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Chairs' preface

These proceedings contain the papers of the Fourteenth Australasian Document
Computing Symposium hosted by HCSNet at the University of New South Wales,
Sydney.

The varied long and short papers, as well as David Traum's and Mark Sanderson's
plenaries, are indicative of the wide breadth of research in the Australasian
document computing community and the wide scope for application.

The quality of submissions was once again high this year. Of the 32 papers
submitted (26 full and 6 short), 10 were accepted for presentation at the symposium
(28%) and 11 were accepted as posters (31%). All submissions received at least
two anonymous reviews by experts in the area, and several received three reviews.
Dual submissions were explicitly prohibited.

The members of the program committee and the exira reviewers deserve special
thanks for their effort, especially given the very tight turnaround needed for this
year's symposium. We would also like to thank HCSNet for its support of ADCS,
which freed us from worrying about most of the logisitics.

The ADCS community has contributed many good papers this year, but as before
the symposium's greatest benefit may be the opportunity it provides for researchers
and practitioners to meet and share ideas. We hope you enjoy it.
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Is this document relevant? Errr it’ll do

Mark Sanderson
University of Sheffield

m.sanderson @shef.ac.uk

Abstract  Evaluation of search engines is a critical
topic in the field of information retrieval. — Doing
evaluation well allows researchers to quickly and
efficiently understand if their new algorithms are a
valuable contribution or if they need to go back to
the drawing board. The modern methods used for
evaluation developed by organizations such as TREC
in the US have their origins in research that started in
the early 1950s. Almost all of the core components of
modern testing environments, known as test collections,
were present in that early work. Potential problems
with the design of these collections were described in a
series of publications in the 1960s, but the criticisms
were largely ignored. However, in the past decade a
series of results were published showing potentially
catastrophic problems with a test collection’s ”ability”
to predict the way that users will work with searching
systems. A number of research teams showed that users
given a good system (as measured on a test collection)
searched no more effectively than users given one that
was bad.

In this talk, I will briefly outline the history of
search evaluation, before detailing the work finding
problems with test collections. I will then describe
some pioneering but relatively overlooked research
that pointed out that the key problem for researchers
isn’t the question of how to measure searching systems
accurately, the problem is how to accurately measure
people.

Proceedings of the 14th Australasian Document Comput-
ing Symposium, Sydney, Australia, 4 December 2009.
Copyright for this article remains with the authors.






Collaborative Filtering Recommender Systems based on Popular Tags

Huizhi Liang Yue Xu

School of Information Technology
Queensland University of Technology
Queensland, QLD 4001, Australia

oklianghuizi@gmail.com  yue.xu@qut.edu.au

Abstract The social tags in web 2.0 are becoming
another important information source to profile users'
interests and preferences for making personalized
recommendations.  However, the  uncontrolled
vocabulary causes a lot of problems to profile users
accurately, such as ambiguity, synonyms, misspelling,
low information sharing etc. To solve these problems,
this paper proposes to use popular tags to represent
the actual topics of tags, the content of items, and also
the topic interests of users. A novel user profiling
approach is proposed in this paper that first identifies
popular tags, then represents users’ original tags
using the popular tags, finally generates users’ topic
interests based on the popular tags. A collaborative
filtering based recommender system has been
developed that builds the user profile using the
proposed approach. The user profile generated using
the proposed approach can represent user interests
more accurately and the information sharing among
users in the profile is also increased. Consequently the
neighborhood of a user, which plays a crucial role in
collaborative filtering based recommenders, can be
much more accurately determined. The experimental
results based on real world data obtained from
Amazon.com show that the proposed approach
outperforms other approaches.
Keywords Information Retrieval, recommender
systems, social tags, web 2.0

1 Introduction

Collaborative tagging is a new means to organize and
share information resources or items on the web such
as web pages, books, music tracks, people and
academic papers etc. Due to the simplicity,
effectiveness and being independent of the contents of
items, social tags have been used in various web
applications including social web page bookmarking
site del.icio.us, academic paper sharing website

Proceedings of the 14th Australasian Document
Computing

Symposium, Sydney, Australia, 4 December 2009.
Copyright for this article remains with the authors.

Yuefeng Li Richi Nayak
y2.li@qut.edu.au r.nayak@qut.edu.au
CiteULike, and electronic commerce website

Amazon.com.

A social tag is a piece of brief textural information
given by users explicitly and proactively to describe
and group items, thus it implies user’s interests or
preferences information. Therefore, the social tag
information can be used to profile user’s interested
and preferred topics to  improve personalized
searching [1], generate user and item clusters [2], and
make personalized recommendations [3] etc.
However, as the tag terms are chosen by users freely
(i.e., uncontrolled vocabularies), social tags suffer
from many difficulties such as ambiguity in the
meaning of and differences between terms, a
proliferation of synonyms, varying levels of
specificity, meaningless symbols, and lack of
guidance on syntax and slight variations of spelling
and phrasing [4]. These problems cause inaccurate
user profiling and low information sharing among
users, and also bring challenges to generate proper
neighborhood for making item recommendations and
consequently result in low recommendation
performances. Therefore, a crucial problem in
applying user tagging information to user profiling is
to represent the semantic meanings of the tags.

Popular tags refer to the tags that are used by many
users to collect items. Those popular tags are factual
tags [5] that often capture the tagged items’ content
related information or topics while those tags that
have low popularity are often irrelevant to the content
of the tagged items or meaningless to other users, or
even misspelled [5]. For one item, the popularity of
using a tag to classify the item reflects the degree of
common understanding to the tag and the item. High
popularity means that the majority of the users think
this item can be described by the tag. Thus, the
popular tags reflect the common viewpoint of users or
the “wisdom of crowds” [6] in the classification or
descriptions of this item. Therefore, we argue that the
popular tags can be used to describe the topics of the
tagged items. For each user, the original tags and the
collected items represent the user's personal viewpoint
of item classifications and collections. In a tag, a set of
items are grouped together according to the user's
viewpoint. The actual topics of the tag can be
described by the frequent topics of the collected items.



As we just mentioned above, the major topics of each
item can be represented by its popular tags, thus the
popular tags of the collected items in a tag can be used
to represent that tag's actual topics. Since the user's
personal viewpoint of the classifications of the
collected items are still kept while the original tag
terms are converted to popular tags that shared by
many users, the user information sharing will be
improved.

In this paper, we propose to use popular tags to
represent the topics of items, tags, and users’ interests
to solve the problems of inaccurate user profiling and
low information sharing caused by the free-style
vocabularies of social tags. In Section 2, the related
work will be briefly reviewed. Then, the proposed
collaborative filtering recommendation approach
based on popular social tags will be discussed in
details in Section 3. In this section, the definitions and
the selection of popular social tags will be discussed
firstly. Then, the approaches of representing items and
tags with popular social tags will be presented.
Followed by the wuser profiling, neighborhood
formation, and  recommendation  generation
approaches, the experimental results and evaluations
will be discussed in Section 4. Finally, the conclusions
will be given in Section 5.

2 Related Work

Recommender systems have been an active research
area for more than a decade, and many different
techniques and systems with distinct strength have
been developed. Recommender systems can be
broadly classified into three categories: content-based
recommender systems, collaborative filtering or social
filtering based recommender systems and hybrid
recommender systems [7]. Because of the advantages
of wusing similar users’ recommendation and
independent with the contents of items, the
collaborative filtering based recommender systems
have been widely used. Typically, users' explicit
numeric ratings towards items are used to represent
users' interests and preferences to find similar users or
similar content items to make recommendations.
However, because users' explicit rating information is
not always available, the recommendation techniques
based on user's implicit ratings have drawn more and
more attention recently.

Besides the web log analysis of users' usage
information such as click stream, browse history and
purchase record etc., users' textural information such
as tags, blogs, reviews in web 2.0 becomes an
important implicit rating information source to profile
users' interests and  preferences to  make
recommendations [10]. Currently, the researches about
tags in recommender systems are mainly focused on
how to recommend tags to users such as using the co-
occurrence of tags [2] and association rules [10] etc.
Not so much work has been done on the item
recommendation. Although there are some recent

work which discusses about integrating tag
information with content based recommender systems
[11], extending the user-item matrix to user-item-tag
matrix to make collaborative filtering item
recommendation [12], combining uses’ explicit rating
with the predicted users’ preferences for items based
on their inferred preferences for tags [16] etc, more
advanced approaches of how to exploit tags to
improve the performances of item recommendations
are still in demand.

More recently, the semantic meaning of social tags
has become one important research question. The
research of Sen etc. [5] suggests that the factual tags
are more likely to be reused by different users. The
work of Suchanek etc. [15] shows that popular tags
are more semantically meaningful than unpopular
tags. And, the research of Bischoff etc. [4] shows that
not all tags are useful for searching and those tags
related to the content information of items are more
useful. These findings support this research. To solve
the difficulties caused by the uncontrolled
vocabularies of social tags, some approaches have
been discussed to get the actual semantics of tags such
as combining the content keywords with tags [10],
using dictionaries to annotate tags [6], and
contextualizing tags [17] etc. Different from these
approaches, this paper proposes to use popular tags
generated from the collected items to represent the
semantic meanings of tags.

3 The Proposed Approach
3.1 Definitions

To describe the proposed approach, we define some

key concepts and entities used in this paper as below.

In this paper, tags and social tags are interchangeably

used.

e Users: U = {uy,uy, ..., u, } contains all users in an
online community who have used tags to organize
items.

e Items or (Products, Resources): P =
{p1, 02, -, Pm } contains all items tagged by users
in U. Items could be any type of online
information resources or products in an online
community such as web pages, videos, music
tracks, photos, academic papers, books etc. Each
item p can be described by a set of tags contributed
by different users.

e Topics: contain items’ content related information
such as content topics, genres, locations, attributes.
For example, “globalization” is a topic that
describes items’ content information, “comedy” is
a topic that describes items’ genre information, and
“Shakespeare” is a topic that describes the attribute
of author information.

e Social Tags: T = {t{,t,, ..., t;} contains all tags
used by the users in U.

e Popular social tags: C = {cl, Cpy ey cq} contains a
set of popular social tags. Popular social tags are



tags that are used by at least 8 users, where 0 is a
threshold. The selection of popular social tags is
discussed in the followed Section.

3.2 The Selection of Popular Social Tags

Through tagging, the users, items and tags form a
three dimensional relationship [12]. Based on tags,
items are aggregated together if they are collected
under the same tag by different users and also users
are grouped together if they have used the same tag.
Usually, the global popularity of a tag can be
measured by the number of users that have used this
tag.

Let u(t;) be the set of users who have used the tag
t;eT, u(ti, pj) be the set of users who have used t; for
the item p;eP, u(t;) = {u(t;, p;)|p;eP(t;)}, where
P(t;) is the set of items collected under tag t; and
P(t;)) € P. The global popularity of t; can be
measured by |u(t;)| which is the number of users that
have used tag t;, and the local popularity of t; for the
item p; can be measured by |u(ti, p]-)|. If we choose
popular tags only based on the global popularity, some
important tags that have high local popularities but
relatively low global popularities (i.e., the tags that
only have one kind of meaning and are used by a
small number of users for tagging some particular
items) will be missed out. Moreover, because a tag
can have multiple meanings and users may have
different understandings to the tags, some tags will
have high global popularities but low local
popularities such as subjective tags (i.e., “funny”). But
because of the high global popularity, those tags will
be incorrectly selected.

To select those popular tags that can well represent
the item topics, we define the global popularity of a
tag based on its maximum local popularity. Let O (t;)
be the global popularity of the tag t;, O(t;) =
maxpjep(ti)ﬂu(ti,pj)l}. Thus, let 6 be a threshold,

any tag t; with 0(t;) > 6 will be selected as a popular
social tag.

Theoretically, the threshold 8 can be any positive
numbers. However, since O(t;) is the maximum local
popularity of t; for its collected items, if 6 is too large,
the number of popular tags will be small, and there
might be some items which are not tagged by any of
those selected popular tags. On the other hand, each
item collects a set of tags that have been used by
different users to tag this item. Let T(p;) be the

collected tag set of p;, rr%e(lx){|u(ti,pj)|} is the
tiel' (pj

maximum local popularity of the tags in T(p;) for
item p;. Apparently, if 6 > max {|u(ti,p]-)|}, then
tieT (pj)

all the tags of item p; will be excluded which will
result in no popular tags to describe the topics of
p; .-To avoid this situation, we define an upper
boundary for the threshold 6. Let

A= min, ., {tierr%c(tg«;){|u(ti,pj)|}}. If 6 < 4, then each

item can be guaranteed to have at least one popular tag

to describe it. Therefore, the popular social tag set C
also can be denoted as:

c ={tlo(t;)=06,t;eT,A=60>0},CCT.
3.3 Item and Tag Representations

The selected popular tags are used to represent items’
major topics and the actual topics of each user’s tags.

Item Representation

Traditionally, the item classifications or descriptions
are given by experts using a set of standard and
controlled vocabulary as well as a hierarchical
structure representing the semantic relationships
among the topics to describe the topics of the items
such as item taxonomy and ontology. In web 2.0,
harnessing the collaborative work of thousands or
millions of web users, the aggregated tags contributed
by different users form the item classifications or
descriptions from the viewpoint of users or
folksonomy [13]. For each item pj, the set of tags used
by users to tag p;, denoted as T'(p;), and the number
of users for each tag in T(p;) form the item
description of item p;, which is defined as below.

Definition 1 (Item Description): Let p; be an
item, the item description of p; is defined as the set of
social tags for p; and their numbers of being used to
tag the item p;, which is denoted as D(p;) =

{(ti,O(ti,pj)) It € T(p;), 0(t;,p;) > 0} ,  where
O(ti,pj) is the number of users that use the tag t; to
tag the item p; and O(ti,pj) = |u(ti,pj)|.

An example of item description is shown in Figure

1. The book “The World is Flat” is described by 10

tags such as “globalization”, “economics”, “business”

etc. and their user numbers.

globalization (57) economics
The World is Flat | (34) business (22) technology
(22) history (20) 0312 (1)
naive analysis (1) ltp(1)
statistics(1) trade(1)...

Figure 1: An example of item description formed by
social tags.

Different from the item descriptions or
classifications provided by experts, the item
descriptions formed by social tags contain a lot of
noise, which brings challenges for the organizing,
sharing and retrieval of items. However, an advantage
provided by the item descriptions formed by social
tags is that the item description D (p;) records the user
number of each tag for p; or the local popularity of
each tag for p;. This feature can be used to find the
major topics of items and filter out the noise. For
example, in Figure 1, we can see that 57 users use the
tag “globalization” to classify the book “The World is
Flat”, which is the most frequently used tag to tag this
book, and the term “globalization” is indeed the actual



major topic of this book. Moreover, the tag “0312”
only has one user, and it doesn’t reveal any
information in terms of the topics of the book.
Removing the unpopular tags such as “0312” won’t
reduce the coverage of the remaining tags to represent
the topics of the book but the noise. Therefore, we
propose to use the selected popular tags to represent
the items.

Definition 2 (Item Representation) Let p; be an
item, C = {cl, Cpyees cq} be the set of popular tags, the
representation of p; is defined as a set of popular

social tags along with their frequencies as described
below:

IR(p]) = {(Cx’ f(pjicx)| Cx € C' f(pjtcx) > 0},
f(Pj'Cx )= O(Cx:Pj)/chec O(C »Pj)’ where
f (pj, ¢,) is the frequency of ¢, for p;, f(p;, ¢ ) €
[0,1]and X, ec f(pjrcx) = 1.

The frequency f(pj,c,) represents the degree of
item p; belonging to ¢,. For a given set of popular
tags C with size g, i.e.,|C| = g,the topics of each item

pj €P can be represented by a vector b =

(Bj1,b 20 wves by s b)) » Where by, = f(pj,cy) -
Thus, for each item p; , its topic representation
becomes:

B = (B1,b2 by xr s By 1)

Tag Representation

As mentioned in Introduction, since the unrestricted
nature of tagging, social tags contain a lot of noise and
suffer some problems such as semantic ambiguity and
a lot of synonyms etc., which brings challenges to
make use of social tags to profile users' interests
accurately.

