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ABSTRACT

Web usage mining attempts to discover useful knowledge from the secondary data obtained from the
interactions of the users with the web. Web usage mining has become very critical for effective web site
management, creating adaptive web sites, business and support services, personalization and so on. Web
usage mining aims to discover interesting user access patterns from web logs. Formal Based Concept
Analysis(FBCA) is an effective data analysis technique based on ordered lattice theory. Formal Based
Concept can then be generated and interpreted from the concept lattice using FBCA.FBCA has been
applied to a wide range of domains including conceptual clustering, information retrieval and knowledge
discovery.

In this paper, we propose a novel FBCA approach for web usage mining. In our approach, the FBCA
technique is applied to mine association rules from web usage lattice constructed from web logs. The
discovered knowledge(association rules) can then be used for practical web applications such as web
recommendation and personalization. We apply the FBCA-mined association rules to web recommendation
and compare its performance with that of classical Apriority -mined rules. The results indicate that the
proposed FBCA approach not only generates far fewer rules than Apriority-based algorithms, the generated
rules are also of comparable quality with respect to three objective performance measures.

Key words: Web intelligence, Knowledge discovery, Data mining, Association Rules, Formal based
concept Analysis, Web usage mining and Knowledge-based Systems.

1. INTRODUCTION data obtained from the interactions of the users
with the web. Web usage mining has become
The WWW continues to grow at an amazing rate very critical for effective web site management,
as an information gateway and as a medium for creating adaptive web sites, business and
conducting business. Web mining is the support services, personalization and network
extraction of interesting and useful knowledge traffic flow analysis.
and implicit information from artifacts or activity Web usage mining also known as web log
related to the WWW. Based on several research mining, aims to discover interesting and
studies we can broadly classify web mining into frequent user access patterns from web
three domains: content, structure and usage browsing data stored in the log files of
mining. Web content mining is the process of web/proxy servers or browsers. The mined
extracting knowledge from the content of the patterns can facilitate web recommendations,
actual web documents (text content, multimedia adaptive web sites, and personalized web search
etc.). Web structure mining is targeting useful and surfing.
knowledge from the web structure, hyperlink Various data mining techniques such as
references and so on. Web usage mining attempts statistical analysis, association rules, clustering,
to discover useful knowledge from the secondary classifications and sequential pattern mining
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have been used for mining web usage logs.
Statistical techniques are the most prevalent
typical extracted statistics include the most
frequently accessed pages, average page viewing
time, and average navigational path length.
Association rule mining can be used to find
related pages that are most often accessed
together in a single session. Clustering is
commonly used to group users with similar
browsing preferences or web pages with
semantically related content. Classification is
similar to clustering, except that a new user
(page) is classified into a pre-existing
class/category off users (pages) based on profile
(content). Sequential pattern mining involves
identifying access sequences that are frequently
exhibited across different users. All of the
aforementioned techniques have been
successfully deployed in various web-mining
applications such as web recommendation
systems, whereby web pages likely to be visited
by users in the near future are recommended or
pre-fetched.

Formal based Concept Analysis is a data analysis
technique based on ordered lattice theory. It
defines a formal context in the form of a concept
lattice which is a conceptual hierarchical structure
representing relationships and attributes in a
particular domain. Formal concepts can then be
generated and interpreted from the concept lattice
using FBCA. FBCA has been applied to a wide
range of domains including conceptual clustering,
information retrieval, and knowledge
discovery[15&16].

In this paper, we propose a novel web usage
mining approach using FBCA. In particular, we
are interested in mining FBCA based association
rules from web logs as FBCA can be used to
compute frequent patterns efficiently and
accurately. In fact the number of FBCA
generated association rule sis far fewer than that
generated  using  classical ~ Apriori-based
algorithms.  Moreover, the FBCA rules are
comparable in quality. A side benefit is that
association rules can be visualized directly from
the concept lattice.  These features will be
illustrated and elaborated in more details in the
section on performance evaluation [17].

