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Abstract: Modern web clickstream data comprises multi levels of granularity based on the visitor behavior on
its websites, making it cumbersome to scrutinize. Following the overarching idea that the event visualization
should provide information regarding the click events at multiple levels of granularity and identifying
navigation patterns across several applications, three levels of granularity are identified for analyzing the
navigation patterns, namely, web access sequences, set of all users along with log entry. This method is called
as Hierarchical Forest Cluster and Heuristic Poll Classification (HFC-HPC). With the objective of mining web
access logs and improving the scalability of visualization interface, three parts are designed. They are
preprocessing using Localized Sequence Level model, clustering using Certainty Hierarchical Forest and
classification via Heuristic Poll. Three identifications are considered during preprocessing namely, user, user
session and page view identifications to extract information of interest with minimal time. Followed by the
extracted information, Certainty Hierarchical Forest Clustering algorithm is applied with which optimal
clusters are said to be generated with minimal computation overhead. Finally, heuristic poll is applied to the
generated optimal clusters of applications to address scalability in the context of high level patterns.
Experimental results based on web log files illustrate the applicability of the proposed method in achieving
better performance than existing methods in terms of computational time, overhead and error.
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. Introduction

Even sequence collection and analysis occurs in several domains. For example, e-commerce
organizations pursue to discern customer behaviors from clickstream data. Accordingly, decisions are informed
to the marketing team. In case of healthcare field, electronic health records acts as the sources of information
regarding the health updates of the patients. Here, the absolute volume and complexity of event sequences poses
several questions in the visual analysis of those data. Therefore, linear patterns were exploited to mine
sequential pattern with the parameters such as frequency and profit.

Mining And Querying User Interface (MAQUI) [1] portrayed the process involved in interwoven
querying and mining. This method enabled recursive event sequence exploration. According to the analysts’
tasks, the need for integrating querying and mining to obtain event sequences in a recursive manner was also
performed. Next, a framework of interwoven querying and mining were combined and designed to determine
the atomic user actions in order to refine the analytic context in an iterative manner and concentrate therefore
during analysis, therefore improving the speed of frequent events and frequent patterns in an efficient manner.
However, one of the limitations concerned in MAQUI was stability, involving large number of event types. This
in turn resulted in high latency by potentially hampering user’s performance during analysis.

Modern web clickstream data includes high-dimensional sequences involving multivariate events,
making it too cumbersome to scrutinize. With intention of afford information at multiple levels and allow users’
and effective navigate across these levels, four levels in clickstream analysis were detected. They were referred
to as, patterns, segments, sequences and events.

Three stages were involved in the design of understanding common visitors paths, namely, pattern
mining, pattern pruning and coordinated exploration among patterns and sequences and was referred as novel
visualization and interaction technique. Accordingly, the characteristics of maximal sequential patterns were
also investigated to minimize the frequency of patterns and obtain design considerations for extracting the
sequential patterns along with the analogous raw sequences. Mutual information between patterns was used to
automate the process of selecting interesting patters with minimum time and overhead. However, with the
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increase in the pattern size, the quality of final patterns being pruned remains a challenge, therefore
compromising scalability.

Product reviews forms as the basis for obtaining individual's opinions or belief about certain product
provided by several business establishments. Such product reviews helps the business establishments in
planning and monitoring their business profitability in terms of both quality and quantity. However, due to the
high volume of spam, data validity remains a major concern. In [4], Gradient Boost and Generalized Boosted
Regression Model were designed to enhance spam detection rate. A survey on enabling protocols was presented
based on hands-on experience in [5].

Several data mining methods are investigated for mining useful patterns present in text documents. But,
the most open research issue to be addressed is the efficient use of update discovered patterns, especially in the
domain of text mining. To address these issues, an effective pattern discovery technique including pattern
deploying and pattern evolving was designed in [6] with the objective of identifying both relevant and
addressing information.

An enhanced document reading method depends on contextual visualization technique to navigate
access content present overall the text was investigated in [7]. However, the economic impact of the navigated
patterns was not analyzed. To address this issue, Random Forest-based Classifiers were designed in [8] to
examine the relative importance of reviewer related features, review subjectivity features and review readability
features. However focus was made only towards e-commerce retailer.