Although not all tags are meaningful to other users
or can be used to represent the topics, for each user,
his/her own tags and items collected with those tags
reflect that user's personal viewpoint of classification
of the collected items. Thus, each tag used by a user is
useful for profiling that user no matter how popular
this tag is. In a tag, a set of items are grouped together
according to a user's viewpoint, therefore, the frequent
topics of these items can be used to represent the
actual topics of the tag. Since the major topics of each
item can be represented by its popular tags, the
frequent popular tags of the collected items in a tag
can be used to represent that tag's actual covered or
related topics.

Definition 3 (Tag Representation): Let t be a tag
used by user u, C = {cl,cz, ...,cq} be the set of
popular tags, the representation of t is defined as a set
of weighted popular social tags as described below:
TR(t,u) = {(c,, w(c,, t,u))| ¢, € C, w(c,, t,u)) >
0}, where w(c,, t,u) is the weight of ¢,., w(c,, t,u) €
[0,1], S ecwles tu) = 1.

The weight of ¢, or w(c,, t,u) can be measured
through calculating the total frequency of c, for all the

items collected in the tag ¢ by the user u. Since the
number of items in different tags may be different, we
normalize w(c,, t, u) with the number of items in the
tag ¢ of u. Let P(t,u) denote the set of items that are
collected or classified to the tag # by user u, then the
weight of ¢, can be calculated as below:

1
w(cy, t,u) = mzpjep(t,u)f( p;, ¢, ), where

f (pj, cx) is the frequency of ¢, for the item p; in the
tag ¢, as shown in Definition 2, f (pj, cx) =

O(Cx'pj)/ECyEC O(Cy' pj)'

Apparently, the tag representation TR(t,u) is
generated based on the items collected in the tag ¢ by
the user u. That means, TR(t,u) still reflects the
personal viewpoint of the user # about the item
classifications or collections. Thus, each user’s
viewpoint of classifying his/her items is still kept
while a set of popular tags are obtained to represent
each tag term’s semantic meaning. For different users,
the representations for the same tag can be different.
On the other hand, for different users, the
representations for different tags can be the same or
similar. Even though the tag terms are freely chosen
by individual users, by representing each tag using a
set of popular tags, all tags become comparable since
all of them are represented using the same set of terms
(i.e., popular tags). With the popular tag
representation, those unpopular tags that often cause
confusions and noises become understandable by
other users according to the understanding to their
corresponding popular tag representation. For those
popular tags, their tag representations reveal other
related popular tags, very often, these popular tags
themselves have high weight in their tag
representation. Since each tag is represented by a set
of popular tags which provides the ground for
comparison, this approach can help to solve the
problems caused by the free style vocabulary of tags
such as tag synonyms which means some different
tags have the same meaning, semantic ambiguity of
tags which means one tag has different meanings for
different users, and spelling variations etc.

3.3 User Profile Generation

User profile is used to describe user's interests and
preferences information. Usually, a user-item rating
matrix is used in collaborative filtering based
recommender systems to profile users’ interests,
which are used to find similar users through
calculating the similarity of item ratings or the
overlaps of item sets [14]. With the tag information,
users can be described with the matrix (user, (tag,
item)), where (tag, item) is a sub matrix representing
the relationship between the tag set and item set of
each user. Binary values “1” and “0” are used to
specify whether a tag or an item has been used or
tagged by a user or not. Through calculating the
overlaps of tags and items or each user's sub
relationship of tags and items, neighborhood can be



formed to do collaborative filtering to recommend
items to a target user [12][3].

As mentioned before, the free-style vocabulary of
tags causes a lot of noise in tags which resulted in
inaccurate user profiles and incorrect neighbors.
Moreover, because of the long tails of items and tags,
the size of the matrix is very big and the overlaps of
commonly used tags and tagged items are very low,
which makes it difficult to find similar users through
calculating the overlaps of tags and items. To solve
these problems, we propose to profile users' interests
to topics by using a set of popular tags and convert the
binary matrix (user, (tag, item)) into a much smaller
sized user-topics matrix. The popular tags will be used
to represent each user's interested topics and numeric
scores will be used to represent how much the user are
interested in these topics.

Definition 4 (User Profile): Let u; be a user, C =
{cl,cz,...,cq} be the set of popular tags, the user
profile of u; is defined as a |C|-sized vector with
scores reflecting user’s interests to the popular tags,
which is donated as

77 — —
v = (vi,li VL',ZJ ...,Ui‘x,...,vi'la) =

(sc(ui, 1), se(uy, €3), o, sc(uy, €), e, sc(uy, cq)).
sc(u;,c,) is the score to v;, that represents the
degree of u;'s interests to the popular tag c,.

A matrix U with size |U| X [C]|, can be used to
represent the user profiles for all users in U. Each row
v, in the matrix ¥ represents the user profile of user u;.
In order to facilitate the similarity measure of any two
users, user-wise normalization is applied. We suppose
each u;e U has the same total interest score N and
Ye.ecSc(ug, ) =N, where N is the normalization
factor, which can be any positive number. Thus,
sc(u;, c,) € [0,N].

To calculate each user’s topic interest degree
sc(uj, cx), firstly, we calculate the user’s interest
distribution for his/her own original tags. Let T; =
{fi,p Ligrerorlia be the tag set of
Uy, tiqstigs -, tig€T, S(t; ;) be the score to measure
how much u; is interested in t; ;, then the score vector
(s(ti,l),s(ti’k), v, S(t; o)) will represent u;’s interest
distribution over his/her own tags, Y7 _; S(ti_k) =N.

A common sense is that, if a user is more interested
in a tag or topic, usually the user may collect more
items under that tag or about that topic. That means,
the number of items in a tag is an important indicator
about how much the user is interested in the tag. Let
|P( Eiges ui)| denote the number of items in the tag t;
used by user u;, we use the proportion of |P( ti‘k,ui)l
to the total number of items in all tags of u; to
measure the user's interest degree to the tag t; ;. Thus,

sc(ti,k) can be calculated as shown as follows:
[P(tigs)l
s(t: =N.— bt 1
( L'k) Sio1 IP(tijous)l @
By using Equation 1, we can obtain the user-tag
matrix that describes tag interests of all the users. As

discussed before, a tag can be represented with a set of
popular social tags derived from the collected items
with that tag. We can calculate the score of user u; to
topic ¢, in each tag t;, denoted as c, , for the user
u;, shown as below:

sc(ul-,cx,k) = s(tl-,k) -w( Cx s ti,k,ui),x =1.q,k=

l..a 2)

The user’s interest score to the topic ¢,, sc'(u;, ¢,),
is calculated by summing up the user’s interests to the
topic in all his tags:

sc(uy ¢,) = Doy sc(uy, Cex) 3)

With Equation 3, users’ interest distributions over
their own original tags are converted to users’ interest
distributions over the topics of items that are
represented by the popular tags. Using this user
profiling approach, the noise of social tags can be
greatly removed while each user’s personal viewpoint
of classifications or collections will still remain.
Moreover, since the size of the converted matrix is
much smaller than the size of the matrix (user, (tag,
item)), the information sharing among different users
can be improved as well.

3.4 Neighborhood Formation

Neighborhood formation is to generate a set of like-
minded peers for a target user. Forming a
neighborhood for a target user u;e U with standard
“best-K-neighbors” technique involves computing the
distances between u;and all other users and selecting
the top K neighbors with shortest distances to u;.
Based on user profiles, the similarity of users can be
calculated through various proximity measures.
Pearson correlation and cosine similarity are widely
used to calculate the similarity based on numeric
values.

Based on the user profiles discussed above, for any
two users u; and u; with profile v; and v, the Pearson
correlation is used to calculate the similarity, which is
defined as below:

sim(u;, uj)

_ 23=1(Vi.y - Vi) : (Vj.y - Vj) @

23:1(Vi,y - 71)2 : 23=1(Vj,y - V_])z)

Using the similarity measure approach, we can
generate the neighborhood of the target user u;, which
includes K nearest neighbour users who have similar
topic interests with u;. The neighbourhood of u;, is
denoted as:

Nu,) = {ylye maxK{sim(ui, uj)}, w el

where maxK {} is to get the top K values.

3.5 Recommendation Generation

For each target user u;, a set of candidate items will be
generated from the items tagged by u; 's
neighbourhood formed based on the similarity of
users, which is denoted as C(w;) , C(w) =
{Pe|pieP(y ), w e N(w), py & P(u)}, where P(y)



is the item set of user u; . With the typical
collaborative filtering approach, those items that have
been collected by the nearest neighbors will be
recommended to the target user.

As discussed in Section 3.2, the aggregated social
tags describe the content information of items and the
topics of each item can be represented by popular
social tags. Thus, we propose to combine the content
information of items formed by popular social tags
with the typical collaborative filtering approach to
generate recommendations. Those items that not only
have been collected by the nearest neighbors but also
have the most similar topics to the target user’s
interests will be recommended to the target user,
which  makes the proposed recommendation
generation approach actually get the benefits of the
content based recommendation approaches [8].

For each candidate item p;,eC(u;), let N(u;, py,) be
the set of users in N(u;) who have tagged the item py,
the prediction score of how much u; may be interested
in py is calculated in terms of the aspects of how
similar those users who have the item p, and how
similar the item's topics with u; s topic interest.

With Equation 4, the similarity of two users can be
measured. Similarly, the Pearson correlation is used to
calculate the similarity of the topic interests of user
u; and the topics of the candidate item pj,, which is
denoted as below:

Z;?;=1(Vi,y _V_l)( bk,y _E)

2 Wiy =VDEET 1 (by—bi)?)

)

sim(u;, pi) =

Thus, the prediction score denoted as A(u;, py) can
be calculated with Equation 6.

sim (u; i)Y, (N p ) ST (i)
A(u, i) = ; (©)

[NCupp )l
The top N items with larger prediction scores will be
recommended to the target user u;.

4 Experiments and Evaluations

4.1 Experiment setup

We conducted the experiments using the dataset
obtained from Amazon.com. The dataset was crawled
from amazon.com on April, 2008. The items of the
dataset are books. To avoid too sparse, in pre-
processing, we removed the books that are only
tagged by one user. The final dataset comprises 5177
users, 37120 tags, 31724 books and 242496 records.
The precision and recall are used to evaluate the
recommendation performance. The whole dataset is
split into a training dataset and a test dataset with 5-
folded and the split percentage is 80% for the training
dataset and 20% for the test dataset, respectively.
Because our purpose is to recommend books to users,
the test dataset only contain users' books information.
Each record in the test dataset consists of the books
that are tagged by one user. The training dataset,
which is used to build user profiles, contains users'

books and corresponding tags information as well. For
each user in the test dataset, the top N items will be
recommended to the user. If any item in the
recommendation list is in the target user's testing set,
then the item is counted as a hit.

4.2 Parameterization

The global popularities of tags are shown in Figure 2.
We can see that the user number of tags follows the
power law distribution, which means that a small
number of tags are used by a large number of users
while a large number of tags are only used by a small
number of users. Among 37120 tags, there are about
67% tags (i.e., 25006 tags) which are only used by one
user.
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Figure 2: The distribution of social tags.

After calculating the local popularity of each tag
for each item, we get A=2. Thus, we set 6=2. To
evaluate the effectiveness of the selected popular tag
set, we compared the top 5 precision and recall results
of the threshold 6=2 with the results of 6 =1, 6 =3, 6
=4, and 8 =5. With threshold 8 =1, 37120 tags are
selected, which is the whole tag set. Thus, each item
was represented with all the tags. Different from the
Topic-Tag approach, each tag was represented with
the selected tags. With threshold 8 =2, 12214 tags are
selected. When threshold 6 =3, 7428 tags were
selected and there were 1188 books that have no
selected tags describes them. With threshold 6 =4,
5297 tags were selected and there were 1668 books
that have no selected tags describes them. With
threshold 6 =5, 4104 tags were selected and there
were 2452 books that have no selected tags describes
them. The top 5 precision and recall results with
different threshold are shown in Figure 3.

Top 5

0.15
0.1
0.05
o]

W Precision

Recall

Figure 3. The top 5 precision and recall evaluation
results with different threshold 6 values.



From the results of Figure 3, we can see the results
of 8 =2 was better than other values. Thus, the popular
tags can be used to represent the topics of items and
tags. And, since some books may don’t have any
selected tags describing their topics when the
threshold is too high, the results are worse.

4.3 Comparison

To evaluate the effectiveness of the proposed
approach, we compared the precision and recall of the
recommended top N items produced by the following
approaches:

o Topic-PopularTag approach. This is the proposed
approach that uses the popular tag to represent
items' topics, tags' actual topics and users' topic
interests.

o Topic-Tag approach. This approach uses users'
interest distribution to their original tags to make
recommendation. Different from Topic-
PopularTag approach, this approach only uses the
users' original tags to profile users and doesn't
include the tag representations.

o Singular Value Decomposition (SVD). This is a
wildly used approach to reduce the dimensions of
a matrix and reduce noise. In this paper, the
standard SVD based recommendation approach [8]
was implemented based on the user-tag matrix.

o Tso-Sutter’s approach. This approach is proposed
by Tso-Sutter that uses two derived binary
matrixes  user-item,  user-tag to  make
recommendation [9], which is an extended
standard collaborative filtering approach.

e Liang’s approach. This approach is proposed by
Liang that uses three derived binary matrixes user-
item, user-tag to tag-item sub matrix to make
recommendation [12], which is an extended
standard collaborative filtering approach.

o Standard CF approach. This is the standard
collaborative filtering (CF) approach [14] that uses
the implicit item ratings or the binary matrix user-
item only. This is the baseline approach.

We compared the proposed approach that has the

threshold 8 =2 with other state of art approaches, the
precision and recall results are shown in Figure 4 and
Figure 5.

Top N Precision
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Figure 4: Precision evaluation results.
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Figure 5: Recall evaluation results.

4.4 Discussions

From the experimental results, we can see that the
proposed  approach  outperformed the other
approaches, which means the proposed collaborative
filtering approach based on popular social tags is
effective. Since the dataset is very sparse (i.e., the
average number of items that each user has is about
12.6), the overall precision and recall values are low.
The approach Topic-Tag approach performed the
worst, which means that although tags implies users’
interests and preferences information, since the social
tags contains a lot of noise, it’s inaccurate to profile
users with their original tags directly. The comparison
between the approaches of Tso-Sutter and Liang and
the Standard CF approach shows that social tags are
helpful to improve the user profiling accuracy when
the social tags are used together with the users’
collected items. Moreover, the comparison between
the proposed Topic-PopularTag approach and the
SVD approach suggests that the proposed approach
performs Dbetter than the traditional dimension
reduction approach. The proposed approach not only
reduce the dimension through using a much smaller
sized user-topic matrix to profile users but also
significantly improves the accuracy of user profiling
and information sharing through representing the
personal or unpopular tags with a set of popular tags.

5. Conclusions

In this paper, we propose a collaborative filtering
approach that combines each user's personal viewpoint
of the classifications of items and the common
viewpoint of many users about the classifications of
items to make personalized item recommendation. The
popular tags are used to represent items' major topics,
tags' actual covered or related topics and users' topic
interests. Moreover, a user profiling approach that
converts users’ interest distribution for their own
original tags to users’ interest distribution for topics
that are represented with the popular tags are proposed
to improve user profiling accuracy and information
sharing. Also, we propose a recommendation
generation approach that incorporates the item content



information formed by the collaborative working of
tagging to generate recommended items that are not
only have been collected by most similar users but
also have the most similar topics with the target user’s
interests.

