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ABSTRACT

With the fast growing popularity of the WWW, Websites plays an important role to communicate knowledge and information to the users. The task
of mining web traffic patterns is very difficult when the weblog database is enormous. Few research works has been designed for predicting the
traffic web patterns to analyze the user’s behaviours. But, performance of existing traffic web patterns mining was not efficient. In order to
overcome such limitations, MapReduce Pearson Correlation Fisher's Linear Discriminant Classifier (MPC-FLDC) technique is proposed. The
MPC-FLDC technique efficiently extracts web traffic patterns from weblogs through pre-processing, classification and correlation analysis. The
MPC-FLDC technique initially carried outs pre-processing in which MapReduce framework is used to group the web patterns according to
different sessions. After preprocessing, MPC-FLDC technique applied Fisher's Linear Discriminant (FLD) Classifier to classify the web patterns at
a different sessions as frequent or non-frequent based on hit ratio. This process resulting in improved classification accuracy of web patterns.
Finally, MPC-FLDC technique used Pearson correlation analysis that evaluates the web patterns correlation between a different user sessions in
order to efficiently predict the traffic web patterns with higher accuracy and minimum time. This process assists for MPC-FLDC technique to
improve the traffic patterns prediction rate and reducing the prediction time. The performance of MPC-FLDC technique is evaluated with
parameters such as classification accuracy, traffic patterns prediction accuracy, prediction time, and true positive rate with respect to different web
patterns. The experimental result shows that MPC-FLDC technique is able to increases the traffic patterns prediction accuracy and also lessens the
prediction time when compared to state-of-the-art-works.
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1. Introduction

The World Wide Web (WWW) attains greater attention with the
increasing information transaction from web servers and number of
requests from web users. Discovering information regarding web
user's usage patterns is essential for marketing strategies to increase the
future growth. Most of the existing technique presents only statistical
information without real useful knowledge for Web managers.
Therefore, mining web traffic and user access patterns is significant for
marketing and management of E-business, E-services, E-searching,
and E-education.

Following are the several research works designed for web usage
mining to analyze the user behaviour. A web usage mining approach
was presented in [1] for predicting online navigational behavior. But,
prediction performance of web user behaviour was not efficient.
Besides, predicting the web traffic patterns was remained unsolved. A
fuzzy clustering was used in [2] to predict the maximum visited pages
by user from website. However, prediction time was higher.

Anovel method was designed in [3] for identifying web usage patterns
through client-side logging. However, time complexity for
identification of usage patterns was more. Sequence- based clustering
was developed in [4] for web usage mining to evaluate elder self-care
behavior patterns. But, performance of web usage mining was not
efficient.

A novel web usage mining approach was presented in [5] to predict
sequences of navigation patterns. However, prediction accuracy was
remained unsolved. In [6], web mining integrated with the electronic
commerce application in order to improve the performance of web user
behaviour analysis.

A review of different clustering techniques designed for web usage
mining was analyzed in [7] to improving the prediction accuracy. K-
Nearest Neighbor (KNN) classification method was intended in [8] for
automatic web usage data mining based on user behaviors. But, a web
traffic pattern mining was remained unaddressed.

Asurvey of diverse techniques designed for mining users' navigational
behavior from weblog was presented in [9]. A novel algorithm was
presented in [10] for discovering frequent web sites-users. However,
prediction accuracy and time was not at required level.

In order to solve the above mentioned existing issues, The MapReduce

Pearson Correlation Fisher's Linear Discriminant Classifier (MPC-
FLDC) technique is introduced. The major contribution of MPC-
FLDC technique is organized as follows,

» To improve the prediction performance of web traffic patterns
from a weblog database, MPC-FLDC technique is designed. The
MPC-FLDC technique is developed with application of Fisher's
Linear Discriminant Classifier and Pearson Correlation Analysis
for efficient daily/hourly traffics prediction.

* To group the web patterns in a weblog database according to
different sessions, MapReduce framework is applied in MPC-
FLDC technique. The MapReduce framework used two phases
such as Map and Reduce for efficiently grouping web patterns at
different sessions.

