25 o]gstol Al

6ollA1 1071K] HalolHA] HEd s *E‘Alﬂ?‘ﬂ.
g 9t oI5 BT ARBAE A0 dolofl tigt T
Ho{Za Itk Ale] 2ol 604 10 Hox| = F7}
0 ol 52] g2 d= FLot EoHAt

=
=

A

=
=

bl
o

8

80

60 -

40

Accuracy(%)

20
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Fig. 8. Comparison of accuracy of prediction models

B LSTM model for NASA
dataset

Accuracy(%)

Session Length

Fig. 9. The effect of session length on accuracy
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IV. Conclusions
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