The experiments show that the proposed approach
outperforms other approaches. Since the social tags
can be used to describe any types of items or
resources, this research can be used to recommend
various kinds of items to users, which provides
possible solutions to the recommendation of those
items that the traditional collaborative filtering
approaches or content based approaches fail to work
well such as people. Moreover, this research made a
contribution to the improvement of information
sharing, organization and retrieval of online tagging
systems as well as the improvement of the
recommendation  performances of  traditional
recommender systems (i.e., in e-commerce websites)
through incorporating this new type of user
information in web 2.0.
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Abstract Topic models can learn topics that are
highly interpretable, semantically-coherent and can
be used similarly to subject headings. But sometimes
learned topics are lists of words that do not convey
much useful information. We propose models that
score the usefulness of topics, including a model
that computes a score based on pointwise mutual
information (PMI) of pairs of words in a topic. Our
PMI score, computed using word-pair co-occurrence
statistics from external data sources, has relatively
good agreement with human scoring. We also show
that the ability to identify less useful topics can improve
the results of a topic-based document similarity metric.

Keywords Topic Modeling, Evaluation, Document
Similarity, Natural Language Processing, Information
Retrieval

1 Introduction

Topic models are unsupervised probabilistic models for
document collections, and are generally regarded as the
state-of-the-art for extracting course-grained semantic
information from collections of text documents. The
extracted semantic content is useful for a variety of
applications including automatic categorization and
faceted browsing. The topic model technique learns a
set of thematic topics from words that tend to co-occur
in documents. The technique assigns a small number
of topics to each document, and those topics can then
be used to explain and retrieve documents. However
this explanation of a document is only useful if we can
understand what is meant by a given topic.

Since the introduction of the original topic model
approach [Blei et al., 2003, Griffiths and Steyvers,
2004], many researchers have modified and extended
topic modeling in a variety of ways. However, there
has been less effort on understanding the semantic
nature of topics learned by topic models. While the
list of the most likely (i.e. important) words in a topic
provides good transparency to defining a topic, how
can humans best interpret and understand the gist of
a topic? Some researchers have started to address this
problem, including Mei et al. [2007] who looked at the
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problem of automatic assignment of a short label for a
topic, and Griffiths and Steyvers [2006] who applied
topic models to word sense distinction tasks. Wallach
et al. [2009] proposed methods for evaluating topic
models, but they focused on the statistics of the model,
not the meaning of individual topics.

The challenge of helping a user understand a dis-
covered topic is exacerbated by the variable semantic
quality of topics produced by a topic model. Certain
types of document collections, for example collections
of abstracts of research papers, produce mostly high-
quality interpretable topics which have clear semantic
meaning. However, the broader class of document col-
lections — for example emails, blogs, news articles and
books — tend to produce a wider mix of topics. The
novelty of our work is targetting this challenge by fo-
cusing on evaluation of topics using their degree of use-
fulness to humans.

In this work we first ask humans to decide whether
individual learned topics are useful or not (we define
what is meant by useful). We then propose models
that use external text data sources, such as Wikipedia
or Google hits, to predict human judgements. Finally,
we show how an assessment of useful and useless topics
can improve the outcome of a document similarity task.

2 Topic Modeling

The topic model — also known as latent Dirichlet
allocation or discrete principal component analysis
(PCA) — is a Bayesian graphical model for text
document collections represented by bags-of-words
(see Blei et al. [2003], Griffiths and Steyvers [2004],
Buntine and Jakulin [2004]). In a topic model, each
document in the collection of D documents is modeled
as a multinomial distribution over 7T topics, where
each topic is a multinomial distribution over W words.
Typically, only a small number of words are important
(have high likelihood) in each topic, and only a small
number of topics are present in each document.

The collapsed Gibbs [Geman and Geman, 1984]
sampled topic model simultaneously learns the topics
and the mixture of topics in documents by iteratively
sampling the topic assignment z to every word in every
document, using the Gibbs sampling update
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where z;y = t is the assignment of the i*” word in doc-
ument d to topic ¢, z;4 = w indicates that the current
observed word is w, and z*? is the vector of all topic
assignments not including the current word. N,,; repre-
sents integer count arrays (with the subscripts denoting
what is counted), and « and 3 are Dirichlet priors.

The maximum a posterior (MAP) estimates of the
topics p(w|t), t = 1...T and the mixture of topics in
documents p(t|d), d =1...D are given by
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Pathology of Learned Topics

Despite referring to the distributions p(w|t) as topics,
suggesting that they have sensible semantic meaning,
they are in fact just statistics that explain count data ac-
cording to the underlying generative model. To be more
explicit, while many learned topics convey information
similar to what is conveyed by a subject heading, topics
themselves are not subject headings, and they some-
times are not at all related to a subject heading.

Since our focus in this paper is studying and evaluat-
ing the wide range of topics learned by topic models, we
present examples of less useful topics learned by topic
models. Note that these topics are not simply artifacts
from one particular model started from some particular
random initialization — they are stable features present
in the data that can be repeatedly learned from different
models, hyperparameter settings and random initializa-
tions. The following list shows an illustrative selection
of less useful topics:

e north south carolina korea korean southern kim daewoo
government country million flag thoreau economic war
... This topic has associated Carolina with Korea via the
words north and south.
friend thought wanted went knew wasn’t love asked guy
took remember kid doing couldn’t kind ... This is a typi-
cal “prose” style topic often learned from collections of
emails, stories or news articles.
google domain search public copyright helping query-
ing user automated file accessible publisher commercial
legal ... This is a topic of boilerplate copyright text that
occurred in a large subset of a corpus.
effect significant increase decrease significantly change
resulted measured changes caused ... This is a topic of
comparisons that was learned from a large collection of
MEDLINE abstracts.
weekend december monday scott wood going camp
richard bring miles think tent bike dec pretty ... This
topic includes a combination of several commonly
occurring pathologies including lists of names, days of
week, and months of year.
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Collections Modeled

We used two document collections: a collection of news
articles, and a collection of books. These collections
were chosen to produce sets of topics that have more
variable quality than one typically observes when topic
modeling collections of scientific literature. A collec-
tion of D = 55,000 news articles was selected from
Linguistic Data Corporation’s gigaword corpus, and a
collection of D = 12,000 books was downloaded from
the Internet Archive. We refer to these collections as
“News Articles” and “Books” throughout the remainder
of this paper.

Standard procedures were used to create the bags-
of-words for the two collections. After tokenization,
and removing stopwords and words that occurred fewer
than ten times, we learned topic models of News Arti-
cles using T' = 50 (7'50) and T' = 200 (7200) topics,
and a topic model of Books using 7" = 400 (7'400)
topics. For each topic model, we printed the set of
T topics. We define a topic as the list of ten most
probable words in the topic. This cutoff at ten words is
arbitrary, but it balances between having enough words
to convey the meaning of a topic, but not too many
words to complicate human judgements or our scoring
models.

3 Human Scoring of Topics

We selected 117 topics from News Articles, including
all 50 topics from the 7'50 topic model, and 67 selected
topics from the 7200 topic model. We selected 120
topics from the 7'400 topic model of Books. To increase
the expected number of useful and useless topics, we
pre-scored topics using our scoring models (described
later) to select a mix of useful, useless, and in-between
topics to make up the sample. We asked nine human
subjects to score each of the 237 topics on a 3-point
scale where 3="useful” and 1="useless”.

We provided a rubric and some guidelines on how
to judge whether a topic was useful or useless. In addi-
tion to showing several examples of useful and useless
topics, we gave the following instructions to people per-
forming the evaluation:

The topics learned by a topic model are usually
sensible, meaningful, interpretable and coherent. But
some topics learned (while statistically reasonable) are
not particularly useful for human use. To evaluate our
methods, we would like your judgment on how “useful”’
some learned topics are. Here, we are purposefully
vague about what is “useful” ... it is some combination
of coherent, meaningful, interpretable, words are
related, subject-heading like, something you could
easily label, etc.

Figure 1 shows selected useful and useless topics
from News Articles, as scored by nine people. For
our purposes, the usefulness of a topic can be thought
of as whether one could imagine using the topic in a
search interface to retrieve documents about a particular



Selected useful topics (unanimous score=3):

space earth moon science scientist light nasa mission planet mars ...

health disease aids virus vaccine infection hiv cases infected asthma ...
bush campaign party candidate republican mccain political presidential ...
stock market investor fund trading investment firm exchange companies ...
health care insurance patient hospital medical cost medicare coverage ...
car ford vehicle model auto truck engine sport wheel motor ...

cell human animal scientist research gene researcher brain university ...
health drug patient medical doctor hospital care cancer treatment disease ...

Selected useless topics (unanimous score=1):

king bond berry bill ray rate james treas byrd key ...

dog moment hand face love self eye turn young character ...

art budget bos code exp attn review add client sent ...

max crowd hand flag sam white young looked black stood ...

constitution color review coxnet page art photos available budget book ...
category houston filed thompson hearst following bonfire mean tag appear ...
johnson jones miller scott robinson george lawrence murphy mason ...
brook stone steven hewlett packard edge borge nov buck given ...

Figure 1: Selected useful and useless topics from
collection of News Articles. Each line represents one
topic.

Selected useful topics (unanimous score=3):

steam engine valve cylinder pressure piston boiler air pump pipe ...
furniture chair table cabinet wood leg mahogany piece oak louis ...
building architecture plan churches design architect century erected ...
cathedral church tower choir chapel window built gothic nave transept ...
god worship religion sacred ancient image temple sun earth symbol ...
loom cloth thread warp weaving machine wool cotton yarn mill ...
window nave aisle transept chapel tower arch pointed arches roof ...
cases bladder disease aneurism tumour sac hernia artery ligature pain ...

Selected useless topics (unanimous score=1):

entire finally condition position considered result follow highest greatest ...
aud lie bad pro hut pre able nature led want ...

soon short longer carried rest turned raised filled turn allowed ...

act sense adv person ppr plant sax genus applied dis ...

httle hke hfe hght able turn power lost bring eye ...

soon gave returned replied told appeared arrived received return saw ...
person occasion purpose respect answer short act sort receive rest ...

want look going deal try bad tell sure feel remember ...

Figure 2: Selected useful and useless topics from
collection of Books.

subject. An indicator of usefulness is the ease by which
one could think of a short label to describe a topic (for
example “space exploration” could be a label for the
first topic). The useless News Articles topics display
little coherence and relatedness, and one would not ex-
pect them to be useful as categories or facets in a search
interface.

We see similar results in Figure 2, which shows se-
lected useful and useless topics from the Books collec-
tion. Again, the useful topics could directly relate to
subject headings, and be used in a user interface for
browse-by-subject. Note that the useless topics from
both collections are not chance artifacts produced by
the models, but are in fact stable and robust statistical
features in the data sets.

Our human scoring of the 237 topics has high
inter-rater reliability, as shown in Figure 3. Each
human score has high agreement with the mean of
the remaining scores (Pearson correlation coefficient
p 0.78...0.81). In the following sections we
present models to predict these human judgements.
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News Avrticles (corrcoef=0.78)

Mean of other scores
N

608 8 68558e°
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Score left out

Books (corrcoef=0.81)

Mean of other scores
N

SR8 560

1 15 2 25 3
Score left out

Figure 3: Inter-rater reliability, computed by leave-one-
out, showing high agreement between the nine humans.

This inter-rater correlation is an upper bound on how
well we can expect our scoring models to perform.

4 Scoring Model I: Pointwise Mutual In-
formation

The intuition behind our first scoring model, pointwise
mutual information (PMI) using external data, comes
from the observation that occasionally a topic has some
odd-words-out in the list of ten words. This leads to
the idea of a scoring model based on word association
between pairs of words, for all word pairs in a topic.
But instead of using the collection itself to measure
word association (which could reinforce noise or un-
usual word statistics), we use a large external text data
source to provide regularization.

Specifically, we measured co-occurrence of word
pairs from two huge external text datasets: all articles
from English Wikipedia, and the Google n-grams data
set. For Wikipedia we counted a co-occurrence as
words w; and w; co-occurring in a 10-word window
in any article, and for Google n-grams, we counted
a co-occurrence as w; and w; co-occurring in any of
the 5-grams. These co-occurrences are counted over
corpora of 1B and 1T words respectively, so they
produce reasonably reliable statistics.

We choose pointwise mutual information as the
measure of word association, and define the following
scoring formula for a topic w:

PMI-Score(w) = median{PMI(w;,w;),ij € 1...10},



Figure 4: Illustration of pointwise mutual information
between word pairs.

o p (wi , Wy )
PMI(w;, w;) = log p(wn)plw;)’
where the top-ten list of words in a topic is denoted
by w = (wi,...,wp), and we exclude the self PMI
case of ¢ = j. The PMI-Score for each topic is the
median PMI for all pairs of words in a topic (so for
a topic defined by the top-10 words, the PMI-Score is
the median of 55 PMIs). Note that if two words are
statistically independent, then their PMI is zero.

Our PMI-Score is illustrated in Figure 4 for a
topic of five words: “music band rock dance opera”.!
Using co-occurrence frequencies from Wikipedia,
we see unsurprising high-scoring word pairs, such
as PMlI(rock,band)=4.5, and PMI(dance,music)=4.2.
Some pairs exhibit greater independence, such as
PMI(opera,band)=1.4. The PMI-Wiki-Score? for this
topic is the median of all the PMIs, or PMI-Wiki-
Score=3.1.

We see broad agreement between the PMI-Wiki-
Score and the human scoring in Figure 5, which shows
a scatterplot for all 237 topics. The correlation between
the PMI-Wiki-Score and the mean human score is
p = 0.72 for News Articles and p = 0.73 for Books
(we define correlation p as the Pearson correlation
coefficient). This correlation is relatively high given
that the inter-rater-correlation is only slightly higher at
p=0.78...0.81.

Using the Google 5-grams data instead of English
Wikipedia for the external data source produces similar
results, shown in Figure 6. In this case, the pointwise
mutual information values are computed using word
statistics from the 1 billion Google 5-grams instead of
2 million Wikipedia articles. The correlations are in a
similar range (p = 0.70...0.78) with a slightly higher
correlation of p = 0.78 for News Articles.

Why does our PMI-Score model agree so well with
human scoring of topics? Our intuition is that humans
consider associations of pairs of words (or the associa-
tion between one word and all the other words) to de-
termine the relatedness and usefulness of a topic. This

'We illustrate using 5 words instead of 10 for simplicity.
2This is the PMI-Score computed using frequency counts from
Wikipedia.
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Figure 5: Scatterplot of PMI-Wiki-Score vs.
human score.
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Figure 6: Scatterplot of PMI-Google-Score vs. mean
human score.

human process is somewhat approximated by the cal-
culation of the PMI-Score.

5 Scoring Model II: Google

In this section we present a second scoring scheme,
again based on a large external data source: this time



the entire World Wide Web crawled by Google. We
present two scoring formulas that use the Google search
engine:

Google-titles-match(w) = 1 [w; = v;],

where ¢ = 1,...,10and j = 1,...,|V], and v; are
all the unique terms mentioned in the titles from the
top-100 search results, and 1 is the indicator function to
count matches; and

Google-log-hits(w) = log(# results from search for w),

where w is the search string “+w; +ws +w3 ... twig”.
We use the Google advanced search option ‘+’ to search
exactly as is and prevent Google from using synonyms.
Our intuition is that the mention of topic words in URL
titles — or the prevalence of documents that mention
all ten words in the topic — may better correlate with a
human notion of the usefulness of a topic.

For example, issuing the query to Google: “+space
+earth +moon +science +scientist +light +nasa
+mission +planet +mars” returns 171,000 results (so
Google-log-hits(w)=5.2), and the following list shows
the titles and URLSs of the first 6 results:

1. NASA - STEREO Hunts for Remains of an Ancient
Planet near Earth (science.nasa.gov/headlines/y2009/...)

2. NASA - Like Mars, Like Earth (www.nasa.gov/audience/

foreducators/k-4/features/...)

3. NASA - Like Mars, Like Earth (www.nasa.gov/audience/
forstudents/5-8/features/...)

4. ASP: The Silicon Valley Astronomy Lectures Podcasts

(www.astrosociety.org/education/podcast/index.html)
5. NASA calls for ambitious outer solar system mission -

space ... (www.newscientist.com/article/...)

6. NASA International Space Station Mission Shuttle
Earth Science ... (spacestation-shuttle.blogspot.com/2009/08/...)

The underlined words show mentions of topic words
in the URL titles, with the first six titles giving a to-
tal of 17 mentions. The top-100 URL titles include a
total of 194 matches, so for this topic Google-titles-
match(w)=194.

