Auto ma tic Personalization Based on Web Usage Mining

Bamshad Mobasher

Dept. of Computer Science, DePaul Universit y, Chicago, IL mobasher@cs.depaul.edu

Robert Cooley, Jaideep Srivastava

Dept. of Computer Science, Universit yof Minnesota, Minneapolis, MN cooley@cs.umn.edu , srivasta@cs.umn.edu

Introduction

The ease and speed with which business transactions can be carried out over the Web have been a key driving force in the rapid growth of electronic commerce. Business-to-business e-commerce is the focus of much attention today, mainly due to its huge volume. While there are certainly gains to be made in this arena, most of it is the implementation of much more efficient supply management, payments, etc. On the other hand, e-commerce activity that involves the end user is undergoing a significant revolution. The ability to track users´ browsing behavior down to individual mouse clicks has brought the vendor and end customer closer than ever before. It is now possible for a vendor to personalize his product message for individual customers at a massive scale, a phenomenon that is being referred to as mass customization.

Though the scenario outlined here is frome-commerce, the type of personalization described is applicable to any Web browsing activity. Web personalization can be described, as any action that makes the Web experience of a user personalized to the user´s taste. The experience can be something as casual as browsing the Web or as (economically) significant as trading stocks or purchasing a car. The actions can range fromsimply making the presentation more pleasing to an individual to anticipating the needs of the user and providing the right information as well as performing a set of routine book-keeping functions automatically.

Principal elements of Web personalization include modeling of Web objects (pages, etc.) and subjects

(users), categorization of objects and subjects, matching between and across objects and/or subj ects, and determination of the set of actions to be recommended for personalization. Existing approaches used by many Web-based companies, as well as approaches based on collaborative filtering, e.g. GroupLens

[KMM+97, HKBR99] and Firefly [SM95], rely heavily on getting human input, e.g. user profile, for determining the personalization actions. The drawbacks of this are, (a) the input is often a subjective description of the users by the users themselves, and thus prone to biases, and (b) the profile is static, and thus good for personalization for some time after it is collected; but its performance degrades over time as the profile ages.

Recently, a number of approaches have been developed dealing with specific aspects of Web usage mining for the purpose of automatically discovering user profiles. For example, Perkowitz and Etzioni

[PE98] proposed the idea of optimizing the structure of Web sites based co-occurrence patterns of pages within usage data for the site. Schechter et al [SKS98] have developed techniques for using path profiles of users to predict future HTTP requests, which can be used for network and proxy caching. Spiliopoulou et al [SF99], Cooley et al [CMS99], and Buchner and Mulvenna [BM99] have applied data mining techniques to extract usage patterns fromWeb logs, for the purpose of deriving marketing intelligence.

Shahabi et al [SZA97], Yan et al [YJ GD96], and Nasraoui et al [NFJK99] have proposed clustering of user sessions to predict future user behavior.

In this paper we describe an approach to usage-based Web personalization taking into account the full spectrumof Web mining techniques and activities. Our approach is described by the architecture shown in Figure 1, which heavily uses data mining techniques, thus making the personalization process both automatic and dynamic, and hence up-to-date. Specifically, we have developed techniques for preprocessing of Web usage logs and grouping URL references into sets called user transactions

[CMS99]. A user transaction is a unit of semantic activity, and performing data mining on themis more meaningful. We describe and compare three different Web usage mining techniques, based on transaction clustering, usage clustering , and association rule discovery , to extract usage knowledge for the purpose of Web personalization. We also propose techniques for combining this knowledge with the current status of an ongoing Web activity to performreal-time personalization. Finally, we provide an experimental evaluation of the proposed techniques using real Web usage data.

Architecture for Usage-based Web Personalization

The overall process of usage-based Web personalization can be divided into two components. The offline component is comprised of the data preparation tasks resulting in a user transaction file, and the specific usage mining tasks, which in our case involve the discovery of association rules and the derivation of

URL clusters based on two types of clustering techniques.