* To classify the web patterns as frequent or non-frequent at
different sessions, Fisher's Linear Discriminant (FLD) Classifier is
applied in MPC-FLDC technique. The FLD Classifier finds
optimal projection direction for improving the classification
accuracy of web patterns based on hit ratio.

e To predict the web traffic patterns among different sessions with
minimum time, Pearson Correlation Analysis is applied in MPC-
FLDC technique. The Pearson Correlation Analysis determines
the web patterns correlation between a different user sessions for
efficiently mining the traffic web patterns.

The remaining structure of the paper is organized as follows: In
Section 2, MapReduce Pearson Correlation Fisher's Linear
Discriminant Classifier (MPC-FLDC) technique is described with
help of architecture diagram. In Section 3, Simulation settings are
presented and the result discussion is explained in Section 4. Section 5
introduces the background and reviews the related works. Section 6
provides the conclusion of the paper.

2. MapReduce Pearson Correlation Fisher's Linear Discriminant
Classifier framework

The MapReduce Pearson Correlation Fisher's Linear Discriminant
Classifier (MPC-FLDC) technique is developed with objective of
improving the performance of web traffic patterns mining with higher
accuracy. The MPC-FLDC technique used Fisher's Linear
Discriminant (FLD) Classifier for categorizing the web patterns as
frequent or non-frequent web patterns in weblog database according to
different sessions. This helps for MPC-FLDC technique to improve the
classification accuracy for finding the frequent web pages (i.e. web
patterns) browsed by different web users. After classification, MPC-
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FLDC technique employed Pearson correlation analysis to evaluate
the web patterns correlation among different sessions for efficient
prediction of daily/hourly traffics with minimum time complexity.
The overall architecture diagram of MapReduce Pearson Correlation
Fisher's Linear Discriminant Classifier (MPC-FLDC) technique is
shown in below Figure 1.
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Figure 1Architecture of MapReduce Pearson Correlation Fisher's
Linear Discriminant Classifier for Web Traffic Pattern Mining
Figure 1 shows the process of MPC-FLDC technique for efficiently
mining web traffic patterns. As shown in Figure 1, MPC-FLDC
technique at first takes weblog database (i.e. Apache log samples
dataset) as input. Then, MPC-FLDC technique performs
preprocessing to group the web patterns in a weblog database based on
a sessions. After that, MPC-FLDC technique applies Fisher's Linear
Discriminant Classifier to classify the web patterns as frequent or non-
frequent with higher classification accuracy. Finally, MPC-FLDC
technique used Pearson Correlation Analysis in order to predict the
web traffic patterns efficiently with minimum time. The elaborate
description about MPC-FLDC technique is explained in next sub
sections.

2.1 Preprocessing

In MPC-FLDC technique, preprocessing is carried out in order to
group web patterns in a weblog database based on different sessions
(i.e. Time Interval) using MapReduce framework. MapReduce
framework partitions the web user's activities into a sequences
(sessions) based on access time. The MapReduce is a divide-and-
conquer program model which comprises of “Map” and “Reduce”
phase. The input to the MapReduce is divided into a list of key/value
pairs. The map and reduce task processes jobs of data on all nodes
stored in a local machine. The MapReduce framework used in MPC-
FLDC technique segments the original web logs into a number of
sessions based on access time. Generally Web server stores the access
activities of web users in Weblog database. The weblog database
consists of client IP address, time, requested URL, HTTP status code,
referrer, etc. The separation of web patterns according to diverse
sessions helps for MPC-FLDC technique to find the web pages visited
by web users in a particular period of time for effective web traffic
pattern mining.

The MPC-FLDC technique applies MapReduce framework on weblog
database to divide the weblog database into a number of sessions

From equation (1), wpl,wp3,..wp7 are web pages visited by users in a
specified time period (i.e. session S.