We see surprisingly good agreement between the
Google-titles-match score and the human scoring in
Figure 7 for the News Articles (p = 0.78), and a
lower level of agreement for Books (p = 0.52). In the
PMI-Scores there was no clear pattern of outliers in the
scatterplots against the mean human score. However,
we see a definite constraint of the Google-titles-match
score, where there are many topics that received a high
human score, but a low Google-titles-match score.
Table 1 shows selected topics having a high human
score (useful), but a low Google-titles-match score.
The first three topics listed (from News Articles) show
different types of problems. The first topic is clearly
about cooking, but does not mention the word cooking.
Furthermore, it is unlikely that URL titles would
include words such as “teaspoon” or “pepper”, so we
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Figure 7: Scatterplot of Google-titles-match score vs.
mean human score.

are not surprised that Google-titles-match fails to give
this topic a high score. The second topic is mostly
about NASA and space exploration, but is polluted
by the words “firefighter” and “worcester”, which
will severely limit the number of results returned. By
using the median, the PMI-Score of this topic is less
sensitive to these words that don’t fit the topic, but the
Google-titles-match has less hope of producing a useful
list of search results when all ten words are included in
the search query. Topics from Books follow, and we
see a similar problem to the cooking topic from News
Articles, where the words in the topic clearly convey
something semantically coherent, but fail to evoke
URL titles that mention those general terms.

We see less promising results from our Google-log-
hits score, which has relatively low correlation with the
mean human scoring (p = —0.09...0.49), as shown
in the scatterplots in Figure 8. For this scoring for-
mula we observed the reverse of the problem of Google-
titles-match, namely we saw overly favorable scoring of
many topics that received a low human score. Table 2
shows selected topics having a low human score (not
useful), but a high Google-log-hits score. The topics in
this table all exhibit the similar characteristic of all ten
words being relatively common words. Consequently
there exist many web pages that contain these words (is-
suing these topics as queries returned between 250,000
and 10,000,000 results). This behavior of Google-log-
hits and failure to agree with human scoring (in this
case) is relatively easy to understand.



Human Titles-match Topic

2.6 8 cup add tablespoon salt pepper teaspoon oil heat sugar pan ...

2.4 4 space nasa moon mission shuttle firefighter astronaut launch worcester rocket ...
2.3 0 oct series braves game yankees league bba met championship red ...

2.9 25 church altar churches stone chapel cathedral vestment service pulpit chancel ...
3.0 6 cases bladder disease aneurism tumour sac hernia artery ligature pain ...

2.8 23 art ancient statues statue marble phidias artist winckelmann pliny image ...

3.0 3 window nave aisle transept chapel tower arch pointed arches roof ...

2.9 18 crop land wheat corn cattle acre grain farmer manure plough ...

2.8 32 account cost item profit balance statement sale credit shown loss ...

2.9 20 pompeii herculaneum room naples painting inscription excavation marble bronze bath ...
3.0 21 window nave choir arch tower churches aisle chapel transept capital ...

3.0 31 drawing draw pencil pen drawn model cast sketches ink outline ...

Table 1: Disagreement between high human scores and low Google-titles-match scores.

Human log hits Topic

1.0 5.4 dog moment hand face love self eye turn young character ...

1.2 7.0 change mean different better result number example likely problem possible ...
1.2 6.4 fact change important different example sense mean matter reason women ...
1.1 5.9 friend thought wanted went knew wasn’t love asked guy took ...

1.1 5.6 thought feel doesn’t guy asked wanted tell friend doing went ...

1.1 6.1 bad doesn’t maybe tell let guy mean isn’t better ask ...

1.0 6.7 entire finally condition position considered result follow highest greatest fact ...
1.0 6.3 soon short longer carried rest turned raised filled turn allowed ...

1.1 6.1 modern view study turned face detail standing born return spring ...

1.2 6.3 sort deal simple fashion easy exactly call reason shape simply ...

1.1 6.4 proper require care properly required prevent laid making taking allowed ...
1.0 6.7 person occasion purpose respect answer short act sort receive rest ...

1.0 6.1 want look going deal try bad tell sure feel remember ...

1.2 6.3 saw cried looked heard stood asked sat answered began knew ...

Table 2: Disagreement between low human scores and high Google-log-hits scores.

6 Document Similarity

Discovering semantically similar documents in
a collection of unstructured text has practical
applications, such as search by example. Many
studies have been proposed to calculate inter-document
similarity since 1950s. For example, Grangier
and Bengio [2005] use hyperlinks to score linked
documents on the Web higher than unlinked for
information retrieval tasks. Kaiser et al. [2009] use
Wikipedia to find similar documents for a focused
crawler (they also provide a good literature review on
recent approaches that use support vector machines,
latent semantic analysis (LSA), or explicit semantic
analysis). Lee et al. [2005] empirically compare
between three categories of binary, count, and LSA
similarity models over a small corpus of human judged
texts and concluded that evaluation of such models
should occur in the context of their applications.
Humans judge two texts to be similar if they share
the same concepts or topics [Kaiser et al., 2009]. We
use our learned topics from News Articles to find sim-
ilar documents and compare them against count-based
models implemented in a search engine. Our prelim-
inary findings show that if documents contain useless
text — words that are not related to the main topic of
the text or bear no content, such as advertisements —
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then they are likely to be mistakenly considered simi-
lar using document similarity metrics that rely on term
frequencies. Below, we explain our experimental setup
and results.

Count-Based Similarity

We used the Okapi BM25 [Walker et al., 1997] rank-
ing function implemented in the Zettair® search engine.
Similarity scores are based on term frequency and in-
verse document frequencies in a document collection.

Topic-Based Similarity

A document similarity measure using topics was com-
puted using Hellinger distance. For every pair of docu-
ments d; and d; in a collection, and a set T' of learned
topics, Hellinger distance is computed as below:

dist(d;, d;) = %i <\/m \/p(tldj))Q,

(Vo )

Shttp://www.seg.rmit.edu.au/zettair/

1
dist" (d; d;) = 5 >

tcuseful
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Figure 8: Scatterplot of Google-log-hits score vs. mean
human score.

where p(t|d;) and p(t|d;) are probabilities of topics
in documents ¢ and j. We provide two formulas for
Hellinger distance, one based on all topics, and dist*
that uses just the “useful” topics.

Experimental Setup

Fifty documents were randomly selected from News
Articles based on their proportion of useful and useless
topics. An overview of the documents in the collection
based on their percentages of useless text is shown in
Figure 9. Our aim is to improve document similar-
ity calculations on the right tail of this graph where
the documents contain a larger proportion of useless
text which could mislead document similarity methods
that rely on the frequency of terms. We therefore first
extracted those documents that contained at least 30%
useful content (based on PMI-Wiki-Score) and at least
40% non-content text. We then calculated the simi-
larity scores of 50 randomly selected documents from
this subset with other documents in the collection. For
count-based methods, we used each of these 50 full
documents as queries to retrieve a ranked list of simi-
lar documents using the Zettair search engine. For the
topic-based method, two approaches were used: using
all the topics generated for the collection (7'200), and
using useful topics as based on the topics’ PMI-Wiki-
Score.

In a preliminary experiment, a human judge was
presented with original documents and the top most
similar document (Top-1) extracted by each method.
The human judge was not aware of the order of methods
which the documents were retrieved. A simple binary
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Figure 9: Number of documents versus proportion
of usefuless content. 4.3% of documents have more
than 50% useless text and 16.4% have more than 30%
useless text.

scoring of similar or not-similar was used. The criteria
for similarity was the overall subject of the documents,
for example, both being about a specific sport. For 32
of 50 cases (64%), all methods successfully resulted in
documents judged to be similar by the human judge. In
only one case did Okapi outperform both topic-based
methods. Using the useful-topics metric (dist*) led to
94% accuracy against similarity judgements; all topics
(dist) was 88% accurate; Okapi was 70% accurate.
Also, the overlap between the ranked outputs of the
two systems, Okapi and useful topics, was very low:
30% in Top-1 overlapped (the documents were the
same for the both systems).

Figure 10 shows an illustrative example where us-
ing topic modeling, in particular using good topics (i.e.
dist™), outperforms Okapi when the original document
contains a large proportion of non-content text.

While he experiments described in this section are
limited in scope, they constitute an initial investigation
into the task-level effectiveness of topic-based metrics
that ignore “useless” topics. We believe that the results
indicate that, for texts that contain “noise”, identifying
the “useful” topics in a topic model has promising ap-
plications.

7 Conclusion

Evaluation of topic modeling — the analysis of large
sets of unstructured documents and assignment of series
of representative words as topics to clusters of docu-
ments — has hardly been investigated. In particular,
meaning of the topics and human perception of their
usefulness had not been studied before. Here, we inves-
tigated topic modeling evaluation using external data
(Wikipedia documents, Google n-grams, and Google
hits), and compared our proposed methods with human
judgments on usefulness of the topics. According to our
experiments on collections of news articles and books,
a scoring method using pointwise mutual information



Original Document

At last! A biography that skips the
saint-or-sinner debate. As Dusko
Doder and Louise Branson abundantly
document, Slobodan  Milosevic,
almost from the start, epitomized the
Balkan-variety bad seed. The child of
parents who both committed suicide,
Milosevic aligned himself with a
woman who hungered for power to
avenge the ignominious death of her
mother. Milosevic betrayed a college
classmate, a mentor of two decades,
and his next-door neighbor in lunging
to the top of Yugoslavia’s diseased
post-Tito political leadership. ~ And
“Milosevic: Portrait of a Tyrant”...

(gm)

FOR WEDNESDAY AMs

Here are today’s top news stories
from The New York Times News
Service for ally at LaSalle University

for of Wednesday, Dec. 22:
INTERNATIONAL (17 code)
CHINA-INTERNET (Beijing) -

With the ambivalent blessing of the
Chinese government, locally produced
web sites and chat rooms have spread
rapidly here in the last two years,...

RUSSIA-U.S.-AID  (Washington) -
The State Department, invoking a
seldom-used law, may block a $500
million loan package for Russia’s oil

Okapi BM25 (Zettair)

More New Yorkers would vote against
Hillary Rodham Clinton as a U.S.
Senate candidate than vote for her,
a new poll indicates. The survey
by the Zogby International polling
organization shows the probable
Democratic nominee carrying an
“unfavorable rating” of 48.4 percent
among likely voters, as opposed to
her “favorable rating” of 46.3 percent.
It marks the first time the potential
candidate’s statistical negatives have
eclipsed her positives in her still-
undeclared campaign, pollster John
eet, a city councilman in a tight race.
“But I hope you of Utica said Tuesday.

(gm)

FOR WEDNESDAY AMs

Here are today’s top news stories from
The New York Times News Service
for AMs of Wednesday, Dec. 22:
INTERNATIONAL i code)
CHINA-INTERNET  (Beijing) -
With the ambivalent blessing of the
Chinese government, locally produced
web sites and chat rooms have spread
rapidly here in the last two years,...
RUSSIA-U.S.-AID (Washington) -
The State Department, invoking a
seldom-used law, may block a $500
million loan package for Russia’s oil

All Topics

We may be living in a high-tech era
but it still takes a low-tech truck to
deliver something you’ve ordered over
the Internet, which is why Forbes
magazine picked Atlanta-based United
Parcel Service as its “company of the
year.” “With 157,000 ground vehicles,
610 aircraft and $11 billion invested
in technology, UPS moves both atoms
and bits,” says Forbes in announcing
its “platinum list” of “America’s best
big companies.” According to Forbes,
UPS’s role as a shipper of 6 percent
of the nation’s gross domestic product
makes it “the missing link in the
burgeoning world of E-commerce.”

Story Filed By Cox Newspapers (gm)

Here are the stories New York Times
editors are planning for Tuesday,
Dec. 28 Page 1. The NYT frontpage
advisory, with layout description, will
move by 7:30 p.m. ET. The NYT
News Service Night

Supervisor is Pat Ryan (888-
346-9867). ISRAEL-POLITICS
(Jerusalem) - The Shas political party,
which represents Sephardic Jews of
Middle Eastern and North African
descent, announced Monday that
it had decided to quit the coalition
government of Israeli Prime Minister
Ehud Barak.

Useful Topics

The Clinton administration, in a move
intended to bolster opponents of Pres-
ident Slobodan Milosevic, has agreed
to lift economic sanctions on Serbia as
soon as there is a free election there,
senior administration officials said on
Tuesday. The administration had pre-
viously vowed that it would not lift
the sanctions until Milosevic had been
removed from power. But officials
calculate that the new strategy should
allow the Serbian opposition to in-
crease popular pressure on Milosevic,
to call early elections, since holding
a free election would mean an end to
an oil embargo, an air-travel ban and
other sanctions that have weakened an
already devastated Serbian economy.
Secretary of State Madeleine Albright
is expected to make the announcement
Wednesday, but it carries a risk: that
bickering opposition parties would so
fragment the election results that Milo-
sevic might be able to cling to power
or, far less likely, that he would win
outright in the balloting.

Although the constitution of the Yu-
goslav federation of Serbia and neigh-
boring Montenegro does not grant
Milosevic direct power to call new
elections, the reality is that his powers
are dictatorial

sector. By David E. Sanger.
sector. By David E. Sanger...

Figure 10: An example of top ranked similar documents returned by three methods: Okapi scores generated by
Zettair, topic-based similarity using all topics (dist), and topic-based similarity only using useful topics. Using

only useful topics (dist™) produces the best result.

on Wikipedia documents and Google n-grams has great
potential to distinguish useful (or meaningful) topics
from useless ones. This finding is supported by high
correlation between our scoring approaches and human
judgements on the same topics. We also showed a pos-
sible application for distinguished useful topics in ex-
traction of similar documents in a collection.
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Abstract Disassemblers are tools which allow
software developers and researchers to analyse
the machine code of computer programs. Typical
disassemblers convert a compiled program into a
static disassembly document which lists the machine
instructions of the program. Information which would
indicate the purpose of routines, such as comments and
symbol names, are not present in the compiled program.
Researchers must hand-annotate the disassembly in a
text editor to record their findings about the purpose of
the code.

Although running programs can change their layout
dynamically, the disassembly can only show a snapshot
of a program’s layout. If a different view of a program is
required, the document must be recreated from scratch,
making it difficult to preserve user annotations.

In this paper we demonstrate a system which al-
lows a disassembly listing to be refined by user input
while retaining user annotations. Users are able to
dynamically change the interpretation of the layout of
the program in order to effectively analyse programs
which can alter their own memory layout. We allow
users to combine the independent analysis of several
program modules in order to examine the interaction
between modules.

By exploring the obsolete “Poly” computer system,
we demonstrate that our disassembler can be used to
reconstruct and document entire software distributions.

Keywords Digital Libraries, Cognitive Aspects of
Documents, Document Workflow

1 Introduction

The rate of computer hardware and software
development is increasing exponentially. Five
years ago, our desktop computers were all powered by
single-core CPUs. Two years ago, they had dual-core
CPUs. And today, they are likely to have four or eight
cores. The Macintosh series of computers have seen
large architectural changes, switching from Motorola
CPUs to PowerPCs and finally to Intel x86 CPUs.
In successive steps, we have changed our removable

Proceedings of the 14th Australasian Document Comput-
ing Symposium, Sydney, Australia, 4 December 2009.
Copyright for this article remains with the authors.
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storage media from tapes, to 8, 54 and 312 inch floppy
disks, to CD-ROMs, DVDs, Blu-ray, and increasingly,
removable flash-memory based storage. With each
new hardware generation, our old software becomes
obsolete and is either rebuilt or abandoned.

This creates a problem for researchers and
historians. While design manuals can be scanned
and stored accessibly in a digital library, and data
can be retrieved from old media with somewhat
more effort and expense, storing the software from
these old machines in a useful format is an entirely
different problem. Performing analysis on software
which is stored in the library becomes increasingly
difficult with time. This is because a piece of software
cannot be used, examined, or understood in isolation.
Its behaviour is defined by its interaction with the
hardware it was built for. Obsolete hardware becomes
progressively more scarce with time. Preserving old
hardware by building modern replicas requires an
increasingly infeasible amount of effort and resources
as microelectronics become more complex.