Aiming to overcome such limitations, this study proposes using a method that contains hierarchical and
heuristic based polls for mining web access logs noted in “‘NASA’ dataset. The method has been designed and
then evaluated through the machine learning approach which includes the Hierarchical Forest Cluster and
Heuristic Poll Classification. The aim was to see if they are efficient in mining web access longs noted in
‘NASA’ dataset. For the purpose of this study, data were then implemented into the dataset to facilitate analysis.
It was deduced that this combination in method is able to infer useful interpretation that enhance the precision
and lessen the error rate. Accordingly, the contributions of this study are as follows:

o NASA HTTP dataset from [3] was used as the public dataset for accessing several navigation patterns and
inferring meaningful results by applying Hierarchical Forest Cluster and Heuristic Poll Classification (HFC-
HPC) method.

e This study focuses on the machine learning approach to investigate navigation patterns and obtain most
relevant user information by designing HFC-HPC method.

e To select only the information of interest by applying Localized Sequence Level Preprocessing model,
therefore reducing the computational time.

e To obtain optimal clusters with minimal overhead by incorporating Certainty Hierarchical Forest Clustering
model in HFC-HPC method.

o Finally, to extract user profiles with higher scalability by designing Heuristic Poll Classification model

This paper is structured as follows: Section 2 discusses related work, some definitions about navigating
web logs, machine learning techniques and so on. Section 3 proposes the techniques of navigating patterns from
web access logs using Forest Cluster and Heuristic Poll Classification (HFC-HPC) method. Section 4 presents
experimental setting and results for evaluating the proposed method followed by discussion in Section 5.
Finally, Section 6 gives concluding remarks.

Il.  Related works

With the increasing surge of Web 2.0, a voluminous amount of product reviews are jumping up on the
Web. From these review results, users can gain assessments of product information. Besides, the manufacturers
also do obtain instant assessment and chances to enhance the product quality. Hence, mining opinions has
become an urgent ask and has engaged a great deal of observation from researchers.

In [9], graph-based co-ranking algorithm was applied to evaluate the confidence and extract opinion
targets or opinion words in a timely fashion. However, results with psychometric test did not evolve efficient
mining. To address this issue, K-Means Clustering [10] was exploited for extracting cognitive style and hence
interesting insights were provided according to navigation behavior of users.

Nowadays, the World Wide Web is exponentially growing at a speedy rate than ever and hence the
online available resources spread in Internet present a large source of knowledge for several business
establishments and research scholars. An annotation process based on Natural Language Processing (NLP) was
designed in [11] to provide insight into gathering geographical based location information. Yet another
progressive filtering approach was investigated in [12] by applying an iterative method for high quality web
images.
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The tourism industry has gained a switch from offline to online travelers and thus has made the
application of intelligent systems in tourism industry crucial. This information has to provide both consumers
and service providers with the information to be of the most relevant. A non-invasive web mining system was
presented in [13] combining usage and content information. According to the users involved in web mining and
the activities concerned, the results of the navigation pattern retrieved differs. Hence, for different users,
different navigation patterns are said to be retrieved. In [14], dominance principle was applied for multi criteria
web mining, called, Dominance-based Rough Set Approach (DRSA). By applying DRSA, the retrieved search
results were more effective.

Mobile cloud computing (MCC) is received higher height of interest than ever before where the CC is
integrated into mobile computing environments. The new MCC model breaks through the resource limitation by
moving data processing and storage from mobile device to cloud via wireless networks. A novel Service
Selection and Recommendation Model (SSRM) was investigated in [15] by computing user similarity depends
on user context information and interest, therefore improving the accuracy of ranking results. In [16], deep
neural networks were applied to comprehensive features based on the apps descriptions into different categories.

In [17], an efficient semantic web index was constructed during query processing with the objective of
minimizing the time consuming process. Though extracting useful and meaningful navigation patterns present in
web log files, these web applications are nowadays becoming prone to several threats. To address this issue, a
cross site scripting was designed in [18] based on fuzzy logic, therefore improving the accuracy and reduction in
the false positive rate.