The MapReduce framework used in MPC-FLDC process huge
volumes of weblog database in a parallel manner and efficiently group
web patterns. In MPC-FLDC, the technique MapReduce framework
takes weblog database an input and then map task transforms it into a
Key-Value pairs in which the key includes classes (different sessions)
and their related web patterns which is formulated as,

S=wpl,wp3,wp5,.wp7) (1)

Map(Y)—(Key,Value) (2)

(Key)—(Class,web patterns) (3)

From equation (2) and (3), key denotes the different time intervals (i.e.
sessions). Thus, map phase in MapReduce framework helps for
grouping the web patterns in a weblog database according to diverse

sessions. The process of MapReduce framework for separating web
patterns in a weblog database is shown in below,
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Figure 2 Process of Mapreduce Framework for Grouping Web
Patterns
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As shown in Figure 2, A MapReduce Frameworks initially takes
weblog database as input and then divides the input into number of
sessions which are processed by the map tasks in an entirely parallel
manner. Subsequently sorts the outputs of the maps and input to the
reduce tasks. Finally, the output of reduce tasks includes of different
sessions and their associated web patterns from a weblogs. This assists
for MPC-FLDC to reduce the time complexity for efficient web traffic
pattern mining.2.2 Fisher's Linear Discriminant Classifier After
completing the preprocessing task, MPC-FLDC technique used
Fisher's Linear Discriminant (FLD) Classifier in order to classify the
web pages (i.e. web patterns) visited by web users stored in weblog
database as frequent or non-frequent based on their sessions. Session
represents that the web user's actions performed within a period of
time. The FLD Classifier designed in MPC-FLDC technique
categorizes the web pages which are most frequently browsed by web
users within a period of time as a frequent web patterns and the
remaining web pages as non-frequent based on hit ratio. Here the hit
ratio is defined as the number of times that the particular web page
found in weblog database to the total number of web pages. Besides,
the hit ratio also represents that the probability of web pages being in
the weblog database. The basic idea of FLD Classifier is that the web
pages are projected onto a line and the classification is performed in
this one-dimensional space. The projection increases the distance
between means of two classes as reducing the variance in each class.
The process of FLD Classifier is shown in below Figure 3.
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As shown in Figure 3, initially FLD Classifier takes the preprocessed
weblog database as input and then evaluates the hit ratio for each web
pages stored in weblog database. Based on measured hit ratio of web
pages, then FLD Classifier determines optimal projection direction for
efficient web patterns classification. Finally, FLD Classifier separates
the frequent web patterns and non-frequent web patterns through
identified optimal projection direction according to their different
sessions ‘S1,S2,..Sn’.

Let us consider the weblog database consists of numerous web pages
like {wpl,wp2,..wpN } where wp(i ) €ER”n in which nlsamples are in
class 1 denoted C1 (frequent web pages) and n2 samples in class 2
denoted C2(non-frequent web pages). The FLD Classifier only
performs the classification between two classes with respect to
different sessions of web users. The hit ratio of each web page in
weblog database is evaluated using following mathematical formula,

HR,p = nt (:’Pi) @

From equation (4), N denotes the total number of web pages in weblog
database whereas nt (wpi) represents the number of times that the
particular web page found in weblog database. After evaluating the hit
ratio, the class separability function of FLD Classifier is determined.
The class separability function in a direction vER" at a particular
session Si defined as,

jw) =

UTSCBU

vTSCyrv

From equation (5), SCB and SCW indicates the scatter matrixes
between-class and within class which are measured as,

§Cy = (my —my)(my —my)7T (6)
iy

SCW = Xi_12 Dwpec, (X — m)(x —m)" (7)

Then, subsequently sample mean of the respective classes miis
evaluated as,

1
m; = ;EW;UEC1 wp (&)

Thus, The Fisher linear discriminant is given by the vector v that
maximizes the class separability function J(v). The equation (5) is a
particular case of the generalized Rayleigh quotient and therefore
assuming that SCW is a non-singular matrix. From that, it is potential to
determine an analytic expression for v using below mathematical
expression which maximizes J(v),

w = S5 (my —my) ©)

By using the equation (9), the optimal projection direction v is
determined that helps for classifying the web pages into an each one of
the two classes. The discovered optimal projection direction ‘v’
efficiently categories the web pages in weblog database as frequent or
non-frequent web patterns according to different sessions ‘S1,S2,..Sn’.
The following diagram shows the FLD Classifier results for a
particular session Si .
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Figure 4 demonstrates the output of FLD Classifier for separating
frequent or non-frequent web patterns in web log database to predict
the traffic web patterns. As shown in Figure 4, green color diamond
represents the frequent web patterns browsed by web users in a weblog

database at a particular session Si whereas red color diamond indicates
the non frequent web patterns. The algorithmic process of Fisher's
Linear Discriminant Classifier is shown in below,

