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Abstract

In this paper we describe work in progress on the development of a central data store with integrated
support for recommender agents. The Hitchcock proxy is detailed, and two recommender agent systems con-
structed to use the data held in the cache are discussed. The COWBRA agent supports a form of collaborative
Web browsing, by building profiles of user behaviour which are then used to make recommendations from
pages visited by other users of the proxy. The second agent (TMA1) performs user matchmaking and displays
the results graphically. TMA1 also provides support for communication between users. The paper concludes
with a discussion of proposed Hitchcock extensions.

1 Introduction

Agent-based recommender systems [21] automate forms of interaction within human society which are typically
referred to as “word of mouth” recommendations. People regularly use advice received via such mechanisms
to influence the choices they make. An agent recommender system requires a series of inputs (descriptions of
users, documents, products) together with some means of aggregating them together or identifying patterns
between them. Qutputs take the form of a list of recommended items, which may be the names of people (e.g.
experts to consult on a particular topic), documents (e.g. Web pages to visit) or even suggested purchases to
be made at an E-Commerce site. Matching functions play a vital role in this process by determining the degree
of similarity between items. Another common feature of all recommender systems is their reliance on large
amounts of data. The long-term objective of the work outlined in this paper is to construct a data repository
with integrated support for programmers wishing to build recommender agents (and eventually other forms of
information agents). We chose to base our initial approach around a Web proxy as a means of providing high
data volumes, while at the same time imposing minimum overhead on users.

The remainder of this paper is organised as follows: section 2 outlines some background to the work; section
3 describes the proxy architecture; section 4 introduces an agent-based URL recommender; section 5 presents a
user matchmaker and communication facilitator; section 6 briefly discusses related work; and finally section 7
reviews the status of the work, and highlights future directions.

2 Background

Our experience with the construction of a variety of intelligent information agents in recent years [16, 17, 11, 7, 8]
has been that there is significant redundancy within such systems. For example, it is common to see components
which handle data acquisition, data abstraction, user-modelling, classification/prediction, and user feedback. It
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would clearly be desirable to create a central data resource which also included support for as many of these
functions as possible; such a facility would allow lightweight agents to be constructed, built upon an agent
application programming interface (AAPT).

Any approach of this type assumes that users will be willing to give up some privacy in return for access to
(value-added) agent services. In other words, they have an incentive in allowing data about them to be logged.
However, privacy is still an important issue; very few users are likely to be happy at the prospect of their credit
card details or other sensitive information being stored within a central, publicly accessible repository. The data
store must therefore be under some form of user control. One approach we considered was that used within
the COLLABCLIO [12] system that supports sharing of Web browsing histories amongst users. COLLABCLIO
provides controls for users to set the level of accessibility of data which relates to them. In our initial work we
have chosen not to provide users with direct access to the contents of the store, instead we have provided a facility
which allows them to deactivate logging of their actions.

In the discussion that follows, we present the architecture of the proxy and discuss a rudimentary AAPT which
offers some support for agent developers. Two very different recommender systems have been built to investigate
the scope of the API. It was always our intention to construct an initial version which would be enhanced following
our experiences in the development of practical recommender systems. With this goal in mind, it was important
that the agents reflected different aspects of recommender system technology and different application contexts.
The scope of the agents are outlined in Table 1.

Agent Inputs | Outputs Representation Models Recommendation
of User Models per User Engine

Collaborative Web
Browser URLs | URLs Bayesian Model >1 Simple Bayesian Classifier
User Matchmaker | URLs | Users Sparse Binary Vector | 1 Similarity Metric

Table 1: Characteristics of the recommender agents.

3 The Hitchcock Proxy/Cache

Hitchcock! was developed to provide a structured and reusable data source (see Figure 1). It simply observes
a user’s browsing activity and records these browse-events as abstractions of the page content in a cache. The
user has the option of turning on and off the monitoring function; with monitoring off, Hitchcock behaves as a
standard Web proxy.

Web
Browser

Control |
Applet |

Figure 1: The Hitchcock architecture.

1We felt that instead of an obscure acronym Hitchcock required a familiar name to present to its users. We chose Hitchcock
because it embodied a sense of benevolent watchfulness and intelligence.