2 FORMAL BASED CONCEPT ANALYSIS

Formal Based Concept Analysis (FBCA) [1] is a
formal data analysis technique based on ordered
lattice theory. It defines formal context, which is a
structure that represents relationships and
attributes in a domain. From the formal context,
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FBCA is then able to generate formal concepts
and interpret the corresponding concept lattice
that represents the concept hierarchy. FBCA has
been applied for mining association rules and
conceptual clustering of data in knowledge
discovery in databases [2]. In addition, FBCA
has also been applied to information retrieval
[3&4].

This section discusses the basic concepts on
Formal Based Concept Analysis (FBCA) [5].

Definition 2.1

A formal context is a triple K = (G, M, I) where
G is a set of objects, M is a set of attributes, and
I € G xM is a binary relation between G and
M. An object g in a relation / with attribute m is
denoted as glm or (g, m) €[ and read as “the
object g has the attribute m”.

“Table 1” A cross table of a formal context.

Data | Clusterin | Fuzz
Mini g y
ng Logic
D1 X
D2 | X X A
D3 X forma

1
context can be represented by a cross table with
rows labeled by the object names and columns
labeled by the attribute names. A cross in row g
and column m means that the object g has the
attribute m.

In Table 1, the formal context has three objects
representing three documents, namely D1, D2
and D3, and three attributes representing three
research topics, namely “Data Mining”,
“Clustering” and “Fuzzy Logic”. The symbol
“X” is used to indicate that the object has the
corresponding attribute.

For example, document D1 has the attribute
“Data  Mining”, which implies that the
document D1 belongs to the research topic
“Data Mining”.

Definition 2.2

Given a formal context (G, M, I), we define 4’
={meM|VgeAd: (gm)el} foraset A G
(the set of attributes common to the objects in
A) and B'={geG|VmeB: (g mel}
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for a set B — M (the set of objects which have all
attributes in B).

Definition 2.3

A formal concept of a formal context (G, M, I) is
apair (4, B)ywithAc G,BcM,A’=Band B’ =
A. The sets 4 and B are called the extent and
intent of the formal concept (4, B) respectively.

Definition 2.4 Let (41, B1) and (42, B2) be two
formal concepts of a formal context (G, M, I),
(41, B1) is called the sub concept of (A2, B2) and
denoted as (41, B1) £ (42, B2), if and only if A1
c A2 (< B2 < Bl). Equivalently, (42, B2) is
called the super concept of (A1,B1). The relation
£ is called the hierarchical order (or simply
order) of the formal concepts. The set of all

formal concepts of (G, M, I) ordered in this way
is called the concept lattice of the formal
context (G, M, I) which is denoted as
R(G.M,]).

The concept lattice of the formal context in
Table 1 is given in Figure 1. This concept lattice
generated from the given formal context is a
complete lattice, with one concept as its lower
bound called minimum and one concept as its
upper bound called super mum. Figure 1 also
shows the intent (given at the left of each node)
and the extent (given at the right of each node)
of every concept. For example, the intent and
extent of the concept at the top left node are
{Data Mining} and {DIl, D2} respectively.

“Figure 1” The concept lattice of the formal context in Table 1.

Model

FBCA —hased Web Usage Mining

FBCA -hased
Association
Access
Pattern Rules

(Web Usage Lattice

“Figure 2" Overview of the FBCA-based web usage mining approach.
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3 FBCA-BASED WEB USAGE MINING

Figure 2 gives an overview of the proposed
FBCA-based web usage mining technique for
association access patterns. The proposed
approach consists of the following steps:

(1) Preprocessing;

(2) Constructing Web Usage Context;

(3) Constructing Web Usage Lattice; and

(4) Mining Association Access Pattern Rules
from the Web Usage Lattice.

3.1 Preprocessing

The preprocessing step aims to preprocess the
original web logs to identify all web access
sessions. For web server logs, all users’ access
activities of a website are recorded by the Web
server of the website. Each user access record
contains the client IP address, request time,
requested URL, HTTP status code, etc. Users are
treated as anonymous since the IP addresses are
not mapped to any user-identifiable profile
database.