// Fisher's Linear Discriminant Classifier Algorithm

Input: Preprocessed Weblog Database

Output: Classify the Web Pages as Frequent or Non-Frequent patterns
according to Sessions Si

Step 1: Begin

Step 2: For each web page in web log database

Step 3:Measure hitratio using (4)

Step 4:Define class separability function using (5)

Step 5:Compute scatter matrixes between-class and within
class using (6) and (7)

Step 6: Sample mean of the respective classes is determined
using (8)

Step 7:Find optimal projection direction to classify the web
pages as frequent or non frequent at a particular session Si
using (9)

Step 8:End for

Step 9: End

Algorithm 1 Fisher's Linear Discriminant Classifier

Algorithm 1 shows the step by step process of FLD Classifier for
categorizing the frequent or non-frequent patterns. As depicted in
algorithm, FLD Classifier initially determines the hit ratio for all web
pages in a weblog database. Then, FLD Classifier defines class
separability function through measuring the scatter matrixes between-
class and within class. After that, Sample mean of the respective
classes is estimated. At last, FLD Classifier discovers optimal
projection direction to classify the web pages as frequent or non-
frequent patterns based on a sessionSi. This process is continued until
all the web pages in weblog database are classified with respect to
different number of sessions ‘S1,S2,..Sn’. This helps for MPC-FLDC
technique to increase the classification accuracy in an effective
manner. After classification, the classified web traffic patterns are
employed for efficient web traffic pattern prediction which is detailed
explained in next section.

2.3 Pearson Correlation Analysis based Web Traffic Pattern
Mining

The MPC-FLDC technique used Pearson Correlation Analysis for
efficient web traffic patterns prediction (i.e. daily/hourly traffic) from a
weblog database. The web traffic patterns represents a web pages that
are visited more number of times by a number of web users. The web
traffic patterns predicted from a classified frequent web patterns
through Pearson correlation. The MPC-FLDC technique employed
Pearson Correlation analysis to determine degree of web pages
correlation among different sessions for web traffic predictions. In
MPC-FLDC technique, Pearson Correlation measures the web pages
similarity between the user sessions. With the aid of computed degree
of correlation i.e. similarity, then MPC-FLDC technique efficiently
forecast the daily and hourly traffic volume. This helps for MPC-
FLDC technique to achieve higher prediction rate for mining web
traffic patterns from a weblog database. The process involved in
Pearson Correlation analysis for effective web traffic patterns
prediction is shown in below Figure 5.
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Figure 5 Process of Pearson Correlation Analysis for Web Traffic
Patterns Prediction

Figure 5 shows the process of Pearson correlation analysis for web
traffic patterns predictions and mining. As shown in figure, Pearson
correlation analysis initially evaluates the Pearson correlation
coefficient 7 S S2 ’ between the web patterns in different sessions
‘S1,52,..Sn’. If Pearson correlation coefficient ‘» S7 S2’ values is lies
between the 0 to +1.00, then the prediction of traffic web patterns in
obtained. Otherwise, prediction of non traffic web patterns in obtained.
As aresult, MPC-FLDC technique increases the prediction rate of web
traffic patterns mining with minimum time. This process results in
minimum prediction time for web traffic patterns analysis.

The proposed MPC-FLDC technique used Pearson correlation
analysis for computing the degree of the correlation between web
patterns in diverse ‘S/,52,..S n’ to forecast the web traffic patterns on
an hourly and daily basis. The following mathematical expression is
used to compute the Pearson correlation coefficient to predict the web
traffic patterns between the two user session S, and S, ,

25152_(231]’5232)

(10)
2
\/(2512 (ziu )(Eszz tziz)?)

