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Please read the paper “Correlation-based Document Clustering using Web Logs” and answer

the following questions.
1. Please identify the research contributions of this paper. (10%)

2. What are the main differences between the DBSCAN algorithm (as shown in page 3)
and the RDBC algorithm (as shown in page 4)? (15%)

3 What are the limitations or drawbacks of the proposed approach? (10%)

4. Is the evaluation discussed in the paper appropriate? Why? Please propose an evaluation
plan for evaluating the approach (or technique) proposed in the paper. (15%)
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Abstract

A preblem facing information retrieval on the web is

how to effectively eluster large amounts of web documents.

One approach is 1o cluster the documents based on
information provided only by users’ usage logs and not

by the content of the documents. A major advantage of

this approack is that the relevancy information is
objectively reflected by the usage logs; frequent
simultaneous visits to two seemingly unrelated documents
should indicate that they are in fact closely related.  In
this paper, we present a recursive density based
clustering algorithm that can adaptively change ifs

parameters intelligently. Our clusiering algorithm RDBC

{Recursive Density Based Clustering algorithmy) is based
on DBSCAN, a density based algorithm that has been
proven in its ability in processing very large datasets. The
Jact that DBSCAN does not require the pre-determination
of the number of clusiers and is linear in time complexity
makes it particilarly attractive in web page clustering, It
can be shown that RDBC require the same time
complexity as that of the DBSCAN algovithm. In addition,
we prove both analytically and experimentally that our
method yields clustering results that are superior to that

of DBSCAN.

1, Introduction

A problem facing information relrieval on the
web is how to effectively cluster large amounts of web
documents. One approach is to cluster the documents
based on information provided only by users” usage logs
and not by the content of the Jdocuments. A major
advanlage of this approach is that the rclevancy
information is objectively reflected by the usage logs;
frequent simuliancous visits to two secmingly unrelated
documents should indicate that they are in fact closely

* This work was performed in Microsolt Research China

- related. In this paper, we present an efficient algosithm

for clustering large sets of web documents basad on
distance measures that are provided by only the server lug
data.

There Is a great deal of work done previously in
clustering, including K-means [6], HAC[3][12][1],
CLANRNS [11] ete. In the IR community, the
Scatter/Gather algorithm [3] is aimed at re-organizing
document search results by examining documens contents.
it is simitar to K-means in that it requires pre-set cluster
number, which is a requirement that we do not assume in
our paper.  Suffix-Tree [14] is another closely related
clustering method. 1is input is also portions of the
document contents and thus is different from the problem
we face.

Because we anly have server tog information, we
can build a distance metric similar 1o that by [9). Based

on (his distance information, we choose to extend

DRSCAN [7], an algorithin to group neighboring objects
of the database into clusters based on local distance
information. It is very efficient becanse only one stan
tirough the database is required. Moreover, it does not
require a predetermined cluster number 1o operate.

DBSCAN constructs clusters  using  distance
transitivity based on a density measure defined by the user.
Documents that have many ca-visited docunenis zround
them are considered dense. DBSCAN performs this
clustering using a fixed threshold value o determine
“dense” regions in the document space. Because this
ihreshold value is constant across all poins in the space,
the algorithm often cannot distinguish between dense and
loose points, and as a consequence, ofien the entire
document space is lumped into a single cluster.




In this paper we present a recursive density-
based clustering algorithin for web document clustering.
Our only source of information is web log data thal
records users’ document access behavior. We wish 1o use
this informaltion to construct clusters that represent closely
related documents where the relevancey information cannot
be observed by simply examining the documents
themsclves. One requiremient s that we must not
predelermine the number of clusters and that we must use
as little initial information as possible.

To meet this need, our algoritluﬁ can adapiively
change ils parameters intelligently. The algosithm is based
on DBSCAN and is applicable to any database containing
data from a metric space, e.g., to a web log dalabase. Our
clustering algorithm caleulates a density measure based on
the distance metrics that is computed from (Le web logs
according to our distance definition. Tt then selects the
points that are dense enongh in the space of distance
metrics and constructs an absiract space based on Lhese
points. [t does this recursively until no more abstraction
space can be built. Because it can change the parameters
intelligently during the recursively process, RDBC can
yield resulls superior than that of DBSCAMN. It cun be
shown that RDBC requires the same time-complexily as
that of the DBSCAN algorithm, 1n addition, we show
experimentally that our method yields clusters that are
more superior than that of DBSCAN on the same web

logs.

The vemainder of this paper is organized as
follows. We discuss previous work in this arca and
provide buckground on the clustering work before bricfly
introducing the clustering algorithm DBSCAN. In seclion
3, we present RDBC, owr recwsive densily based
clustering algorithm. In section 4, we describe our web-
document clustering algorithm based on the weblogs. In
section 5, we experimentally evaliate variants of RDBC
on three realistic web server logs, and compare the
performance of RDBC to DBSCAN. We conclude with a
discussion of future work and a swunmary of our
contributions.

2. Clastering Background

There is a great deal of work done previously in clustering.

Typical of the clustering- work are the K-means clustering
and hierarchical agglomerative clustering (1HAC), K-
means constructs a partition of a database of n objects into
a set of k clusters where k is an input parameter. Fach
cluster is represented by the center of pravity of lhe cluster
(k-means) or by one of the objects of the cluster located
near its center (k-nedoid) and each object is assigned to
the cluster with ifs representative closest 1o the considered
object. Typically, this algorithin starls with an initial

partition of database and then uses an iterative control
siralegy to oplimize the clustering quality. However, k-
means requires that the user provide the number K ol
clusters as initia input,

HAC creates a hierarchical decomposition of a databuse.
The hierarchical decomposition is represented by u
dendro-gram, a tree that iterarively sphis daabase o
sialler subscts consists of only one object. In such a
hicrarchy, cach level of the iree represents a clustering of
database. 1t works as fullows. laitially, each object is
placed in a unique cluster. For each pair of clusters, some
value of dissimilarity or distance is computed. In svery
step, the ciusters with the minimum distance in the cwrrent
clustering are merged unti all points are conmined iy vie

cluster.

The density-based method DBSCAN [7] is very efficient
1o exccute and does not require the user 1o pre-speaity the
number of elusters. The latler is 4 major advanlage i sur
application, Density-based methods are based on the idea
that it is likely that in a space of objects, dense objects
should be grouped togelher into one ¢luster. Thus, a
clusier is a region that Las a higher density of peints than
ilg surrounding region. For any points in a space, where a
point corresponds to a web page, the more web pages thul
ca-ogeur with it, the higher its deasity is.

BBSCAN, as introduced in [7), Is a type of single scan
clustering algorithny The basic idea of this algorithim is
group neighboring objects of the darabase into clusiers
based on a local cluster condition, thus performing wnly
one scan through the database, It is very efticient it the
retrieval of the neighborhood of an object is effiviently
supporied by the DBMS. So it is the most efficient
algorithm on large database, It just assumes a dJistepee
function. It can deal with any arbitrary shapes of data
distribution. :

More specifically, DBSCAN accepts a radius value ¢
based on a user defined distance measure, and a value
Mpts for the number of minimal points that should aecur
in around a dense object; the latter is used 10 derermine,
out of many points in a space, which region is considered
dense. DBSCAN then iteratively computes the density of
points in an N-dimensional space, and groups the poliats
into clusters.  Next, we provide more precise definitions
for the delimitions of clusters.

First we define the e-neighburhood of a point as the ser ol
points that are within € distance from the point.

Befinition I: (e-ncighborhood of a poing) 7]

[}8)




the e-neighborhood of a point p, denoted by
N.(p),isdefined by No(p)={qe D|dist(p,q) < £}

Given a value for minimal points Mitpts, a point q wilhin
the € neighborheod of a point p is said to be directly
density-reachable from q.

Definition 2: (directly density-reachable) [7]
A point p is directly density-reachable fiom a
point q with respect to g, Minpts if
1) pe N (g} And
2) | N,(g) |2 MinPts (Core-point coudition).
In this case, q is known as a core point-because it is a

dense point where there are enou;,h other points

surrounding it.
Armed with the notion of dircctly densily reachable, we
can define density-reachable by transitivily. :

Definition 3: (density-reachable) [7]
A point p is density-reachable from a point q

with respect to € and MinPts if there is a chain of points,
P Pua ) =4, 2, = P such that p, o, is directly

Figure 1. Orlginal datapoint disiribution (left) and
core point abstraclion of the same distribluion.{right)

density-reachable from p,.