Identifying unique features of the enterprises, for example, the adoption of e-commerce is considered to
be one of the most imperative and preliminary tasks for various economic activities. This type of information is
regularly collected via surveys, which involves higher cost due to the number of persons involved in the task. In
[19], four classification algorithms, namely, Support Vector Machines, Random Forest, Logical Analysis of
Data and Logistic Classifier was applied, therefore resulting in the improvement of classification accuracy with
time. Certain web mining techniques applied in e-commerce was examined in [20].

From the above works, while a great number of researchers focused on the service selection and
recommendation in web access logs based on the user behavior, little attention are devoted to multi levels of
granularity. Different from these existing approaches, our work focuses on how to afford information regarding
the click events at multiple levels of granularity and detect the navigation patterns across several applications.
Thus, we propose a Hierarchical Forest Cluster and Heuristic Poll Classification (HFC-HPC) method for mining
web access logs, which considers information of interest in order to design a clustering model with the objective
of extracting unique subclasses per application and utilize hierarchical poll classification among several
applications to address user profiles with higher scalability.

I11.  Methodology

To address the challenges of mining evolving user profiles data incorporating hierarchical forest cluster
and classification in each of the examined applications, our proposed classification method utilizes Certainty
Hierarchical Forest Cluster analysis and Hierarchical Poll Classification in tandem. The overview of the web
usage mining for mining evolving user profiles classification method is shown in Figure 1 with an explanation
of foremost steps as follows.

As shown in the figure, the block diagram of HFC-HPC method for mining web access logs includes
three steps. They are preprocessing, clustering and classification. In the preprocessing stage, web sequential
patterns are collected from the corresponding web logs over a period of time and marked with application labels
accordingly (e.g., Skype, Google, YouTube) using a localized operational sequence-level classifier.
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Figure 1 Block diagram of Hierarchical Forest Cluster and Heuristic Poll Classification for mining web
access logs

Application labeled sequence is next exported as flows associating to discrete applications for cluster
analysis. Next, in the cluster analysis stage, using Certainty Hierarchical Forest Cluster model, flows associating
to discrete applications are individually clustered to extract unique subclasses per application, providing a
splendid granularity of the classification (e.g., Skype, Google and YouTube flows would be classed as
streaming, searching and browsing). Finally, classification is performed by applying Certainty Hierarchical
Forest Cluster, indicating the subclass they belong to, are afterwards fed to a Heuristic Poll Classifier for
supervised training, leading to a web access log mining with minimal time and overhead addressing scalability.

1.1 Localized Sequence Level Preprocessing model

Classical data preprocessing for event categorization involves three steps: categorize by domain name,
categorize by token frequency and categorize by topics [2]. Our solution for Web Usage Mining (WUM)
includes what we call advanced data preprocessing. This consists of a data summarization step or localized
sequence-level preprocessing, which will allow the analyst to choose only information of interest. Figure 2
shows the block diagram of Localized Sequence Level Preprocessing model.
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Figure 2 Block diagram of Localized Sequence Level Preprocessing model

As shown in the figure, the web logs are modeled as sequences of events to identify the correlation
between web pages on the basis of sequential patterns ‘P = pq, p,, ..., py’ over a period of time ‘t’, with each
sequence represented by set of events ‘E’. Each web access sequence ‘S = ey, ey, ..., e,, €, € E’ is represented
as discrete events corresponding to one of various feasible classes of web pages requested by the user, while ‘n’
represents the access sequence length. Let us further consider the set of all user ‘U = uy, uy, ..., u,” that have
accessed the web pages ‘eq, e,, ..., €, ’, then the log entry is mathematically represented as given below.

L, ={u; €U,trse €E} 1)

From the above equation (1), each log entry ‘L;’ includes, user ‘u; € U’, access time ‘t’, request status
‘rs’, whether access provided or denied for the ‘i’ user and ‘e; € E’ representing the events recorded from a
web site. Besides, the Localized Sequence Level Preprocessing model includes user identification, session
identification and page view identification so that it only selects the information of interest.