Ts,5, —

From equation (10), » represents the number of user sessions
‘S.,S,,..Sn’, S,and S, are ith sessions. Here, 'S, S, refers the sum of
cross product of S, andS,, >'S, is the sum of frequent web patterns in
sessionS,, Yy is the frequent web patterns in sessionS,, Y'x” is the sum
of squared of session S, and Yy” is the sum of squared of frequent web
patterns of session S,. With help of equation (7), web patterns
correlation among the different user sessions ‘S ,,S,,..S,’ is determined
in order to predicts the traffic web patterns. The results of Pearson
correlation coefficient r value is lies between the -1.00 to +1.00. If'the
measured r value between two user sessions is lies between the 0 to
+1.00, then the prediction of traffic web patterns in acquired.
Otherwise, prediction of non traffic web patterns in acquired. The
algorithmic process of Pearson Correlation analysis for Web Traffic
Pattern Mining is shown in below.

/I Pearson Correlation Analysis based Web Traffic Pattern
Mining Algorithm
Input: Classified frequent web pages according to diverse sessions

Output: Improved traffic pattern prediction rate and reduced
prediction time

Step 1: Begin

Step2:  Foreachsession ofclassified frequent web pages
Step 3: Compute the Pearson
correlation coefficient " using (10)

Step 4: If (" value is lies between 0 to +1.00)

Step 5: The web patterns in sessions are
predicted as traffic web patterns

Step 6: else If (" value lies between -1.00 to 0)
Step 7: The web patterns in sessions are
predicted as non traffic web
patterns
Step 8: Endif
Step 9: Mine the predicted traffic web patterns
Step 10: End for
Step 11: End

Algorithm 2 Pearson Correlation Analysis based Web Traffic Pattern
Mining As shown in Algorithm 2, at first Pearson correlation analysis
measures the Pearson correlation coefficient value for each user
sessions of classified frequent web patterns in a weblog database. After
that, Pearson correlation analysis algorithm ensures if r S7 S2 value is
ranges from 0 to +1.00 which tells that there is a perfect positive web
patterns similarity between the user sessions. Therefore web patterns
in sessions are predicted as traffic web patterns. Otherwise, Pearson
correlation analysis checks if S/ S2 value is ranges from-1.00 to 0
which tells that there is a perfect negative web patterns similarity
between the user sessions. Therefore, web patterns in sessions are

predicted as non traffic web patterns. At last, Pearson correlation
analysis mines the predicted web traffic patterns efficiently. The
measure of Pearson correlation coefficient among diverse sessions
‘S_1,S 2,..S n’is also helps for effectively predicting the hourly and
daily web traffics from a weblog database with minimum time. As a
result, MPC-FLDC technique attains higher prediction accuracy and
minimum prediction time for web traffic pattern analysis.

3. Experimental Settings

In order to evaluate the performance of proposed, MapReduce Pearson
Correlation Fisher's Linear Discriminant Classifier (MPC-FLDC)
technique is implemented in Java language using Apache log samples
dataset [21]. The Apache log samples dataset comprises of access
activities of numerous web users such as IP address, Date, Time of
Access, Port Number, accessed Webpage’s. The performance of MPC-
FLDC technique is compared against with existing web usage mining
approach [1] and fuzzy clustering [2]. The effectiveness of MPC-
FLDC technique is measured in terms of classification accuracy, traffic
patterns prediction rate, prediction time and true positive rate. The
experimental evaluation of MPC-FLDC technique is conducted for
several instances with respect to diverse number of web patterns and
averagely ten results is depicted in table and graph for performance
analysis.

4. Results and Discussions

In this section, the result of MPC-FLDC technique is presented. The
performance of MPC-FLDC technique is compared against with
existing web usage mining approach [1] and fuzzy clustering [2]
respectively. The efficiency of MPC-FLDC technique is analyzed
along with the following metrics with the aid of tables and graphs.

4.1 Measure of Classification Accuracy In MPC-FLDC technique,
Classification Accuracy (CA) is defined as the ratio of the number of
web patterns that are correctly classified as frequent to the total number
of web patterns. The Classification Accuracy is evaluated in terms of
percentage (%) and formulated as,

CA=

number of web patterns that are correctly classified as frequent .

total number of web patterns

100 (11)

From equation (11), the classification accuracy for web traffic pattern
analysis is determined with respect to different number of web
patterns. While classification accuracy is higher, the method is said to
be more efficient.