HTTP GET www.javaintro.com/ yr]: http://www.javaintro.com/

1.0:Simon .
<html> title: Java Intro

<head> user: Simon
<title>Java Intro date' 22-03-2000
</title> . :

</head> time: 13:20:21

<body> alt: This is Duke, the Java
<hl>Java Intro</hl> Mascot

<p>This page tells you keyword: sava,3,1.0;
all you will ever need programming,2,0.67;
to know about the Java language,2,0.67;

14 14 . 4

programming language. Sun.1,0.33;

I3 r . ’
</P> . ) Microsystems,1,0.33;
<img src="./images/ Intro,1,0.33;
duke.gif alt="This developed,1,0.33;

is Duke, the Java
Mascot”><hr>

<p>Java 1is a simple
programming language
developed by Sun
Microsystems.</p>

</body>
</html>

simple,1,0.33;

Figure 2: An exampleHitchcock browse-event with the originalHTML source shown to the lef.

3.1 The Web Proxy

The Hitchcock proxy takesHTTP requests and fetches the relevant BLs from the Web by passing the request

on to an existing proxy cache, such as Squid2]. However, it differs in one sigrficant way froma normal proxy,

as it serves a control applet to the uses’browser to allow them to switch the cachingomponent on and off. As
shown in Figure 1, the applet connects to a proxy control centre and sends a signal whenever the user changes the
state of the applet. The proxy control centre maintains a list of users that are currently connectedHiiochcock
and have caching activated. This list contains thHitchcock userid of the user and the address of their machine.
HTTP requests are compared against this list to determine whether or not data should be cached.

3.2 The Cache

The efficient storage of datain the Hitchcock system is a priority, as is effective analysis of this data. decision
was made very early in the development of the system to summarise user browsiagtivities as discrete bowse-
events. A browse-event is defined as a request by a Web client to view specific page and is made up of one or
more HTTP get requests. This event is themnalysed (using simplelR techniques) and the result stored im
relational database system(MySQL [1]). Data corresponding to error messages, redirections or other mechanisms
for administration of the Wb are not logged;Hitchcock information and administration pages are also ignored.

Once a pagehas been accepted its individual elements are analysedlf the data is in any form other than
text (eg. images, applets and scriptingections) it is discarded. Although we acknowledge that such data might
prove useful when determining the content of a page, it is outside the current scopeHifichcock to analyse such
data. The remaining pagecontent is thenparsed to extract material for storageText within the body of the
page is gathered for further analysis as are <IMG> tags and the <TITLE> tag. A decision was taken to ignore data
associated with <META> tags. The contents of the <TITLE> tag are stored verbatim. The text associated with
the alt attribute of <IMG>tags is extracted this data is useful as manyHTML authors provide descriptions of
images for users of text based browsers. Atandard stop list that has been augmented with commonlyccurring
Web vocabulary (eg. 1ink, click) is then applied to the body text to remove non-content terms. T3@ most
frequently occurring terms are then identified and their frequencies and normalised frequencies recorded.

The information extracted from the page, together with its URL, details of the user who looked at the page
and the date/time it was accessed are theinstantiated as a Java object[JRLData. This object, which represents
a discrete browsing event, is then sent to a Wfer for storage. When the systemis ready each browse-event is
converted into SQL statements to be executed on the databasdigure 2 shows an exampleHitchcock browse-
event.

3.3 The Hitchcock API

As stated earlier, one of our central aims in developinfitchcock was that it should include an interface for use
by developers of agent recommender systems. The API in its present forprovides an initial set of objects and



methods for accessing the data collected by the proxy. At the lowest level the API provides a simple connection
to the database and allows SQL queries to be executed. The API also provides classes which represent database
records as objects, as well as methods to convert between them. A single browse-event is stored as a URLData
object. This object closely mirrors the contents of the database and has object representations of all the database
fields. These URLData objects are collected together in URLDataLists which provide list methods for accessing
single objects within them.

The command set is currently confined to Select operations through the implementation of the HitchcocksS-
electURL interface. Two API classes implement this interface: ProxyDataConnection and URLDataList. Proxy-
DataConnection allows data to be fetched direct from the database and returns URLDataLists of the results of
the query. URLDataList applies the API methods to itself and returns sublists of its contents. The command set
is relatively simple, yet as all methods return URLDataLists they can be ‘chained’ to create more sophisticated
search operations. Tables 2 and 3 provide details of the APT classes and methods respectively.