Here, the user identification refers to the identification of IP address of the corresponding user.
Followed by which the session identification is made. Here, the session identification refers to the session
address for the corresponding user. The user identification ‘Usery,’ and session identification ‘Session;,’ is
mathematically represented as given below.

User;p = IP_Addr(U) 2
Session;, = Session_Addr(U) 3)

Finally, the page view identification is made. As far as page view identification is concerned, if the
request for the page view, ‘p;’ is present in the web log file ‘L;’, the log entries corresponding to the embedded
sequence of events are removed from ‘p;’, and only the request for ‘p;” is kept. On the other hand, if the request
for ‘p;” is absent and only some entries for the corresponding sequence of events are present, the entries
corresponding to the events are replaced with a request for ‘p;’. Finally, the time of the page view request is
mathematically formulated as given below.

T(p;) = MIN {Time (L;)} (4)
From the above equation (4), the time of the page view ‘T(p;)’, is obtained from the respective log
entry ‘L;” for the sequence ‘e;’. With the above three said factors, the localized sequence-level factors includes

the following and is mathematically formulated as given below

LS = {u;[IPAddr], u;[SessionAddr], MIN {Time (L;)}} (5)
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From the above equation (5), the information of interest are extracted using the three localized
sequence-level factors ‘LS’, namely, IP address ‘u;[IPAddr]’, session address ‘u;[SessionAddr]” and the page

view ‘MIN {Time (L;)}* respectively. The pseudo code representation of Localized Sequence Preprocessing is
given below.

Input: sequential patterns ‘P = pq,py, ..., p,’, Web access sequence ‘S = ey, e,,...,e,’, set of user ‘U = uy,uy,..,u,’, access
time ‘t’

Output: Extract information of interest with minimal time

1: Begin

2: For each sequential patterns ‘P’ with each web access sequence ‘S’
3: For each set of user ‘U’

4: Obtain the log entry using equation (1)

5: Obtain user identification using equation (2)

6: Obtain session identification using equation (3)

7: Obtain time of the page view request using equation (4)
8: Obtain localized sequence-level factors using equation (5)
9: End for

10: End for

11: End

Algorithm 1 Localized Sequence Level Preprocessing

As given in the above Localized Sequence Level Preprocessing algorithm, the objective of the
algorithm remains in extracting the information of interest with less computation time. With this objective,
during the preprocessing stage, the log entries are first grouped upon availability. Besides, with the existing log
entries, three factors are derived, namely, user identification, session identification and page view, therefore
making the analysts select only the information of interest with minimal time and effort.

1.2 Certainty Hierarchical Forest Cluster model
Followed by the information of interest obtained via Localized Sequence Level Preprocessing

algorithm, the second step is to design a clustering model with the objective of extracting unique subclasses per
application.
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Figure 3 Example of Certainty Hierarchical Forest Cluster with ‘15’ different patterns

With this objective, a forest of cluster hierarchies is designed, where each individual hierarchy can be
interpreted as unique subclasses per application. Figure 3 given below, shows an example of Certainty
Hierarchical Forest Cluster with ‘15’ dissimilar patterns. As given below, a sample of ‘15’ patterns was cluster
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analyzed independently for each application using the computationally efficient Certainty Hierarchical Forest
Clustering model (figure 3).

As illustrated in the figure, the distance among two sequence of events is determined by the tree depth
at which the sequence of events are divided and the estimated distance of the two sequence of events from their
last separating hyperplane. For example, ‘15’ different patterns are extracted at two different time intervals,
where, the circle symbol denotes ‘YouTube’, triangle symbol denotes Skype’, hexagon symbol denotes
‘LinkedIn’ and square symbol denotes ‘WhatsApp’ social networking site respectively. The first tree divided
into two hyperplanes. The first hyperplane, represents ‘6’ ‘YouTube’ applications, ‘1’ ‘Skype’ application. In a
similar manner, the second hyperlane involves ‘5’ ‘YouTube’ applications, ‘1’ ‘LinkedIn’ applications, ‘1’
‘WhatsApp’ and ‘Skype’ respectively. In a similar manner, each leaf node is further split to form clusters. Since
value of certainty influences the number of clusters or classes per application, hyper parameter is employed to
determine certainty factor per application. With the optimal selection of hyper parameter, the maximum within
cluster between successive values is chosen according to certainty factors with the objective of arriving optimal
cluster number per application. Then, the particular hierarchy or the specific hierarchy for clustering per
application is mathematically formulated as given below.