Table 1 Tabulation for Classification Accuracy

Number of Classification Accuracy (%)
Patterns
Web Usage Mining Fuzzy MPC-FLDC
Approach Clustering technique
30 66 72 83
60 69 73 85
90 70 76 86
120 71 77 88
150 73 78 89
180 74 80 90
210 76 81 92
240 77 83 93
270 79 84 96
300 80 86 97

Table 1 depicts the tabulation results of classification accuracy for
mining web traffic patterns for weblogs database based on various
number of web patterns using three methods. The MPC-FLDC
technique considers the framework with different number of web
patterns in the range of 30-300 using java language. While considering
the 150 web patterns for conducting experimental works, the proposed
MPC-FLDC technique achieves 89 % classification accuracy for
finding the frequent web patterns whereas web usage mining approach
[1] and fuzzy clustering [2] obtains 73 % and 78 % respectively. Thus,
it is illustrative that the classification accuracy using proposed MPC-
FLDC technique is higher as compared to other existing [ 1], [2].
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Figure 6 Measurement of Classification Accuracy versus Different
Number of Patterns

Figure 6 portrays the impact of classification accuracy for discovering
frequent web patterns visited by web users versus diverse number of
patterns in the range of 30-300 using three methods. As shown in
figure, the proposed MPC-FLDC technique provides better
classification accuracy for finding frequent web patterns from web log
database when compared to web usage mining approach [1] and fuzzy
clustering [2]. Besides, while increasing the number of web patterns,
the classification accuracy is also gets increased for all three methods.
But, comparatively the classification accuracy using proposed MPC-
FLDC technique is higher. This is due to application of FLD Classifier
in MPC-FLDC technique. FLD Classifier designed in MPC-FLDC
technique determines optimal projection direction to efficiently
categorize the web pages as frequent or non-frequent patterns based on
a session Si. This in turn assists for MPC-FLDC technique to enhance
the classification accuracy in a significant manner. As a result,
proposed MPC-FLDC technique improves the classification accuracy
by 22 % and 14 % when compared to web usage mining approach [1]
and fuzzy clustering [2] respectively.

4.2 Measure of Traffic Patterns Prediction Rate

In MPC-FLDC technique, Traffic Patterns Prediction Rate (TPPR) is
defined as the ratio of the number of web patterns that are predicted as
traffic patterns to the total number of web patterns. The traffic patterns
prediction rate is measured in terms of percentage (%) and
mathematically expressed as,

" TPPR =

number of web patterns that are predicted as traf fic patterr

total number of web patterns

100 (12)
From equation (12), the prediction rate for web traffic patterns is
estimated with respect to dissimilar number of web patterns. While
traffic patterns prediction rate is higher, the method is said to be more
effectual.

Table 2 Tabulation for Traffic Patterns Prediction Rate

Traffic Patterns Prediction Rate (%)

Web Usage Mining | Fuzzy Clustering MPC-FLDC
Approach technique
62 70 86
63 71 88
65 74 89
66 75 90
67 77 92
70 78 93
71 80 94
72 81 95
75 82 97
76 84 98

Table 2 demonstrates the results of traffic patterns prediction rate for

mining web user’s behaviours with respect to diverse number of web
patterns in the range of 30-300 using three methods. While considering
the 210 web patterns for performing experimental evaluation, the
proposed MPC-FLDC technique attains 94 % traffic patterns
prediction rate whereas web usage mining approach [1] and fuzzy
clustering [2] acquires 71 % and 80 % respectively. From that, it is
expressive that the traffic patterns prediction rate using proposed
MPC-FLDC technique is higher as compared to other existing [ 1], [2].

Figure 7 Measurement of Traffic Patterns Prediction Rate versus
Different Number of Patterns

Figure 7 explains the impact of traffic patterns prediction rate versus
different number of patterns in the range of 30-300 using three
methods. As exposed in figure, the proposed MPC-FLDC technique
provides better web traffic patterns prediction rate for analyzing web
user’s behaviours when compared to web usage mining approach [1]
and fuzzy clustering [2]. In addition, while increasing the number of
web pattern, traffic patterns prediction rate is also gets increased for all
three methods. But, comparatively the traffic patterns prediction rate
using proposed MPC-FLDC technique is higher. This is owing to
application of Pearson Correlation Analysis in MPC-FLDC technique.
Pearson correlation analysis used in MPC-FLDC technique
determines the correlation between the web pages among different
user sessions in order to efficiently predict the web traffic patterns with
higher accuracy. This process helps for MPC-FLDC technique to
improve the traffic patterns prediction rate in an effectual manner.
Hence, proposed MPC-FLDC technique increase the traffic patterns
prediction rate by 34 % and 20 % when compared to web usage mining
approach [1] and fuzzy clustering [2] respectively.
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4.3 Measure of Prediction Time