API Class Purpose

HitchcockConnection | Provides a low level connection to the database allowing data
to be retrieved using any SQL statement.
HitchcockSelectURL Provides an interface for Select statements to retrieve browse-
events. All methods return URLDataLists and have Date
range based variants.

ProzyDataConnection | A higher level connection to the database that sits on top of a
HitchcockConnection to provide implementations of the Hitch-

cockSelectURL.

URLData A data construct to represent the browse-events stored in the
database.

URLDataList A list construct for holding URLData items. Implements the
HitchcockSelectURL.

Converters A static class to allow conversions between API objects and

database records.

Table 2: Summary of Hitchcock API classes.

Method Purpose
getUrls() Retrieves all browse-events.
getUserUrls() Retrieves all browse-events generated by a specific user.

get[FIELD|Urls() | Retrieves all browse-events with a specific term in the specified
FIELD. Variants exits to allow searching for the appearance
of any term from a list. There are versions of this method for
searching in the keyword, title or the alt data fields.
getDistinctUrls() | Returns a set of browse-events corresponding to the most re-
cent visit to each URL.

filter() Takes a URLDataList and returns all the browse-events that
do not occur in the parameter. There is no Date range version
of this.

Table 3: Summary of HitchcockSelectURL methods.

4 Collaborative Web Browsing

COWBRA? is a recommender agent which suggests URLSs to a user based on their previous browsing behaviour.
It implements a form of collaborative Web browsing by exploiting the browsing activities of a group of users to
achieve this. Central to the approach is the assumption that within a group of Internet users it is likely that
there is some degree of cross-over of interests. The agent (Figure 3) maintains a ‘family’ of interest profiles for
each user; these profiles are used to assess browse-events generated by other users and thus to highlight URLs of
interest. This is a different model of collaborative Web browsing to that used by systems such as Let’s Browse
[13] which assume that browsing is taking place in a social setting, e.g. a family using WebTV. Let’s Browse uses
the combined interest profiles of the group to recommend pages that they should visit next.

2COllaborative Web Browsing Recommender Agent.
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Figure 3: Components of theCOWBRA agent.

4.1 Profiles & Recommendations

Rather than represent each user byp single monolithic interest profilecCOWBRA employs a familyof simple
profiles. Each of these focuses on one spdid interest area. Profiles are in fact collections Hiitchcock browse-
events that havebeen labelled by the user as either‘like’ or ‘dislike’. Profiles are stored independently of the
classifier used to make recommendations; as a result, any algorithm capable of classifying textual databean
used. The only requirements are that conversion routines exist to translate betweddWBRA profiles and the
input/output formats of the clasfier, and that a method exists to support the profile visualisation process - see
section4.2.

COWBRA currently uses a modied naive Bayes [15] clasfier called NBlext. NBText further simplifies the
naive Bayes classifier by making the assumption that the probability of encountering a §jpetdrm is independent
of its position. This has thadvantage of reducing themumber of probability terms that need to bealculated,
while also increasinghe number of examples available for predicting the probabilities (and hence the reliability
of those estimates). NBext calculates the most probable class for a nelwrowse-event using Equation (1)For
each class v; in the set of classes V, it calculates the product of the probability of seeing class v; and the prior
probabilities of seeing each term Wj, given class v; (Equation 2). N is the number of times term Wj has been
seen with class v; IN is the total number of terms seen for class v;, and vocabulary is the set of distinct terms
seen during training.

vyp =argmax P(v;) H P(Wy | vy) (1)
v; €V kEpositions
N +1

P(Wy | v;) b (2)

N+ | vocabulary |

The COWBRA Recommendation Engine builds a set of recommendations for a user by applying each of that
user’s profiles, in turn, to browse-events generated by other users of the Hitchcock proxy. NBText predicts a label
(like/dislike) for each event. Any that have been classified as ‘like’ are presented to the user as recommendations.