As discussed before, web logs can be regarded as
a collection of sequences of access events from
one user or session in timestamp ascending order.
Preprocessing tasks [6] including data cleaning,
user identification, and session identification can
be applied to the original web

Log files to obtain all web access sessions.

3.2 Constructing Web Usage Context

This step will construct the web usage context
(the formal context of web logs) based on all web
access sessions obtained from the preprocessing
step. Let M be a set of unique access events,
which represents web resources accessed by
users, i.e. web pages, URLs, or topics. A web
access session can be denoted as S = {(el, 71),
(e2, 12),.....,(en , tn)}, Where e € M and #i is the
request time of ei for 1 <7 < n. Note that it is not
necessary that ei # ej for i #j in S, that is repeat
of items is allowed.

For the web usage context (G, M, I), the set of
objects G consists of all web access sessions in
web logs for a website, and the attribute set M
consists of all web resources in the website. The
relation / indicates the web resources of the
website that are accessed by the sessions. If (g, m)
€. 1, it says that the user in web access session g
has accessed the content of the web resource m.
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However, it is important to note that it is not
necessary mean that all web pages accessed by
the user are of interest to him, as some
intermediate pages might need to be accessed
first before reaching the target web pages. As
such, we set a duration threshold dmin as a
constraint to filter out non-targeted access
events. The duration di of each access event ei
is simply estimated as di = (ti+tl - ).
Obviously, the last access event en in each
session has no “m+1” for estimating the
duration. There are two ways to tackle this
problem. The first way is to discard this event,
and it is unacceptable, as useful data will be
lost. The second way is to estimate the duration.
Here, we have used the average duration in the
relevant session as the estimated duration for
the last access event, i.e. dn = (d1+d2+ ... + dn-
1)/(n-1). Then, all access events whose
durations are less than the predefined duration
threshold d dmin are regarded as not useful and
are discarded.

After this step, the web usage context is
constructed. Table 2 shows an example of a web
usage context. Each row represents a web
access session(S), and each column represents a
web page access(PA).

“Table 2” An example Web Usage Context

PA1 | PA2 | PA3 | PA4 | PA5 | PA6
S1 | X X X X
S2 X X X
S3 X X X
S4 | X X X X X
S5 X X

3.3 Constructing Web Usage Lattice

Based on the web usage context, a concept
lattice can be constructed. We refer this concept
lattice

to as Web Usage Lattice for the web logs. Some
efficient approaches [7&8] for computing
concept lattice from formal context have been
proposed, which can be used for constructing
the web usage lattice from the web usage
context. In addition, incremental approaches
[9&10] can also be used for building the web
usage lattice incrementally. In this research, the
TITANIC algorithm [7] is adopted for
constructing the web usage lattice. It is based on
data mining techniques with a level-wise
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approach and is much more efficient than other
lattice construction algorithms, especially for
weakly correlated data with a large number of
objects.

Figure 3 shows the web usage lattice of the web
usage context given in Table 2. The web usage
lattice can be treated as a conceptual model of

marpaz()
PAS,PAG)

PaALPA2PA3, (U
PA4,P 45, PAGY

1

[ Pa1PazPA3,
PAd,PAG}

web logs which can then be processed by the
FBCA-based technique for discovering
interesting and frequent user access patterns
from web usage data. The next section will
discuss the mining of association rules based on
the web usage lattice.

{51,52,,53,

“Figure 3” The web usage lattice of the web usage context in Table 2.