If an accurate description of the hardware is pro-
vided or can be discovered, it can be replaced by a
software-based “emulator”. An emulator in this context
is a program which simulates the action of an old hard-
ware platform on (typically many) modern platforms.
In this way, researchers can examine the runtime be-
haviour of old software without having to perform a
costly hardware reconstruction of an old platform.

A second problem is the difficulty of examining the
algorithms and implementation details of obsolete soft-
ware when human-readable source code has been lost
or was never provided. It is also a problem for mod-
ern software. For example, in order to build a new
program which interoperates with an existing program,
some knowledge of the original program’s internal op-
eration is required. Even if the source code for a pro-
gram is available, you may still want to examine the
machine instructions that the compiler generates to en-
sure that the generated instruction sequences are correct
or efficient. Machine code is a more primitive level
of abstraction which can reveal surprising negative per-
formance implications of innocuous-looking high-level
code.

If only the machine code that makes up the com-
piled program is available, it must first be translated



into a more abstract form that humans can understand
so that it can be analysed. A program which performs
this translation is called a “disassembler”. Much of the
information found in the high-level source code of a
program, including comments and the names of vari-
ables and routines, is lost in the compilation process.
To understand a compiled program, a researcher must
recover this lost information. They can achieve this by
inspecting the disassembly listing with reference to the
behaviour of the running program. They can then share
their findings with other researchers by annotating the
disassembly.

Several factors make this process difficult. The
disassembler’s interpretation of the program must be
dynamically altered to analyse programs which can
change their layout at runtime. In order to change
the interpretation of the program, the disassembler
must be re-run. This creates a new, independent
disassembly document, which makes it difficult to
preserve annotations that the researcher has already
made.

Even if a program does not change its layout dy-
namically, the researcher must still frequently change
the disassembler’s interpretation of the program. This is
because the disassembler cannot distinguish code from
data in the compiled program with perfect accuracy.
Human judgements are required to correct the disas-
sembler’s mistakes.

In order to allow researchers to effectively
document entire programs, software support is required
to assist the user in navigating and imposing structure
on large disassembly documents, but this is not
provided with a traditional disassembler. Although
programs being analysed are often composed of several
related modules which can be examined independently,
disassemblers typically do not provide any way
of linking disassemblies together in order to share
information about interacting modules.

In this paper, we will present our disassembly, de-
bugging and emulation system which we used to re-
construct and document the software and hardware of
the “Poly” computer system. We will show that our
disassembler can solve the problems inherent in docu-
menting the software of the Poly by using it to create a
digital Poly software library which researchers will be
able to examine long into the future.

2 The Poly computer system

The Poly was a computer system developed in New
Zealand in the early 1980s. It was comprised of a server
computer called the ‘“Proteus” with a series of fat-client
“Poly” machines attached by a token ring network. It
was designed to be used in a classroom setting where
a teacher would set work on the server computer to
be distributed to each student’s computer. When the
students finished their work, their results would be sent
back to the server computer to be saved to disk. The
server and the client machines had similar architectures.
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In one prototype, a client could be turned into a Proteus
server with the addition of a disk drive. The computers
can be seen in Figure 1.

The Poly never gained much ground in the computer
market and few machines were produced. Although the
Poly demonstrated innovative technologies and ideas,
and is an important part of New Zealand’s computing
history, little is now known about it. In particular, the
Poly’s networking capabilities were far ahead of con-
temporary computers, and it was provided with inno-
vative classroom software to take advantage of those
features. But with only a couple of working Polys in
existence and little surviving documentation, the exact
functionality of the software is largely a mystery.

In order to make the Poly’s software available to re-
searchers, we would have to document it in a form that
would be useful long after the last Poly stops operating.

3 Disassembly

48A6 34 14 PSHS X,B ;Ref from $CD39
48A8 8E 5B 19 LDX #$5B19
48AB C6 05 LDB #$5
48AD E7 80 STB ,X+
48AF 35 04 PULS B
48B1 E7 80 STB ,X+
48B3 35 20 PULS Y
48B5 EC A4 LDD ,Y
48B7 ED 84 STD ,X
48B9 8E 5B 19 LDX #$5B19
48BC 10 8E 00 04 LDY #$04

Figure 2: A fragment of a disassembly listing

A tool called a “disassembler” examines a program
binary (that is, the machine code that the computer will
execute, not the source code which is used to generate
it) and creates a text file called a disassembly listing.
A disassembly listing shows the machine code instruc-
tion that appears at each memory address within the
program as a human-readable mnemonic code. It also
shows the data stored inside the program, such as the
text of string literals or numeric literals from the source
code.

Figure 2 shows a fragment of a program disassem-
bly for the Poly’s Motorola 6809 CPU[8]. The left-
most element is the memory address of the disassem-
bled instruction. Next is a hexadecimal representation
of the machine code that the CPU will execute. Fi-
nally, a human-readable interpretation of the machine
code is displayed. The first part of the instruction is a
mnemonic which represents the instruction being per-
formed (for example, PSHS is an instruction to push a
value onto the stack). Any arguments to the instruc-
tion follow the mnemonic. X, B and other symbols
refer to registers on the CPU and values starting with
a hash symbol are numeric literals. There is effectively
a one-to-one mapping between the machine code and
the mnemonic representation shown to the researcher.



(a) Two Poly client machines sit side-by-side

(b) A Proteus server and its CPU and memory board (inset)

Figure 1: The key components of the Poly system

There are two major difficulties in building a useful
disassembler program. The primary difficulty is that it
is impossible in general to automatically decide which
parts of the program binary are data and which parts are
code which will be executed. This problem is equiva-
lent to the halting problem[5]. Because of this, disas-
semblers must sometimes guess where a machine in-
struction begins in memory and so will make some in-
correct guesses. Wrong guesses might identify the be-
ginning of a sequence of instructions at the wrong off-
set (so that the interpretation of the sequence begins
halfway through a machine instruction, generating in-
correct output,) or incorrectly identify data as code or
vice versa, which hampers correct interpretation of the
program. Some code locations can not be identified
because their addresses are computed at runtime by the
program in a way that the disassembler cannot predict.
For example, a program may read the address of the
routine to execute from an external file.

The second difficulty is encountered when
analysing software that was built for small systems
like the Poly. Like many computers of its time, the
Poly had more physical memory available than it could
simultaneously address. Its CPU’s memory address bus
is 16-bits wide, allowing it to address 64kB of virtual
memory at any one time. The Poly has 128kB of
physical RAM plus 8kB of BIOS and memory-mapped
peripherals. Software on the Poly dynamically changes
the mapping of the 8kB virtual memory pages to the
128 + 8kB physical address space by changing the
entries in a memory map.

In Figure 3, a 16-bit virtual memory address is
translated into a 17-bit address in physical memory in a
series of steps. In “protected” mode (operating system
mode), some addresses are directed to hardware and
the BIOS. Otherwise, the three most-significant bits of
the virtual address are combined with a bank-select bit
and used as an index into the programmable memory
map. The memory map replaces the three higher bits
of the virtual address with four bits of its own, creating
a 17-bit address in physical memory.
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Figure 3: A virtual memory address is translated using
the memory map into a physical address

With a traditional disassembler, the researcher
would have to disassemble the program once for
every memory mapping they wanted to examine,
and maintain the different disassembly listings
independently, even when information should be
shared between them. The same physical memory page
can even appear in virtual memory in more than one
place simultaneously, making it difficult to manually
keep annotations consistent and up to date.

Many small-CPU based systems, including systems
of about the Poly’s age, use dynamic memory maps to
overcome the limitations of restrictively small address
spaces. For example, the Apple //e[9], ZX Spectrum
128[1] and Commodore 128[6], which, like the Poly,
have 16-bit address busses and can support 128kB or
more of memory. Software written for 16-bit operating
systems such as MS-DOS on more modern PCs or soft-
ware for embedded systems also use this technique. To
effectively analyse these systems, a new kind of disas-
sembler is required.

4 Background

Disassemblers are available for nearly every platform.
Disassembly tools are available in two main contexts:
As a static disassembler tool to examine stored pro-
grams on disk, or dynamic disassemblers which exam-
ine snapshots of running programs.



4.1 Static analysis

The tool “objdump”[2] typifies static disassembly
tools. A binary program on disk is provided as input
to objdump, and the output is a disassembly listing
document.

The generated listing may be explored and anno-
tated with a simple text editor, but this approach has
two serious disadvantages. Firstly, a text editor treats
the disassembly as unstructured text and so can offer
very little software support for common annotation op-
erations. It will not offer cross-referencing support, so
any references that the code makes to other parts of
the program must be followed manually. If the analyst
gives a descriptive label to a block of code, that label
will not be propagated to the places where the code is
called. The analyst cannot effectively experiment with
different interpretations for data stored in the program.
For example, to reinterpret a number as signed or un-
signed will require the researcher to manually convert
the number using some other tool, or re-run the disas-
sembler to create an entirely new disassembly. These
problems dramatically slow down analysis and make
understanding the program much more difficult.

Secondly, a static disassembler cannot always cor-
rectly distinguish code from data in the analysed pro-
gram. For example, the code may include a jump whose
target is an address which is computed at runtime. This
is common in object-oriented code, where the address
of a virtual method must be looked up in an object’s
virtual address table. In procedural code, this technique
is more likely to be used with a jump table—a table of
routine addresses that selected from at runtime, often by
an equivalent of the “switch” statement in C. Data-flow
analysis techniques could be used to discover the targets
for some of these computed jumps[4]. For instance, the
instruction sequence LDX #0x5B19 / JMP X (storing
the value 0x5B19 into the register X, followed by a jump
to the value stored in X) is clearly a jump to the location
0x5B19. Even so, some jumps are computed in a way
that no disassembler could possibly understand (e.g. by
using data available at runtime which is not present in
the image being disassembled, such as data contained
in a message received on the network.)

The disassembler might identify a jump with a
known target which in fact points to data, not code. If
the Poly jumped to that location, it would likely have
unexpected results, perhaps crashing. If we assume
that the the Poly code does not crash, it is reasonable
to assume that it does not take bad jumps. There are at
least two possible causes of this situation.

It may be impossible for the flow of execution
to ever reach the jump, so the bad jump is never
executed in practice. For instance, a program might
check the state of a “debugging mode flag”, and, based
on the value it finds, jump to some logging routine
which ended up being cut from the final binary. The
debugging mode flag is never set in delivered software
so the bad jump is never taken.
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The jump may have a definite target, and be taken
at runtime, but the target of the jump which is stored in
the instruction is overwritten at runtime before the jump
is ever called. This is seen on modern architectures.
A module of code (such as a Windows dynamic-link
library or a Unix shared object) which a program uses
may be dynamically loaded at an unpredictable position
in its address space. To be able to call routines from the
module, the program needs to know their addresses. To
achieve this, an “import table” is generated in the ap-
plication. The import table consists of a series of stubs.
The stubs are small routines which contain a jump to
an address which is initially some default value (NULL).
When the library is loaded, the memory locations of
its routines are discovered and used to rewrite the code
in the import table. To call an imported routine from
within the program, a call to the stub is made some time
after the library is loaded. Calling the routine before the
library is loaded results in undefined behaviour.

In order to correct code which has been misidenti-
fied as data, or vice-versa, the user must run the disas-
sembler again with that new information. This produces
an entirely independent disassembly listing which must
then be manually merged with the listing the user has
annotated. This is an error-prone and tedious process.
The user is unlikely to want to experiment with differ-
ent interpretations of a memory address, because each
experiment is so costly to run in terms of user effort.

4.2 Dynamic analysis

A debugger like the free tool “gdb”[7] is designed to
allow the user to inspect and interact with running pro-
grams. If no debugging information or source code is
provided which would allow it to show the high-level
code that corresponds to the running machine code, it
uses an embedded disassembler to show the disassem-
bly of the code that is currently executing.

This approach has several advantages. Code can be
distinguished from data with certainty, since the debug-
ger only needs to show the disassembly for instructions
which are currently executing or have previously exe-
cuted. The user can have the debugger interpret any
memory location in multiple ways. For example, they
could view one location as both an array of integers and
an array of characters, and discover that the data only
makes sense when interpreted as an array of integers.

The analyst can interact with the running program
to see what inputs a piece of code receives, or precisely
what action it takes as a result. The running program
may be modified by the analyst to explore areas of code
that would not normally execute. For example, they
can force the code to follow an error-handling branch
in order to examine that mechanism, even if they do not
know what inputs to the program are needed to cause
the error to be triggered in normal execution.

The main disadvantage of this approach is that the
user is typically unable to add any annotations to the
disassembly. If they discover the purpose of a routine,



they cannot give it a human-readable label which would
allow it to be understood the next time it is encountered.
Even if annotations are supported, the debugger will not
provide any way to save them and load them again later,
since it has no expectation that the memory layout of the
program will be similar the second time the program is
run. Analysis with a debugger is ephemeral, it cannot
be effectively used to produce a document which could
record the user’s findings to be shared with other re-
searchers.

4.3 Interactive disassembly

Traditional disassemblers are frequently used in situa-
tions where the disassembly is only useful for a short
amount of time, like a single session, and saving an-
notations is less important. For example, a common
task for a traditional disassembler is examining the ma-
chine code generated by a procedure in a high-level
language to diagnose performance or code generation
issues. Since they are typically used to examine a pro-
gram which is currently in development (and therefore
changing dramatically from a machine code perspec-
tive), the ability to save annotations is not valuable.

If a disassembly listing is to be modified and ex-
amined over an extended period of time (i.e. several
analysis sessions), or shared with other people, it must
be able to change dynamically as more information is
discovered by a human researcher. The researcher will
work with the disassembler to analyse a program. This
is the approach that we decided to take with our own
disassembler.

The only interactive disassembler that we are aware
of in common usage is IDA[3]. But IDA does not sup-
port the dynamic memory model of the Poly. While it
supports debugging live code for some targets, it does
not integrate with our Poly emulator.

5 Id, the interactive disassembler

To assist our reconstruction of the Poly platform, we
developed “Id”, an interactive disassembler which sup-
ports the Poly’s CPU and binary layouts. Id is an ap-
plication for Windows with a Graphical User Interface.
The main pane of Id is the disassembly listing. Sur-
rounding the listing are panels that give extra informa-
tion about the binary being disassembled. For instance,
one panel is a list of all of the symbol names created so
far in the image. Id can be seen in Figure 4.

To support the changing layout of programs on the
Poly, all of the items that Id identifies in its disassem-
bly are tagged with the physical address that they are
stored at, not the virtual memory addresses that they
appear at with one possible memory mapping. This
allows the user to change the virtual memory map while
they are examining the disassembly, and have the dis-
assembly listing change dynamically to reflect the new
interpretation of the program’s layout. This approach
works well with the Poly because code and resources on
this platform typically have a fixed location in physical
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memory. On systems with address spaces larger than
the amount of physical memory available, like modern
32- and 64-bit computers, the reverse tends to be true.
Programs move around in physical memory but stay in
a fixed position in virtual memory.

Initially, no code has been identified in the image
(it is all considered to be data). To begin the disassem-
bly process, you must identify the start of a machine
instruction in the image. The CPU has to perform the
exact same task when the Poly boots. The CPU begins
by reading an address from an interrupt table at a fixed
location in memory, which is called the “reset vector”.
This is the location where execution begins after boot.
Id begins disassembly at this point. If the instruction at
the reset vector is a jump to a different location, Id can
follow the jump and recursively identify code there. If
the instruction is not a jump, execution will continue
to the next location in memory, so Id identifies an in-
struction there. Following jumps from the entry points
defined in the interrupt table identifies much of the code
in the image—around 60% for the Poly’s BIOS. The
remainder of the code is often interrupt handlers whose
address is determined at runtime in a fashion that is
currently too difficult for Id to discover.

