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Abstract: Web usage behaviour mining is a substantial research problem to be resolved as it identifies different user’s 

behaviour pattern by analysing web log files. But, accuracy of finding the usage behaviour of users frequently accessed 

web patterns was limited and also it requires more time. Mutual Information Pre-processing based Broken-Stick Linear 

Regression (MIP-BSLR) technique is proposed for refining the performance of web user behaviour pattern mining 

with higher accuracy. Initially, web log files from Apache web log dataset and NASA dataset are considered as input. 

Then, Mutual Information based Pre-processing (MI-P) method is applied to compute mutual dependence between the 

two web patterns. Based on the computed value, web access patterns which relevant are taken for further processing 

and irrelevant patterns are removed. After that, Broken-Stick Linear Regression analysis (BLRA) is performed in MIP-

BSLR for Web User Behaviour analysis. By applying the BLRA, the frequently visited web patterns are identified. 

With the identification of frequently visited web patterns, MIP-BSLR technique exactly predicts the usage behaviour 

of web users, and also increases the performance of web usage behaviour mining. Experimental evaluation of MIP-

BSLR method is conducted on factors such as pattern mining accuracy, false positives, time requirements and space 

requirements with respect to number of web patterns. Outcomes show that the proposed technique improves the pattern 

mining accuracy by 14%, and reduces the false positive rate by 52%, time requirement by 19% and space complexity 

by 21% using Apache web log dataset as compared to conventional methods. Similarly, the pattern mining accuracy 

of NASA dataset is increased by 16% with the reduction of false positive rate by 47%, time requirement by 20% and 

space complexity by 22% as compared to conventional methods. 

Keywords: Broken-stick linear regression analysis, Frequent access, Mutual information based pre-processing, Usage 

behaviour, Web patterns, Web user. 

 

 

1. Introduction 

WWW is growing fast and massive amount of 

information is generated owing to user’s 

communications with web sites. Rapid growth of the 

digital technology, increased the usage of WWW in 

different fields like e-commerce, digital valet, e-

health monitoring services, online education, food 

ordering, transport service rendering, tourism and 

hotel management, cloud based storage support, etc., 

for anything and everything people rendering the 

world wide web support. Discovering usage pattern 

of web users is very significant. Analysing the web 

access data interpreting useful information is 

identified as web usage mining. Web usage mining is 

the branch of data mining techniques. It includes 

three stages namely pre-processing of data, discovery 

of patterns and analysis of patterns.  

Data pre-processing is a method used to produce 

accurate functional data from the raw data. Data 

cleaning, data transformation and data reduction are 

three distinct features of data pre-processing. The 

missing information can be filled and remove the 

noisy information by applying various techniques 

namely regression, clustering, etc., under data 

cleaning. Data transformation is helps in attribute 

selection, normalization. Data reduction is works for 

refining the data after cleaning and transformation 

process. By which the required data with intensive 
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attributes were acquired. Analysis of such data will 

help in retrieving use full information as patterns. 

User access patterns can be derived by mining the 

web access logs. Server log, Proxy server log, 

Client/Browser log are various forms of access data 

logs available for interpreting user web access 

behaviour patterns. In the web server log, web usage 

mining techniques are used to extract a user activity, 

i.e. regular users, synthetic users and potential users. 

Pre-processing is the first step we need to implement 

to analyse and predicting the usage behaviour of the 

web user. Pre-processing of data serving as a major 

feature of web mining, it is used to shift and 

systematize only suitable information. The web 

access server logs are cleaned, sorted and grouped 

into key sessions before they are used for analysing 

to interpret useful information under web usage 

mining. 

Extracting user behaviour from the web access is 

a continuous evolving research domain. So many 

researchers devise various techniques to extract the 

behaviour of users from the web access logs. 

Sequence based analysis and clustering was designed 

in [1] to analysis the behaviours of online users. To 

find out the recurrent search patterns, Maximal 

Repeat Patterns (MRPs) and Lag Sequential Analysis 

(LSA) were used, however the accuracy of behaviour 

analysis was not focused. Frequent pattern mining 

based cross-social network user identification 

algorithm (FPM-CSNUIA) was introduced in [2] to 

study the user behaviour in social networks. To 

analyse the relationship between the user data, 

SimFunc () function was utilized where it considers 

the vector.  

The model checking approach based on Linear-

Temporal Logic (LTL) was designed in [3] to obtain 

user activity patterns from structured e-commerce 

weblogs. However, pattern mining accuracy using 

LTL technique was not sufficient which increases the 

false positive rate. Fuzzy clustering algorithm was 

applied for predicting user behaviour in web [4]. But, 

the amount of time taken for web usage mining was 

very higher. A general framework was introduced in 

[5] for targeting audience behaviours using change 

points to fetch the user behaviour. However, mining 

accuracy using this framework was very lower.  

The relationship between the object is measured 

in [6] using their attributes from different entity set is 

used to fetch behavioural patterns. The space density 

was not reduced using similarity score. In [7] author 

proposed a model to collect the behaviour patterns of 

a host network named Log Mining for Behaviour 

Pattern (LogM4BP) using nonnegative matrix 

factorization algorithm. But, LogM4BP model does 

not reduces the false positive rate.  