Definition 4: (density-connected) [7]

A point p is density-connected to a point q with respect to
£ and MinPls if there is a point o such that both, p and g
are density-reachable {rom o wilh respeet to with respect
to g and MinPts. '

Detinition 5: (cluster) [7]

Let D be a database of points with a distance delinition
upon il. A cluster C with respect to € and MinPts is a non-
empty subset of D satisfying the following condilions;

1) Vp,g:if pe Cand q is density-reachable
from p  with vrespect to € and  MinPis, then
g € C. (Maximality)

2) Vp,g e C :p is density-connected to q with

respect to € and MinPis.(Connecliviiy)

Given fived £ and Minfis values, the DBSCAN algorithm -
looks for a core poini to start. Je recursively expands a
cluster using definition 3.

To support disk-based processing of very large scale
database, once a point that is assigned 10 a cluster, 1t will
no longer be reassigned again in ihe remaining
computation. Therefore this algorithm incurs a ery
cfficient N*log (N) time complexity, where N is number
of poiats, This algorithm is listed below.,

Alporithm DBSCAN{DB, g, MinPts)

for each o € D8 do
if o is not yet assigned 10 a cluster then -

i
2
3 if o is & core-object then
4

collect alt objects density-reachable from o
5 according to £ and MinP1s;
assigo them to a new cluster;

DBSCAN in nature is connectivity based <clustering
algorithm. !t focuses on local connectvity (density).
Consequently, it is less sensilive to the global cluster
formation. While DBSCAN is applied w0 web page
clustering where each point corresponds 1o a web page,
we observe that fixed values of € and MinPis ofien leads
to a single, giant cluster which is not useful ar all. Thisis
illustrated in Figure | below, To the left of that figure is
the original data point distribution. Afier apply DBSCAN,
only a single cluster emerges because each pair of points
wilhin this set of poinis are reachable according 1w above
definitions.  To remedy this problem, we propesc u
PageCluster algorithm called RBBC (recursive dJdensity
based clustering algorithin) that auttempis o selve this
problem by varying € and MinPts whenever necessary.

3. The RDBC Algorithm

- RDUC is an improvement of DBSCAN for the \\..b puage
clustering application. In RDBC, it cails DBSCAN with
different distance thresholds & and density threshold

MinPts, and returns the result when the number ol clusters
is appropriate. The key difference berween RDBC und
DBRSCAN is that in RDBC, the identification of core
points are performed separately “from that of clustaring
each individual data points, We call this an wbstraction
because these core points can be regarded u3 clusiering
ceaters that are representative of the data points. For this
purpose, different values of £ and Mpts are used in RDBC
to identify this core point set, Cset. Only anter appropriate
Cset is determined, the cose points are chustered, and she’
remaining data poinds are then assigned 1o clusiers

according to their proximity to a particulur ciuster.

The algorithm can be summarized below:
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T 101/Ang/1595:00-08: 52 0400 "€

fupiherc.upl.com -

T fshuilic/resources/otbitersfendeavant-logo.gil HTTP/1 07 200 5052

52

o0 j51.com - - [01/Aug/1995:00:08:52 -0400] "GET fimages WORLD-logosmall git |{TTH/1.0" 260 669

139.230.35.135 - - [01/Aug/1995:00:08:52 -0400] "GET /images/NASA -togosmalLgif | 1ITP/L. 0" 200 786

uptherc.upl.com - - [01/Aug/1995:00:08:52 0400} "GET /shutile/resonrcesiotbitersfendeavour-togo.uml HTTP1.0" 200 5052
g j51.com - - [01/Aug/ 1995:00:08:52 -0400} "GET Aimages/WORLD-logosnatl bl IITTP/E.6" 200 669

139.230.35.135 - - [0)/Aug/1995:00:08:52 -0400] "GET /images/NASA-logosnadl himl HTTP/L.0" 200 785

Figure 2. A sample server log from NASA

Algorithm RDBC ((e, Mpi§, WebPageSel)
Set initial values g = g, and Mpts -Mpts,

according to {7];
WebPageSet=Web_Log;

RDBC (g, Mpts, WebPageScl)
{
Use & and Mpts to get the core pomis set
CSet
if size(CSet) > size ( WebPageSet )/ 2
{ /1 Stopping criterion is met.
DBSCAN{ WebPageSct, g, Mpts);
}
clse
/{ Continue o abstract core points:
e= &/2; Mpts =Mpts/d; -
RDBC{g, Mpis , CSet);.
Collect all other points in {(WebPageSel-
CSet) around clusters found in last step
according to &
}
}

Intuitively, the algorithm gees into a cycle in which the
core points themselves are taken as the points in a spzice,
and clustering is done on those core points with inore
strict requirement on a core-point (with smaler radius
around a core point) This process stops when ncarly half
the points that remain are corc points. Then, the
algorithm will begin a pathering process 1o gather the rest
of the points around the core poiuts foond into clusters,
This is done wilh a larger radius value €%, Intuitively, this
process can avoid connecting too many clusters via
“bridges”. '

In our preliminary implementation, only une recursion is

realized to achieve satisfactory results. However, we

belicve there are applications that may require more levels

of recursion in order to identily appropriate elustering

centers, In particular, we execute the following steps:

1) Use pre-defined values of € and MinPts to compuie
core points and place them into Cset. This is illustrae
in the figure to the right in Figure | .

2) Purform PBSCAN on Cset to cluster core pmm:, ouly;

3} Assign remaining data points not in Csel to the
clusters formed by core paints, '

The time complexity of DBSCAN is O(N * log I\;, where
N is the sumber of distinct web pages. We keep the
recursive time limited to a constant (such as rwo). Thus,
we just run the DBSCAN algoridun just onpee. So the time
complexity of our algorithm is O(N * log N).

Compared 1o traditional clustering algorithms such as k-
means algorithm and the Scatter/Gather algorithm, our
proposed. RDBC  algorithm has potential
advantages: (a) RBDC does not require number of clusters
and clustering distance threshold {€) w be pre-specified.
Instead,
execution of the algorithm. (b} Bevausa the algorithm uses
density-based (connectivity) criterion, it may discover
clusters of arbitrary shape. (c) In addition, it has a iog-
linear time in complexily and hence is very effcient in
processing large-scale reul woild data.

seveiul

4. Steps of Clustering Web Documents based
on Web Logs

Depicted in Figure 2 is an example of NASA server log
(uel). In this section, we plan to ilfustrate the use of RDBC
to cluster this web server log. We need 1o rirst build
coirclation information for distance measures.  Our
algorithm is described as the follow four steps!

Step 1. Pre-process access log into sessions.

l.  We remove requests made o access lmage liles
(gif, jpg) in the log. Since most of them are
accompanying figures (0 a specinic web page, thes:
image files are nol requested explititly by the users
We achieve this by exccuting the QL statement as
follows:

these parameters are . compuizd during the

Insert into DiscardedData select *jfum Raw_Loy
Where PagelD like 9%.jpg’
Delete from Rave_Log where PugelD lize Yo jpy'

3. The upper commands can filier oot image niles it
have ‘jpg’ as lheir extension We repeatadly da this
on all  files ~ that  have cxlgnsiuns a3
Hpe', jpeg’, 'gif?, “bmp’; and “abm?*,
1} Exuact sessions from the dufa. A naturdl

boundary for sessions 15 when users make
unusually  long  pauses between  browsiig
activities. These can be detected by ubserving
the density of activilies as a funcion of lime.




We have found that it is often the case that for a
given web logs, one can obtain a threshold value
on the time interval between lwo adjacent page

_ visils. 1f the time interval between the visits is
greater than a time threshold T, then these visits
are considered to belong o two different
sessions. For example, we have observed ihat it
is safe to set T at two hours for NASA data that
we present later, and 24 hours for MSN data.

Step 2. Compute the co-occurrence frequencies between
pages within a window size W (W is given as inpui), and
create a distance matrix,

D)Determine the size of a moving window within which
URL requests will be regarded as co-occurrence.
Note that here we implicitly define a temporal
locatity between successive web page access.

Since we are not using ihe content of cachi web

page as feature vectors for clustering web pages,
temporal proximity is used instead to indicate two
web pages are relevant {close) in {he data space.
While 1this distance measure i3 not always
satisfactory, it is the best informalion we can
extract from the web scrver log atone. Any pair of
URLs (P, Pj) outside the window ure considered
irrelevant and thus have a co-occurrence frequency
of zero. '

2)Calculate the co-occurrence times N, ; of each pair
of URL's (P, £,) based on the W. Also, calculate
the request occurrence N, , NJ. of this pair of
URL's. :

PP, P)= N,-_,-"'Nj-

4)We can select any of the fullowing Uree distance
functions for our applications; the firsi distance

definition is the same as that by Perkowitz and
Etzioni,

Disl(A, By = Max(1/ P(A| BN/ P(B]| A))
Dis2(A,B)=0.5(1/ P(4| B) +1/ P(B| 4))
Dis3(A, BY = \J({/ P(A| B)- 1/ P(B| 4))

In all, we spend W * L in distance calculation in worse
casc time. Because W is a constant, the time complexity
for this step is O(L}).