To assist Id, the user can create new entry points
(the beginnings of instruction sequences) at any time.
Id automatically adds disassembly for those previously-
unidentified locations to the disassembly listing. If the
disassembler has wrongly identified data as code, the
user can convert it back to data.

While the physical representation of the data in the
program is known from the disassembly, the informa-
tion that the data encodes cannot always be inferred au-
tomatically. For example, Id knows that the operands of
instructions which specify the targets of read or writes
to memory locations are memory addresses. It can use
syntax colouring to distinguish these addresses from
other numeric literals found in the program. When pos-
sible, the symbolic name that the user has given to the
target address is shown in place of the raw address.

However, operands to instructions which are merely
stored into registers or into memory locations have no
special meaning defined by the instruction set. Id al-
lows the user to experiment with different interpreta-
tions of the data in order to discover what information
the data is encoding. For example, Id can interpret data
as strings, arrays, addresses, or numeric types of vari-
ous sizes and formats. As even simple operations such
as adding a constant to a number stored in a register can
have multiple reasonable meanings, this user-directed
assistance is crucial to documenting the purpose of the
program. For example, the machine code and effect
of subtracting 16 from a number stored in a register is
identical to that of adding 65520 (0OxFFFO in hexadec-
imal notation). But these two operations suggest very
different purposes for the code being disassembled. In
the first case, the program may be accessing data that
appears immediately before a previously-computed ad-
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Figure 4: 1d’s main GUI with the Proteus operating system loaded for disassembly. Andrew Trotman’s comments
appear after semicolons. All names in the disassembly are user-entered.

dress. This is the pattern expected if the program is
iterating over an array of elements whose size is 16-
bytes in reverse order. In the second case, the code may
be calculating the location of a dynamically-determined
field of a structure which is located at the fixed address
OxFFFO. This is the pattern expected if the program is
looking up the current location of one of the installed
interrupt routines (as the interrupt-vector table is lo-
cated at OxFFF0). By specifying the signedness of the
operand, the user can disambiguate these two cases.

5.1 Annotation

Id is a hypertext document system. The start of each
routine or piece of data can be given a title by the user.
Id then provides a “names” pane, which lists every ti-
tle in the program, sorted by module. This structured
outline allows the document to be navigated rapidly.
References to memory locations found in the code,
such as the targets of jumps or the targets of memory
reading instructions, are shown as hyperlinks. The user
can double click on the hyperlink to jump directly to
its target. If there is a user-supplied title at the target
location, it is shown as the anchor text in the disas-
sembly in preference to the target’s raw memory ad-
dress. The user can further describe the purpose of a
location by adding an extended comment to the title.
This extended comment becomes the default comment
which appears automatically at all referral sites. The
user can edit the comment at a referral site in order to
record the exact way that the target is being used. For
example, the researcher might label a memory location
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as “num_clients”, and provide the extended comment
“number of Poly clients currently connected” to clar-
ify the meaning of the location. A comment at a re-
ferring site which increments this value might then be
customised: “record newly-attached client”.

As the user adds labels to locations in the mem-
ory map, the propogation of these labels to referring
sites makes the meaning of previously unexplored code
clearer. The analysis process shows a “jigsaw-like” ef-
fect. As with a jigsaw, a series of interlinked pieces
meet at common interfaces. As the jigsaw is completed,
the possible shape and location of the unplaced pieces
is futher and further constrained. This implies that the
initial analysis—discovering the large-scale structure of
the program—is the most difficult phase, with analysis
becoming more rapid as the final “pieces” are placed.

Id’s hyperlinks are bidirectional. The user can select
a title and discover all of the links which point to it
by using Id’s “cross-references” window. Id helps the
user choose interesting referrers for further analysis by
showing some context from each incoming link (the
closest few instructions and comments). By examining
a routine’s referrers, the researcher can determine (by
trial and error) what kind of inputs will be provided to
the routine and what sort of return value is expected in
response. Examining referrers is critical to discovering
the purpose of a target routine or memory address.

If the memory map changes, the names of the
targets of links in the code are updated accordingly.
In protected mode, a call to a routine at the address
0xF030 might send instructions to hardware to print



text to the display. But in unprotected mode, a different
routine will reside at that address. It could also be a
line-printing routine, but it might first copy the user’s
text to a buffer area before switching to protected mode
to call the BIOS’s line-printing routine. Id allows calls
to these two routines to be distinguished by allowing
them to have different names.

Broken hyperlinks, which are links that point to lo-
cations which do not currently exist in the disassem-
bly, are highlighted for the user. The presence of a
broken link could indicate that the target has not yet
been loaded from disk, or that the memory map is ex-
pected to change before the link will be accessed by the
program. This highlighting is particularly valuable for
discovering the connections between loadable modules
of code.

While the user can instruct Id to reinterpret a lo-
cation of the disassembly, the text of the disassembly
listing itself cannot be directly edited by the user. This
allows Id to ensure that the disassembly listing always
corresponds precisely to the machine code. In fact, the
listing could be used to reconstruct the original binary
program. Id does allow comments to be added to any
line of the disassembly as the purpose of routines are
discovered. Once a piece of code has been understood,
adding a comment allows the purpose of the sometimes
confusing assembly to be shared with other researchers.

5.2 Modules

Disassembly will typically be performed on a “mod-
ule”. A module is a set of code and data which is
tightly bound together. For instance, one module might
be the Poly’s BIOS, which is the code that controls
the interaction between the hardware and the software.
This code is stored in permanent memory chips on the
motherboard and appears in the Poly’s virtual address
space when it enters “protected mode”. Another mod-
ule might be a boot sector read from a floppy disk. Id
understands the format of the Poly’s file system and
programs, so it can simulate the action of the Poly’s pro-
gram loader and load a program from disk as a module
into the correct physical memory locations for analysis.

There are substantial cross-references between
modules, so the analysis of one module can be used
to understand a different module. For example, the
BIOS is responsible for loading the boot sector from a
floppy disk, then it transfers control to the boot sector
program. By disassembling the BIOS, the entry-point
of the boot sector’s code can be discovered. In a
traditional system, the disassembly document of each
module is independent so there is no inter-module
linking.

To support the analysis of large systems, Id’s
module system allows multiple disassemblies which
were created independently to be composed to
appear as one coherent document. For instance,
one disassembly might be the Proteus’s operating
system and BIOS. Another disassembly might be the
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Poly’s operating system and BIOS. If you created a
disassembly of a text editor program, you could choose
to either link to the disassembly of the Poly’s operating
system (to examine the program’s effect on the Poly),
or link with the Proteus’s operating system (to examine
the program’s effect on the Proteus.) This linking
can be easily changed while you are disassembling.
The gutter of the disassembly pane is colour-coded to
show the module that a line of code belongs to. Cross-
module references are dynamically resolved based on
the current selection of modules. New information
identified about linked modules is automatically used
to update those documents when the parent document
is saved. This system allows reuse of disassembly
information—the information you discover about the
operating system while analysing a text editor program
is made available when examining the interaction
between a database program and the operating system.

The module system allows the user to document an
entire operating system and its attendant application
suite as a set of linked disassemblies.

5.3 Debugging

A goal of Id was to unify the capabilities of static and
dynamic disassemblers. Id includes a debugger which
can attach to a running instance of our Poly emulator.
This allows the runtime behaviour of a disassembled
program to be examined. It also allows the creation
of new disassemblies based on code which is loaded
in memory at runtime from unknown sources. For ex-
ample, the applications on the client Poly machine are
loaded from the server across the network. Using the
debugger, a copy of a network-loaded application can
be dumped from the client for later analysis.

The debugger integrates with the disassembler
tightly. For example, the debugger observes the
instructions which are executed at runtime in order to
discover the location of code in the image which it
could not have discovered with a static analysis of the
program on disk. The identified code is automatically
merged into the document that the user has already
created. The user is notified if the newly-identified
code is inconsistent with previous disassembly. For
example, if a newly-identified instruction lies within
a previously-defined instruction (which is vanishingly
rare in valid code), the user is asked to decide which
interpretation to accept.

By using the debugger, the user can discover cross-
references at runtime which cannot be discovered with
static analysis. For example, the user can set break-
points which pause execution when a certain memory
location is read to or written from. When the break-
point is triggered, the user has identified a link which
references their memory address. This is particularly
useful in debugging the behaviour of hardware devices
(which appear at virtual memory addresses in the Poly’s
memory map).
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Figure 5: Emulated Poly machines

In Figure 4, the debugger has been attached to an
emulator which is simulating the Proteus server. A
breakpoint has been placed in part of a network routine.
Execution will automatically pause at that point if the
Proteus executes that instruction, allowing the user to
inspect the contents of memory and the CPU registers.
In Figure 5, two Poly clients with attached debuggers
are executing programs delivered by the Proteus server.

6 Conclusions

We used the dynamic document features of our interac-
tive disassembler system, Id, in our analysis and reverse
engineering of the Poly. By using it, we were able
to investigate the Poly’s networking code in order to
to solve timing and hardware issues in our emulator.
Our Poly emulator is now able to successfully emulate
a Poly client attached to an emulated Proteus server.

The disassemblies that we created with Id will form
the basis of a online library of information about the
Poly’s software and hardware. Because Id allows re-
searchers to link and share information between their
new disassemblies and our existing disassemblies of the
operating system, BIOS, and other system utilities in
our library, analysis of the Poly system can be achieved
more rapidly and easily than with any other competing
disassembly system.

The documents produced all contribute to a
long-lasting store of knowledge about the Poly.
The disassemblies are in a format that is readable
even without using Id. They consist of plain-text,
human-readable disassembly listings similar to what
Id displays in its main pane, stored inside “zip”
compressed archives. This ensures that the information
discovered with Id will be accessible long into the
future.
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Our disassembler’s Poly-specific knowledge is seg-
mented from its dynamic document engine, so it is rel-
atively easy to add support for more processors and
architectures. This makes Id a very flexible tool for the
disassembly and documentation of small systems.
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Abstract Association rule mining is one technique
that is widely used when querying databases, especially
those that are transactional, in order to obtain useful
associations or correlations among sets of items. Much
work has been done focusing on efficiency, effectiveness
and redundancy. There has also been a focusing on the
quality of rules from single level datasets with many
interestingness measures proposed. However, with
multi-level datasets now being common there is a lack
of interestingness measures developed for multi-level
and cross-level rules. Single level measures do not
take into account the hierarchy found in a multi-level
dataset. This leaves the Support-Confidence approach,
which does not consider the hierarchy anyway and has
other drawbacks, as one of the few measures available.
In this paper we propose two approaches which
measure multi-level association rules to help evaluate
their interestingness. These measures of diversity and
peculiarity can be used to help identify those rules from
multi-level datasets that are potentially useful.

Keywords Information Retrieval, Interestingness
Measures, Association Rules, Multi-Level Datasets

1 Introduction

Association rule mining was first introduced in [1]
and since then has become both an important and
widespread tool in use. It allows associations between
a set of items in large datasets to be discovered and
often a huge amount of associations are found. Thus in
order for a user to be able to handle the discovered rules
it is necessary to be able to screen / measure the rules
so that only those that are interesting are presented to
the user. This is the role interestingness measures play.
In an effort to help discover the interesting rules, work
has focused on measuring rules in various ways from

Proceedings of the 14th Australasian Document Comput-
ing Symposium, Sydney, Australia, 4 December 2009.
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both objective and subjective points of view [3] [8].
The most common measure is the support-confidence
approach [1] [2] [6], but there are numerous other
measures [2] [3] [6] to name a few. All of these
measures were proposed for association rules derived
from single level or flat datasets, which were most
commonly transactional datasets. Today multi-level
datasets are more common in many domains. With this
increase in usage there is a big demand for techniques
to discover multi-level and cross-level association
rules and also techniques to measure interestingness
of rules derived from multi-level datasets. Some
approaches for multi-level and cross-level frequent
itemset discovery (the first step in rule mining) have
been proposed [4] [5] [10]. However, multi-level
datasets are often a source of numerous rules and in
fact the rules can be so numerous it can be much more
difficult to determine which ones are interesting [1]
[2]. Moreover, the existing interestingness measures
for single level association rules can not accurately
measure the interestingness of multi-level rules since
they do not take into consideration the concept of the
hierarchical structure that exists in multi-level datasets.
In this paper as our contribution we propose measures
particularly for asessing the interestingness of multi-
level association rules by examining the diversity
and distance among rules. These measures can be
determined during rule discovery phase for use during
post-processing to help users determine the interesting
rules. To the authors’ best knowledge, this paper is the
first attempt to investigate the interestingness measures
focused on multi-level datasets.

The paper is organised as follows. Section 2
discusses related work. The theory, background and
assumptions behind our proposed interestingness
measures are presented in Section 3. Experiments and
results are presented in Section 4. Lastly, Section 5
concludes the paper.
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2 Related Work

For as long as association rule mining has been around,
there has been a need to determine which rules are in-
teresting. Originally this started with using the concepts
of support and confidence [1]. Since then, many more
measures have been proposed [2] [3] [6]. The Support-
Confidence approach is appealing due to the antimono-
tonicity property of the support. However, the support
component will ignore itemsets with a low support even
though these itemsets may generate rules with a high
confidence (which is used to indicate the level of inter-
estingness) [6]. Also, the Support-Confidence approach
does not necessarily ensure that the rules are truly in-
teresting, especially when the confidence is equal to the
marginal frequency of the consequent [6]. Based on this
argument, other measures for determing the interesting-
ness of a rule is needed.

Broadly speaking, all of these existing measures fall
into three categories; objective based measures (based
on the raw data), subjective based (based on the raw
data and the user) and semantic based measures (based
on the semantic and explanations of the patterns) [3].

In the survey presented in [3] there are nine criteria
listed that can be used to determine if a pattern or rule
is interesting. These nine criteria are; conciseness, cov-
erage, reliability, peculiarity, diversity, novelty, surpris-
ingness, utility and actionability or applicability. The
first five criteria are considered to be objective, with the
next two, novelty and surprisingness being considered
to be subjective. The final two criteria are considered to
be semantic.

Despite all the different measures, studies and
works undertaken, there is no widely agreed upon
formal definition of what interestingness is in the
context of patterns and association rules [3]. More
recently several surveys of interestingness measures
have been presented [3] [6] [7] [8]. One survey [8]
evaluated the strengths and weaknesses of various
measures from the point of view of the level or extent
of user interaction. Another survey [7] looked at
classifying various interestingness measures into five
formal and five experimental classes, along with eight
evaluation properties. However, all of these surveys
result in different outcomes over how useful, suitable
etc., an interestingness measure is. Therefore the
usefulness of a measure can be considered to be
subjective.

All of these measures mentioned above are for rules
derived from single level datasets. They work on items
on a single level but do not have the capacity for com-
paring different levels or rules containing items from
multiple levels simultaneously. Our research has found
that up to now, little work has been done when it comes
to interestingness measures for multi-level datasets that
can handle items from muliple levels within one rule or
rule set.

Here in our work we propose to measure the inter-
estingness of multi-level rules in terms of diversity and

peculiarity (also known as distance). These measures
were chosen as they are considered to be objective (rely
on just the data).

3 Concepts and Calculations of The Pro-
posed Interestingness Measures

In this section we present the key parts of the theory
and background and formula behind our proposed mea-
sures. We also present the assumptions we have made
for our measures.

3.1 Assumptions and Definitions

Here we outline the assumptions we have made. Figure
1 depicts an example of the general structure of a multi-
level dataset. As shown, there is a tree-like hierarchi-
cal structure to the concepts or items involved in the
dataset. Thus items at the bottom are descendant from
higher level items. An item at a higher level can contain
multiple lower level items.

Fiction (Books)

Science Fiction 1-%-% Fantasy 2-*-*

Futurstic 1-1- Retro 1-2-* Epic 2-1-7 Magic 2-2-*

Lord O The Chranicles

Star Trek  Battlestar Galactica
1-1-1 1-1-2 The Rings 2-1-1 OfMarnia 2-1-2

Figure 1: Example of a multi-level dataset.

With this hierarchy we have made the two following
assumptions.