Assisted pattern mining was performed in [8] for 

determining interactive behaviours from the web 

with a lower time complexity. However, mining 

patterns requires more storage space. Sequential 

Association rule based web usage mining approach 

was introduced in [9] to find out e-commerce 

behaviour of user in hand held device and computers 

with minimal false positive rate. But, this approach 

requires more time for mining the user behaviour. 

Hybpmine was presented in [10] to increases the 

performance of mining the behavioural patterns over 

a data stream. However, accuracy of behavioural 

pattern mining was lower.  

More number of research was performed earlier 

in the field of pattern mining using web logs, however, 

pattern mining accuracy and time requirements using 

conventional works show that there is a scope of 

improvement in performance. To overcome the 

conventional concerns identified from the study a 

new approach is designed namely MIP-BSLR using 

Mutual Information based pre-processing (MI-P) 

method and Broken-Stick Linear Regression analysis 

(BLRA).  

The objectives of MIP-BSLR technique is 

described below, 

1. To improve the pre-processing performance of 

mining web user behaviour patterns when 

compared to conventional works, Mutual 

Information based Pre-processing (MI-P) method 

is proposed in MIP-BSLR technique. MIP-BSLR 

technique considers web patterns from Apache 

web log dataset and NASA dataset. MI-P method 

compute mutual dependence between the two web 

patterns to efficiently perform pre-processing with 

lower amount of time for both Apache web log 

dataset and NASA dataset. Based on the 

computed mutual dependence value, relevant web 

patterns are selected and irrelevant web patterns 

are removed in MIP-BSLR technique. This aids to 

decreases the space complexity as well as time 

complexity in MIP-BSLR technique compared to 

existing works.  

2. To get better web user behaviour patterns mining 

performance while related to contemporary works, 

Broken-Stick Linear Regression analysis (BLRA) 

is applied in MIP-BSLR technique. As, BLRA can 

model any complex, non-linear web patterns. 

Furthermore, BLRA can seamlessly handle any 

irregularly sampled web log files which supports 

for MIP-BSLR technique for accurately extracting 

the web user behaviour patterns. During BLRA 

process, the relationship between two web 

patterns is analysed. From that, the web pattern 

with maximum relationship is selected to 

determine the web user behaviour with higher 
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accuracy. Thus, the most frequently visited web 

patterns are identified. Besides, hit ratio is also 

measured to reduce the error rate.  

The article is structured as follows: Similar works 

are reviewed in section 2. The proposed MIP-BSLR 

technique with a neat diagram was discussed in 

Section 3. In section 4 and section 5, simulation 

scenarios and output results of the proposed MIP-

BSLR technique are discussed. Conclusion is given 

in section 6. 

2. Related work 

Sequential search pattern analysis and clustering 

was designed in [1] to investigate the online user 

behaviour. Results confirmed that the sequential 

pattern analysis and webpage clustering boost the 

method to examine the customers shopping 

behaviours. However, the customer behaviour 

analysis accuracy was poor. User identification 

algorithm was designed in [2] according to the 

behaviour. The weight of user data was not only 

dependent on the information entropy, but was also 

based on the previous likelihood. The weight of each 

user's data is, therefore, more accurate. The 

implementation of the algorithm maximizes the 

precision rate, recall rate, as well as the F-Measure. 

However, the time requirement was not decreased.  

An analysis of structured e-commerce web logs 

was carried out using LTL based checking model [3]. 

Among the wide set of possible behaviours, the 

designed model finds different website sections by 

visiting and buying actions of navigational patterns. 

User category and navigation pattern detection was 

presented through clustering and classification 

methods [4]. The designed method has the 

advantages of causal relations amount events of a 

user trace in contrast to provide global view of the 

whole session. Besides, is also avoiding the need of 

tagging the web pages. However, time taken to 

mining the similar behaviour was increased. 

A detection of reliable interaction depends on the 

unique mouse behaviour patterns of web users were 

studied in [11]. The method takes physiological and 

psychological features of user for discovering the 

mouse behaviour characteristics. This helped to 

recognize the reliable access behaviour of web users. 

Besides, the abnormal behaviour in the web users 

also detected. But, the accuracy was not improved 

while identifying the user emotions. To increase the 

accuracy when identifying the user behaviour, the 

Broken-Stick Linear Regression Analysis is 

employed in proposed method. Role based approach 

was applied in [12] for extracting user roles by 

mining the usage patterns of web application. 

However, space and time requirements were not 

minimized.  

A pattern-growth-based mining method was 

designed in [13] to detect the repeated behaviour of 

the user. The designed method greatly lessens the 

behavioural variability and lead to enhance the 

performance of user identification. Besides, mouse-

behaviour features were analysed to obtain diverse 

kind of user activity. On the other hand, the time 

requirements were not minimized. To handle this 

issue, mutual information based pre-processing is 

employed in proposed MIP-BSLR technique.  

A user focused review selection mechanism was 

developed in [14] by means of find outing significant 

profiling user features. Through the significant 

features, the online reviews are effectively identified. 

User-based review selection filter was employed to 

gather and pre-process the data. Then the entire 

history of users and businesses reviewed was 

processed to provide the new features for review 

selection. However, the time requirements was not 

minimized. Therefore, MIP-BSLR technique uses the 

novel pre-processing and regression analysis 

technique to lessen the space and time requirements 

problem. Interesting pattern-based parallel FP-

growth (MIP-PFP) algorithm was implemented in 

[15] to get better mining accuracy for finding 

frequent patterns from big weblogs. But, ratio of 

overall count of web patterns that are mistakenly 

mined as frequent was higher using the MIP-PFP 

algorithm. 