Once the mining tasks are accomplished, the frequent itemsets and the URL clusters are used by the online component of the architecture to provide dynamic recommendations to users based on their current navigational activity. The online component is comprised of a recommendation engine and the HTTP server. The Web server keeps track of the active user session as the user browser makes HTTP requests.

This can be accomplished by a variety of methods such as URL rewriting, or by temporarily caching the

Web server access logs. The recommendation engine considers the active user session in conjunction with the URL clusters and the discovered association rules to compute a set of recommended URLs. The recommendation set is then added to the last requested page as a set of links before the page is sent to the client browser.

A generalized architecture for the systemis depicted in Figure 1. We now discuss the details of each of the architectural components.

Mining Usage Data for Web Personalization

The offline component of usage-based Web personalization can be divided into two separate stages. The first stage is that of preprocessing and data preparation, including, data cleaning, filtering, and transaction identification. The second is the mining stage in which usage patterns are discovered via methods such as association-rule mining and clustering. Each of these components is discussed below.

Preprocessing Tasks

The prerequisite step to all of the techniques for providing users with recommendations is the identification of a set of user sessions fromthe raw usage data provided by the Web server. Ideally, each user session gives an exact accounting of who accessed the Web site, what pages were requested and in what order, and how long each page was viewed. Two of the biggest impediments to forming accurate user sessions are local caching and proxy servers. In order to improve performance and minimize network traffic, most Web browsers cache the pages that have been requested. As a result, when a user hits the

"back" button, the cached page is displayed and the Web server is not aware of the repeat page access.

Proxy servers provide an intermediate level of caching and create even more problems with identifying site usage. In a Web server log, all requests froma proxy server have the same identifier, even though the requests potentially represent more than one user. Also, due to proxy server level caching, multiple users throughout an extended period of time could actually view a single request fromthe server. The most reliable methods for resolving a server log into user session are the use of cookies or dynamic URLs with an embedded session ID. However, these techniques are not always available due to privacy concerns of the users, or limitations of the capabilities of the Web server. As described in detail in [CMS99], several simple heuristics using the referrer and agent fields of a Server log can be used to identify user sessions

Figure 1. General Architecture for Usage-Based Web Personalization and infer missing references with relative accuracy in the absence of additional information such as

cookies.

In addition to identifying user sessions, the raw log must also be cleaned, or transformed into a list of

page views. Due to the stateless connection properties of the HTTP protocol, several file requests

(HTML, images, sounds, etc.) are often made as the result of a single user action. The group of files that

are sent due to a single click are referred to as a page view . Cleaning the server log involves removing all

of the file accesses that are redundant, leaving only one entry per page view. This includes handling page

views that have multiple frames, and dynamic pages that have the same template name for multiple page

views. It may also be necessary to filter the log files by mapping the references to the site topology

induced by physical links between pages. This is particularly important for usage-based personalization,

since the recommendation engine should not provide dynamic links to "out-of -date" or non-existent

pages.

Each user session in a user session file can be thought of in two ways; either as a single transaction of

many page references, or a set of many transactions each consisting of a single page reference. The goal

of transaction identification is to dynamically create meaningful clusters of references for each user.

Based on an underlying model of the user’s browsing behavior, each page reference can be categorized as

a content reference, auxiliary (or navigational ) reference, or hybrid . In this way different types of

transactions can be obtained fromthe user session file, including content-only transactions involving

references to content pages, and navigation-content transactions involving a mix of pages types. The

details of methods for transaction identification are discussed in [CMS99]. For the purpose of this paper

we assume that each user session is viewed as a single transaction. Finally, the session file may be filtered

to remove very s mall transactions and very low support references (i.e., URL references that are not

supported by a specified number of user transactions). This type of support filtering can be important in

removing noise fromthe data, and can provide a formof dimensionality reduction in clustering tasks

where URLs appearing in the session file are used as features.

Given the preprocessing steps outline above, for the rest of this paper we assume that there is a set of n

unique URLs appearing in the preprocessed log:

U url url url

n

= { , , , }

1 2

!

and a set of m user transactions:

T t t t m

= { , , , }

1 2

!

where each t i

Î T is a non-empty subset of U .