4.2 Profile Management & Visualisation

COWBRA allows the user to manage their profiles via the Feedback Engine. If a URL is recommended and
the user agrees with this recommendation, they can give positive feedback, thereby reinforcing the profile. This
is achieved by adding the browse-event corresponding to the recommendation to the appropriate profile with a
‘like’ label attached. If, however, the user disagrees with the recommendation they have the option to supply
negative feedback. Such feedback can take a variety of forms. For example, the user may dislike the content of
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Figure 4: Visualisation of a COWBRA profile.

a page or its style and/or presentation. The Feedback Engine therefore has to provide support for various forms
of negative feedback; these are summarised below, together with the necessary profile modifications (if any).

e Dislike the content.
The browse-event is added to the profile with a ‘dislike’ label attached.

e Dislike the style/presentation.
The profile is unchanged.

e Dislike the author.
The profile is unchanged.

e Content interesting but not within remit of this profile.
The browse-event is added to the profile with a ‘dislike’ label attached. It is weighted as a function of the
current size of the profile, in order to assign it greater significance.

COWBRA is also able to present a visual ‘map’ of a profile (Figure 4). Terms contained within the browse-
events that make up the profile are extracted and their prior probabilities for the ‘like’ and ‘dislike’ classes
calculated (see Equation 2). Each term appears in the display twice, once for each class; green is used to indicate
‘like’, red ‘dislike’. Font size is used in the display to indicate the magnitude of the probability. The location of
terms within the display is not significant, as the number of terms appearing in a typical profile make it difficult to
present them in a structured manner. The visualisation tool provides the user with a number of display controls.
By using the slider at the bottom of the screen the user can set a threshold, causing terms with values below this
level to be hidden. Buttons allow all terms to be displayed or only those coloured red or green. Double-clicking
on a term changes the display to only show those terms that co-occur with it within browse-events.

4.2.1 Profile Editing Issues

It would clearly be desirable to allow the user to edit their profiles using the visualisation tool discussed above.
However, there are a number of issues associated with the implementation of such an editing capability. The
primary difficulty relates to the underlying model imposed by NBText. Due to the way in which prior probabilities
are calculated (Equation 2), changing the probability for one term:class pair would result in changes to all other
prior probabilities for that class. It is not yet clear to us how the visualisation interface should indicate such
effects.
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Figure 5: The COWBRA recommendations page.

4.3 The COWBRA Interface

As COWBRA has been designed to recommend URLs, it seemed only natural to create a Web-based interface
for the agent - the Presentation Engine. Instead of placing all its recommendations on a single page, COWBRA
separates them into pages for each profile. Each of these pages show the recommendations for a specific profile
and allow the profile visualisation tool to be launched as an applet. The user is also presented with a ‘Top
Picks’ page, as shown in Figure 5. This presents the top ten recommendations of the user’s family of profiles. A
recommendation generated by more than one profile is either of great interest to the user (as it covers more than
one of their interests) or may be an indication that one or more of the profiles is flawed. In either case the user
should have such recommendations brought to their attention.

Recommendations are presented to the user as a title and abstraction (set of keywords) corresponding to a
Hitchcock browse-event. The title is converted into a link to allow the user to visit the page. When the user
follows a link they are presented with a browser window containing two frames. The topmost frame contains
the URL they are visiting, while the lower frame contains the COWBRA feedback interface. This interface
lists all the profiles that recommended the URL and allows the user to signal whether they liked or disliked the
recommendation. In the case of negative feedback the interface allows the user to supply a justification (see
section 4.2).

The interface is updated dynamically by COWBRA so that once a recommendation has been viewed and
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Figure 6: Components of the TMA1 agent.

feedback given by a user it is no longer presented. This also causes the “Top Picks’ page to be updated. Once a
recommendation has been seen by a user, it is moved down the list or replaced by another ‘Top Pick’.

4.4 Evaluation

COWBRA'’s effectiveness can only be measured by rolling it out to a ‘live’ environment. As this is a work in
progress this has not yet been possible. However, there is a regular user group for Hitchcock and a large quantity
of data has been collected. This data set has been used to test profile creation and management during the
development of COWBRA. Early trials of the profile visualisation tool have shown it to work effectively and user
feedback has been positive. The effectiveness of the Recommendation Engine has still to be tested fully. Our
experience during development implies that it is behaving as expected, but only when the existing Hitchcock
users begin to use COWBRA in earnest will we be certain.