“The first distance definition is the same as that by [9], in
our application, we found this delinition to be too
restriclive because in our application it often yields
infinite distances between many URL’s. ‘This gives very
skewed resulls where many web pages are considered a

single cluster by (hemmselves. So frequantly we cannot get
desired results for ouwr clustering using this distance
definition. The second definition is the andunstic mean
whereas the third is geometric mean. We find that the
third definition gives the best result in wli three domains
where we {est our algorithm.

Step 3. Run RDBC on the distance mulrix

Step 4. OQuiput the clusiers generated ubove,

5. Experimental Validation

In this section, we prescat our experimental results that
test the performance of our algorithon  We test the
clustering and index-page consmruction algorithm on three
data sets. We compare ouwr algorithn’s perfonnance with
that of DBSCAN.

We first analyze the data set under considerarion.  Our
experiments draw on data collected from thres web sites:
Monash University ol Australia, NASA and MSN. The
first data set is used in Zukerman et al’s work on
predicting user’s requests [2]. 1t consisis of server log
daia coilected during a 30-day period of ume. It includes
525,378 total user requests of 6727 unique URL’s (clicks)
by 52,455 different 11’3, consisting of 268,125 sessions,
The NASA data set contaias two nionths worth of ali
HTTP requests to the NASA Kenmnedy Space Center
WWW server in Floeida - The og was collected mram
00°00:00 August 1, 1995 through 23:39:39 Asugust 31,
1995, In this period there were 1,369,898 requesis.
Timestamps have 1-second resolution. There are a wl
of 18,688 unique IP’s requesting pages, having a i of
171,529 sessions. A total of 13,429 unique pages e
requested, The MSN.com log is obtained rom the senver
log of msi.com, with all identity of users stripped away.
It consists of data collected from Jan 27, 1999 10 Mar 26,
1999, with a total of 417,783 user requests. This lag
conlains 722 uanigue 1P's requesting 14,048 unigque pagss.
The MSN.com log is unique in that some requests aie
from -groups of users submitted by Proxies or 1SP's
Therefore the lengths of some sessions are Jong. For
exainple, the tony sessions range from 8,384 consecutive
requests to 166,073 requests.

We compare the clustering quality between out algerithin
RDBC and DBSCAN on these three data sets. We ube
measure the efficiency for index page construction using
the different clustering results. The following ables und
figures arc our experimental resulls.




/shuttle/missions/d | -c/news/
/shuttle/missions/6 1 -b/
Cluser] | /shuttle/missions/sts-34/
/shuttle/missions/4 | -c/images/

/istory/apollo/sa-2/news/
Mistory/apollo/sa-2/images/
Cluster? | /history/apollo/sa-1/sounds/
/history/apollo/sa-9/sa-9-info.homl

/software/winvi/userguide/3_3_2.him
fsoftware/winvi/userguide/3_3_3.htm
Clusterd | /software/winvi/uscrguide/3_8_1.htm
fsoftware/winvn/userguide/3_8_2.htm

Table 1: some %ustenng results using RDBC. if use
DBSCAN ali these pages are belong lo the
same ciusier.

Table 2 and Figure 3 show the clustering result and
~efficiency comparison between the  two  clustering

algorithms. We see that using RDBC, while having about
the same time complexity as DBSCAN, we obtain more
clusters for the data set that is more reasonable and will
generate clusters with more even distribution than
DBSCAN. The same resuli applics to both NASA and
MSN data (see Tables 3-—4 and Figures 4 — 5). By
examining the contents of the logs, we have see that the
clusters we construct are more reasonable since similar
topics are indeed grouped together and different topics are
separated.

RDBC 1 DBSCAN
Number of 6727 67271
Web Pages :
Run Time 20 22 -
(Sec) '
£/Mpts 10/20 5/5 10/20
Number of 125 6 ’
Clusters

Table 2. Comparing clusters obtained by RDBC and
DBSCAN on Monash University Data
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Figure 3: Compare RDBC and DBSCAN on Monasnh
University's log.

RDBC DBSCAN
Number of Pages 15,429 13,429
Run Time {(Sec) 21 33
&/Mpts 10/20 5/5 10420
Number of Clusters | 44 4

Table 3. Comparing clusters obtained by RDEC and
DBSCAN on NASA’s Data
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F!gule 4: Compare RDBC and DBSCAN on NASA

log.
RDBC DBSCAN
Number of 14,048 14,043
Web Pages
Run Time 21 24
{Scc)

£/Mpts 5725 3/9 3123
Number of 123 3

Clusters

Table 4. Compare RDBC and DBSCAN on MSN's
log.
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Figure 5: Compare RDBC and DBSCAN on MSN 8
log.

6. Conclusions and F.uture Wark

In this paper we present an algorithim for clustering web
documents based only on the log data. We dJo this by
using a reeursive density based clustering algorithm (hat
can adaplively change its parameters intelligenlly. Our
clustering algorithm catculates a densily measure based on
the distance metrics that is mined from the web logs
according to our distance definition. It then selects the
dense-enough points in the space of documents and
conslructs an abstract space based on these points. It
does 1his recursively until no nmore abstraction space can
be built. Because it can change the parameters
intelligently during the recursively process RDBC can
yield clustering results more superior than that of
DBSCAN. It can be shown that RDBC goes as fast as that
of the DBSCAN algorithm.

The work reported in this paper is part of our ongoing
- effort in wiilizing the user information for re-organization
of web pages.
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1. Can you explain why Alipes adapts to the dynamic nature of users’ interests,
which can change from slowly to suddenty, from on domain to another, over a
very short to very long time? (15%)

2. Tn page 407, the authors compute the final document score with Score (Proile, )
= Max(Wiogn Wyos) + Min(Wign, - Wneg). Can you explain why the authors do this?
(10%) ' '

3. In learning short-term interest weights in Section 3.3.3, equations 11 and 12
express update rules for learning positive feedback. Can you compare the major
difference between these equations and equation 13 which learns Iong;terrn
interest weights? (10%) '

4. Tn a professional cyber community, knowledge in terms of documents is shared
among community residents. An automated recomeﬁdation'ﬁmction based on
Alipes can be used for introducing articles to individual users atong with the
addition of new artictes. Can you foresee any limitations of this application?

For those limitations you specified, plea'se'propose your solutions 1o remove them?
(15%) '
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Abstract

In this paper, we describe & new scheme to learn dy-
namic users’ interests in an automated information fil-
tering and gathering system running on the Internet.
Qur scheme is ajmed to hondle multiple domains of
long-term and short-term user's interests simultaneously,
which is learned through positive and negative user’s
relevance feedback. We developed & 3-descriptor ap-
proach to represent the user's interest categories. Us-
ing a learning algorithm derived for this representation,
our scheme adapts quickly to significant changes in user
interest, and is also able to learn excepiions to interest
categories.

Keywords
Information Filtering, Intelligent Agents.

1 Introduction

The spread of the World Wide Web and online news
sources on the Internet recently has changed the way
people locate information and their news reading habits.
As more online news sources become available on the
Inlernet, people have more options to read news arti-
cles that they think are interesting. However, selecting
relevant articles from a group of news articles on vari-
ous topics and online sources is still considered a time
consuming process, Although search engines can help
finding relevant news articles, it still requires the user
to describe interests each time the user wishes to pull
the news. Recent efforts have been devoted to overcome
this problem by personsalizing an information filtering
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system. This system takes into sccount the user profile
information to present relevant information to its user
effectively.

We have developed Alipes, a personalized news agent
that gathers articles periodically from various online
news sources and fillers them on behalf of its users [18).
Alipes maintains the profiles of its nsers based on which
a set of relevant news aréicles from the World Wide Web
is recommended to its users. Moreover, Alipes adapts
to the dynamics of the user’s interests by learning from
the user’s feedback. This paper describes & new scheme
for learning user interest that has been incorporated in
Alipes. Our scheme is able to adapt to the dynamic
nature of users’ interests, which can change from slowly
to suddenly, from one domain to another, over a very
short to very long period.