1. That each step in the hierarchy tree is of equal
length / weight. Thus the step from 1-*-* to 1-
1-* is of equal distance to the step from 2-*-* to
2-1-* or 1-1-* to 1-1-1.

2. That the order of sibling items is not important
and the order could be changed (along with any
descendants) without any effect.

3. That each concept/item has an ancestor
concept/item (except for the root) so that no
concepts/items or group(s) of concepts/items are
isolated from the rest of the hierarchy.

Before presenting our proposed measures we firstly
define several terms and formula used.

e ny and ny: represent two items / concepts in the
multi-level dataset.

e ca: (common ancestor) is the closest item that is
an ancestor to both n; and no.

o TreeHeight: is the maximum number of items on a
path in the multi-level dataset (not counting root)
from the root to a item located at the lowest con-
cept level.

e /i represents the entire multi-level dataset hierar-
chy.
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e Hierarchy level of an item: the hierarchy level of
the root is 1. The hierarchy level of an item in the
dataset is larger than the level of its direct parent
by 1.

o Number of Levels Difference:

NLD(z,y) = |hierarchylevel of z —

)

is the number of hierarchy levels difference be-
tween items x and y.

hierarchy level of y |

3.2 Diversity

Here we define a diversity measure for multi-level as-
sociation rules which takes items’ structural informa-
tion into consideration. The diversity defined here is a
measure of the difference or distance between the items
within a rule, based on their positions in the hierarchy.
Two different aspects of the items in a rule are consid-
ered to measure the diversity of the rule.

1. Hierarchical relationship distance (HRD) between
items.

2. Concept level distance (LD) between items.

We propose that the diversity of a rule can be mea-
sured using two different approaches. The first, mea-
sures the overall diversity of a rule by combining the
items in the antecedent with the items in the consequent
into a single set. If the items within this combined
itemset are very different, then the rule will have a high
overall diversity, regardless of whether the items were
from the antecedent or consequent.

Let R be a rule with n items and Dpg denotes the
overall diversity of R, the diversity of R can be deter-
mined as follows:

a Z;L:_ll Z?:i-u HRD(i, j)

Dor = n(n—1)
BT Yy LD, )
@)
n(n—1)

The second, measures the diversity between the
items in the antecedent and those in the consequent.
Those rules which have a high difference between their
antecedent itemsets and consequent itemsets will have
a high antecedent-consequent diversity. However, this
approach does not consider the difference between
items within the antecedent and/or consequent like the
overall diversity approach.

Let Rbearule R : A — C, with n items in A
and m items in C and D cr denotes the antecedent
to consequent diversity of R, the diversity of R can be
determined as follows:

02 315 S5ty HRD(, j)
n(n —1)
2 Z?;11 Z;n:1 LD(i, j)
n(n —1)

Dacr =

3

Where « and 3 are weighting factors such that o +
[ = 1. The values of o and 3 need to be determined
experimentally and for our experiments are both set at
0.5. Equation 2 & 3 consists of two parts, the average
hierarchical relationship distance and the concept dis-
tance among the items in the rule, respectively. In the
following subsections we will define the two aspects in
detail.

3.2.1 Hierarchical Relationship Distance

The HRD of two items measures how close two items
are in terms of a hierarchical relationship from a com-
mon ancestor item (or root). The further apart they are
in a hierarchical relation; that is the greater the number
of concept levels difference between two items and their
common ancestor, the more diverse the two items are
and the more diverse the rule will be.

Here for the HRD component, diversity is inversely
related to the closeness of items in terms of a hierar-
chical relationship. The closer the two items are, the
less diverse they are. The further / more distant the
relationship, the more diverse. For maximum HRD di-
versity the two items need to have no common ancestor
and both be located at the lowest concept level in the
dataset.

HRD focuses on measuring the horizontal (or
width) distance between two items. Usually the greater
the horizontal distance, the greater the distance to a
common ancestor and therefore the more diverse the
two items are. Due to the second assumption, we
can not measure the horizontal distance without also
utilising the vertical (height) distance.

Thus to determine the Hierarchical Relationship
Distance (HRD) component of the diversity the
following is proposed:

(NLD(ny,ca) + NLD(ng, ca))
HRD =
(n1,n2) 2 x TreeHeight

“)

The Hierarchical Relationship Distance between
two items is defined as the ratio between the average
number of levels between the two items and their
common ancestor and the height of the tree. Thus
if two items share a direct parent, the HRD value
of the two items becomes the lowest value which
is 1/TreeHeight, while if the two items have no
common ancestor or their common ancestor is the
root, the HRD values of the two items can score high.
Maximum HRD value, which is 1, is achieved when the
two items have no common ancestor (or the common
ancestor is the root) and both items are at the lowest
concept level possible in the hierarchy. If ny and ng
are the same item, then HRD becomes 1/Tree Height.

3.2.2 Concept Level Distance

This aspect is based on the hierarchical levels of the two
items. The idea is that the more levels between the two
items, the more diverse they will be. Thus two items on
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the same hierarchy level are not very diverse, but two
items on different levels are more diverse as they have
different degrees of specificity or abstractness.

LD differs from HRD in that HRD measures the dis-
tance from a common ancestor item (or root), whereas
LD measures the distance between the two items them-
selves. LD focuses on measuring the distance between
two items in terms of their height (vertical) difference
(HRD considers the width (horizontal) distance).

Thus, we propose to use the ratio between the level
difference (NLD) of two items and the height of the
tree (eg. the maximum level difference) to measure the
Level Distance of the two items as defined as follows:

NLD(TLl, ’rlg)
(TreeHeight — 1)

LD(nl,ng) = (5)

This means that two items on the same concept level
will have a LD of 0, while an item at the highest concept
level and another at the lowest concept lvel will have an
LD of 1, as they are as far apart as possible in the given
hierarchy.

3.3 Peculiarity

Peculiarity is an objective measure that determines how
far away one association rule is from others. The fur-
ther away the rule is, the more peculiar. It is usually
done through the use of a distance measure to determine
how far apart rules are from each other. Peculiar rules
are usually few in number (often generated from outly-
ing data) and significantly different from the rest of the
rule set. It is also possible that these peculiar rules can
be interesting as they may be unknown. One proposal
for measuring peculiarity is the neighbourhood-based
unexpectednedd measure first proposed in [2]. In this
proposal it is argued that a rule’s interestingness is influ-
enced by the rules that surround it in its neighbourhood.
The measure is based on the idea of determining
and mesuring the symmetric difference between two
rules, which forms the basis of the distance between
them. From this it was proposed [2] that unexpected
confidence (where the confidence of a rule R is far from
the average confidence of the rules in R’s neighbour-
hood) and sparsity (where the number of mined rules in
a neighbourhood is far less than that of all the poten-
tial rules for that neighbourhood) could be determined,
measured and used as interestingness measures [2] [3].
This measure [2] for determing the symmetric dif-
ference was developed for single level datasets where
each item was equally weighted. Thus the mesure is
actually a count of the number of items that are not
common between the two rules. In a multi-level dataset,
each item cannot be regarded as being equal due to the
hierarchy. Thus the measure proposed in [2] needs to be
enhanced to be useful with these datasets. Here we will
present an enhancement as part of our proposed work.
We believe it is possible to take the distance
measure presented in [2] and enhance it for multi-level

datasets. The original measure is a syntax-based
distance metric in the following form:

P(Rl,Rg) = 51 X |(X1 UYl)@(XQ U}/Q)|+
(52 X ‘X19X2| +63 X |Y'1@Y2| (6)

The © operator denotes the symmetric difference
between two item sets, thus XOY is equivalent to X —
YUY — X. 61, 62 and d3 are the weighting factors
to be applied to different parts of the rule. Equation 6
measures the peculiarity of two rules by a weighted sum
of the cardinalities of the symmetric difference between
the two rule’s antecedents, consequents and the rules
themselves.

We propose an enhancement to this measure to al-
low it to handle a hierarchy. Under the existing mea-
sure, every item is unique and therefore none share any
kind of ’syntax’ similarity. However, we argue that
the items 1-*-*-* 1-1-*-* 1-1-1-* and 1-1-1-1 (based
on Figure 1) all have a relationship with each other.
Thus they are not completely different and should have
a ’syntax’ similarity due to their relation through the
dataset’s hierarchy.

The greater the P(R;, R2) value is, the greater the
difference (thus lower similarity) and so the greater
the distance between those two rules. Therefore, the
further apart the relation is between two items, the
greater the difference and distance. Thus if we have,
Ri:1-1—-1—%=1—%—%—x
Ro:1—1—%x—%=1—%—%—x
R3:1—-1—-1—-1=1—%—%—x
We believe that the following should hold; P(R1, R3) <
P(Rs3, R3) as 1-1-*-* and 1-1-1-1 are further removed
from each other than 1-1-1-* and 1-1-1-1.

The difference between any two hierarchically re-
lated items / nodes must be less than 1. Thus (for the
above rules) 1 > P(R2,R3) > P(R1,R2) > 0. In
order to achieve this we modify Equation 6 by calculat-
ing the diversity of the symmetric difference between
two rules instead of the cardinality of the symmetric
difference. The cardinality of the symmetric difference
measures the difference between two rules in terms of
the number of different items in the rules. The diversity
of the symmetric difference takes into consideration the
hierarchical difference of the items in the symmetric
difference to measure the difference of the two rules.
We recite Equation 2 in terms of a set of items below,
where S is a set containing n items:

« Z?:_f Z?:H»l HRD(i, j)

PD(S) SRR
BY Y LD, )
) ™

Thus the neighbourhood-based distance measure
between two rules shown in Equation 6 now becomes;

PM(Rth) = 51 X PD((X] UYl)@(XQ @] YQ))+
(52 X PD(X1®X2) +(53 X PD(Y1@Y2)

®)

30



Let RS be the ruleset of {R;, Ra, ..., R,,} then the
average distance of a rule R; to the ruleset RS can be
determined by:

ZQR_,ERS and j#i P]VI(RM R])
IRS| — 1

P]\/[ave = (9)

4 Experimental Results

In this section we present experimental results of our
proposed interestingness measures being used for asso-
ciation rule discovery from a multi-level dataset.

4.1 Dataset and Setup

The dataset used for our experiments is a real world
dataset, the BookCrossing dataset (obtained from
http://www.informatik.uni-freiburg.de/  cziegler/BX/)
[10]. From this dataset we built a multi-level
transactional dataset that contains 92,005 user records
and 960 leaf items, with 3 concept / hierarchy levels.
To discover the frequent itemsets we use the
MLT2_L1 algorithm proposed in [4] [5] with each
concept level having its own minimum support.
From these frequent itemsets we then derive the
frequent closed itemsets and generators using the
CLOSE+ algorithm proposed in [9]. From this we then
derive the non-redundant association rules using the
MinMaxApprox (MMA) rule mining algorithm [9].

4.2 Results

For the experiment we simply use the previously men-
tioned rule mining algorithm to extract the rules from
the multi-level dataset. For this experiment we assign
a reducing minimum support threshold to each level.
The minimum supports are set to 10% for the first hi-
erarchy level, 7.5% for the second and 5% for the thrid
level (the lowest). During the rule extraction process
we determine the diversity and peculiarity distance of
the rules that meet the confidence threshold. With two
measures known for each rule, we are also able to de-
termine the minimum, maximum and average diversity
and peculiarity distance for the rule set.

4.2.1 Statistical Analysis

Firstly, we compare the distribution curves of the pro-
posed measures (diversity and distance) against the dis-
tribution curves of support and confidence for the rule
set. The distribution curves are shown in Figure 2. The
value of each measure ranges from 0 to 1. The values
of the distance measure are based on the minimum dis-
tance (in this case 33,903.7) being equal to 0 and the
maximum distance (in this case being 53,862.5) being
equal to 1. The range between these two has been uni-
formly divided into 20 bins.

As Figure 2 shows, the support curve shows that
the majority of association rules only have a support
of between 0.05 and 0.1. Thus for this dataset distin-
guishing interesting rules based on their support would

be difficult as the vast majority have very similar sup-
port values. This would mean the more interesting or
important rules would be lost.

The confidence curve shows that the rules are spread
out from 0.5 (which is the minimum confidence thresh-
old) up to close to 1. The distribution of rules in this
area is fairly consistant and even, ranging from as low
as 2,181 rules for 0.95 to 1, to as high as 4,430 rules for
0.85 to 0.9. Using confidence to determine the interest-
ing rules is more practical than support, but still leaves
over 2,000 rules in the top bin.

The overall diversity curve shows that the majority
of rules (23,665) here have an average overall diversity
value of between 0.3 to 0.4. The curve however, also
shows that there are some rules which have an over-
all diveristy value below the majority, in the range of
0.15 to 0.25 and some that are above the majority, in
the range of 0.45 up to 0.7. The rules located above
the majority are different to the rules that make up the
majority and could be of interest as these rules have a
high overall diversity.

The antecedent-consequent diversity curve is simi-
lar to that of the overall diversity. It has a similar spread
of rules, but the antecedent-consequent diversity curve
peaks earlier at 0.3 to 0.35 (where as the overall diver-
sity curve peaks at 0.35 to 0.4), with 12,408 rules. The
curve then drops down to a low number of rules at 0.45
to 0.5, before peaking again at 0.5 to 0.55, wih 2,564
rules. The shape of this curve with that of the overall di-
versity seems to show that the two diversity approaches
are related. Using the antecedent-consequent diversity
allows rules with differing antecedents and consequents
to be discovered when support and confidence will not
identify them.

Lastly, the distance curve shows the largest spread
of rules across a curve. There are rules which have a
low distance from the rule set (0 to 0.1 which corre-
sponds to a distance of 33,903.7 to 35,899.56) up to
higher distances (such as 0.7 and above which corre-
sponds to a distance of 47,874.88 to 53,862.52). The
distance curve peaks at 0.3 to 0.35 (which is a distance
of between 39,891.35 and 40,889.29). Using the dis-
tance curve to find interesting rules allows those that
are close to the ruleset (small distance away) or those
that are much further away (greater distance) to be dis-
covered.

Next, we look at the trends of the various measures
when compared against the proposed diversity and dis-
tance measures.

Figure 3 shows the trend of the average support, av-
erage confidence, average antecedent-consequent diver-
sity and average distance values against that of overall
diversity. As can be seen the average support remains
fairly constant. There is tendancy for the support to
increase for those rules with a high overall diversity.
Even so, this shows that support does not always agree
with overall diversity, so an overall diversity measure
can be useful to find a different set of interesting rules.

31



36000

Interestingness Measure Distribution for MMA

33000 ﬁ
[

o |

27000

24000

o ||
/

\
[ ]

15000

Number of Rules

A

12000 l \
[ s

9000

N
AN

5000 l \
3000

P SN o

R TSl .

R -

00- 00s5-
oos 01

01- 015-
015 02

02- 025-
025 03

03- 035-
035 04

04- 045- 05- 055-
045 05 05 0B

Measure Value

06- 0B5-
0es 07

07- 075
075 08

0g-
0B85 090 095

[—+—Bupport Distribution —s— Confidence Distribution —— Overall Diversity Distribution —— Ant-Can Diversity Distribution —e— Distance Distribution |

085- 080- 095-

10

Figure 2:

Distribution curves for the proposed interestingness measures, support and confidence.
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Figure 3: Trends of measures against the proposed overall diversity measure.

The confidence in Figure 3 is also fairly constant
(usually varying by less than 0.1) until the end. Again
this shows that the confidence will not always discover
those rules that are more diverse overall.

The average antecedent-consequent diversity tends
to have a consistant upward trend as the overall diver-
sity increases. This shows that both the overall diversity
and antecedent-consequent diversity are related/linked
(which is not unexpected). It is quite possible that the
greatest degree of diversity for a rule comes from com-
paring the items in the antecedent against those in the
consequent and not from comparing the items within
just the antecedent and/or consequent.

The distance has an overall upwards trend, although
it is not a constant rate nor consistant (as there is a small
decrease from 0.2 to 0.3). This, along with the trend of
the average overall diversity (which shows a consistant

upwards trend as the distance increases) in Figure 5
would indicate that potentially the more overall diverse
rules have a higher distance from the rest of the rule set
and therefore are further away. This would also imply
that those rules with a higher distance are usually more
diverse overall as well.