0, ifH,, (e, e,)isleaf node

H ’ .
Cn(ep, €z). w, Otherwise

Hy,(e; e;) = { (6)

From the above equation (6), ‘H,, (e; e;)’ refers to the particular hierarchy for two sequence of events
‘(eq e;)’°, with ‘H,,,’ representing the ‘nth’ node in ‘H,,’. Besides, ‘C,, (e1,€e;)’, represent the certainty factor
determined by distance of sequence of events ‘(e;,e;)” and ‘Hy,, (eq,€e;3)’, denoting the lowest node in ‘H,’
that contains both ‘e;” and ‘e, respectively. The certainty factor is evaluated as given below.

1 1
1+(B (Emn (el,ez)(xel)))l B [1+(B (Emn (81,62)(Xez))>l )

Cm (el' eZ) =

From the above equation (7) the certainty factor ‘C,,’, for sequence of events ‘(e;, e,)’ is derived based
on the hyper parameters ‘3’ that controls sensitivity of ‘C’. On the other hand, ‘E,, (e, ;) represents the
estimation function at ‘(eq,e;)’. The pseudo code representation of Certainty Hierarchical Forest Cluster is
given below.

Input: sequence of events with information of interest ‘(e;, e,)’
Output: Optimal clusters with minimal computational overhead
1: Begin
For each sequence of events with information of interest ‘(e;, e;)’
Measure specific hierarchy for clustering per application using equation (6)
Measure certainty factor using equation (7)
End for
End

Qahr®N

Algorithm 2 Certainty Hierarchical Forest Cluster

As given in the above Certainty Hierarchical Forest Clustering algorithm, for each sequence of
activities with information of interest, the objective here remains in clustering unique subclasses per application
with minimal computational overhead. This is said to be attained by applying hierarchy forest clustering via
certainty factor. With this, the hierarchical forest cluster allows us to relax the scalability of the visualization
interface [2]. Rather than repeatedly performing hierarchical pattern mining on input pattern, by applying the
above algorithm, at each hierarchy node we can optimize visualization interface by using certainty factor. By
selecting visualization interface in this way, we can avoid higher latency [1], and thereby better model
hierarchical forest clusters with minimal overhead.

1.3 Heuristic Poll Classification model

For a given test datum, MAQUI [1] concerns scalability, i.e., it is highly sensitive to datasets with a
large number of event types. In other words, in some scenarios, a small event types may suffice for the
classification, whereas in other scenarios, there arises a situation to examine larger event types. Hence,
appropriate event types may differ notably. This introduces a trade-off. By posing a comprehensive and
appropriately high event types good accuracy may be said to be arrived at. But, the computational cost of
determining the event increases for large event type values. Here, higher computational cost minimizes the
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scalability for larger pattern types. By keeping a small event types, we get low computational cost, but this may
impact accuracy in a negative manner. What is, thus, required is an algorithm that will combine good accuracy
and low computational cost, by locally adapting the required value of event types and therefore ensure
scalability. In this work, with the optimal clusters generated with minimum computational time and overhead, a
Heuristic Classification model based on Poll Volume, called, Heuristic Poll Classification model is presented.
Figure 4 given below shows the block diagram of Heuristic Poll Classification model.

Start Heuristic Poll())

If (t;) && (ISApp,)

Classifv

End if

Appy
©

End Heuristic Poll()

Figure 4 Block diagram of Heuristic Poll Classification

The Heuristic Poll Classification model is depends on the superiority of the major cluster. The
superiority is determined by the difference between the volume of polls of major cluster and the volume of polls
of all the other clusters. The parameter ‘DFactor’ (Distinct Factor) defines the superiority level of the major
cluster that must be met to perform a heuristic. The value of ‘DFactor’ is arrived at based on the certainty
factor. Then, the heuristic poll for classification of event types according to the application and time interval is
mathematically formulated as given below.

