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Abstract: - World Wide Web is the most significant source of information. Though the World Wide Web contains
a tremendous amount of data, most of the data is irrelevant and inaccurate from users' point of view.
Consequently, it has become increasingly necessary for users to utilize automated tools such as recommender
systems to discover, extract, filter, and evaluate the desired information and resources. Recommender systems
(RS) are widely used in e-commerce, social networks, and several other domains. Web page recommender
systems predict the information needs of users and provide them with recommendations to facilitate their
navigation. Web content and Web usage mining techniques are employed as conventional methods for the
recommendation. Machine Learning techniques used for recommender system are Clustering, Association rules,
and Markov models. These techniques have strengths and weaknesses. Combining different methods to
overcome the disadvantages and limitations of a single system may improve the performance of recommenders.
Hybrid recommender systems can be used to avoid the drawbacks or limitations of previous recommendation
method. They combine two or more methods to improve recommender performance. In this paper, the four
recommender systems are combined by using different hybridization methods. The effects of the hybrid
recommenders are examined by comparing the results of a hybrid system against the results of a single
recommendation method. The result shows that the hybrid recommender provides strong recommendation when
all the systems of the hybrid generate the recommended page.

Keywords: Recommender Systems, Clustering, Association Rule Discovery, Machine Learning techniques,
Hybridization Methods.

1 . IntrOdUCti on ML uses computers to pretend human learning and allows
computers to recognize and obtain knowledge from the real
world, and improve performance on some tasks based on
this new knowledge. Today, there are a massive number of
ML algorithms proposed in the literature. They can be
classified based on the approach used for the learning
process. There are four main classifications: supervised,

The introduction should lead the reader to the
importance of the study; tie-up published literature with the
aims of the study and clearly, Machine learning is a research
field that includes algorithms whose objective is to predict
the outcome of data processing.
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unsupervised, semi-supervised, and reinforcement learning.
Different Machine learning techniques have been used to
develop efficient and effective recommendation systems.
User satisfaction is an essential part of the recommender
system. Today the quality of recommendations and the user
satisfaction with such systems are still not most favourable.
Recommender systems are not favourable for the quality of
recommendations and user satisfaction. Methods used for
the recommender system focuses on the different
characteristics of the user. As a result, for the same data set,
two recommender systems show the two different results.
The most common Web usage mining techniques used for
recommender system are Markov models, Association rules,
and Clustering. These techniques have strengths and
weaknesses. For example, lower order Markov models lack
accuracy because of the limitation in covering enough
browsing history; whereas higher order Markov models
usually result in higher state space complexity. Association
rule mining is a major pattern discovery technique. The
main limitation of association rule mining is that many rules
are generated, which result in contradictory predictions for a
user session. The second limitation is that association rule
mining is a non-sequential mining technique that does not
preserve the ordering information among page views in user
sessions. Recommendation system based clustering can
capture a broader range of recommendations, though this is
sometimes at the cost of lower prediction accuracy. Another
drawback is Clustering methods are unsupervised methods,
and usually, are not used for classification directly.
Consequently, combining different systems to overcome the
disadvantages and limitations of a single system may
improve the performance of recommenders. Hybrid
recommender systems can be used to avoid the drawbacks
or limitations of previous recommendation method. They
combine two or more systems with improving recommender
performance. In this paper, hybrid recommender methods
combining the results of different recommender systems are
constructed in the following way: Initially, recommender
system is implemented separately then the resulting
predictions are combined by using hybrid recommender
methods. Three hybridization methods are used, namely,
Hit-Ratio based Ranking method, frequency-based ranking,
and switching. In this paper, the effects of the hybrid
recommenders are examined. This is achieved by comparing
the results of the hybrid system against the consequences of
a single recommendation method, and its performance is
evaluated based on the correct prediction of the next request
of a user, namely Hit-Ratio. Our detailed experimental
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results show that when choosing appropriate combination
methods and modules, hybrid approaches achieve better
prediction accuracy.

2. Related Work

There is a large body of work on Web usage
mining, recommender system, and hybridization of a
recommender system. The comprehensive review of some
main work is done as follows.
Data mining associated with the Web, called Web mining, is
divided into three domains: Web usage mining, Web content
mining, and Web structure mining. The new classification of
Web mining is provided in [8]. Various Web usage mining
techniques have been used to develop efficient and effective
recommendation systems. Resnick and Varian proposed the
term recommender system to represent a system that takes
user recommendations of items as inputs and uses these
recommendations as a basis for making recommendations to
other users.