4 MINING FCA-BASED ASSOCIATION
ACCESS PATTERN RULES

Association rule mining [11] searches for
interesting relationships among items in a given
data set. Given a set of items [ = {I1, 12, ..., Im}
and A database of transactions D = {¢1, #2, ...,
|tn} Where ti = {lil, Ii2, ..., lik} and [ij € I, an
association rule is an implication of the form X
=> Y where X, Y < I are sets of items called
itemsets and X N Y = . X is called the
antecedent and Y is called the consequent. We are
generally not interested in all implications but
only those that are important. Here, two features
called support and confidence are commonly used
to measure the importance of association rules.
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The support for an association rule X=>Y is the
percentage of transactions in the database that
contain XU Y. The confidence for an association
rule X=>Y is the ratio of the number of
transactions that contain X C Y to the number of
transactions that contain X .Rules that satisfy
both a minimum support threshold (MinSup)
and a minimum confidence threshold (MinConf)
are called strong rules.

Association access pattern rules can be
discovered based on Formal Concept Analysis.
They are defined as follows.

Definition 4.1

Let M be a set of attributes of a formal context
K= (G, M, I). An association rule is a pair X =>
Ywith X, Y < M. Its support is defined by
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sup (X=>Y)=| (X Yy | and its confidence
|Gl
by conf (X=>Y)=| (X ) |
| X
Let B <M and MinSup €[0, 1]. The support of the
attribute set (also called ifemsef) B in formal

context K = (G, M, I) is sup ( B)=/B"/

/G/

B is said to be a frequent attribute set if sup(B) >
MinSup. A concept is called frequent concept if
its intent is frequent.

Most traditional association rule mining
algorithms  employ a  support-confidence
framework. However, such approaches suffer
from the same problem in which a large number
of rules are usually returned. In fact, there are
many redundancies among the returned
association rules. In other words, despite using
the minimum support and confidence thresholds
to help weed out or exclude the exploration of
uninteresting rules, many rules that are not
interesting may still be produced. Mining
association rules using Formal Concept Analysis
can significantly reduce the number of rules
without compromising on the quality. This
approach extracts only a small subset from all
association rules, called basis, from which all
other rules can be derived.

In [12&13] different bases for association rules
were introduced, which prune redundant rules,
but from which all valid rules can still be derived.
The computation of the bases does not require all
frequent itemsets, but only frequent concept
intents. In this research, the FBCA-based
association access pattern rules generated for web
usage mining are based on the Duquenne-Guigues
basis [12] for exact association rules (i.e.,
association rules with 100% confidence) and the
Luxenburger basis [12] for approximate
association rules (i.e., association rules with less
than 100% confidence). We define FBCA-based
association access pattern rules as follows.

Definition 4.3
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Given a formal context K = (G, M, I), FBCA-
based association access pattern rules consist
of two kinds of rules:

(1) FBCA-based exact rules B1 => B2, where
Bl and B2 are frequent nonempty concept
intents, and the concept (B1’°, Bl) has concept
(B2’, B2) as its only immediate super concept;
(2) FBCA-based approximate rules B1 => B2,
where Bl and B2 are frequent nonempty
concept intents, and the concept (B1°, B1) is an
immediate subconcept of (B2’, B2).

Given the minimum support MinSup and
minimum confidence MinConf, for all rules Bl
=> B2 (Bl, B2 #O), sup(B1 => B2) >MinSup
and conf(B1 => B2) >MinConf.

From the above definition, it is obvious that
each FBCA-based exact rule corresponds
exactly to one edge that connects the
subconcept with its only super concept in a
concept lattice, and each FBCA-based
approximate rule corresponds exactly to one
edge that connects the super concept with one of
its sub concepts in the concept lattice.

For example, in the web usage lattice shown in
Figure.3, the edge from the concept node
{PA2, PA6} to {PAG6} represents an exact rule
PA2=>PA6 with support = 60% and confidence
= 100%, and the edge from the concept node
{PA6}to  {PA2, PA6} represents an
approximate rule PA6 =>PA2 with support=
60% and confidence = 75%. The computation
for the support and confidence is given in
Figure 4.

Several approaches [12&13] have been
proposed for mining association rules based on
Formal Concept Analysis. Most of them
compute association rules from a formal context
directly. Since the web usage lattice has been
constructed as a model of web logs, we propose
an approach for mining association access
pattern rules directly from the web usage lattice.
The algorithm for mining FBCA-based
association access pattern rules from the web
usage lattice is given in Figure 4.