VPPC > DFactor. [}, VPC; — VPPC] (8)

From the above equation (8), the classification is determined according to the volume of polls of major cluster
‘VPPC’, number of clusters ‘n’ and ‘VPC;’ represents the volume of polls of cluster ‘i’.

Input: Application ‘App = App;,App;,..,App;’, Cluster ‘Cl = Cly, Cl,, ..., Cl;’, number of clusters ‘n’, volume of
polls of major cluster ‘VPPC’

Output: User profiles with higher scalability

1: Begin

2. Let EventCounter = 0

3 For each application ‘App’ with cluster ‘CI’

4 If ‘VPPC is satisfied” (as given in equation (8)) then

5: Classify the new object ‘O’ in the cluster where the most event types belong to

6: EventCounter = EventCounter + 1
7-

8

9

1

Object ‘0’ is classified using EventCounter
End if
End for
0: End

Algorithm 3 Heuristic Poll Classification algorithm
As given in the above algorithm, heuristic poll is used for classification, which does not require a fixed
value for the required number of event types. This is achieved by incorporating a heuristic poll into the
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classification algorithm. These heuristic poll classification aims at minimizing the computation costs with
scalability and maintaining classification accuracy at a high level.

IV.  Experimental settings

We choose NASA Kennedy space center’s www server in Florida (http://ita.ee.lbl.gov/
html/contrib/NASA-HTTP.html) [2] that comprises two traces of two month's worth of all HTTP requests to the
NASA Kennedy Space Center WWW server in Florida. The web access logs comprises of an ASCII file with
one line per request, including the following columns, host making the request, timestamp in the format "DAY
MON DD HH:MM:SS YYYY", where DAY is the day of the week, MON is the name of the month, DD is the
day of the month, HH:MM:SS is the time of day using a 24-hour clock, and YYYY is the year. It also includes
the request given in quotes, HTTP reply code and bytes in the reply. In the experimental data pre-processing
stage, we used the approach designed in [3].

The performance of the proposed Hierarchical Forest Cluster and Heuristic Poll Classification (HFC-
HPC) method for mining web access logs is compared with the two existing methods, Mining And Querying
User Interface (MAQUI) [1] and Novel visualization and interaction [2]. In order to evaluate the performance of
web access logs with the objective of addressing scalability, three different parameters are tested with,
computational time, computational overhead and error rate.
Computational time here refers to the time taken or time consumed for mining user profiles for the
corresponding web access log files.

CT = ¥, U, * Time [VPPC] 9)

From the above equation (9), the computational time ‘CT’ is measured based on the time consumed for
obtaining volume of poll of major clusters ‘Time [VPPC]’ with respect to the users ‘U;’. Computational
overhead refers to the memory consumed for mining user profiles with the corresponding web access log files.

CO = Y, U, » MEM [VPPC] (10)

From the above equation (10), the computational overhead ‘CO’ is measured depends on the memory
consumed for obtaining volume of poll of major clusters ‘Mem[VPPC]” with respect to the users ‘U;’. Finally,
the error rate is measured. The error rate refers to the ratio of similar interests of web users correctly clustered to
the overall users accessed.

E=Y", [S‘Sic ]+ 100 (11)

From the above equation (11), the error rate ‘E’ is obtained using the number of similar interests of web users
correctly clustered ‘SICC’ to the overall users ‘U;’ considered for experimentation.

V.  Discussion
To analyze the performance of accessing web logs, three different experiments were conducted using
NASA Kennedy space center’s (http://ita.ee.lbl.gov/html/contrib/NASA-HTTP.html) dataset. Three different
experiments conducted were computational time, computational overhead and error rate. Comparison was made
with two different event sequence exploration methods, Mining And Querying User Interface (MAQUI) [1] and
Novel visualization and interaction [2].