Most previous information filtering systems on the
Internet, for example WebMate [5] use a keyword vec-
tor to represent categories of nser interest. Incremen-
tal learning algorithins with such a representation have
trouble adupting in an appropriate time frame as inter-
ests slowly or quickly shifi focus. Qur approach uses a
3-descriptor scheme to represent a category of interest
in a profile and its learning algorithm. In this scheme,
an interest category consists of three descriptors: one
long-termn descriptor to. meintain long-term interests,
and other two descriptors, positive and negative, to keep
up with short-term interests. This approach is similar
to an incremental method for learning in demains with
concept drift, where muliiple concept representations
that generalize examples over different window sizes are
maintained simultaneously [14, 15]. Compared to sys-
tems that mainly use a single-descriptor model for in-
terest category representation, the 3-descriptor scheme
has several advantages. The 3-descripter scheme allows
learning of long-term and short-term interests simulta-
neously, and also handles exceptions of interests within
an interest category. This capability cannot be achieved
using the single-descriptor representation.

The rest of this paper will be organized ss follows.
Related work and its limitations will be described briefly




in the following section. The third section describes
our approach for modeling and learning of user profiles.
Then, a brief description of the evaluation metheodology
and results is presented in the fourth section, followed
by a conclusion.

2 Previous Work

There are many systems that have recently been de-
scribed for news and information filtering. Webmale
keeps track of user interest through multiple TF-IDF
vectors [8]. Fab is an adaptive system for Web page
recommendation which represents user profiles as a sin-
gle feature vector [2] and handles multi-topic interests
[3]. Syskil & Webert is an intelligent agent thet rep-
resents a profile as Boolean features and uses a Naive
Bayesian classifier to determine whether a Web page is
relevant or not {10]. Lang compared various alterna-
tives to learn a static user profile in his NewsWeeder,
a newsnet filtering system [7], Neural networks have
also been explored to learn user profiles for topic spot-
ting [18] and for filtering news articles on the Internet
(13]. In NewT [12]) and Amalthea [9], genetic algorithm
is employed to learn user interests. Incremental rele-
vance feedback is a commeon methad used to learn user
profile for information filtering in these systems. Allan
explored the effectiveness of this method and demon-
strated that good results can be obtained using only a
few judgments [1], .

Although the performance of these systems improves
after learning a user profile, most of them do not ad-
dress the effectiveness of their approaches to adapting
to changing interests and handling exceptions of inter-
ests within an interest category, Kxeept in works by
(4, 8, 9, 12], their evaluation assumes that the user’s in-

_ terests do not change during the evaluation process. In
real life, however, both the user’s long-term and short-
term interests usually change over time. Long-term in-
terests are interests that result from an accumulation of
experiences over a long time-span. Meanwhile, short-
term interests are interests in events on a day-to-day
basis which change over a short period. Therefore, the
capability to adapt to these changes effectively and to
handle exceptions to categories is still an open problem,
and these issues will be addressed in this paper.

3 Modeling and Learning User Profile

The capability to model and learn a user profile is at the
heart of & personalized information filtering system. We
will describe in this section our approach to designing
a profile representation, how to use the representation
for information filtering, and how to develop a learn-
ing algorithm that adapts to the dynamics of the user’s
interests. .
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Figure 1: A 3-descriptor Representation

3.1 Profile Representation

The basic structure of an interest category representa-
tion is a feature vector. It contains a list of keywords
and each keyword is weighted according to its degree
of importance. There are several keyword weighting
schemes that have been develaped such as TF-IDF [11]
and LSI [6]. In this work, we use the TF-IDF weight-
ing scheme to assign the keywords’ weights due to its
appropriateness for use in an online learning algerithm.
Based on TY-IDY, the keyword importance is proper-
tional to the frequency of occurrence of each ierm in
each document and inversely proportional to the fo-
tal number of documents in a document collection in
which the term occurs [11}. It assumes that keywords
appearing in fewer documents discriminate better than
the ones sppearing in more doentmnents. The weight of
keyword 7 in a document d is then defined as follows:

N
d __ 4 pd

w; =f].log a5; (1)
where N is the number of documents in the document
collection, df; is the document frequency of term 1, and
tf# is the frequency of term i in document d. The m
highest weighted terms and bigrams (pairs of adjacent
words) are then kept and normalized such that iw;l
= 1 for j = [1..m]. The terms are extracted from a
document that hias been pre-processed by: removing
HTML tags and links, Java scripts and stop words !,

stemming words 2,
In a 3-descriptor representation, an interest category
C is composed of three descripfors: a positive df, a neg-
ative d%, and a long-term df, descriptor. Each of the de-
scriptors consists of & list of pairs of keywords and their

The stop list conaista of 293 common words, Jike “a®, “the’, "al-
though?, etc,

FWe use Porter's stemming algorithm to find the root of words and
thus reduce the number of terms.




weights. Figure 1 illustrates the structure of a profile
using this scheme. The positive and negative descrip-
tors maintain a feature vector learned from docuinents
with positive and negative feedback respectively, while
the long-term descriptor maintains the feature vector of
a document from both types of feedback. Each descrip-
tor also has an interest weight to represent the interest
level of the corresponding interest category's descriptor.
Interest weights wj, w and wf, are used to describe the
level of interest in positive, negative and long-term de-
scriptors of interest category C, respectively. The range
of w; and w] is [0,1], while the range of wf, is (-1,1).
Negative and positive values of wf, describe the uninter-
estingness and interestingness in the domain of interest
represented by the feature vector of the long-term de-
scriptor. In addition to the long-term descriptor, a doc-
ument counter dCount is maintained to keep the total
number of documents that have been observed. For-
mally, the representation of interest category C' can be
written as follows. ’

Cat, = ((wg, dp); (g, dr); (dCount, wfy, dfy))  (2)
The user may have multiple interest categories, and
the profile of a user P having n interest categories is

. represented as:

Profile, = {Cat}, Catl, ..., Cat? (3)

Based on the above representation, the document-
filtering process is performed and a learning algorithm
to model user profiles is developed to accommodate in-
tuitively defined behavior of changing user’s interests.

3.2 Information Filtering

The information-filtering process is performed by select-
ing the n most relevant documents from a set of docu-
ments. For each document in the set, the interesting-
ness of the document is assessed according to the match
to an interest entegory of the profile and the degree of
interest in that category. The assessment is calculated
as a numeric value ranging from -1 to 1 that is assigned
to a document as the score of the document with re-
spect to the profile being considered. A paositive value
of the score indicates that the docuinent is interesting
to some degree. Conversely, a document with a negative
score is uninteresting, Based on these scores, the doc-
uments are ranked, and the n most relevant documents
are obtained from the n top ranked documents.

Given a document feature vector fuvq, the score of
fvaq for a profile P is computed as follows.

1. Calculate the relevance of each category C' in pro-
file P with the document being examined. The
category relevance is defined by equation 4 as the
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maximum similarity between a document feature
vector and either the feature vector of positive,
negative or long-term descriptor, where the cosine
similarity is employed to measure the similarity
between the two vectors.

Rel{Cat;, fvg) = ma.‘yc{Sim(d;, fug),
Sim(dy, foa), Sim{diy, foa)}  (4)

where )
B . a* - f'”d .
Sim(d*, fug) = i - 5
Gl =Gifg )
2. Calculate the score of each descriptor in the cate-
gory C with the greatest relevance:

Wpe, = w; * Sim(d;, fvd)
Wneg = w, *Sim(df, fvs) (6)
Wengy = wp * Sim(dj,, fvg)
where
¢ = arg méix{Rei(Cai;, fva)}. {7)

3. Compute the final document score as follows.

Score(Profiley,fva) = max(wiong, Wpe;) -+

B (Wiong, —teg)(8)

The final value of the document score is a fusion be-
tween the score of positive Wp,, and negative w,., in-
terest. The score of long-term interest wion, contributes
to either the positive or negative interest depending on
the sign of its value,

3.3 Learning User Profiles

The learning algorithm in Alipes allows incremental and
online learning, which enables reactive learning as well
as long-run learning. For the clarity of presentation, the
learning slgorithm will be presented in a high-level de-
scription prier to explaining the details of the algorithin
that follows.