Using the algorithm given in Figure 4, all
FBCA-based association access pattern rules
which are given in Figure 3 can be mined from
the web usage lattice. Table 3 shows the mining
results with MinSup = 40% and MinConf =
50%. A total of 12 FBCA-based association
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access pattern rules including 3 exact rules and 9
approximate rules are generated.

Algorithm: FBCA-based Association Access
Pattern Rule Mining

Input:

1: WUL — Web Usage Lattice, which is based on
formal context K = (G, M, I), the object set G
consists of all user access sessions in web logs,
and the attribute set M consists of all web pages.
The relation [ indicates the web pages that are
accessed by the access sessions.

2: NL = {N1, N2, ..., Nm} — a set of concept
nodes in WUL, where Ni = (Ai, Bi, Pi) Ai cG is
the extent of Ni , Bi < M is the intent of Ni, Pi =
{Nil, Ni2, ..., Nip} < NL is the immediate parent
nodes of Mi.

3: MinSup — minimum support threshold.

4: MinConf — minimum confidence threshold.
Output:

1: ARS = {AR1, AR2, ..., ARn} — a set of FBCA-
based association access pattern rules,

where ARi = (Xi= Yi, Support, Confidence), Xi,
Yic M, and Xi NYi= &.

Process:

1: Initialize ARS = &.

2: For each Ni eNL, if PAi=& and Sup = |4i| / |G|
>MinSup, do

a) If | P4i| =1 and Bil#J , do

Insert ((Bi -Bil) = Bil, Sup, 100%) into ARS as a
FBCA-based exact rule.

b) For each Nij ePAi, if Bij #& and Conf = |Ai| /
|4ij| 2MinConf, do

Insert (Bij = (Bi -Bij), Sup, Conf) into ARS as a
FBCA-based approximate rule.

3: Return 4ARS.

“Figure 4” The algorithm for mining FBCA-
based association access pattern rules.

For comparison, we also mine all conventional
association rules using the traditional Apriori-
based algorithm [14] from the web usage
context given in Table 2.

The results are listed in Table 4. A total of 32
rules are generated. Among them, there are 9
exact rules (with 100% confidence) and 23
approximate rules (less than 100% confidence).
It is important to note that the number of
FBCA-based association access pattern rules is
small compared with the number of Apriori-
based association rules.

5. PERFORMANCE EVALUATION

In this section, we compare the performance of
the FCA mined rules with that of the Apriori-
based algorithm on web recommendation.

5.1 Web Recommendation

web recommendation systems based on web
usage mining techniques. The goal of web
recommendation is to determine which web
pages are more likely to be accessed next by the
current user in the near future. One of the
motivations of  building the web
recommendation system is that it can be used to
study the performance of the different web
usage mining techniques. Association rules are
well suited for web recommendations. The
recommendation engine generates
recommendation (links) by matching the users
recent browsing history against the discovered
association rules. Here ,we define three
measures to evaluate the performance of FCA
versus Apriori objectively.

“Table 3” FBCA-based association access pattern rules mined from the web usage lattice
in Figure 4.3 (MinSup = 40%, MinConf = 50%).

No FBCA-based Association Support Confidence
Rules

1 PA2=>PA 6 60% 100%

2 PA4=>PA3 60% 100%

3 PA 1 => PA2"PA6 40% 100%

4 PA 6 => P42 60% 75%

5 PA 6 =>PA43 60% 75%

6 PA3=>PA6 60% 75%

7 PA3=>PA4 60% 75%

8 PA2"PA6 =>PA I 40% 67%
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9 PA2"PA6 =>PA3 40% 67%
10 PA3"PA6 =>PA2 40% 67%
11 PA3*"PA6 =>PA4 40% 67%
12 PA3"PA4 =>PA6 40% 67%

5. 2. Performance Evaluation

In this section, we discuss the performance
evaluation of the proposed SWABRS system.