A novel method was introduced in [16] for 

extracting the social collective behaviour of Twitter 

users concerning a group of brands based on the users’ 

temporal activity. These data are pre-processed and 

apply temporal clustering where it groups the data 

depends on the interest or activity.  Then the hidden 

Markov model was utilized for obtaining temporal 

behaviour patterns at a certain time period. However, 

the error rate was not decreased.  In order to manage 

this problem, mutual information based pre-

processing and broken-stick linear regression 

analysis is designed in proposed technique. A remote 

assessment method was utilized in [17] to increases 

the accuracy of mining the web usage patterns. But, 

the computational complexity was higher.    

A novel Web Usage Mining method was 

presented in [18] to observe the online customer 

behaviour in mobiles and computers. The designed 

method includes data pre-processing, pattern 

identification and analysis process. During the 

pattern identification, the sequence of online user 

activity is segmented into diverse group. But, the 

accuracy was not increased. Thus, MIP-BSLR 

technique is proposed to handle this limitation. 
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Posting behaviour of online users was identified in 

[19] depends on the user modelling and profiling. 

Hidden Markov Model was used to provide the 

individual level of User posting behaviour. But, false 

positive rate was remained unaddressed. 

From the above described literature, some of the 

issues such as minimal pattern identification 

accuracy, higher time complexity, space complexity, 

error rate, false positive rate are occurred during the 

web user behaviour pattern mining. In order to handle 

such issues, in this work Mutual Information Pre-

processing based Broken-Stick Linear Regression 

(MIP-BSLR) technique is designed with the 

implementation of Mutual Information Based pre-

processing and Broken-Stick Linear Regression 

analysis where it effectively increases the 

performance of the web user behaviour pattern 

mining in terms of accuracy, space and time 

requirements. In this work, proposed MIP-BSLR 

technique is discussed in section 3 Simulation 

sceneries are showcased in section 4. MIP-BSLR 

technique performance result is analysed in Section 5. 

Conclusion of this work is discussed in section 6. 

3. Mutual information pre- processing 

based broken-stick linear regression 

technique 

The activity of web users is stored as a web 

pattern in the weblog archives. The gathered data 

from web log file is incomplete, noisy and not 

suitable for mining initially. Pre-processing is 

required to convert the weblog files into relevant 

form for pattern finding. Besides to that, extracting 

the web user behaviour is a key problem in web 

mining using different data mining techniques. To 

enhance the web usage behaviour patterns mining 

performance with minimal time requirements and 

false positive rate, MIP-BSLR technique is designed. 

The proposed MIP-BSLR technique designed by 

combining Mutual Information based Pre-processing 

(MI-P) method and Broken-Stick Linear Regression 

analysis (BLRA). This approach find outs the usage 

behaviour of web users via extracting frequent web 

patterns from input web log files. 

The structural design of the proposed MIP-BSLR 

approach is depicted in Figure 1 shows the overall 

processes of MIP-BSLR technique for effective web 

usage behaviour patterns mining. MIP-BSLR 

technique at first gets web log files i.e. Apache web 

log dataset as input. After taking input, MIP-BSLR 

technique applies Mutual Information based Pre-

processing (MI-P) method with objective of 

removing unwanted, redundant and irrelevant web  

 
Figure. 1 Proposed MIP-BSLR technique architecture 

diagram 

 

patterns with lower amount of time utilization. 

Followed by, MIP-BSLR technique applies Broken-

Stick Linear Regression analysis (BLRA) with 

aiming at identifying frequent web patterns with 

improved accuracy. With help of mined frequent web 

patterns, finally MIP-BSLR technique accurately 

determines the usage behaviour of web users with 

minimal time requirements when compared to 

conventional works. Detailed processes of MIP-

BSLR method is described in subsections. 

3.1 Mutual information based pre-processing 

Pre-processing is an essential activity while 

mining the web usage data.  Information collected 

from WWW activity is incomplete, noisy, and 

inconsistent. Duplicate or missing data may cause 

incorrect identification of web user behaviour 

patterns. Therefore, a Mutual Information Based pre-

processing (MI-P) method is introduced in MIP-

BSLR technique. The MI-P method eliminates the 

unwanted, redundant information from the web logs 

and thereby performing an effective pattern mining. 

The accuracy and quality of web user behaviour 

pattern mining algorithms are improved with the help 

of MI-P method. MI-P method determines mutual 

dependence between web patterns that are sampled 

simultaneously. Based on the evaluated mutual 

information value, MI-P method removes unwanted, 
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redundant and irrelevant web patterns with minimal 

amount of time. Figure 2 shows the process involved 

in Mutual Information Based pre-processing method. 

As presented in figure 2, web log files are considered 

as input from Apache web log dataset and NASA 

dataset.  These dataset contains number of web 

patterns represented as ‘𝛽1, 𝛽2, 𝛽3, … . 𝛽𝑛’. Here, ‘𝑛’ 

denotes total number of web patterns in given log 

files. Mutual dependence determines the relation 

between the two web patterns. From that, Mutual 

dependence between two web patterns ‘𝛽𝑖’ and ‘𝛽𝑗’ 

is mathematically determined using Eq. (1), 

 

𝑀𝐼𝑖𝑗 = ∫ ∫ 𝑝(𝛽𝑖 , 𝛽𝑗) log
𝑝(𝛽𝑖,𝛽𝑗)

𝑝(𝛽𝑖)𝑝(𝛽𝑗)𝛽𝑗𝛽𝑖
𝑑𝛽𝑖𝑑𝛽𝑗  (1) 

 

From the mathematical expression Eq. (1), ‘𝑝(𝛽𝑖 , 𝛽𝑗)’ 

indicates the joint probability density function 

between the two web patterns. Here, ‘𝑝(𝛽𝑖) ’ and 

‘𝑝(𝛽𝑗)’ represents the marginal density functions. 