Discovering Frequent Itemsets and Association Rules

The association rule discovery methods such as the Apriori algorithm[AS94], initially find groups of items (which in this case are the URLs appearing in the preprocessed log) occurring frequently together in many transactions. Such groups of items are referred to as frequent item sets . Given a set I = { I

1

, I

2

, �, I k

} of frequent itemsets, the support of I i

is defined as

s ( )

| { : }|

| |

I t T I t

T i i =

Î Í

Generally, a support threshold is specified before mining and is used by the algorithmfor pruning the

search space. The itemsets returned by the algorithmsatisfy this minimumsupport threshold.

Furthermore, support is downward closed: if an itemset does not satisfy the minimumsupport criteria,

then neither do any of its supersets.

Association rules capture the relationships among items based on their patterns of co-occurrence across

transactions. In the case of Web transactions, association rules capture relationships among URL

references based on the navigational patterns of users. An association rule r is an expression of the form

X Y

r r

Þ ( , ) s a

where s

r is the support of X È Y , and a

r is the confidence for the rule r given by s ( X È Y ) / s ( X ).

Despite some shortcomings (which we point out in the discussion of our experimental results), in many

cases frequent itemsets and association rules can be used directly to provide effective recommendations as

part of the personalization task. We will describe a simple and efficient technique to do so in the

subsequent sections. They are also the foundation of our usage clustering technique based on

Association-Rule Hypergraph Partitioning [HKKM97, HKKM98], which is used as part of a more

general and robust method for computing recommendations.

Clustering Transactions

Traditional collaborative filtering techniques are often based on matching the current user’s profile against

clusters of similar profiles obtained by the systemover time fromother users. A similar technique can be

used in the context of Web personalization by first clustering user transactions identified in the

preprocessing stage. However, in contrast to collaborative filtering, clustering user transactions based on

mined information fromaccess logs does not require explicit ratings or interaction with users. In our case,

user transactions are mapped into a multi-dimensional space as vectors of URL references. Standard

clustering algorithms generally partition this space into groups of items that are close to each other based

on a measure of distance. In the case of Web transactions, each cluster represents a group of transactions

that are similar based on co-occurrence patterns of URL references.

Given a user transaction t Î T , we can represent the transaction as a (bit) vector

=

Some other proposals [SZAS97, YJ GD96] have suggested using, instead of binary weights, feature weights based on the time a user spends on a particular page or the frequency of occurrence of a URL reference within the user transaction. However, neither of these seems intuitively or practically justifiable in the context of Web transactions. For example, studies have suggested [KMM+97] that for a particular user, the amount of time spent on a page may not generally be a good indication of interest. Furthermore, the frequency of a reference is not generally a good measure of importance of page to a user; it only indicates the use of a page as a localized navigational nexus for that particular user. On the other hand, whether the URL reference occurs or whether it does not is clearly important. We have thus chosen to use only binary feature weights for our vector representation.

To cluster transactions we need a measure of distance between two transactions. Given two transactions t and s , we define the similarity sim ( t , s ) as the normalized cosine of the angle between the two vectors. In case of binary vectors, sim ( t, s ) can be expressed in terms of the size of the corresponding transactions as:

sim t s

t s t s

( , )

| | | |

=

Ç

×

Note that we do not take into account the temporal order of URL references within transactions. While such a constraint can be easily added to the processes of deriving user transactions and clustering of transactions, however, sequential navigational patterns [SF99] seemto play a more important role when the purpose of Web usage mining is to improve the quality of the site design and the flow of traffic rather than providing dynamic recommendations for users.

Based on the above definition, a similarity matrix can be computed and used as the basis for clustering. A variety of clustering techniques can be used for clustering transactions. We use a multivariate k-means algorithmto obtain transaction clusters. However, distance-based clustering methods often break down when handling very high-dimensional data. In the context of clustering user transactions, the number of dimensions are the URLs appearing in the access logs and could number in the thousands. Our experiments suggest that filtering the logs by removing references to low support URLs can provide an effective dimensionality reduction method while improving clustering results.