In MPC-FLDC technique, Prediction Time (P7) measures the amount
of time required for finding the web traffic patterns in a weblog
database. The prediction time is measured in terms of milliseconds
(ms) and mathematically represented as,

PT=N*time(predicting one web traffic pattern) (13)

From equation (13), the time for predicting web traffic patterns is
evaluated with respect to diverse number of web pages. While
prediction time is lower, the method is said to be more effective.

Table 3 Tabulation for Prediction Time

Number of Prediction Time (ms)
Patterns  \eb Usage Mining] Fuzzy | MPC-FLDC
Approach Clustering technique
30 21.9 18.1 13.5
60 26.1 25.6 16.2
90 31.2 29.8 22.6
120 36.7 342 29.7
150 425 39.7 352
180 48.6 453 40.7
210 54.8 51.2 44.9
240 60.3 58.9 49.8
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270 68.7 65.1 55.3
300 759 71.8 62.5

The performance analysis of prediction time for mining web traffic
patterns based on various number of web patterns in the range of 30-
300 using three methods is presented in Table 3. While considering the
240 web patterns for carried outing experimental process, the proposed
MPC-FLDC technique takes 49.8 ms time for predicting web traffic
patterns whereas web usage mining approach [1] and fuzzy clustering
[2] takes 60.3 ms and 58.9 ms respectively. Therefore, the prediction
time using proposed MPC-FLDC technique is lower as compared to
other existing [1],[2].
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Figure 8 Measurement of Prediction Time versus Different
Number of Patterns

Figure 8 shows the impact of prediction time versus dissimilar number
of patterns in the range of 30-300 using three methods. As
demonstrated in figure, the proposed MPC-FLDC technique provides
better prediction time for mining web traffic patterns when compared
to web usage mining approach [1] and fuzzy clustering [2]. Further,
while increasing the number of web pattern, prediction time is also gets
increased for all three methods. But, comparatively the prediction time
using proposed MPC-FLDC technique is lower. This is because of
application of Pearson Correlation Analysis in MPC-FLDC technique
where it finds the relationship between the web pages among diverse
user sessions to significantly predict the web traffic patterns with
minimum time. This process assists for MPC-FLDC technique to
reduce the prediction time in an effective manner. As a result, proposed
MPC-FLDC technique minimizes the prediction time by 23 % and 18
% when compared to web usage mining approach [1] and fuzzy
clustering [2] respectively.

4.4 Measure of True Positive Rate
In MPC-FLDC technique, True Positive Rate (7PR) determines the
ratio of the number of web patterns correctly predicted as traffic
patterns to the total number of web patterns. The true positive rate is
measured in terms of percentage (%) and mathematically formulated
as,

TPR =

number aof web patterns correctly predicted as traffic patterns .

total number of web patterns

100 (14)

From equation (14), the true positive rate for web traffic patterns
mining is evaluated with respect to various number of web patterns.
While true positive rate for web traffic patterns mining is higher, the
method is said to be more efficient.

Table 4 Tabulation for True Positive Rate

Number True Positive Rate (%)

of Web Usage Mining Fuzzy MPC-FLDC
Patterns Approach Clustering technique

30 56 63 80

60 58 66 81

90 59 67 83

120 62 69 84

150 63 70 87

180 65 71 88

210 66 73 90
240 69 77 91
270 70 78 92
300 72 79 94

The tabulation result of true positive rate for predicting web traffic
patterns with respect to diverse number of web patterns in the range of
30-300 using three methods is illustrated in Table 4. While considering
the 270 web patterns for conducting experimental process, the
proposed MPC-FLDC technique obtains 92 % true positive rate for
predicting web traffic patterns whereas web usage mining approach [1]
and fuzzy clustering [2] attains 70 % and 78 % respectively. As aresult,
the true positive rate using proposed MPC-FLDC technique is higher
Wember of Patterss Vs Troe Pasitive Rabe [%]

as compared to other existing [ 1], [2].