5 Matchmaking Users

Matchmaking services are a natural extension of most recommender systems. At sites such as Firefly?, music
and video recommendations provide the starting point for new relationships to develop via on-line chat services.
TMA1 (Figure 6) is a simple matchmaking agent which identifies groupings within a Hitchcock user community
based upon browsing behaviour. It attempts to promote communication and collaboration by highlighting users
who share common interests.

5.1 The Statistics Module

TMA1 uses data gathered from the Hitchcock API to construct user profiles. Each user’s profile consists of a
series of Hitchcock browse-events, represented within TMA1 as sparse binary vectors*. Once these profiles have
been created a method is required to measure the degree of similarity between them. There are many ways to
compare individual browse-events so a modular system was devised which allows different metrics to be used.
The similarity between two profiles (A, B) is calculated using Equation 3, where f(Be;, Be;) is the function used
to determine the degree of similarity between two browse-events. Currently, the only function implemented is a
variant of the simple (Hamming) overlap metric.

ZiEprofz'leA EjEprofileB f(Bei’ Bej)
| profilea | - | profilep |

AvgSim = (3)

Shttp://www.firefly.com
4We acknowledge that using the data held within Hitchcock it should be possible to construct vectors containing term frequency
values (or other measures of term weight). However, binary vectors were felt to be sufficient for the first version of TMA.
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Figure 7: The TMA1 matchmaking display.

5.2 The TMA1 Interface

Displaying the relationships between users and facilitating communication between them is a critical goal of
TMA1. Users are displayed in a collaboration web. This is a graph with a centralised node representing the
current user (the focus) and a series of nodes clustered around it which represent the other users in the system
(see Figure 7). A user only appears in the web if their similarity to the focus is above a threshold value (set by the
user). The greater the degree of similarity between a user and the focus, the shorter the distance between their
nodes on the display. Users are able to interact directly with the nodes using a mouse, allowing the focus to be
changed or information about a specific user to be displayed. These details include name, email address and list
of terms in common with the focus node. This user display window is also the key to communication in TMA1,
allowing users to email one another from within the system; a simple chat function has also been implemented,
as has a message blackboard.

5.3 Evaluation

TMA1 acts as a visual recommender agent by highlighting interest groups among users. At present, it is only able
to create groups based on the global similarity of user profiles, i.e. the system does not consider the fine-grained
detail of each user’s browsing activities. In tests with a small initial user group, this was identified as a weakness
as users felt that TMA1 was unable to form specialist thematic groupings, only very general ones.

6 Related Work

A range of strategies have been employed by recommender systems to suggest URLs to users. PHOAKS [25]
mines the content of Usenet newsgroup discussions to identify Web page recommendations using a set of simple
heuristics. Results are then presented on the PHOAKS site, together with details of who recommended them
and why. Pazzani and Billsus [18] describe an agent which recommends documents (Web pages, PostScript or
PDF files) related to those already visited at a site. A set of heuristics are used to determine when two items
are related, and a user profile then employed to select amongst the alternative recommendations. Fab [3] is a
hybrid URL recommender system that uses both content-based and collaborative techniques. Unlike COWBRA,
it actively searches the Web for pages using a dynamically changing population of agents that represent topics
that are of interest to users. These agents supply pages to a central router that passes them on to selection
agents where they are scored against each user’s personal profile. Recommendations are also made when a user
with a similar profile rates a page highly. Jasper [5] supports collaborative Web browsing using one profile per
user, instead of the family of profiles employed by COWBRA. Another difference is that pages are only stored by
Jasper at the instigation of the user. Consequently, some pages that might be of potential interest to other users
will not be stored and hence cannot be recommended. Do-I-Care [24] recommends pages (from a user-defined
lists of URLs) that contain “interesting” updates. The system acquires a model of what constitutes an interesting
change based upon user feedback.



As mentioned earlier, systems such as HOMR/Ringo/Firefly [23] facilitate user matchmaking via recommen-
dations. An alternative approach is that taken by Yenta [10, 9] which performs matchmaking using decentralised,
self-organising agents, each of which encapsulates a single user interest. These agents group themselves into clus-
ters which are then used to introduce, or find, other users who share this interest. Yenta uses labelled clusters of
documents to represent interests.