Transaction clustering will result in a set C = { c

1

, c

2

, �, c k

} of clusters, where each c i

is a subset of T , i.e., a set of user transactions. Essentially, each cluster represents a group of users with "similar" access patterns. However, transaction clusters by themselves are not an effective means of capturing an aggregated view of common user profiles. Each transaction cluster may potentially contain thousands of user transactions involving hundreds of URL references. Our ultimate goal in clustering user transactions is to reduce these clusters into URL clusters . The URL clusters associated with each transaction cluster will serve as an aggregated view and a representative of users whose behavior is captured in the transaction clusters.

For each cluster c Î C , we first compute the mean vector m c

. The mean value for each URL in the mean vector is computed by finding the ratio of number of occurrence of that URL across transactions in the cluster to the total number of transactions in the cluster. The mean vector can be viewed as a set of URLs each having an associated weight corresponding to the mean value for that URL in the mean vector. We then filter out low-support URLs, i.e. those with mean value below a certain threshold m . Thus, a URL cluster associated with a transaction cluster c , is the set of all URLs in whose weight is greater than or equal to m . For example, if the threshold m is set at 0.5, then each URL cluster will contain only those

URL references which appear in at least 50% of transactions within its associated transaction cluster.

Each URL cluster, in turn, can be represented as vectors in the original n-dimensional space.

Once the representative URL clusters have been computed, a partial session for the current user ( the active session ) can be assigned to a matching cluster. We must then determine which URLs fromthis cluster should be provided to the user as recommendations. The details of the matching and recommendation process are discussed in the next section.

Usage Clusters

Another approach we consider is to directly compute clusters of URL references based on how often they occur together across user transactions (rather than clustering transactions, themselves). We call the URL clusters obtained in this way, usage clusters . In general, this technique will result in a different type of

URL clusters compared to the transaction clustering technique. The URL clusters obtain by reducing transaction clusters group together pages that co-occur commonly across "similar" transactions. On the other hand, usage clusters tend to group together frequently co-occurring items across transactions, even if these transactions are themselves not deemed to be similar. This allows us to obtain clusters that potentially capture overlapping interests of different types of users. The question of which type of clusters are most appropriate for personalization tasks is an open research question, however, the answer to this question, in part, depends on the structure and content of the specific site. We revisit this issue in the discussion of our experimental results.

However, traditional clustering techniques, such as distance-based methods generally cannot handle this type clustering. The reason is that instead of using URLs as features, the transactions must be used as features, whose number is in tens to hundreds of thousands in a typical application. Furthermore, dimensionality in this context may not be appropriate, as removing a significant number of transactions as features may lose too much information.

We have found that the Association Rule Hypergraph Partitioning (ARHP) technique [HKKM97,

HKKM98] is well-suited for this task, especially since it provides automatic filtering capabilities, and does not require distance computations. Furthermore, ARHP is particularly useful in efficiently clustering high-dimensional data sets without requiring dimensionality reduction as a preprocessing step. The ARHP has been used successfully in a variety of domains, including the categorization of Web documents

[HBG+99].

The set I of frequent itemsets discovered in the mining stage are used as hyperedges to forma hypergraph

H = < V , E >, where V Í U and E Í I . A hypergraph is an extension of a graph in the sense that each hyperedge can connect more than two vertices. The weights associated with each hyperedge are computed based on the confidence of the association rules involving the items in the frequent itemset. Note that additional constraints can be placed on the itemsets in I to obtain E . For example, we may be interested in itemsets satisfying criteria such as minimumsupport, minimumsize, or temporal constraints among items within the itemset. The hypergraph H is then partitioned into a set of clusters C = { c

1

, c

2

, �, c h

}. The similarity among items is captured implicitly by the frequent itemsets. Each cluster c i

represents a group of items (URLs) which are very frequently accessed together across transactions.