3.3.1 Learning Algorithm

The learning process in a personalized information fil-

~ tering system relies on a user’s feedback. Using the

feedback information, the prafile is modified such-that
it will be incorporated in future information-filtering
tasks. The feedback consists of feedback type fbType,
document to be learned fuy and learning rate o. The
feedback type can be positive or negative to represent
that the user likes or dislikes the document’s content.
The learning rate represents the strength of the user’s
preference (e.g. very interesting, interesting, mot bad,
uninteresting etc.) and its range is (0,1]. In general,
the algorithm to modify & user profile P is defined as
follows. '




Input: beype,. fug and o
Output: medified P

Find the most relevant category  in profile P
If Rel(Cat,, fvg) > 6 then
LearnUserFeedback (P, f6Type, fvq, )
Else
CreateNewCategory (P, f6Type, foq, a)
End if

e

Finding the most relevant category in the abave al-
gorithm is the same process of finding the greatest cat-
egory relevance in document scoring described earlier.
A threshold constant 8 is defined to determine when the
highest similarity to an existing category is low enough
to justify creating a new interest category. This process
is used to learn various categories of interests based on
the category relevance measure and the threshold con-
Ilow to set this value will be addressed later
in the evaluation section. The learning process in step
3 includes updating the descriptor feature vectors and
modifying the long-term and short-term descriptors’ in-
terest weights. ‘

stant.

3.3.2 Updating the Feature Veclors of Descriptors

The modification of a descriptor’s feature vector with
the feature vector of a sample document should ac-
commodate the learning of short-term and long-term
interests. Short-term interests tend to be reactive so
that feedback will be incorporated immediately in fu-
ture information-filtering. On the contrary, long-term
interests change gradually. The modification of a long-
term interest area should be sufliciently small that it
will preserve the feature vector of documents from past
feedbacks while still considering the contribution of doe-
ument feature vector from the most recent one. Taldng
all these into account, the updating of a descriptor fea-
ture vector in category C is as follows: :

(9)

where d° is either d for positive feedback, df; for nega-
tive feedback, or df, for both positive and negative feed-
back. The learning rate « is used to adjust the contri-
bution of the learned document. For the short-term de-
scriptors (e.g. dg and df), the value of « is oblained di-
rectly from the user’s preference when giving feedback.
A high learning rate results in a significant contributien
of the learned document to the positive or negative de-
scriptor. Therefore, the modification of these deserip-
tors will be in line with the ugcer’s preference, and will
determine the reactive behavior of short-term interests.
However, the learning rate for the long-term descriptor
df, is determined inversely by dCount, the number of
example documents that have been learned so far. The

dfﬂﬂﬂ) = d‘(:ald) *{1—a)+ fuara
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value of « in equation 9 is derived by equation 10 to
modify the feature vector of the long-term descriptar.

+0.05 (10)

@= dC'ount + 1
As more feedback is learned, the contribution of the
most recently learned document becomes smaller and
therefore the previously learned interests are still pre-
served. The constant 0.05 is used to prevent & complete
stoppage of learning, since & would otherwise converge
to 0 in the limit (after learning many documents). Thus,
it ullows the long-term descriptor to keep learning re-
gardless of the number of previously learned examples.

3.3.3 Learning Shori-term Interest Weights

As mentioned earlier, the descriptor feature vector rep-
resents the interest area, and the degree of interest in
the area is denoted by the descriptor’s interest weight.
The learning of short-term interests is performed by
modifying the positive and negative descriptors’ interest
weights, wy and w),. These weights are updated to re-
flect the user’s short-term interests so that any feedback
{positive or negative) will be incorporated immediately
in future information filtering. Specifically, the update
of these interest weights is performed by increasing the
corresponding interest weight according to the level of
confidence obtained from the relevance feedback, and
by decreasing the interest weight of the opposite de-
scriptor. The amount of reduction in interest weight of
the opposite descriptor is proportionsl to the learning
rate and the similarity between the feature vector of the
learned document and the one of the opposite descrip-
tor. Equations 11 and 12 express these update rules
for learning positive feedback,

Wy ew) Whtotdy + {1~ Wyoa)) ¥ (11}
Wilnew) = Waioiz) * (1— @« Sim(dy, fog)) (12)

For learning negative feedback, the same formulas
are used by changing w, with w, and d, with d,, and
viee versa. .

3.3.4 Learning Long-term Interest Weights

In a long-term descriptor, the modification of the de-
scriptor’s interest weight wf, should capture a reluc-
tance of the interest to change after learning in the long
run. For this motivation, a bipolar sigmoid function is
used to govern the change of the long term descriptor’s
interest weight so that the change of wj, will be more
gradusal. The function ranges from -1 to } where the
lower and upper limit can be approached using argu-
ment values -co and 4co respectively. By defining the
ordinate (y-axis) of the function to be the value of wj,,
the use of this function is expressed in equation 13.

1":”fl(ncw) = f(-f_l(wft(old)) = (X) (13)




where f(z) is a bipolar sigmoid function.

)= o0 - 1 (14)

First, the current value wft(ou), the ordinate, is pro-
Jjected to its abscissa using the inverse of bipolar sigmoid
function. Second, the learning rate e is then added to
the abscissa value for positive feedback or subtracted
from the abscissa value for negative feedback. Finally,
the new abscissa value is projected back to its ordinate
as the new value of w,‘t(“w). Tle input o« to update
”"fr(nm) i1s obtained from the user’s preference rather
than the one derived in equalion 10, So the same
amount of effort to change the level of long-term in-
terests is required as to build them,

3.3.5 Creating New Inferest Categories

The learning of new interests from positive feedback is
initislized as follows:

dip = fva  uwj = fla)
d; = fuq wl = a (15)
di={} uvi=0 (18)

where f(a) is the bipolar sigmeid funetion. The as-
signment of wj, and wy uses equations 13 and 11 re-
spectively by setting their initial values to zero. For
negative feedback, wi, = f{—«} and the assignment of
equations 16 and 16 are swapped one of snother so

that df = fuvg, v = o, df = {} and wj = 0.

4 "Evaluation

Experimental evaluation has been conducted to mea-
sure the performance of Alipes to learn user's inter-
ests from user feedback. The main objectives are to
evaluate the adaptability of the 3-descriptor scheme to
the changing interests of the user and the ability of the
scheme to handle exceptions to categories.

4.1 Method
. 4.1.1 DPata

Documents used in our experiment are news arlicles in
HTML format collected from 12 different online news-
papers and magazines (Yahoo und Excite’s Sport News,
UsaToday, USNews, Fortune, PCWeek, PCMagusine,
BusinessWeek, Windows, People, Time and Internet
World), at different times. The collection contains 1427

documents with six different general topics: world, fi-,

nancial, health, weather, technology and sport news.
The length of each processed document varies with an
average number of distinct terms of 228.

4.1.2  Procedure

The experimental procedure to evaluate the adaptabil-
ity of the 3-descriptor model to the changing interest
of the user is designed to simunlate the application of
the scheme in a news agent. A delailed description of
this procedure is described in [17]. Starting with an
empty profile, tlie system provides a recommeandation
of 10 articles to the user. The user (real or simulatad)

~ examines the articles and gives feedback on whether

each arlicle is interesting or uninteresting with & degree
of confidence. The system then learns from the user's
feedback and modifies its profile. At this point, one cy-
cle of evaluation ends. The next cycle starts using the
most recently modified profile. At each cycle, the sys-
tem's performance is measured, and s different set of
200 documents is selected to be filtered. This simulates
the changing of news articles in online daily nawspa-
pers or weekly magazines that may have overlapping
topics. To observe how well the systemn adapts to the
changes of interest, the user’s interest is inveried at the
twentieth cycle by swapping the iuteresting and unin-
teresting domains of interest. In these experiments, the
user is simulated by a target profile containing a list of
Interesting and uninteresting domains of interest, Fol-
lowing the experiment by Moukas and Zacharia [9],
the positive or negative feedback is given based on the
similarity between the examined article and the target
profile. We use accuracy us the measure of system’s per-
formance. Accuracy is defined as the percentage of the
n highest ranked documents {in this experiment n==10)
recommended by the system that ngree with those se-
lected by the target profile, assuming they use the same
document set. ) A

To measure the 3-descriptor scheme's performance to
handle exceptions of interest, a different experimental
yprocedure was used, which will be described later.

4.1.3 Performance Comparisen

To compare the performance between our 3-descriptor
model and a single-descriptor scheme, we used the al-
gorithm for learning user profiles employed in the Web-
mate system [5]. The algorithm was chosen due to
tts similarity in profile representation and in interesi-
domain clustering *. To make the algorithm comparable
with the one developed in our work, bigram identifica-
tion was added, and reward for keywords appearing in
a document’s title and header, applied in the original
algorithm, was eliminated in the modified algorithm.
An important difference belween WebAMate and Alipes
is that WebMate was not originally designed to lemrn
from negative feedback. To make the comparison fair,
we implemented a version of the system that could de

*Experiments in comparing Alipes with the Rocchio algorithm are
currently in progreas. ’
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this (referred to Webmate-neg below). The learning of
negative feedback is performed by subtracting the fea-

“ture vector of a learned document from the matching
category in the profile.