1.4 Scenario 1: Computational time

At first, computational time is measured and comparison made with [1] and [2]. The results of these
folds are plotted in figure 5. Figure 5 illustrates the convergence performance of the three different methods. As
illustrated in the figure, the general performance of HFC-HPC is the lowest. Since our algorithm can be applied
for complex web access log files, improvements on computational time are obvious. Despite parameters being
generalized on the NASA dataset, for the proposed and existing methods, results show that the HFC-HPC
method still achieves better results than the state-of-the-art method. The sample calculation is provided below.

Sample calculation
e Proposed HFC-HPC: With the time consumed for obtaining volume of poll of major clusters being
‘0.018ms’ for single user, the overall computational time for ‘15° users is given below.

CT =15%0.018ms = 0.27ms
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e  MAQUI: With the time consumed for obtaining volume of poll of major clusters being ‘0.025ms’ for
single user, the overall computational time for ‘15’ users is given below.

CT =15+ 0.025ms = 0.375ms

e Novel visualization and interaction: With the time consumed for obtaining volume of poll of major
clusters being ‘0.028ms’ for single user, the overall computational time for ‘15’ users is given below.

CT = 15 % 0.028ms = 0.42ms

From the above sample calculations, time consumed for retrieving volume of poll of major clusters
using HFC-HPC was found to be ‘0.018ms’, ‘0.025ms’ using MAQUI and ‘0.028ms’ using Novel
visualization and interaction respectively. Hence, the overall computational time was found to be ‘0.27ms’,
‘0.375ms’ and ‘0.42ms’ using HFC-HPC, MAQUI and Novel visualization and interaction [2] respectively.

4
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=
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o
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Figure 5 Performance comparison of computational time

Figure 5 given above shows the comparison performance of computational time 150 different users
collected at different time intervals. As a result, 150 different users are observed in the x axis and computational
time is observed in the y axis. With increase in the number of users the time taken for selecting interesting
patterns also increases. As a result, computational time increases with the increase in the number of users.
However, it is found to be comparatively better using HFC-HPC method when compared to MAQUI [1] and
Novel visualization and interaction [2]. This is because of the inherent extraction of information of interest using
the Localized Sequence Level Preprocessing algorithm. By applying the Localized Sequence Level
Preprocessing algorithm, three important aspects like, user identification, session identification and page view
identification are made in an efficient manner using the respective log entry that in extracts the actual
information of interest. As a result, the overall computational time accessing web logs is found to be
comparatively lesser using HFC-HPC method by 35% compared to [1] and 47% compared to [2].

1.5 Computational overhead

In the second experiment, computational overhead is measured and comparison is made with the two
existing methods [1] and [2]. Figure 6 given below summarizes the results of the experiment to compare the
computational overhead performance between the proposed HFC-HPC method and the existing MAQUI [1] and
Novel visualization and interaction [2]. The HFC-HPC method performs better than the two existing methods.
The sample calculation is provided below with the graphical representation provided in figure 6.

Sample calculation
e Proposed HFC-HPC: With the memory consumed for obtaining volume of poll of major clusters being
‘11KB’ for single user, the overall computational overhead for ‘15’ users is given below.
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CT =15 * 11KB = 165KB

e  MAQUI: With the time consumed for obtaining volume of poll of major clusters being ‘13KB’ for single
user, the overall computational overhead for ‘15’ users is given below.

CT =15 13KB = 195KB

e Novel visualization and interaction: With the time consumed for obtaining volume of poll of major
clusters being ‘16KB’ for single user, the overall computational overhead for ‘15’ users is given below.

CT = 15 * 16KB = 240KB

1000
900
800
700
600 ~¢—HFC-HPC
500
400 ~—MAQUI

300
200 Novel visualization
100 and interaction

Computational overhead (KB)

15 30 45 60 75 90 105120 135150

Users

Figure 6 Performance comparison of computational overhead

Figure 6 shows the performance comparison of computational overhead for the NASA datasets as the
results of the experiment. In the figure, x axis represents the users and y axis represents the computational
overhead. In the case of the NASA dataset, the retrieval of web access logs incurred with ‘15’ users showed the
lowest computational overhead. This is because with the increase in the number of users, the web access logs to
be access increases and as a result, the computational overhead incurred for the increased number of users also
increases. However, the proportionality of increase is found to be lessened by using the HFC-HPC method
because of the application of Certainty Hierarchical Forest Clustering algorithm. By applying the Certainty
Hierarchical Forest Clustering algorithm, optimal clusters are generated due to the incorporation of certainty
factor. With the application of the certainty factor, unique subclasses per application are extracted by
considering the estimated distance of the two sequences of events from their last separating hyperplane. Hence,
optimal clusters were generated, therefore minimizing the computational overhead incurred during web access
logs of higher scalability. The improvement using HFC-HPC method was found to be 11% when compared to
[1] and 27% when compared to [2] using NASA dataset.