Li L.etal. [12] reviewed recent developments in
recommender systems and discussed the major challenges.
In this paper, they have compared and evaluated available
algorithms and examined their roles in future developments.
Burke, R. [7] proposed the landscape of actual and possible
hybrid recommenders and introduced a novel hybrid,
"EntreeC", a system that combines knowledge-based
recommendation and collaborative filtering to recommend
restaurants. The six hybridization techniques are surveyed
and implemented in this work: weighted, mixed, switching,
feature combination, feature augmentation and meta-level.
Uyar, A. S. et.al. [13] analyzed the effects of the different
recommendation models which take into account different
characteristics of user sessions. For this purpose, they used
three different recommender models. The first one considers
only the existence of the visited pages in a session and the
view time of each page. In the second recommender model,
only the order of the visited pages in each session is
considered. The third model is based on the co-occurrence
of the visited pages among user sessions. Their
experimental results show that wusing the ordering
information improves the prediction accuracy of the next
request.
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3. Proposed system

Offline phase and Online phase are present in the
proposed system.

3.1 Offline phase:
The offline phase contains two components as follows
3.1.1 Data pre-processing:

The aim of data pre-processing is to collect and clean the
data, identify the users, and create the sessions.

3.1.2 Pattern extraction component:

The pattern extraction component consists of four different
modules, each of which is a recommender system using a
different technique. These modules are clustering,
association rule discovery, Markov model, and click-stream
tree.

3.2 Online Phase:

The Online Phase also consists of two components:
3.2.1 Recommendation Engine:

This work consists of the implementation of a
Recommendation engine, which consists of four
recommender techniques, namely Recommender model
based on clustering user sessions, Association Rule
discovery, click-stream tree, and Markov model.

3.2.2 Hybridization Component:

The system combines results of multiple
recommender models to produce a single output. Hit-Ratio
based raking method; switching and frequency based
ranking hybridization methods are used to combine

recommendation.

4 Implementation

4.1 Data Pre-processing:

The data pre-processing technique contains four
processes. These processes are:

4.1.1 Data Collection

The primary data source in Web Usage Mining is
information residing on the Web sites logs. Server logs are
the key input to the pre-processing phase. There are three
most common sources of data, namely server side, proxy
side, client side.

© 2019, IJCERT All Rights Reserved

Data Collection

v

Data Cleaning

{}

User Identification

Sessionization |:>

Fig. 1Phases of data pre-processing technique

4.1.2Data cleaning:

The data in the original Web user log files are raw;
hence, not all the log entries are valid for Web Usage
Mining. Thus the primary purpose of this process is to clean
all the log files. All log entries with file name suffixes such
as gif, JPEG, jpeg, GIF, jpg, JPG removed. As well as the
entire request from the Web spiders is also removed from
Web log files.

4.1.3User Identification

The same IP but different Web browsers, or
different operating systems, in terms of type and version,
means a new user.

The user identification process is used, to identify the user
based on methods as mentioned above.

4.1.4 Sessionization

This process is used as one of the time-oriented
heuristic methods for session identification. In this system,
session-duration based heuristic method is used for the
sessionization. The session-duration-based method aims to
set a session duration threshold. If the duration of a session
exceeds a certain limit, it could be considered that there is
another access session of the user. Discovered from
empirical findings, a 30-min threshold for total session
duration has been recommended [9]. Result of session
identification is sessions as shown in figure 1.

4.2 Pattern extraction component
The pattern extraction component consists of four modules.

4.2.1 Recommender system based on Clustering
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A cluster is a collection of objects that are similar to each
other and are dissimilar to the objects belonging to other
clusters. Clustering is the technique used to group together
items that have similar characteristics.

The main task in the session clustering is to assign a weight
to Web pages visited in a session. The weight needs to be
well determined to analyze a user’s interest in a Web page.
Let P be the set of Web pages accessed by the user in Web
server logs, P = {pl, p2...pm} each of which is uniquely
represented by its URL. Let S be a set of user access
sessions. S={s1,s2,.....sn}, Representation of each session is
as vector model si= {W(p1,s;), W(P2,Sj),-- ... W(Pm, Sj)}, where
w(p;,8;) is weight assigned to the i" Web page in " session.
The w (p;, s;) needs to be determined to capture user interest
in a Web page in the user session. The interest of a Web
page is calculated by using frequency and duration.
Frequency is the number of visits of a Web page and is
given by Equation [12],

NumberOfVisit(Page)
ZPagesEVisitedPages (NumberOfViSit(Page))

Frequency =

Duration is defined as the time spent on a page, i.e. the
difference between the requested times of two adjacent
entries in session. Duration is calculated as [12],

TotalDuration(Page)
Length(Page)
TotalDuration(Page)
Length(Page) )

Duration(Page) =
MaXpageevisitedPages (

where Duration of a Web page is further normalized by the
max ‘‘Duration" of pages in the session. The system uses the
average duration of the relevant session as "Duration" of the
last accessed Web page.