4.2 Results

We conducted initial experiments to determine the op-
timal threshold value 8 for creating new calegories and
the optimal number of keywords for representing fea-
ture vectors. By varying the threshold values from 9.05
to 0.65, we found that the optimal seiting, where it
gives the highest average accuracy, was 0.25. Having
lower or higher threshold values, which leads to fewer
or more categories, degrades the system performance.
Similarly, by varying the number of keywords ohtained
from 20 to 220 highest weighted keywords, the optimal
value for this parameter was found to be 90. Fewer
keywords tend to remove important keywords while too
many keywords will add more noise. The experimental
results described in this sub section use these parameter
values.

1.2.1 Accuracy

Figure 2 shows that the performance of the system em-
ploying a 3-descriptor model( Alipes) in genernl outper-
forms the one using a single-descriptor model( Webmate
or Webmate-neg). The performance in both Lhe 3-
descriptor and single-descriptor models increases rapidly
after the first iteration. However, the system’s perfor-
mance is erratic afterwards becaunse a different set of
documents is used in each round. In the subsequent it-
erations, therefore, the new document set may not pro-
vide documents representing a previously learned inter-
est category, and may introduce other documents that
match the target profile but have not yet been learned
by the system. After the target profile is inverted at
the twentieth iteration, the system’s performance drops
to its lowest value. It takes a short time for our 3-
descriptor approach to adapt to this sudden change be-
fore the system regains its performance. The recovery
process is worse in the single-descriptor case. It takes
much more time for the single-descriptor scheme to re-
stabilize after inversion.

We observe that Alipes takes only slightly longer to
reach its highest accuracy after profile-inversion (about
§ iterations) than when starting from the scratelr. The
fact that learning new interests from an empty profile
is faster than learning the inverted interest is an effect
of long-term learning. To increase the interest level of

a long-term descriptor from a negative value after the

profile is inverted requires more effort (e.g. more feed-
back from the user)than starting from an empty pro-
file. WebMate, however, recovers much more slowly,
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Figure 2: The System's Accuracy (percent of top
matches that are relevant). At iteration 20, the tar-
get profile was inverted, simulating a dramatic change
in interests. Webmate-neg is a version of WebMate that
learns from both positive and negative feedback, Web-
mate learns only from positive feedback.

and never completely restores its performance from be-
fore profile-inversion by the end of the experiment. This
is because WebMate’s use of single-descriptors to rep-
resent category interests is easily confused by a sudden
change in interests. Instead of mixing all the feedback,
Alipes effectively maintains long-term interests, while
using its short-terin descriptors to provide more reac-
tive behavier,

The role of long-term descripter is to maintain the
past learned interests, and this descriptor basically per-
forms the same function as the single-descriptor scheme
in WebMate. By making a slight change in this descrip-
tor, most feature vectors of the past learned docurments
are retained while still incorporating the pew learned
document. This enubles the system to provide recom-
mendations according ta the current and the previous
learned interests. Therefore, it is not surprising that
by adding short-term descriptors as in the 3-descriptor
model, its sccuracy of prediction is better than the
single-descriptor model during the first twenty evalu-
ations.

The role of short-term descriptors becomes zppar-
ent in the presence of changing interests of the user.
The feature vector update rule in these deseriptors al-
lows the system to be responsive to the most recently
learned interest, with respect to the confidence level
of the user’s relevance feedback. On a strong posi-
tive feedback, which is given by the user as he/she re-
acts due to the low performance of the system on the
change of user's interests, the learning process in the
positive descriptor enables the system to adapt quickly
to the user's new interest. The system’s responsiveness
is strengthened by the negative descriptor when learn-




ing a strong negative feedback, which allows the system
to quickly exclude uninteresting documents. Addition-
ally, the interaction between the positive and the nega-
tive descriptors (e.g. increasing the level of positive in-
terest will reduce the level of negative interest according
to the similarity beiween both interests, and vice versa)
makes the adaptation even faster. As a result, the ef
fectiveness of the 3-descriptor sclieme over the single-
descriptor model to adapt to the drastic change is evi-
dent as shown in Figure 2.

Thus, the short-term descriptors explain why the
performance improves over a single-descriptor model.
The most recently learned interest is significantly taken
into account during the information-filtering process.
In the single-descriptor model, however, this is not the
‘case. As more documents are learned by the single-
descriptor system, the contribution of the new learned
interest becomes insignificant. Because the representa-
tion of the 3-descriptor scheme is more expressive than
the single-descriptor model to capture the user’s inter-
ests, its accuracy of prediction to recommend interest-
ing documents with respect to the target profile is also
better.

We have also conducted experiments that change the
target profile more gradually. From these experiments
we found that in = setting where the informalion to he
filtered changes slowly over time (e.g. the content of
news articles in newspapers or magazines), the differ-
ence of performance that is due to the target profile
change from the diversity of information sources is less
apparent.

4.2.2 Learning Ezceptions o Categories

In this experiment, our chjective was to evaluate the
other potential advantage of our 3-descriptor scheme
over single-descriptor models: that it can learn interest
categories with exceptions. Specifically, the negetive de-
scriptor of a category in a user profile allows the system
to distinguish {with a unique set of keywords) docu-
ments that are related to the overall category but given
negative feedback by the user, In this experiment, we
attempted to train both Alipes (using the 3-descriptor
model) and Webmate (using a single-descriptor sclieme)
on a set of Sports documents taken from an online news
source, excluding articles about Golf, and then test each
system to determine how the use of a negative descrip-
tor aflects the ability to rank documents correclly se-
cording to this specialized interest area.

Average Ranling
Sports Alipes | Webmate | Webmate-neg
Other-Sports | 6.1% 5.8% 5.4%
Golf 95.3% 14.3% 104% |

Tuble 1: Learning Execptions to Categories. All three

systems were trained on articles about all Sports except
Golf. Alipes and Webmate-neg were also given explicit
nepative feedback about Golf articles. Average rankings
of test articles in these categories relative to a large set
of Non-Sports articles are shown. Top of ranking = 0%;
bottom of ranking = 100%.

ticles were chosen at random as a training set. Alipes
was trained by giving the 20 Other-Sports articles with
positive feedback and the 10 Golf articles with negative
feedback, while Webinate was only trained on the 20
Other-Sports articles (since the original system could
only use positive feedback). We also tested a version of
WebMate (referred to as Webmate-neg) that was mod-
ified to accept negative feedback, and we gave it both
the positive feedback (Other-Sports articles) and nega-
tive feedback (Golf articles). Then a separate test set,

‘cousisting of 10 randomly-selecied other-Sports articles

The sources of the documents were from the sites.

described above, which provide documents in a pre-
determined hierarchy of categories. Three groups of
docurents were selected: 397 Non-Sports articles, 20
articles sbout Golf, and 118 articles. about Other-Sports.
In a given run, 20 Other-Sports articles and 10 Golf ar-
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and & random Golf articles not used during training,
slong with the 397 Non-Sports articles, was ranked in
terms of user interest by all three systems.

This training and testing procedure was repeated 10
times. In each run, we calculated the average ranking of
the Other-Sports test documents (the targei category)
and the Golf test documents (the exception category),
and divided these rankings by the total number of docu-
ments ranked (412) to get a percentile score (0%==high-
est interest, top of list; 100%=lowest interest, bottom
of list}.

Table 1 shows the results of this experiment. In the
cause of Alipes, the Golf documents were consistently
ranked at the bottown of the list (95.3%, i.e. within top
393 out of 412 document, on average), and the Other-
Sports documents were highly recognized articles in the
target category (average ranking of Other-Sports was
6.1%). In contrast, both Golf and Other-Sports doc-
uments in Webnate were ranked high (14.3% for Golf
and 5.8% for Other-Sports), The explanation for this
behavior is that the single-descriptor model, when given
a wide range of documents about Other-Sports, gen-
erslizes this by identifying keywords that are asscci-
ated with Sports in general. Hence this category cov-
ers Golf documents, which unintentionally get ranked
high by Webmate. In Webmate-neg, Golf doecuments
are still ranked high, eventhough they were given ex-
plicit negative feedback. The negative feedback causes
the keywords that are unique to the exception cate-
gory to be dropped from the feature vecter, but others




are retained, which reflects the inadequacy of a single-
descriptor representation. Hence both single-descriptor
schemes fail to discriminate between the two categories.
In contrast, the negative descriptor in Alipes can recog-
nize the Golf documents as a negative interest and ranks
them very low. This helps avoid the over-generalization
of Other-Sports made by the positive descriptor. So
the 3-descriptor scheme with negative feedback enables
Alipes to learn user interest categories with exceptions
more accurately.