1.6 Error rate

The experiment results in previous section has HFC-HPC method is more efficient than [1] and [2] in
terms of computational overhead. In this section, comparison analysis of error rate is measured with [1] and [2]
to illustrate the effectiveness of applying Heuristic Poll Classification algorithm in terms of error rate. The
sample calculations are provided below, followed by which the graph convergence is provided.

Sample calculations
e Proposed HFC-HPC: With ‘15’ users considered for experimentation and ‘10’ number of dissimilar
interests of web users correctly clustered, the overall error rate is given below.

=19 100 = 66.66%
= — % = .
15 0
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e MAQUI: With ‘15 users considered for experimentation and ‘12’ number of dissimilar interests of web
users correctly clustered, the overall error rate is given below.

E =2, 100 = 80.33%
= — % = .
15 0

e Novel visualization and interaction: With ‘10 users considered for experimentation and ‘11’ number of
dissimilar interests of web users correctly clustered, the overall error rate is given below.

E =22 100 = 86.66%
= — % = .
15 0

From the above sample calculations, when °* users were considered for experimentation, ‘10’ number
of dissimilar interests of web users were extracted using the proposed HFC-HPC, ‘12’ number of dissimilar
interests of web users were extracted using MAQUI and ‘13’ number of dissimilar interests of web users were
extracted using Novel visualization and interaction method. Therefore the error rate was observed to be
‘66.66%’ using HF-HPC, ‘80.33%’ using MAQUI and ‘86.66%’ using Novel visualization and interaction
method.

100
90
80
70
60 ~¢—HFC-HPC
50
40 ~—MAQUI

30

20 Novel visualization
10 and interaction

Error rate (%)

15 30 45 60 75 90 105120 135 150

Users

Figure 7 Performance comparison of error rate

The comparison of error rate is provided in the above figure with respect to different users accessing
web logs in the range of 15 — 150 at different time intervals. With increase in the size of users, the error rate
though not observed in a linear manner. This is because of the different types of web pages requested by
different users at different time intervals and of different demographic groups. Different demographical group
possess different interests. As a result, the variations are also noted. With the design of Heuristic Poll
Classification algorithm, the classification of similar interests with higher scalability of users is addressed or
performed via superiority of the major cluster. Here, the value of superiority is observed according to the
difference between poll volume major cluster and poll volume of all the other clusters. Accordingly the event
counter is also said to be incremented. This in turn reduces the error rate using HFC-HPC method by 12% when
compared to [1] and 17% when compared to [2].

VI.  Conclusion

HFC-HPC method for mining web access logs has been designed to improve the scalability of
visualization interface with minimum computational time and overhead. We adopt localized sequence-level
preprocessing model that extracts information of interest with minimal computational time. With maximum
information of interest extracted by the analyst with minimal time, the accuracy rate of information extracted is
also said to be improved. Then, the Certainty Hierarchical Forest Clustering model is applied to the extracted
information to form hierarchical forest, with the objective of generating optimal clusters with minimal
computational overhead using certainty factor. Finally, Heuristic Classification model based on Poll Volume is
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applied of the hierarchical forest clustered patterns to obtain user profiles with higher scalability rate in a
significant manner. Experimental evaluation is conducted to measure the effectiveness of the proposed method
and parameter analysis are performed in terms of computational time, computational overhead and error rate
with respect to differing user size. Compared to the existing web access log methods, the proposed HFC-HPC
method decreases the computational time by 81% and error rate by 29% compared to MAQUI and Novel
visualization and interaction.
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