The mutual dependence defines how similar the joint 

distribution ‘ 𝑝(𝛽𝑖, 𝛽𝑗) ’ is to the products of the 

factored marginal distribution. In MI-P method, 

mutual dependence ‘𝑀𝐼𝑖𝑗 ’ in yields values in the 

range of ‘ 0 ’ (no mutual information – two web 

patterns 𝛽1  and 𝛽2  are independent) to ‘ +∞ ’. 

According to the measured mutual dependence value, 

MI-P method selects web patterns that are more 

related and removes irrelevant, redundant web 

patterns with minimal time as compared to 

conventional works. The algorithmic processes of 

Mutual information based pre-processing is shown in 

Algorithm 1. 

By using the algorithm1 steps, MI-P method 

initially calculates mutual dependence for each input 

web patterns. If the estimated mutual dependence 

value is equal to zero, then MI-P method considered 

that the two web patterns are independent and 

therefore selects both web patterns for behaviour 

mining process. If the determined mutual dependence 

value is not equal to zero, then MI-P method 

considered that the two web patterns are dependent 

and therefore choose one web patterns for predicts 

usage behaviour and consequently eliminates another 

one as irredundant web patterns. From that, MI-P 

method enhances the pre-processing performance for 

efficient mining of web usage behaviour. 

3.2 Broken-stick linear regression analysis 

The Broken-Stick Linear Regression Analysis 

(BLRA) is intended to increases the accuracy of web 

usage behaviour mining in which the input web 

patterns are partitioned into intervals and a separate 

 
Figure. 2 Block diagram of mutual information based pre-

processing 

 

// Mutual Information Based Pre-processing 

Algorithm 

Input: web server log files, Number Of Web 

Patterns ‘𝛽1, 𝛽2, 𝛽3, … . 𝛽𝑛’  

Output: Remove irrelevant, redundant and 

unwanted        web patterns 

Step 1: Begin 

Step 2:     For each input web pattern ‘𝛽’ 

Step 3:             Determine mutual dependence 

between web patterns ‘𝑀𝐼𝑖𝑗’ using (1) 

Step 4:             If (𝑀𝐼𝑖𝑗 == 0), then 

Step 5:                   Two web patterns are 

independent 

Step 6:  Choose web patterns for further 

processing 

Step 7:                 Else 

Step 8:   Two web patterns are dependent 

Step 9:   Select one web pattern and remove 

another one as irrelevant 

Step 10:         End 

Step 11:    End For 

Step 12:End    
Algorithm 1. Mutual Information Based Pre-processing 

 

line segment is fit to each interval. The BLRA is 

performed on multivariate data through partitioning  
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Figure 3. Flow process of BLRA for mining web user 

behaviour atterns 

 

the various independent variables i.e. web patterns. 

When the autonomous variables clustered into 

dissimilar sets, the BLRA is suitable to exhibit 

different relationships between the variables in these 

regions. The boundaries between segments called as 

breakpoints. The process involved in BLRA is 

demonstrated in Fig. 3. 

BLRA initially acquires pre-processed web 

patterns as input and then performs regression 

analysis. BLRA is a form of linear regression which 

arises when a single line isn’t sufficient to model the 

data set. Piecewise regression breaks the domain into 

numerous “segments” and fits a separate line through 

each one. From that, Broken-Stick Linear Regression 

Analysis is mathematically defined in Eq. (2) as, 

 

𝑦 = 𝛼0 + 𝛼1 𝛽 + 𝛼2 (𝛽 − 𝑐)+ + 𝜀             (2) 
 

From the equation (2), ‘ 𝑐 ’ denotes the value of 

breakpoint and ‘ 𝛽 ’ represents input web pattern 

whereas ‘𝛼0, 𝛼1 , 𝛼2 ‘indicates regression coefficients 

(represents the slope of the line segments). Here, ‘𝜀’ 

refers error vector and ‘𝑦’ represents the predicted 

output. Through carried outing a regression analysis 

process, BLRA determines relationship between the 

input web patterns with help of hit ratio using Eq. (3),  

 

𝑦 ← 𝐻𝑅 =
c (𝛽) 

n
                            (3) 

 

From the mathematical formula (3), 𝑛 indicates the 

total number of web patterns in weblog database 

whereas c (𝛽)  represents the count of total 

occurrences of the particular web patterns found in 

weblog file. In BLRA, hit ratio measures the number 

of times that the particular web patterns found in 

weblog files to the total number of web patterns. 

Based on estimated relationship (i.e. hit ratio), BLRA 

breaks input web log files into individual segments 

(i.e. frequent web patterns or non-frequent web 

patterns) and fits a linear regression within each 

segment. Break point is the beginning and end 

location of a segment. Here, break point represents 

the threshold value for hit ratio. BLRA reduces sum 

of square error by finding optimal breakpoint. From 

that, BLRA significantly find outs the frequent web 

patterns with less time requirements and higher 

accuracy. 