mber of Pasermy
Figure 9 Measurement of True Positive Rate versus Different
Number of Patterns
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Figure 9 describes the impact of true positive rate versus diverse
number of patterns in the range of 30-300 using three methods. As
illustrated in figure, the proposed MPC-FLDC technique provides
better true positive rate for predicting web traffic patterns when
compared to web usage mining approach [1] and fuzzy clustering [2].
Moreover, while increasing the number of web pattern, true positive
rate is also gets increased for all three methods. But, comparatively the
true positive rate using proposed MPC-FLDC technique is higher. This
is due to application of Pearson Correlation Analysis based Web Traffic
Pattern Mining algorithm in MPC-FLDC technique. With aid of
Pearson Correlation Analysis, MPC-FLDC technique effectually finds
the web traffic patterns among the different user sessions for analyzing
the web user behaviours to enhance the quality of Web information
service performances. This in turn assists for MPC-FLDC technique
to achieve higher true positive rate in an efficient manner. Thus,
proposed MPC-FLDC technique increases the true positive rate by 36
% and 22 % when compared to web usage mining approach [1] and
fuzzy clustering [2] respectively.

5.Related works

A linear-temporal logic model checking approach was intended in [11]
for analysis of users’ behaviors. However, traffic pattern prediction
was not considered. An Efficient Hybrid Successive Markov
Prediction Model was presented in [12] to identify web user usage
behavior with higher accuracy. But, true positive rate of prediction was
lower.

A novel algorithm for web personalization was designed in [13] by
combining the web user profiles and behavioral patterns. However,
time for predicting behavioral patterns was more. Hybrid Data
Aggregation Technique was developed in [14] to classify the web users
to discover knowledge about the web users with reduced time
complexity. However, classification accuracy was poor.

A novel method was intended in [15] for analyzing user behavior
pattern through evaluating web users in websites. But, prediction
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performance of user behavior pattern was not effectual. A k-means
clustering algorithm was presented in [16] to classify the daily traffic
patterns and to predict the current daily traffic patterns. However,
prediction accuracy of web traffic patterns was lower.

Apriori prefix tree (PT) algorithm was designed in [17] for predicting
and mining the patterns of user’s visit web pages. But, the efficiency of
mining was not efficient. A four-gram unified event model was
intended in [18] to present high quality data sources for web mining
algorithms and increase the quality of intelligent services.

A survey of different techniques developed for web mining was
presented in [19] to effectively predict the web user behaviors using
classification, clustering, statistical analysis and association rule. A
web classification algorithm was designed in [20] by using fuzzy
association rule mining to find out the correlation among the web pages
visited by users. However, accuracy of finding frequent web pages
visited by web users was not at required level.

6.Conclusion

An effective MapReduce Pearson Correlation Fisher's Linear
Discriminant Classifier (MPC-FLDC) technique is designed in order
to efficiently mine web traffic patterns from weblogs with higher true
positive rate and minimum time. The MPC-FLDC technique includes
of'three processes such as pre-processing, classification and traffic web
patterns prediction. During the pre-processing, MPC-FLDC technique
groups the web patterns in a weblog database based on diverse user
sessions. Afterward, MPC-FLDC technique categorizes the web
patterns at a different user sessions as frequent or non-frequent based
on hit ratio with application of (FLD) Classifier which resulting in
enhanced classification accuracy of web patterns. At last, MPC-FLDC
techniques efficiently predict the traffic web patterns with aid of
Pearson correlation analysis. This in turn supports for MPC-FLDC
technique to achieve higher the traffic patterns prediction rate with
minimum prediction time. The efficacy of MPC-FLDC technique is
test with the parameters such as classification accuracy, traffic patterns
prediction rate, prediction time and true positive rate. With the
experiments conducted for MPC-FLDC technique, it is illustrative that
the true positive rate presents more precise results for mining the web
traffic patterns as compared to state-of-the-art works. The
experimental result demonstrates that MPC-FLDC technique is
provides better performance with an improvement of true positive rate
and the reduction of prediction time when compared to the state-of-
the-art works.
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