Each cluster is examined to filter out vertices that are not highly connected to the rest of the vertices of the partition. The connectivity function of vertex v (a URL appearing in the frequent itemset) with respect to a cluster c is defined as follow:

conn v c

e e c v e e e c

( , )

{ | , }

{ | }

=

Í Î

Í

Connectivity measures the percentage of edges with which a vertex is associated. A high connectivity value suggests that the vertex has many edges, connecting a good proportion of the vertices in the partition. The vertices with connectivity measure greater than a given threshold value are considered to belong to the partition, and the remaining vertices are dropped fromthe partition. In the ARHP method, additional filtering of non-relevant items can be achieved using the support criteria in the association rule discovery components of the algorithm. Depending on the support threshold. Items that do not meet support (i.e., URLs appear often in transactions with other URLs) will be pruned.

The connectivity value of an item(URL) defined above is important also because it is used as the weight associated with that itemfor the cluster. As noted in the case of transaction clustering, the weights associated with URLs in each cluster are used as part of the recommendation process when clusters are matched against an active user session.

The Recommendation Process

The recommendation engine is the online component of the Web personalization systembased on usage mining. The task of the recommendation engine is to compute a recommendation set for the current session, consisting of links to pages that the user may want to visit based on similar usage patterns. The recommendation set essentially represents a "short-term" view of potentially useful links based on the user’s navigational activity through the site. These recommended links are then added to the last page in the session accessed by the user before that page is sent to the user browser.

In general there are several factors that we would like to consider in determining the recommendation set.

These factors include:

1. the matching criteria for each cluster or frequent itemset based on the its similarity to the current active session;

2. whether the candidate URLs for recommendation have been visited by the user in the current active session;

3. a short-termhistory depth for the current user representing the portion of the user’s activity history that we should consider relevant for the purpose of making recommendations; and

4. the length of the physical link path fromthe current active session window to the candidate URL for recommendation.

Using a fixed-size sliding window over the current active session can capture the current user´s history depth. For example, if the current session (with a window size of 3) is < A , B , C >, and the user references the URL D , then the new active session becomes < B , C , D >. This makes sense in the context of personalization since most users go back and forth while navigating a site to find the desired information.

For example a user might navigate to a particular "content" page using a path of a certain size before deciding to go back and follow a different path to another content page representing an independent piece of information. In many cases these sub-sessions have a length of no more than 2 or 3 references. In such a situation, it may not be valuable to use references a user made in a previous sub-session to make recommendations during the current sub-session.

Thus, the sliding window of size n over the active session allows only the last n visited pages to influence the recommendation value of items in the recommendation set. In this context, the notion of a sliding session window is similar to the notion of N-grammars discussed in [Cha96]. An important question worth further investigation is the determination of the optimumwindow size automatically. Our experiments indicate that the average user session length may be a good measure for determining the window size.

The length of the physical link path can be determined by maintaining a directed graph representing the topology of the site. Each node in the graph is a URL representing a page in the site. There is a directed edge froma node x to a node y , if there is a physical link to the page corresponding to y fromthe page corresponding to x . We would like to weight a candidate URL higher (for the purpose of recommendation), if it is farther away formthe current active session. In a sense, we would consider such a candidate URL a better recommendation than one with close proximity to the user’s current location.

The physical link distance between two URLs u

1

and u

2

is the length of a minimal path from u

1

to u

2

in the site graph described above. Given a site graph G = (V, E), where the set of vertices V Í URL , we denote the physical link distance factor between the active session s and a URL u Ï s by dist ( u , s , G ), which is defined as the smallest physical link distance between u and any of the URLs in s . Then, the link distance factor of u with respect to s is defined as:

ldf u s dist u s G

( , ) log( ( , , )) = + 1

If the URL u is in the active session, then ldf ( u , s ) is taken to be 0. We take the log of the link distance so that it does not count too heavily compared to itemweights within clusters or the frequent itemsets.

Computing Recommendations Directly from Frequent Itemsets

An efficient method for computing recommendation sets is to directly utilize the frequent itemsets obtained in the offline usage mining stage. After identifying user sessions in the preprocessing steps and then discovering frequent itemsets of URLs, we match the current user session window with itemsets to find candidate URLs for giving recommendations. Given a window size of w , we only consider all itemsets of size w+1 satisfying a specified support threshold and containing the current session window.