5 Conclusion

Changing interests are an undeniable fact in real life.
The time scale may vary from hours to years long and
the degree from slight to extreme change. This paper
has described a 3-descriptor scheme and leerning al-
gorithm, in an intelligent news filtering system called’
Alipes, to tackle this very important issue. By treating
separately the long-term and short-ferm interests, and
handling carefully the interaction between positive and
negative interests in short-term interest, the scheme is
able to adapt quickly to large changes of interest, and
handle exceptions of interests within the broader scope
of an interest category. Our experimental evaluation
demonstrated the effectiveness of this scheme, which
outperforms that of a single-descriptor model.
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Introduction

The global information infrastructure serves as the foundation for new modes of
personal interaction and business transactions in a collection of activities known as Electronic
Commerce (EC). EC defined as a variely of market transactions that are enabled by
information technology (Applegate et al., 1996), represents the entire collection of actions
that support commercial activities on a network. EC represents one of the most promising
direclions for generating conpetitive advantage at the micro level of the organizatios und for
increasing productivity at the macro level of the economy. In addition, the wealth of onling

information and the potential to facilitate diverse business transactions highlights the need for .

developing original research in this area. The niain research question for this study is:
How well does innovation diffusion (heory explain the - adoption  of
Infernet/Iniranct/Extranet (NET) technologies for electronic commerce applications?

1. Research model and hypotheses
Diffusion is the process by which an - S-shaped

inmovation  is communicated through Adopter | Take-off

certain channels over time among the DiStTibUtiQT point

members of a social system (Rogers, _

1983). Innovation has been described as an o

idea, a product, a technology, or a program _ Time

that is new fo the adopting unit (Zaltman el "~ Figure 1. Individual Adoption Process

al., 1973; Rogers, 1983; Cooper and

Zmud, 1990; Grover and Goslar, 1993). ~ The fundamental queston s

The innovation-decision process in the whether Rogers’ framework is applicable

minds of the adopters can be paritioned to the diffusion of EC technology. The

into the following five steps: 1. secondary question explored in this study

Knowledge 2. Persuasion 3. Decision is how can the framework above be

4, Implementation 5, Confirmmation. effectively applied to EC technology
. © diffusion? The strategy employed in this

Studies have shown that the adopiion of study is to identify the critical elements in

innovation follows an S-curve as depicted Rogers’ framework that enable the

in figure 1. ' members of the top management team

nntiate/adopt/implement an EC

7t
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application. The adoption process is not
studied in this research since there is a
temporal -variable involved in studying its
five sieps. This necessitates a longitudinal

research design which is outside the scope

of the present research due {o fime and
resource constraints.

In their meta-analysis on (wenty-
seven adoption and diffusion ariicles to
identify common variables ihat wotivate
implementation, Tornatzky and Klein
(1982) concluded that relative advantage,

compatibility and complexity are the only
three innovation characteristics possess

consisient associations with innovation
behaviors.

Relative advantage is a measure of
the degree to which an innovation is
perceived as better than the idea it
supersedes. Positive perception of the
benefits of EC should provide significant
impetus for use of the technology, thereby
leading fo greater implementation success,

the following three hypotheses ave
proposed: ‘
Hla: Relative advantages will be

positively related to the extent of initiation,
H1b: Relative advantages will be
positively related to the extent of aduption.

Hic: Relative advantages will be
positively related to the extent of
implementation.

Compatibility is a measure of the
degree to which an innovation is percetved
as being consistent with the existing
values, past experiences and needs of the
potential adopters. In the context of EC
applications, it 1s proposed that:

H2a: Compatibility will be positively
associated with the extent of initiation.

H2b: Compatibility will  be
positively associated with the extent of
adoption.

H2¢: Compatibility will be posilively
associaled  with® the extent of
Jmplementation. |

Complexity is a measure of the

degree to which an innovation is perceived
as difficult to learn and use. It is proposed
that: :

“
v

H3a:Complexity will be megatively
related to the extent of initiation.

3/%

H3b: Complexity will be
negatively related to the extent of
adoption.

H3c: Complexuy will be negatively

related 1o the extent of implementation.

One additional construer  was
identified beyond Rogers’ classification
that was thought important in the decision
to adopt an EC innovation. This was
Image, defined as the degree to which use
of an innovation is perceived 1o enhance
one’s image or social status. It is proposed
that: '

H4a: Iimage will be positively
related to the extent of inttiation.

Hdb: Image will be positvely
related to the extent of adoption.

Hdc: Image will be positivaly
related to the extent of implementation.

Outside of Roger’s framework, the

“innovation  literature  has  consistently
recognized that environmental
contingencies such  as  environmental

uncertainty and heterogeneity facilitate

“innovation {(Schroeder and Benbasai, 1975,

Pierce and Delbecq, 1977; Dimaggio and
Powell, 1983). In the context of EC, it is
proposed that:
HS5a: Environmental uncertainty
will be posmvely related to the extent of
initiation.

H5b: Environmental uncertainty

will be positively related to the extent of

adoption.
- H5c¢: Invironmental uncertainty
will be positively related to the extent of
_ . implementation,
Among the problems  with
innovation research  pointed out by
Tornatzky and Klein (1982) are the need to
focus  omn Dboth  .adoption  and
implementation as dependent vanable:
(possibly incloding a scale hat measures
degree of implementation) and the need 10
use replicable and reliable nieasures.
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2, Research methodulogy and data
collection '

A live, web-based survey for those
respondents with Internet access as well as
an off-line, hard copy queslionnaire for
those respondents who eilher did not
provide an email address or preferred to
fill it out on paper utilizing a multi-item
survey instrument for data collection.

Twelve hundred and fifty {irms
from a wide variety of industries that were
involved in EC were randomly selected
from the Internet Commerce Directory
(1997) and the Dallas/Fort Worth DI
Forum, a Texas non-profit organization for
EC’s Member Directory . (1997). Two
follow-up e-mails and phone calls afler
two weeks and four weeks respectively

were necessary to obfain  compleled
questionnaires.
Instrument  Validation. Conteni

validation was achieved by using mulli-
item measures of a variable to specify the
construct domain in order to average oul
the uniqueness of individual items, make
finer distinctions between people, and
provide greater reliability.
Criterion-related validity or predictive
validity was not considered in (his research
due to the difficulty in establishing strong

theoretically based criterion variables in -

the field of EC which is stiil in its infancy.
Construct validation (i.c., the ability
of homogencous items (0 converge
together on a factor and away from other
factors (Nunnally, 1978)-), and its (wo
components, convergent and discriminant
validity, were assessed by using factor
analysis (one of the most powerful
methods to test construct validity
(Kerlinger, 1986)). :
Internal consistency and measurement
reliability of the items was verified by
compuling the Cronbach’s  alpha
(Nunnally 1978). Items wilh low inler-
item correlations were dropped from the
study, since it indicates that the items were
not drawn from the same domain.
Operationalization of Construcls.
A fairly comprehensive set of items from

pre-validated instrumients were used to
measure the three dependent and five
independent variables, Each of the

~ independent variables were measured on a
~ seven point Likert scale.

-of ihe electronic

The validity analysis checks whether
ihe instrument measures the attribute of
interest.  Reliability analysis  checks
whether the instrument produces identical
results in repeated applications. '

Validity of the Scales. Validity of a
measure is the extent to which it measures
what it is supposed to measure. Since the
very definition of a construct implies a

domain of content (Pedhazur and
Schmelkin, 1991), this study assessed ihe
content  validity  (i.e,  theoretucal

support/face validity) and the construct
validity (i.e., convergent and discriminant
validity using factor analysis) of the scales.

Content validity. A logical analysis
commerce domain
revealed that its closest link was to the
telecommunications technologies. First, a
critical evaluation of lic definition of each
construct was conducted by reviewing
tlieories and research findings relevant to

. the construct under consideration. Second,

the item content for each construct was
adapted either from existing scales
reported in the literature or from a panel of
experts in  the clectronic commerce
domain.

 Construct  Validity.  Construct
validity was detenmined using factor
analysis of the multiple items comprising
each consiruct.

Reliability of Constructs Reliability
refers to the extent {o which the constructs
are free from error and therefore, yield
consistent results. Cronbach’s alpha was
used to measure the internal consistency of
the multi-item scales used in this study.