5.2.1 Evaluation Measures

The following measures are used for evaluating
the performance of the proposed approach.

Let WAS = ala2...akak+1...an be a web access
sequence.

For the prefix sequence WASprefix = ala2...ak
(k * MinLength), we generate a recommendation

rule RR = {el, €2, ..., em} using the Pattern-tree,
where all events are ordered by their support.
> If ak+tl I RR, we label the
recommendation rule as correct, and
incorrect
otherwise.
> If there exists ai 1 RR (k+1 < i <
ktl+m, m > 0), we deem the
recommendation rule as  m-step

satisfactory. Otherwise, we label it as m-
step unsatisfactory.
Let R = {RR;, RR,, ..., RRn} be a set of
recommendation rules, where RR; (1 < i<n)isa
recommendation rule.
[R| = n is the total number of recommendation
rules in R.
Definition 5.2.2

Let Rc be the subset of R that consists of all
correct recommendation rules.

The overall web recommendation precision is
defined as

Precision = |Rc|

IR |
This precision measures how probable a user will
access one of the recommended pages.

Definition 5.2.3

Let Rs(m) be the subset of R that consists of all
m-step satisfactory recommendation rules.

The m-step satisfaction for web recommendation
is defined as
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Satisfaction (m) = | Rs (m) |

IR |

The m-step satisfaction is a very important
evaluation measure for web recommendation.
Actually, the next web page accessed by a user
may not be the target page that the user wants.
In many cases, a user has to access some
intermediate pages before reaching the target
page. Therefore, it is not appropriate if we only
use the precision measure to evaluate a web
recommendation system. The m-step
satisfaction gives the precision that the
recommended pages will be accessed in the near
future (within m steps). Clearly, the satisfaction
and precision measures are equivalent for m = 1.
In order to realistically evaluate our web
recommendation system, m has been set with an
appropriate value m = 5 to indicate that the
recommended page should be accessed in the
near future.

Definition 5.2.4
Let Rn be the subset of R that consists of all
nonempty recommendation rules.

Applicability= | Rn|

| R

The applicability of web recommendation is
defined as As the Pattern-tree only stores web
access sub-sequences accessed frequently by
users (with a support of at least MinSup), the
recommendation rules generation approach is
unable to find recommended pages if the current
access sequence does not include a frequent
suffix sequence, in which case the generated
recommendation rule is empty.

Therefore, the applicability measure gives a
rough idea of how often recommendations will
be generated. Some parameters such as MinSup
in the proposed approach can influence the
applicability of web recommendation. We will
discuss these parameters in the next section.
Generally, the smaller the MinSup is, the more
applicable the web recommendation is. But, this
comes at the expense of increased sequential
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pattern mining and Pattern-tree construction cost.
5.3 Performance Results

Anonymous Web Data (http://kdd.ics.uci.edu) for
training and testing the web recommendation
application. The training dataset for constructing
the web usage lattice has a total of 5,000 sessions,
with each session containing from 1 up to 35 page
references from a total of 294 pages.

Note that we only use the 2,213 valid web access
sequences that have more than two items.The test
dataset has a total of 32,711 sessions and includes
8,969 valid web access sequences as the inputs to
web recommendation. In the experiment, all
Apriori-based association rules and FBCA-based
association access pattern rules, with minimum
support count as 10, are mined from the training
dataset to generate recommendation rules for the
testing dataset

45

—e—P_FBCA
40 —=— P AAR

35

30

25

Precision (%)

20

15

10 20 30 40 50 60 70 80 90

Confidence (%)

5(a)
“Figure 5 (a,b&c)” Performance of Apriori-based
association rules Vs FBCA based association
access pattern rules for web recommendation.

6. CONCLUSIONS

We proposed a Formal Based Concept Analysis
(FBCA) approach for web usage mining and
evaluated it against the classical Apriori
algorithm. We found the FBCA — mined rules to
be 70% smaller with no noticeable performance
penalty. The FBCA approach is therefore an
effective and efficient tool for generating web
recommendations.
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