The recommendation value of each candidate URL is based on the confidence of the corresponding association rule whose consequent is the singleton containing the candidate URL. If the rule satisfies a specified confidence threshold requirement, then the candidate URL is added to the recommendation set.

The basic outline of the algorithmis as follows:

Input: an active session window w of fixed maximumsize s

The site graph G (for computing the link distance factor)

Minimu msupport threshold s

Minimumconfidence a

Recommend

Í Æ

for each frequent itemset I of size | w |+1 such that w Í I do

if support ( I ) ³ s then

let c = confidence ( w =>{ u })

if c ³ a then

u . rec_score Í c * ldf ( u , w )

Recommend Í Recommend È { u }

end if

end if

end f or

Figure 2 . Algorithmfor Computing Reco mmendations Using Frequent Itemsets

Note that the search for itemsets (of size | w |+1) containing the current session window can be done

efficiently, since during the mining process the discovered itemset can be organized into a lexicographic tree [AAP99]. Each node at depth d in the tree corresponds to an itemset, I , of size d with its children

being itemsets of size d +1 that contain I .

It should be noted that, depending on the support threshold used in the above algorithm, it might be

difficult to find large enough itemsets that could be used for providing recommendations. This is

particularly true for sites with very small average session sizes. An alternative to reducing the support

threshold in such cases would be to reduce the session window size. This latter choice may itself lead to

some undesired effects since we may not be taking enough of the user’s activity history into account. This

kind of a situation is further examined in our experimental result section below.

Computing Recommendations Based on URL Clusters

Either of the clustering methods described earlier (usage clustering based on hypergraph partitioning or

transaction clustering and computing the mean cluster values) will ultimately result in a set of clusters

each containing highly related URLs with respect to user transactions. Depending on the clustering

method used, or the mechanismfor reducing transaction clusters into a set of URLs, a weight will be

associated with each URL u in a cluster c , which we denote by weight ( u , c ). Recall that in the case of

transaction clustering the weight for a URL is its mean value in the cluster mean transaction m

c

. In the

case of usage clusters obtained using the ARHP method, the weight is the connectivity value of the item

within the cluster, conn ( u , c ).

Each of these URL clusters can be viewed as virtual user profile indicating how various groups of users

may access a set of links in the site within their respective user transactions. Once a new user starts a

session, our goal is to match, at each step, the partial user session with the appropriate clusters and

provide recommendations to the user. The recommendations would be presented as a set of links which

will be dynamically added to the top of the page corresponding to the last URL reference made by the

user. So, the first task is to obtain a matching score for each cluster based on the cluster similarity to the

current active session.

We represent each cluster c Î C , as a vector

G

!

c u u u c c

n c =

1 2

, , ,

where

u

i c weight url c url c

i i

= Î

0 ,

( , ),

otherwise if

>

Furthermore, the current active session s is also represented as a vector

G

!

s s s s n

=

1 2

, , , where s i

= 1, if the user has accessed URL i

in this session, and s i

= 0, otherwise.

The cluster matching score is now computed as follows:

match s c

u s s u

k

c k k k

c k

( , )

| | ( )

=

×

×

å å 2

In computing the matching score we normalize for the size of the clusters and the active session. This is important in the context of matching active sessions with clusters in order to make recommendations.

During an active session, given two matching clusters with the same non-normalized matching score, the larger cluster should be weighed less. This corresponds to the intuitive notion that we should see more of the user’s active session before obtaining a better match with the larger cluster.

We can also impose a minimumthreshold t on the matching score. In this case, we consider a cluster c as a matching cluster for the active session s , only if match ( s , c ) ³ t .

The value of t is domain specific and may depend on the statistical properties of the access logs for the site.

Once the matching score is computed for an active session, we have to decide which of the URLs from these matching clusters are to be presented to the user. Thus, our next task is to construct a recommendation set for the user. To compute the recommendation value for a URL within a matching cluster, we take into account both the physical link distance to the current active session and the matching score for the cluster. Given a cluster c and an active session s , we compute a recommendation score for each URL within the cluster:

Rec s u weight u c match s c ldf s u

( , ) ( , ) ( , ) , = × ×

2

7

0