3. Research results
Response  Analysis.

consisted of 154
representing a 12.32  percent overall
response rate, Of the firms that did
respond, 36.4 percent responded by

finat
firms,

The
sample

3
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cmnpleting the questionnaire on the hard

copy (coded as dununy variable 0), and
63.6 percent responded by completing the
survey on the website {coded as dummy
variable 1). Six percent of the respondents
were CEQ’s, 27 percenl were one level
from the CEQ, 37 percent weré two levels
from the CEQ, and 30 percuut were three
levels from the CEO. Since this survey
was targeted at the members of the TMT,
there were no respondents that were four
or more levels below the CEQ.

60 percent of the respondents were IS
executives and 40 percent werc non-IS
business executives., Titles such as CIQ,
Executive VP, senior VP, 1S Director, Web
Administrator, and senior manager were
found among those respondents that
reported that they were one level from the
CEO. There were 103 male respondents
and 46 female respondents to this survey,

showing that the senior IS levels are stiil

possibly dominated by males,

With - respect to the BEC business
model  adopted. by  theirr  finms,
approximately 20" percent  of  the
respondents  reporled -a . business-to-
consumer/retail model, 72 percent reported
a business-to-business model, and &
percent reported an enterprise network
model.

It is interesting to note thal exact]y
hatf the respondents reported that their EC
groups were independently finded and
empowered to make decisions. Ideally, EC
initiatives need to have more antonomy
than the rest of the organization, - since
traditional  thinking and  iraditional
measures are not applicable to the novel
characteristics and rules of EC.

The main intent of the majorily of the
organization’s EC endeavor repotted was
either  fransaction  processing  wilh
electronic payment (38.3 percent) or
information distribution * (20.1 percent).
More than a third of fhe respondents felt
that the results that iheir company had
been -able to measure were steadily
increasing traffic on their company’s
webgsite, higher percentage of business

" jobs

7

pattners online, more satisfied customers,
streamlined business processes, and better

collaboration with- business parmers.
Customer service is among the top
objeclives- of companies that are
implementing EBEC to capture = the

demographic profile of their customers and
share and analyze account information.

- 50 percent of the respondents
reported that they had hard proof that EC
“works”; whereas 38 porcent believed that
EC could make them more competitive,
but were waiting for hard proof, and 12
percent reported that they were sull in

-development and unsure if there was a

payolff.
Many companies (approximately 48
percent) reporled that MIS and other
departinents arc being trained on Intemet
concepts and technologies. Approximately
12 percent had outsourced EC work and 15
percent had hired a number of new EC
specialists. The EC readiness from a
human resources perspective of the
remaining 25 percent reflects that there are
several new technical and non-technical
that are created for confent
management and creative development of

EC.

4. Dlscussmn _

As Bryan Phig, President and CEO
of Pandesic, the In{el-SAP joini venture,
told the audience at Networld+Interop
1997 trade show, “Doing-business on the
Web is not as hard as doing business in-a
teaditional __ way.—-  Ii’s harder.”
(wwwpandesiceony.  1DC/Link (www.ide.com)
predicts that the number of people with
access to the WWW will rise from 33
million in 1997 t¢ 550 million by the year
2000. The business -to-business Internet
market in the U.S. has been predicted to
reach three billion U.S. dollars in 1939,
according to the EDI  Growp
{(www.edigroup.cpin/ research/718-inichiml),

Moreover, EC users seck information
through personal networks of colleagues
and custorn {ailor the suppor! and training
for the innovation to their own specific
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needs, as they begin (o develop lhe
knowledge, expertise, and skills o use it
effectively. As a result, EC imovations
spread in a decentralized and lorizontal
communication netwotk among peers.

5. Limitatations

Even though the Internet and the
WWW are global applications, this siudy
is limited to U.S. based organizalions. This
limitation leads to a more homogencous
sample, with respect to basic  cullural
differences in ihe strategic evaluation of
EC technology. Internal validity of this
study may be affected because there is no
-control over independent variables and the
interaction between the subjects/Top
Management Team (TMT) members. In
addition, the strength - and range of
variables studied are limited due to the
need for reasonably fast and easily
understood  communication - in  the
interview and the time constraints faced by.
the members of the TMT,

An additional threat to intermal

validity concerns the lack of cross
references bétween wrilten business and
information technology plans. Due to the
lack of written long term plans for EC
applicalions and the impracticality of
obtaining written short term  plans.
Besides, asking people to comment on
their wrilten plans in a survey instrument
might overly challenge their ability to
answer correctly, since many people
interviewed may not have looked at the
wiitten plans in the last few monihs.
Finally, the lack of respondent anonymity
may cause ihe responses to be biased by
the  methodological  arlifact  that
respondents are known o the researcher.
Since most EC applications are less
- than a year old, reliable measures of return
on investment, internal rate of return, net
present value, and other financial measures
are not available. Development costs of

EC applications are difficult to quantify,

since these application costs are ofien

hidden in other budgets.
Besides the research strategy, the

theorelical approach utilized alsc affects a
study’s validity. The two major approaches

‘to the study of implementation (Benbasat

1984, Rogers 1953) are the factors
approach and the process approach. The
fuctors approach alfempts to identify static
forces which lead to successful IT
implementation. The process approach is
longiludinal 1 nature, since it examines
the behavior of stakeholders over time and
focuses on the dynamics of the
implemenlation.

Finally, within the vast and diffuse
IS and sirategic management literafure,
this theoretically grounded exploratory
study may be regarded as an easly attempt
lo reconcile the complex array of existing
models, cases, and opinions in diffusion of
innovations literature that apply to EC
{echnologies.

6. Implications for practice

The study results demonstrate that EC
is Lecoming critical in three intemelated
dimensions evalnated in the questionnaire,
(i.e., business-fo-business = interactions,
business-to-consunmer interactions, and the
internal organizational functioning/Intranet
dimension. Improved . knowledge of the
evolution of EC should be helpful to
practicing managers for understanding the
circumstances under which EC is
appropriate for their organizations.

However, in order to take a strategic
approach to using the NET, the entire
organization needs to be re-engineered
with the NET as a major business
objeclive. This re-engineering includes
developing a new. business plan, a

techinology strategy and a total business

process redesign. .

The website should be designed not
only to draw traflic but to ensure repeat
traffic by keeping information current.
Users need to be allowed to customize
their shopping experience by choosing
screen colors and resolution, selecting
product notification options, and storing
electronic signatures for gift cards.

The motivation for using EC difters

4F
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between the consumers and  the
organization, While the business-to-
consumer model focuses on the desire 1o
obtain current/ “dynamic” information, o
buy and sell products and/or services, and
to comumunicate with others; the business-
to-business model focuses on.the need to
“do more with less,” to develop new
electronic applications that streamline
current business praclices such as the
supply-chain management applications,
collaborative applications/workgroup
compuling, and information sharing
/electronic publishing while keeping an
eye on standards and bandwidth
-availability (Kalakota and Whinston,
1997).

7. Conclusions

The results of this study provide
empirical evidence that supports the need
for a more context based model of
innovation adoption. . A parallel could
be drawn between the findings of this
research and the research on contribution
of IS to productivity (Brynjolfsson, 1993;
Brynjolfsson and Hitt, 1996). Earlier
studies on the business value of computers
reported a “productivily paradox” of IS,
where despite enormous improvements in
the underlying technology, the benefits of
IS spending were.not found in aggregate
output statistics (Strassman, 1990; Barua
et al, 1991; Brynjolfsson, 1993).
However, a recent study by Brynjolfsson
and Hitt (1996), found that IS spending

has made a substantinl and statistically

significant contribution to firm oulput. The
difference in the [indings is atiributed to
“mismeasurement”, “lags”,
“redistribution”, and “mismanagement” by
Brynjolfsson’s -~ (1993) review  that
concludes that the “shortfall of evidence is
not necessarily evidence of a shortfall.”
_Similarly, in this research on the
strategic evaluvation of EC, perhaps a
longitudinal study with a larger sample
size and additional independent variables
such as size of a firm, number of years of
experience a firm has - with EC

7

technologies, and so forth may yield
different results. At the present tme it is
not known whether the lack of support for
ihe proposed hypotheses was due to the
relative newness of the EC field or the

noise in the current research model.

_ An enhanced understanding of the
relationships between technology
infrastructure components and technology
applications can have a major impact on
future IS technology management. The
impact of global networks on economic
activity and market structures can play a
major role in the evolution of ubiguitous
commudpication. While many believe that
lechnology will dictate future economic
strategy, others argue that economic
realities  will  ultimately - influence
technological initiatives.
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