 

// Broken-Stick Linear Regression Analysis 

Algorithm 

Input:Pre-processed Web Patterns 

‘𝛽1, 𝛽2, 𝛽3, … . 𝛽𝑛’  

Output: Mine web user behaviour with higher 

accuracy 

Step 1: Begin 

Step 2:     For each pre-processed web pattern ‘𝛽𝑖’ 

Step 3:             Apply Broken-Stick Linear 

Regression Analysis using (2) 

Step 4:             Determine relationship between 

web patterns using (3) 

Step 5:             Find frequent web patterns 

Step 6:             Identify web usage behaviors 

Step 7:    End For 

Step 8:End 

Algorithm 2. Broken-Stick Linear Regression analysis 

4. Investigational settings 

MIP-BSLR technique is implemented in Java 

language using Apache web log dataset [20] and 

NASA dataset [21] to analyse the proposed technique 

performance. Apache web log dataset contains 

numerous numbers of web patterns with user IP 

address, date, time, method (i.e. HTTP, GET), URL, 

response code and bytes. NASA dataset includes web 

patterns with the attributes such as host, log name, 

time, method, url, response and bytes. By taking a log 

file as input, MIP-BSLR technique initially performs 

pre-processing and regression analysis in order to 

identify web user behaviour through mining a 

frequent web patterns. The efficiency of MIP-BSLR 

technique is measured in terms of pattern mining 

accuracy, false positives, space and time 

requirements with respect to various number of web 

patterns as input. For determining the proposed 

performance, four existing methods namely 

Sequential search pattern analysis and clustering [1], 

FPM-CSNUIA [2], LTL-based model checking 



Received:  September 18, 2020.     Revised: October 31, 2020.                                                                                        250 

International Journal of Intelligent Engineering and Systems, Vol.14, No.1, 2021           DOI: 10.22266/ijies2021.0228.24 

 

technique [3] and fuzzy clustering algorithm [4] are 

chosen from literature survey according to research 

objective during the experimental process for 

simplicity. We also take additional number of 

existing methods for performance analysis during the 

validation process to analyse the proposed 

performance. The conventional Sequential search 

pattern analysis and clustering [1] was designed 

depends on the need states to find out online user 

behaviour. MRPs and LSA were developed to 

discover the sequence of search paths and repeated 

search patterns. Besides, the web pages related to the 

recommendation functions and non-recommendation 

functions were investigated with the help of 

clustering process.   This aids to connect the 

evaluation results of search patterns with page 

traversal behaviours. With this, four types of users 

who browse for information, adopt recommendations, 

consult reviews, and conduct searches were obtained. 

But, the accuracy of behaviour analysis was not 

enhanced. To increase the accuracy while identifying 

the user behaviour, FPM-CSNUIA was developed in 

[2]. Information entropy weight allocation depends 

on the posterior probability was designed to discover 

the user by means of weight allocation. Though the 

designed method increased the accuracy and 

precision for user identification, time requirements 

was not reduced effectively. However, time 

requirement was remained high. LTL-based model 

checking technique was presented in [3] to provide 

better interpretation of users’ behaviour. But, the rate 

of false positives was remained high. Also, fuzzy 

clustering algorithm was introduced in [4] to predict 

the diverse types of users. But, the time consumption 

was remained high. These existing methods are 

selected for result analysis because the proposed 

MIP-BSLR technique resolves the issues of 

conventional works. 

5. Results 

Experimental outcome of proposed MIP-BSLR 

performance is deliberated. The performance 

outcome of MIP-BSLR technique is matched with 

Sequential search pattern analysis and clustering [1], 

FPM-CSNUIA [2], LTL-based model checking 

technique [3] and fuzzy clustering algorithm [4] 

respectively using different parameters. Outcomes 

were visualized using tables and graphical 

representation. 

5.1 Case 1: Performance measure of pattern 

mining accuracy 

In MIP-BSLR technique, Pattern Mining 

Accuracy ‘𝑃𝑀𝐴’ is determined as the proportion of  

Table 1. (a) Pattern mining accuracy result using apache 

web log dataset 

Num

ber 

of 

web 

patte

rns 

Pattern Mining Accuracy (%)  

MIP-

BSLR 

techni

que 

Seque

ntial 

search 

patter

n 

analysi

s and 

cluster

ing 

FPM-

CSN

UIA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

cluster

ing 

algorit

hm  

25 92 85 80 76 72 

50 94 87 82 78 74 

75 93 86 81 76 73 

100 89 84 80 75 73 

125 92 86 82 78 77 

150 91 85 81 80 79 

175 91 86 82 78 77 

200 94 89 84 82 81 

225 95 91 87 84 83 

250 94 90 86 77 76 

 
Table 1. (b). Pattern mining accuracy result using NASA 

dataset 

Num

ber 

of 

web 

patte

rns 

Pattern Mining Accuracy (%)  

MIP-

BSLR 

techni

que 

Seque

ntial 

search 

patter

n 

analysi

s and 

cluster

ing 

FPM-

CSN

UIA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

cluster

ing 

algorit

hm  

100 88 83 78 72 68 

200 92 85 80 76 71 

300 94 86 82 78 73 

400 93 84 79 76 71 

500 89 82 78 74 70 

600 92 85 82 78 72 

700 91 86 83 80 75 

800 93 88 85 82 79 

900 95 89 86 84 80 

1000 93 87 84 76 73 

 

the frequently accessed web patterns by the user is 

correctly mined (FWPCM) to the overall web 

patterns accessed (NWP). Mathematical model of 

pattern mining precision is represented as, 

 