The MEMOIR [6, 19] project is highly relevant to our work as it also aims to create an information management
architecture based upon existing Web infrastructure. In MEMOIR, data storage is handled by an object-oriented
database system, while data manipulation, user-profiling and other tasks are performed by agents of varying
levels of sophistication. Low-level agents typically handle simple data manipulation tasks, such as matching and
retrieving URLs. Higher-level (information broker) agents rely on these services to perform their own tasks;
for example, finding an expert in a particular domain. The MEMOIR architecture also includes an interface
manager (acting as a proxy server), a message router, and one or more agent servers (to manage the various
agent groupings). Hitchcock embodies a different philosophy, that of a central data store with fully integrated
data management support. We feel that agent developers should concern themselves with the high-level design
of their systems and should be able to request the data they require in a suitable format via an appropriately
designed API. Within MEMOIR there is an obvious communication overhead between the various agents and
sub-systems, which we were keen to avoid.

7 Discussion & Future Plans

We begin by discussing the two agent systems described in this paper, before reflecting on the current level of
functionality provided by the proxy cache and its associated API.

COWBRA currently passes much of the overhead associated with profile creation directly onto the user. The
agent presents a set of browse-events which are first grouped together by the user (into profiles) and then rated
as ‘like’/‘dislike’. A desirable extension is the use of clustering techniques [14] to identify potential groupings
of browse-events, which can then be assessed by the user. We are also interested in exploring mechanisms that
would allow users to manage their profiles via some form of visual abstraction, rather than by interacting with
a set of document instances (as is often the case in such systems). The existing profile visualisation tool has
been received positively by users and would seem to be an obvious starting point for development of an editing
capability. However, there are difficulties in ensuring that the display remains consistent with the underlying
profile model.

As discussed earlier, TMA1 currently assesses the global similarity of users. An obvious extension would be a
facility for identifying local matches by representing each user as a series of sub-profiles which are then compared.
This would allow a user with interests in areas as diverse as software agents, arabian horses and thai food to
be matched with another user who only shared one of these interests. TMA1 would currently fail to assign a
sufficiently high similarity score to such a match and would therefore be unlikely to bring it to the attention of
the user. One strength of TMAT1 is its modular design, with use of dynamic class loading to allow new statistical
analysis methods to be deployed easily. There is scope for the introduction of various mechanisms here, including
perhaps clustering.

Although COWBRA and TMA1 are usable recommender agent systems in their own right, of greater signifi-
cance to us were the lessons learnt during their design and construction. As anticipated, both agents contain large
amounts of code to handle data representation and manipulation and there is clearly scope for the addition of
functionality to the existing Hitchcock proxy cache and the API. The list below summarises a number of possible
extensions:

Alternative Information Sources Hitchcock should be extended to act as a repository for more than just Web
page data. Possibilities are: Usenet articles, XML, PostScript, PDF, and I¥TgXdocument formats.

Information Eztraction Methods The cache should support a more extensive range of techniques, such as stem-
ming of terms [20]; tagging [4]; and methods based upon syntactic pattern matching [22].

Document Profile Management A more extensive set of API objects are needed to represent document instances
within the cache. At present, only the URLData object exists. We are considering the use of a Docu-
mentData class as the root of a hierarchy of such classes which would encompass the range of information
sources listed above. Each of the subtypes would support a variety of representations including binary and
weighted vectors.

User Profile Management We are exploring whether the proxy cache can be given responsibility for aspects of
user profile creation and storage. In other words, whether profiles can be considered as first class objects
- ProfileData. Profile management would be provided via the API, allowing create, edit and remove
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operations. The representation of profile objects within the cache would clearly have to reflect the range of
possible “external” roles of such profiles. For example, while some agent developers may be happy with a
collection of documents, others may require labels to be attached to each instance, and others may require
some higher-level abstraction of the data. The API will need careful design to support such a range of
profile “views”.

Object Database Support Hitchcock currently relies upon a relational database server to manage browse-event
data. It is apparent to us that for future development of the cache we should move to an object database.

Classification € Clustering Support for classification algorithms (such as naive Bayes) would enable data held
within the cache to be classified using the contents of appropriately labelled profiles. Clustering methods
would allow aggregation of DocumentData or ProfileData entities; this could serve as a method for the
creation of sub-profiles or as a user matchmaking mechanism.
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