User’s interest is always calculated with two strong
indicators i.e. “Frequency” and “Duration”.Interest degree
of a Web page in the users is given by [12],

2 % Frequency(Page) X Duration(Page)
Frequency(Page) + Duration(Page)

Interest(Page) =

Every user access session is transformed into an m-
dimensional vector of weights of Web pages, i.e. s= {wl,
w2, wm}, where m is the number of Web pages visited in all
user access sessions [6][7].

To generate cluster vectorized sessions, K-means clustering
algorithm is used. K-means is a prototype-based, simple
partitioned clustering technique which attempts to find a
user-specified k number of clusters. These clusters are
represented by their centroids (a cluster centroid is typically
the mean of the points in the cluster).
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The clustering process of K-means is as follows:

1. The algorithm is composed of the following steps:

2. Partition object into k non-empty subsets randomly.

3. Compute the centroids of the clusters

4. The set membership of each object is decided by
assigning that object to the nearest cluster centroid.

5. When all objects have been assigned, the value of the k
centroids recalculated.

6. If none of the objects changed membership in the
iteration, then generate final sets of the clusters otherwise
repeat steps 3 and 4.

The center of that cluster represents the usage pattern for

each cluster. The center of a cluster ct can be computed by

calculating the mean vectors of the sessions assigned to the
cluster:

i = (w(p1), w(pz),,, w(pn))

where w (pj) for cluster ct is given by

1
122" (pj’si)

w(p.)=—
() Ic
S{€Cy
In the recommendation step, the cosine similarity metric is
used to find a similarity value sim (§;,j1) between each
cluster centerpiand the active user session §, given by,

5:=(W(p,.8.):W(P,:82) W (P, .50))

The best matching cluster is selected if that cluster has the
highest similarity value, sim (S,,H). A recommendation
score is calculated by multiplying each weight in the cluster
center vector by the similarity value of that cluster. The
recommendation score of a page p; = pis calculated as

follows
rec (S,,p,)= fW(pi)Xsim(S_a,Ft )

In this way, the recommendation score is generated for each
page and the first k pages with the highest recommendation
score are added to the recommendation set.

4.2.2 Recommender system based on Association rule
discovery

Association rules capture the relationships among
items based on their patterns of co-occurrence across
transactions. Association rules that reveal similarities
between the Web pages derived from user behavior can be
simply utilized in recommender systems. To select
interesting rules from the set of all possible rules, constraints
on various measures of significance and interest can be used.
The best-known constraints are minimum thresholds on
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support and confidence. In Web Usage Mining the support is
defined as follows. The Support for a page is the number of
sessions that contain the page whereas confidence of the
association rule (X-2>Y) is the conditional probability that a
session having X also contains Y.

The system makes use of the Apriori algorithm to find the
groups of pages frequently occurring together in many user
sessions. The basic intuition is that; any subset of a large
itemset must be large. Therefore, the candidate itemsets
having k items can be generated by joining large item sets
having k-1 items, and deleting those that contain any subset
that is not large. This procedure results in the generation of a
much smaller number of candidate itemsets.

Candidate item sets generated from the previous step are
used as input for recommendation engine to make a
recommendation. The system uses a fixed-size sliding
window over the current active session to capture the current
user’s history depth. For example, if the current session
(with a window size of 3) is< 4, B, C >, and the user
references the page-view D, then the new active session
becomes <B, C, D>. The recommendation engine matches
the current user session window with item sets to find
candidate page-views for giving recommendations [15]. The
recommendation value of each candidate page-view is based
on the confidence of the corresponding association rule
whose consequent is the singleton containing the page-view
to be recommended. If the rule satisfies a specified
confidence threshold requirement, then the candidate page-
view is added to the recommendation set.

4.2.3 Recommender system based on the Markov model:

Markov models are well-suited for modeling and
predicting a user's browsing behavior on a Website. The
Markov model mainly targets the User's navigation
behavior. This denotes the input for the Markov model is the
User's navigation behavior i.e., the user's sequentially
accessed Web pages and the goal is to recommend the Web
pages to the user. Three parameters are used to represent
Markov model. i.e. < 4, S; T >, where A denotes the set of
all probable actions that can be performed by the user; S
denotes set of all probable states used to build Markov,
model,; and T is a |S| x |A| Transition Probability Matrix
(TPM), where each entry tj; corresponds to the probability of
performing the action j when the process is in state i. Once
the states of the Markov model have been identified, the
transition probability matrix can be generated. Markov
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model uses the training set to generate the transition
probability matrix. The transition probability matrix used to
make a prediction for Web sessions by only considering the
user's previous activity. The first k pages with the highest
transition probability are added to the recommendation set.