𝑃𝑀𝐴 =
𝐹𝑊𝑃𝐶𝑀

𝑁𝑊𝑃
× 100                       (4) 

 

From the mathematical Eq. (4), pattern mining 

accuracy is evaluated in percentage (%).  
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The experimental result analysis of pattern 

mining accuracy during the processes of web user 

behaviour identification using five methods namely 

proposed MIP-BSLR technique and conventional 

works Sequential search pattern analysis and 

clustering [1], FPM-CSNUIA [2], LTL-based model 

checking technique [3] and fuzzy clustering 

algorithm [4] is presented in Table 1. 

Graphical result analysis of pattern mining 

accuracy of five methods i.e. proposed MIP-BSLR 

technique and conventional works Sequential search 

pattern analysis and clustering [1], FPM-CSNUIA [2], 

LTL-based model checking technique [3] and fuzzy 

clustering algorithm [4] are shown in figure 4 along 

with varied numbers of web patterns ranging from 

25-250 and 100 to 1000 from Apache web log dataset 

and NASA dataset.  

Fig. 4 show cases the suggested MIP-BSLR 

technique achieves enhanced accuracy while varying 

the web patterns count as input to exactly mine 

frequent web patterns and thereby discovering web 

usage behaviours when compared to existing [1-4]. 

This is owing to application of Mutual Information 

Based Pre-processing and Broken-Stick Linear 

Regression Analysis in proposed MIP-BSLR 

technique on the divergent to conventional works. 

Hence, proposed MIP-BSLR technique increases the 

proportion of the web patterns count frequently 

accessed by the user is properly extracted when 

compared to other conventional methods. 

Accordingly, proposed MIP-BSLR technique 

improves web patterns mining accuracy using 

Apache web log dataset by 6% and 12%, 18 % and 

21 % compared  to existing Sequential search pattern 

analysis and clustering [1], FPM-CSNUIA [2], LTL-

based model checking technique [3] and fuzzy 

clustering algorithm [4]  correspondingly.  Similarly, 

the pattern mining accuracy of NASA dataset is 

improved by 8%, 13%,19% and 26% as compared to 

existing Sequential search pattern analysis and 

clustering [1], FPM-CSNUIA [2], LTL-based model 

checking technique [3] and fuzzy clustering 

algorithm [4] respectively.  

5.2 Case 2: Performance measure of false positive 

rate 

In MIP-BSLR technique, false positives\ rate 

(𝐹𝑃𝑅) is calculated as the proportion of the count of 

user accessed web patterns incorrectly mined as 

frequent(FWPIM) to the overall web patterns count 

(NWP). The mathematical estimation of false 

positive rate is as follows, 

 

𝐹𝑃𝑅 =
𝐹𝑊𝑃𝐼𝑀

𝑁𝑊𝑃
× 100                      (5) 

 
(a) 

 

 
(b) 

Figure. 4: (a) Results of pattern mining accuracy using 

apache web log dataset and (b) results of pattern mining 

accuracy using NASA dataset 

 

The false positive rate is computed in percentage 

(%) using mathematical Eq. 5.  

Table 2 (a) and (b) shows the comparative result 

analysis of false positive rate involved during the 

processes of web user behaviour mining using five 

methods namely proposed MIP-BSLR technique and 

conventional Sequential search pattern analysis and 

clustering [1], FPM-CSNUIA [2], LTL-based model 

checking technique [3] and fuzzy clustering 

algorithm [4]. 

Graphical result shown in figure 5 presents the 

false positive rate with respect to diverse number of 

web patterns using five methods i.e. MIP-BSLR 

technique and conventional methods [1-4]. From Fig. 

5, proposed MIP-BSLR technique gets marginal false 

positive rate with increasing web pattern access count 

as input to precisely extract frequent web pattterns 

and thereby predicting web usage behaviours when 

compared to existing works of Sequential search 

pattern analysis and clustering [1], FPM-CSNUIA [2], 

LTL-based model checking technique [3] and fuzzy 

clustering algorithm [4]. 
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 Table 2. (a) False positive rate results using apache web 

log dataset 

 
Table 2. (b) False positives results using NASA dataset 

Numb

er of 

web 

patter

ns 

False Positives (%) 

MIP-

BSLR 

techni

que 

Sequen

tial 

search 

pattern 

analysis 

and 

clusteri

ng 

FPM-

CSNU

IA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

clusteri

ng 

algorit

hm 

100 10 17 20 22 30 

200 8 14 17 20 28 

300 9 16 17 18 29 

400 13 17 19 20 28 

500 10 16 17 21 24 

600 9 15 18 19 22 

700 10 13 14 18 25 

800 9 12 13 15 20 

900 6 10 12 13 19 

1000 7 9 11 18 26 

 

This is owing to application of Mutual 

Information Based Pre-processing and Broken-Stick 

Linear Regression Analysis in proposed MIP-BSLR 

technique. Therefore, proposed MIP-BSLR 

technique reduces the count of web patterns 

frequently accessed by the user is wrongly extracted 

when matched to other conventional methods. For 

that reason, proposed MIP-BSLR technique 

minimizes false positive rate of web pattern mining 

through the Apache web log dataset by 40% ,47%, 

54 % and 67 % and NASA web log dataset by 34%, 

41%, 49% and 63% as compared Sequential search 

pattern analysis and clustering [1], FPM-CSNUIA [2], 

LTL-based model checking technique [3] and fuzzy  

 
(a) 

 

 
(b) 

Figure. 5: (a) Outcome of false positive rate using apache 

web log dataset and (b) outcome of false positive rate 

using NASA dataset 

 

clustering algorithm [4] correspondingly.  

5.3 Case 3: Performance measure of time 

requirements 

In MIP-BSLR technique, Time Requirements 

(TR) estimates amount of time utilized to extract the 

frequent web patterns and thereby identifying web 

user behaviours. Mathematical representation of 

Time Requirements (TR) is as follows, 

 

𝑇𝑅 = 𝑁𝑊𝑃 × (𝑚𝑖𝑛𝑖𝑛𝑔𝑜𝑛𝑒𝑤𝑒𝑏𝑝𝑎𝑡𝑡𝑒𝑟𝑛)    (6) 

 

From the mathematical expression (6), time 

requirements are determined in terms of milliseconds 

(ms).  

Table 3 (a) and 3 (b) shows the tabulation result 

analysis of time complexity involved during the 

processes of web user behavior discovery using five 

methods  namely proposed MIP-BSLR technique and 

existing Sequential search pattern analysis and 

clustering [1], FPM-CSNUIA [2], LTL-based model 

checking technique [3] and fuzzy clustering 

algorithm [4].  
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Num

ber 

of 

web 

patte

rns 

False Positives (%) 

MIP-

BSLR 

techni

que 

Seque

ntial 

search 

patter

n 

analysi

s and 

cluster

ing 

FPM-

CSN

UIA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

cluste

ring 

algorit

hm 

25 8 15 18 20 28 

50 6 13 16 18 26 

75 7 14 15 17 27 

100 11 16 18 19 27 

125 8 14 15 17 23 

150 9 13 14 16 21 

175 9 12 13 15 23 

200 7 11 12 14 19 

225 5 9 11 12 17 

250 6 10 12 16 24 
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Table 3. (a) Time requirements results using apache web 

log dataset 

Numb

er of 

web 

patter

ns 

(NWP

) 

Time Requirements(ms)  

MIP-

BSLR 

techni

que 

Sequen

tial 

search 

pattern 

analysis 

and 

clusteri

ng 

FPM-

CSNU

IA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

clusteri

ng 

algorit

hm 

25 13 15 18 20 16 

50 16 18 20 23 19 

75 18 20 25 29 21 

100 22 25 30 36 27 

125 28 30 35 40 33 

150 30 33 38 42 35 

175 32 36 41 46 37 

200 34 38 44 48 40 

225 39 42 48 50 43 

250 43 45 51 54 46 

 

Table 3. (b) Time requirements results using NASA 

dataset 

Numb

er of 

web 

patter

ns 

(NWP

) 

Time Requirements(ms) 

MIP-

BSLR 

techni

que 

Sequen

tial 

search 

pattern 

analysis 

and 

clusteri

ng 

FPM-

CSNU

IA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

clusteri

ng 

algorit

hm 

100 11 13 16 18 14 

200 14 15 19 21 17 

300 16 17 23 27 19 

400 20 23 28 34 25 

500 26 29 34 38 31 

600 28 30 36 40 33 

700 30 31 40 44 32 

800 32 35 42 46 38 

900 37 39 44 48 41 

1000 41 43 48 52 44 

 

Figure 6 (a) and 6 (b) portrays experimental result 

of time requirements according to different numbers 

of web patterns using five methods i.e. MIP-BSLR 

technique and existing Sequential search pattern 

analysis and clustering [1], FPM-CSNUIA [2], LTL-

based model checking technique [3] and fuzzy 

clustering algorithm [4]. 

From the figure 6(a) and 6(b) suggested MIP-

BSLR technique attains lower amount of time 

complexity with increasing number of web patterns 

as input to correctly take out frequent web patterns 

and thereby detecting web usage behaviours when 

matched with conventional Sequential search pattern 

analysis and clustering [1], FPM-CSNUIA [2], LTL-

based model checking technique [3] and fuzzy 

clustering algorithm [4]. This is due to application of  

 
(a) 

 

 
(b) 

Figure. 6: (a) Comparative result of time requirements 

using apache web log dataset and (b) comparative result 

of time requirements using NASA dataset 

 

Mutual Information Based Pre-processing and 

Broken-Stick Linear Regression Analysis in 

proposed MIP-BSLR. 

Thus, proposed MIP-BSLR technique minimizes 

the amount of time used to extract the frequent web 

patterns and thereby determining web user 

behaviours when matched with existing methods. 