5 Hybridization Techniques

The purpose of a hybridization block is to combine
multiple recommender sets together to produce a single
output. Hybridization process contains multiple techniques.
These techniques are as follows

5.1 Ranking based on Occurrences(RBO)

The Ranking based on Occurrences hybrid first
create one recommendation set by combining the individual
recommendation sets of its modules and then applies a
ranking method to sort the pages in this set. First, each of the
modules is the hybrid generated a recommendation set. The
recommendation set (RS) is obtained by the merging of the
individual recommendation sets.

The system computes the scores for the pages by using the
ranking method and based on these scores the pages are
ranked. The final recommendation set is generated from the
first k pages and recommended to the active user.

The score of each page depends on the total number of visits
on that page. The Score of the page is defined as the ratio of
the total number of visits on the page and number of pages.
Once the scores are computed rank is assigned to each page
and the final recommendation set is generated from top k
rankers. The ranking method is also called as a Web page
scoring method since this method assigns the score to every
page on the Web site that reflects its popularity.

5.2Ranking based on Hit-Ratio (RBHR)

A Hit-Ratio based Rankinghybrid presents
recommendations of its different modules side-by-side in a
combined list. However, the challenge of these types of
hybrids is the integration of ranked pages in each
recommendation set into the final recommendation set.
Three phases same as previous technique are used to
generate final recommender set.

Initially, in the training phase, training data are applied to
each recommender system. In candidate set generation phase
each recommendation module generates a candidate set
consisting of k pages, based on an active session. The
system assumes that each module generates uniformly
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accurate recommendations so that it assigns equal weight to
every module. The system finds the best and worst modules
according to their Hit-Ratio for the last page of the user
session. Hit-Ratio is defined as follows: A hit is declared if
any one of the four recommended pages is the next requests
of the user. The Hit-Ratio is the number of hits divided by
the total number of recommendations made by the system.
The system selects the two best modules and combines the
individual candidate sets to get a final recommendation set,
which consists of k pages.

6 Experiments details

For experiments, Synthetic dataset for dktes.com
(SDD) 'and hyperreal.org (SDH)?are used. Log data of
dktes.com and hyperreal.org site is present in extended log
format, which is supported by Microsoft Internet
Information Server (IIS).

Total 16693 log entries from SDH dataset and
284187 log entries from SDD dataset are processed for the
system. In the data cleaning step, first the irrelevant log
entries with filename suffixes such as gif, jpeg, GIF, JPEG,
jpg, JPG are eliminated, and all the log files are cleaned.
Table 1 presents some statistics of the pre-processed
experimental dataset, including both training and testing
sets.

Table 1: Statistics of the experimental dataset

Attributes SDD SDH
Total access entries 284187 16693
Clean access entries 55883 8968

Different access users 10000 1979
Accessed web pages 895 876
Identified sessions 1491 996
Sessions for the 1151 754
Sessions for the 340 242

Clusters are created by using the K-Means algorithm.
WEKA machine learning tool is used to implement this
clustering method. For the SDD, a total of nine clusters
whereas for SDH total six clusters are created.

Association rules are generated by using the Apriori
Algorithm. Apriori Algorithm available in the WEKA
machine learning tool is used. Total 60,000 rules for SDH

" http://www.dktes.com/
* http://www.hyperreal.com/
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and 25000 rules for SDD are generated. Following table
shows a sample of generated rules by Apriori algorithm.

A set of experiments are conducted with all of the
recommender systems. Table 2 shows the results of these
experiments as the Hit-Ratio of each recommender system.
As shown in the graph, Clustering and Association Rule
(AR) are having less Hit-Ratio compared with Markov
Model (MM) The reason for this could be those
recommender systems that consider the order of visiting
pages have a better performance compared with the other
models that represent user sessions differently (e.g., time
spent on page or co-occurred pages).

Table 2: Hit-Ratio for the recommender systems

Methods SDH SDD
Clustering 35 30
AR 39 35
MM 82 84

Table 3: Hit-Ratio for the hybrid recommenders

Methods SDH SDD
RBHR 92 94
RBO 80 84

As can be seen from the Table3, the Hit-Ratio based ranking
hybridization method has the highest Hit-Ratio, whereas
frequency based Ranking method has the lowest hit ratio
among the Hybridization methods. These results also show
that recommendation accuracy is directly proportional to the
switching criteria. This paper aims to examine the effects of
hybrid recommenders. For this reason, the system is used to
take the results of the hybrid recommender against the
results of its modules.

7. Conclusion

By analysing the results of the hybridization
methods, the following conclusions are drawn:
1. Modules of hybrid give better result than the result of the
individual recommender system.
2. Comparison between Hit-Ratio of Recommender
systems and Hit-Ratio of Hybridization methods shows that
there is a correlation between the performance of the
modules and the performance of the hybrid recommender
methods. Any improvement of the Hit-Ratio of the modules
will also have a positive impact on the performance of the
hybrid recommender that uses these modules.
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3. Choice of hybridization method is critical, but it
increases the performance of the hybrid recommender
system.
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