Time requirements of web pattern mining using 

Apache web log dataset is reduced in the proposed 

MIP-BSLR technique by 10% and 23% 30% and 

14% when matched Sequential search pattern 

analysis and clustering [1], FPM-CSNUIA [2], LTL-

based model checking technique [3] and fuzzy 

clustering algorithm [4] respectively. In addition, 

Time requirements of MIP-BSLR is minimized 

through NASA dataset by 8%, 24%, 32% and 14% as 

compared to existing methods Sequential search 

pattern analysis and clustering [1], FPM-CSNUIA [2], 

LTL-based model checking technique [3] and fuzzy 

clustering algorithm [4]. 
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Table 4. (a) Tabulation result of space complexity using 

apache web log dataset 

Num

ber 

of 

web 

patte

rns 

(NW

P) 

Space Requirements (KB)  

MIP-

BSLR 

techni

que 

Seque

ntial 

search 

patter

n 

analysi

s and 

cluster

ing 

FPM-

CSN

UIA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

cluste

ring 

algorit

hm 

25 10 11 14 16 12 

50 13 14 17 19 15 

75 15 17 20 23 18 

100 18 19 23 28 21 

125 19 21 25 30 23 

150 20 22 28 33 24 

175 24 26 30 37 27 

200 26 28 32 40 30 

225 27 30 35 43 33 

250 29 33 38 46 36 

 
Table 4. (b) Tabulation result of space complexity using 

NASA dataset 

Num

ber 

of 

web 

patte

rns 

(NW

P) 

Space Requirements (KB)  

MIP-

BSLR 

techni

que 

Seque

ntial 

search 

patter

n 

analysi

s and 

cluster

ing 

FPM-

CSN

UIA 

LTL-

based 

model 

checki

ng 

techni

que 

fuzzy 

cluste

ring 

algorit

hm 

100 8 9 11 14 10 

200 11 12 14 17 13 

300 13 15 18 21 16 

400 18 19 23 26 20 

500 17 19 24 28 21 

600 18 20 26 31 22 

700 22 23 28 35 25 

800 24 26 30 38 28 

900 25 29 33 41 31 

1000 27 30 36 44 34 

5.4 Case 4: Performance measure of space 

requirements 

Space Requirements ‘ 𝑆𝑅 ’ in MIP-BSLR 

technique evaluates an amount of memory space used 

for storing the extracted frequent web patterns. The 

space requirements are mathematically measured as 

follows, 

 

𝑆𝑅 = 𝑁𝑊𝑃 × 𝑀𝑒𝑚𝑜𝑟𝑦 ( 𝑜𝑛𝑒𝑤𝑒𝑏𝑝𝑎𝑡𝑡𝑒𝑟𝑛) (7) 

 

From mathematical formula (7), in terms of kilobytes 

(KB) the space requirements is calculated. 

The performance result analysis of space 

requirements involved during the processes of web 

user behavior detection using five methods namely 

proposed MIP-BSLR technique and state-of-the-art 

Sequential search pattern analysis and clustering [1], 

FPM-CSNUIA [2], LTL-based model checking 

technique [3] and fuzzy clustering algorithm [4] is 

depicted in Table 4. 

Figs. 7 (a) and 7 (b) shows space requirements 

result of web pattern mining based on dissimilar 

numbers of web patterns using five methods i. e. 

MIP-BSLR technique and existing Sequential search 

pattern analysis and clustering [1], FPM-CSNUIA [2], 

LTL-based model checking technique [3] and fuzzy 

clustering algorithm [4]. As per graphical 

represenation in Figs. 7 (a) and 7 (b), proposed MIP-

BSLR technique obtains minimal space requirements 

with increasing number of web patterns usage and 

behaviour mining when matched with conventional 

works in [1-4]. This is because of application of 

Mutual Information Based Pre-processing and 

Broken-Stick Linear Regression Analysis in 

proposed MIP-BSLR technique. Extracted frequent  

 

 
(a) 

 

 
(b) 

Figure. 7: (a) Comparative result of space requirements 

using apache web log dataset and (b) comparative result 

of space requirements using NASA dataset 
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web patterns storage space utilization is reduced in 

the proposed MIP-BSLR technique when compared 

to other conventional methods. Therefore, proposed 

MIP-BSLR technique reduces web pattern mining 

space requirements using Apache web log dataset by 

9%, 24%, 36% and 16% when compared [1], [2], [3] 

and [4] respectively. Also,  the space complexity of 

MIP-BSLR technique through the NASA dataset is 

reduced by 9%, 25%, 38% and 17% as compared to 

existing [1-4] methods. 

6. Conclusion 

The MIP-BSLR technique is designed with the 

intention of enhancing the web usage behaviour 

mining performance. The MIP-BSLR technique is 

desigend with the contribution of Mutual Information 

based Pre-processing (MI-P) method and Broken-

Stick Linear Regression analysis (BLRA). At first, 

MI-P is applied in MIP-BSLR technique to identify 

the mutual dependance between web patterns for 

selecting relevant patterns. This in turns, highly 

reduces the time requirements and space 

requirements. Then the BLRA is applied on the 

preprocessed web patterns for identifying the 

frequent web patters through detecting the 

relationship between patterns. This aids to increases 

the accuracy of patterm identification with less error 

rate. Experimental evaluation is carried out using 

Apache web log dataset and NASA dataset with the 

parameters such as pattern mining accuracy, time 

requirement, space requirements and false postive 

rate. The results and discussion shows that MIP-

BSLR technique improves the pattern mining 

accuracy by 14% with minimum false positive rate by 

52%, time requirement by 19% and space 

requirements by 21% using Apache web log dataset 

than the state-of-the-art methods. Also, the pattern 

mining accuracy of  NASA dataset is enahnced by 

16% with less time requirement by 20%, false 

positives by 47% and space requirements by 22% as 

compared to existing [1-4] methods. In future, we 

perform the web usage behaviour mining in the large 

scale applications with more metrics. 
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