Figure 4 shows the trends of average support, aver-
age confidence, average overall diversity and average
distance against that of antecedent-consequent diver-
sity. Like in Figure 3, the support remains fairly con-
stant regardless of the antecedent-consequent diversity
value.

The confidence tends to decrease as the antecedent-
consequent diversity increases, so the more diverse
rules will not always be picked up by confidence.

The overall diversity tends to increase as
antecedent-consequent diversity increases (similar
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Figure 5: Trends of measures against the proposed distance measure.

to Figure 3). So again the biggest diversity in a rule
is often in the difference between the antecedent and
consequent.

The distance also tends to increase (gradually at
first for lower antecedent-consequent diversity values).
There is a big jump in the distance trend when the
antecedent-consequent diversity increases from 0.65 to
0.75. The highest distance values are achieved when
the antecedent-consequent diversity reaches its highest
values (this is also shown in Figure 5).

Figure 5 shows the trend of the average support, av-
erage confidence, average overall diversity and average
antecedent-consequent diversity values against that of
distance. As shown, the support remains very constant
regardless of the distance. This shows that support can
not be used to discover rules that have a low or high
peculiarity distance.

Like the average overall diversity, the average
antecedent-consequent diversity also trends upwards
as the distance increases. The rate of rise is similar to
that of the overall diversity initially at lower distance
values, but becomes much steeper at high distance
values. This shows that it seems the most distant
rules also have the highest diversity between their
antecedent and consequent as Figure 5 shows the
average antecedent-consequent diversity to be over 0.8
for the rules with the highest distance from the rest of
the rule set.

The confidence trend in Figure 5 also shows that
confidence will not always discover those rules far away
from the rule set (0.8 / 49,870.76 and above), as at
these distances the confidence values are at their lowest
points. For rules with a low distance value, confidence
may also not be the best measure as at these values

33



(0/33,903.7 to 0.1 / 35,899.58) confidence values are
not at their highest. The highest confidence value(s)
occur when the distance is 47,874.86 to 48,872.82 (0.7
to 0.75).

4.2.2 Examples of Proposed Measures

If we look closer at the discovered rules we find the
following examples that show how diversity and pecu-
liarity distance can be useful in identifying potentially
interesting rules that would not normally be identified
as such. (Note that the hypen breaks the concept levels,
while a comma indicates a new item).

Example 1:

R1=BookClubs-Lit.&Fiction-Pop.Fiction —
Subjects-Lit.&Fiction-General

Supp 12.228% Conf 81.5% OverallDiv 0.5

Ry=BookClubs-Lit.&Fiction-Pop.Fiction —
Subjects-Mystery& Thrillers

Supp 7.9% Conf 52.67% OverallDiv 0.67
R, has a higher support and confidence than Rs, but
Ry has a higher overall diversity. If we used either the
support or confidence measure then ; would always
be chosen as the more interesting rule. However, our
proposed overall diversity measure indicates that R is
more interesting due to its diversity score, which can be
attributed to its more general consequent.

Example 2:

R3=Subjects-Biographies&Memoirs-General,
Subjects-Lit.&Fiction-Authors(A..Z) — BookClubs-
Lit.&Fiction

Supp 5.59% Conf 60.9% Ant-ConDiv 0.67
R3 has low support and reasonbly low confidence, but
it has high antecedent-consequent diversity (the aver-
age is 0.35). If we use support or confidence this rule
will probably not be chosen as interesting as its support
value is lower than the average support value for this
rule set (5.8%) and its confidence is relatively low and
is also lower than the average confidence of the rule
set (74.4%). However, if we use antecedent-consequent
diversity, then it will be selected as it has a high value.
Hence this rule may be of interest because of the di-
versity between its antecedent and consequent itemsets,
which come from different branches of the hierarchy.

Example 3:

R4=BookClubs, Subjects-Lit.&Fiction-WorldLit.
—  Subjects-Lit.&Fiction-GenreFiction,  Subjects-
Mystery&Thrillers

Supp 6.7% Conf 57.7% Dist 50,311.4
R4 has a noticably higher than average distance and is
much further away from the rule set. This may be of
interest to a user. But if support and confidence are
used, this rule is considered to not be of interest due
to their low values.

5 Conclusion

In this paper we have proposed two interestingness
measures for association rules derived from multi-level

datasets. These proposed interestingness measures are
diversity and peculiarity (distance) respectively.

Diversity is a measure that compares items within a
rule and peculiarity compares items in two rules to see
how different they are.

In our experiments we have shown how diversity
and peculiarity distance can be used to identify poten-
tially interesting rules that normally would not be con-
sidered as interesting using the traditional support and
confidence approach.
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Abstract

The organisation, content and presentation of doc-
ument surrogates has a substantial impact on the effec-
tiveness of web search result interfaces. Most interfaces
include textual information, including for example the
document title, URL, and a short query-biased sum-
mary of the content. Other interfaces include additional
browsing features, such as topic clustering, or thumb-
nails of the web pages. In this study we analyse three
search interfaces, and compare the effectiveness of tex-
tual information and additional browsing features. Our
analysis indicates that most users spend a substantially
larger proportion of time looking at text information,
and that those interfaces that focus on text-based rep-
resentations of document content tend to lead to quicker
task completion times for named-page finding search
tasks.

Keywords Information Retrieval, User Studies
Involving Documents, Web Documents, Eye Tracking

1 Introduction

Search engines are a key tool for supporting users in
finding information on the world wide web. These in-
formation retrieval systems aim to find relevant docu-
ments in response to a user query. While the perfor-
mance of the underlying ranking function — responsi-
ble for identifying good answer resources — is clearly
of great importance, the organisation, content and pre-
sentation of document surrogates in the search results
interface can also have a substantial impact on overall
search effectiveness.

One recent study [9] found that only 21% of users
found relevant results when querying a search engine,
and that 75% were disappointed with the results re-
turned. The way users interact with the search result
interface may be one factor in the poor user experience.

This paper analyses three search interfaces
that make use of different features including

Proceedings of the 14th Australasian Document Comput-
ing Symposium, Sydney, Australia, 4 December 2009.
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text summaries, clustering information, and visual
thumbnail images:

C Carrot2 (http://www.carrot2.org),
M Middlespot (http://www.middlespot.com), and
N Nexplore (http://www.nexplore.com)

A preliminary analysis of overall task completion
time with the different interfaces was presented in a
previous paper [1]. In this paper, we investigate how
much time users spent looking at different regions of
the screen, in particular comparing the time spent look-
ing at text surrogates of the result pages with time spent
looking at more visual representations. Our analysis
indicates that most users find text surrogates to be more
useful.

The remainder of this paper is organised as follows.
Some related work is presented in Section 2; our exper-
iment design, including the different search interfaces,
users, and topics used, is described in Section 3; the
results of the experiment are analysed in Section 4; and
discussion and conclusions are given in Section 5.

2 Related Work

The presentation of search results influences users’ as-
similation and guides users to look for the information
that is relevant to them. In the past, quite a few studies
explored visual presentation of search results [3, 10,
11]. A proper visual representation can communicate
some kinds of information much more rapidly and ef-
fectively than textual representation. However, visual-
isation of textually represented information is difficult
and challenging [6].

The effectiveness of visual representations largely
depends on whether the representation is highly cou-
pled with a search task and on the inherent structure
of documents to be presented. Joho and Jose [8] in-
vestigated how textual and visual forms of information
enabled users to more effectively interact with search
answer interfaces in undertaking relevance assessments
and reformulating queries.



Cutrell and Guan [4] found that adding extra con-
textual information to the document surrogates can im-
prove the effectiveness on search answer interfaces for
informational tasks. Hearst and Pedersen [7] is one of
many studies that has investigated the effectiveness of
clustering search results. Compared with the results of
the study described in this paper, where we find the Car-
rot2 interface that supported clustering to be ineffective
when undertaking a navigational task searching for a
single correct answer, they found clustering of answers
was effective in supporting a user’s task that involved
finding a set of relevant answer documents.

A previous study by Dziadosz and Chandrasekar [5]
had found that the combination of thumbnails and text
summary to be more effective for users than either
thumbnails or text summaries alone. However, our
study suggests that the combination of thumbnails and
text is only effective when they are not large, since
users mostly look at the text summaries and it is not
effective to use too much of the screen real estate on
the images of answer pages.

3 Experimental methodology

To investigate the relative attention that users pay to
different interface components, we conducted a user
study that involved carrying out a series of named-page
finding search tasks using a variety of search interfaces.

3.1 User study

Our study was carried out at RMIT University Open
Day in August 2009. Subjects participated in the exper-
iment were mostly high school students with an interest
in computer science who were visitors to our laboratory.
Participants were given a plain language statement out-
lining the goals of the experiment, the types of tasks
to be undertaken, and the data that would be collected.
Based on this information, 35 volunteers chose to par-
ticipate in the experiments. No training was given with
the different search interfaces.

Each participant undertook three navigational
search tasks (described below), using different search
interfaces. Information about visual attention given to
the different screen components was collected using
a Tobii T60 eye tracker. This non-intrusive device
records the gaze position, providing information on
fixations and saccades (brief rapid eye movements).

3.2 Search interface features

Our experiment involved users using three different
search result interfaces that contained different
amounts of surrogate text and visual browse features
about answer documents on the result pages.

The three interfaces were selected because they
provide a variety of additional novel features, not just
a ranked list of text extracts. Carrot2 does not present
visual features, however it clusters its search results. In
Middlespot, screenshots are presented for the retrieved
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Interface Features C M N
Text features 66% 17% 56%
Browse features 19% 75% 7%
Other regions 16% 8% 37%

Table 1: The distribution of interface features.

documents. Nexplore has more visual features such as
highlighting of query terms, thumbnails, background
colour and highlighting the abstract of the retrieved
document when the mouse is moved over it.

In this paper, we consider the following areas within
each interface page displaying the ranked list of an-
swers:

Surrogate text: Search engines provide surrogates for
answer page in the ranked list of answers. This
surrogate text may include the URL of the answer,
as well as text from the answer web page title,
and a synopsis of the answer web page. The sur-
rogate text for the answer documents is in each
of the regions marked (1) on the respective an-
swer interfaces: Figure 1 for Carrot2 (accounting
for approximately 66% of the screen), Figure 2
for Middlespot (17%), and Figure 3 for Nexplore
(56%).

Browse features: The visual browse features for the
answer documents are in each of the regions
marked (2) on respective answer interfaces.
Figure 1 shows the clustering area in Carrot2
which occupies approximately 19% of the screen.
Figure 2 shows large images of the answer pages
that are displayed in Middlespot and occupying
approximately 75% of the screen. Figure 3 shows
a much smaller region, approximately 7% of the
screen, containing the thumbnails displayed by
Nexplore.

Other regions: Each interface also had some other
regions, such as banners and the surrounding
screen, including a region at the bottom of the
screen (not shown in the figures) that contained
the topic and some instructions, This accounted
for approximately 16% of the screen with the
Carrot2 interface, 8% with Middlespot interface,
and 37% with Nexplore (since this last interface
included a separate area for Wiki Search).

As summarised in Table 1, significant portions of
the Carrot2 and Nexplore interfaces are given to surro-
gate text. The great majority of the Middlespot inter-
face, on the other hand, is occupied by visual browse
features.

3.3 Topics

One taxonomic study [2] shows that web search tasks
can be classified as informational, transactional or nav-
igational. Navigational tasks are used in our study be-
cause we assume that users become more interested in
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Trial | 1Isttask | 2ndtask | 3rd task
1 M-H4) | C-G@) | N-A(3)
2 M-G@4) | C-A@) | N-H@)
3 M-AM@4) | C-H@) | N-G(3)
4 C-G(33) | N-A(B) | M-H(3)
5 C-A(G) | N-H(®B) | M-G (5)
6 C-H@) | N-G@) | M-A(3)
7 N-AQ3) | M-H@3) | C-G(3)
8 N-H3) | M-G3) | C-A(3)
9 N-G3) | M-A(3) | C-H(3)

Table 2: Experimental design.

using additional web search interface features to get
their desired information.

For each interface, users were given a navigational
search task, for which they were asked to find a specific
single correct answer page for the given topic. The top-
ics were chosen to cover areas that were likely to be of
interest to young searchers, and where searchers were
unlikely to be hindered due to lack of general knowl-
edge about the domain. The three topics were:

A: Find the ARIA chart of the top 50 music singles in
Australia (query terms: top australia aria)

G: Find the MSN games website (query term: msn)

H: Find the official homepage of the 2009 movie Harry
Potter (query terms: magical potter)

These topics, and their corresponding answer
documents, represent different aspects of navigational
searches: the answer for the first topic is a single web
page presenting the required (named) information; the
second is the hub page for a prime sub-part of the
overall MSN website; and, the third is the home page
(or index) of an overall website.

After reading a topic, the user would click a “start”
button to load the results of issuing the predefined query
terms (as indicated above) into one of the three search
interfaces. The user could then interact with the search
result screen however they wanted to.

We used a latin square experiment design with a
block of nine trials varying the order in which topics
and interfaces were presented to users, each user was
presented with one topic for each interface. Due to
some interruptions and other problems, not all com-
binations were completed exactly the same number of
times. Table 2 shows the number of times (in parenthe-
ses) each of the different combinations of interface (C,
M, N) and topic (A, G, H) were completed as the first,
second or third task undertaken by one of the users.

4 Results

We analyse user behaviour when carrying out the three
search tasks using the Carrot2, Middlespot and Nex-
plore interfaces based on the relative attention paid to
different interface features, and task completion time.
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4.1 Interface features

Different search interface features attract highly vari-
able amounts of user attention. Figure 4 shows the pro-
portions of total viewing time that users spent looking
at text, browse and other features for each trial (that
is, over all search interfaces and all users). The solid
line shows the median time, while the boxes show the
25th to 75th percentiles. Whiskers show the range of
the data, with outliers (observations more extreme than
1.5 times the interquartile range). Since the time data is
not normally distributed (Shapiro-Wilk, p < 0.0001),
we analyse multi-level factors using the Kruskal-Wallis
test, a non-parametric alternative to ANOVA. Pairswise
comparisons are made using the Wilcoxon signed-rank
test. The relative times for the different features vary
significantly (Kruskal-Wallis, p < 0.0001). In partic-
ular, users spend significantly more time viewing text
features compared to browse features (Wilcoxon, p <
0.0001) and other (p < 0.0001). The difference in
viewing patterns between browse and other is not sig-
nificant (p = 0.6504).

Figure 5 shows the median time (over all search
answer interfaces) users spent looking at different re-
gions of the screen, broken down by cases where users
identified the correct or incorrect answer document for
each search trial. The text region was the area of the
screen that users spent most of their time looking at,
users found slightly more correct answers if they spent a
bit more time in this area; while when users spent more
time looking at the visual browse regions these were not
effective and could often lead users to the incorrect an-
swers rather than correct answers. Time spent looking
at both text and browse regions is significantly differ-
ent between correct and incorrect answers (Wilcoxon,
p = 0.0060 for text regions and p = 0.0303 for browse
regions) while the difference is not significant for other
areas of the screen (p = 0.7669).

Figure 6 shows the distribution of the proportion of
time that users spent viewing different features, split by
the three interfaces. For the Carrot2 and Nexplore inter-
faces, users spent substantially more time viewing the
text features. However, for the Middlespot interface,
the browse features (in this case, the screenshots of web
pages) attracted the greatest proportion of viewing time.

4.2 Task completion time

User task completion performance is evaluated by mea-
suring the time taken to carry out a search task to the
user’s satisfaction. That is, we measure the time from
when the search results screen is displayed to the user,
until the time that they indicate that they have found a
desired answer (generally, by clicking on the hyperlink
in the search results list that they chose as their final
answer). This is in contrast to our previous analysis [1],
where task completion time was measured by taking the
time that the user chose to exit the task (by explicitly
pressing F10) as the endpoint. This adds additional
variation to the results, since some users spend addi-
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tional time viewing their chosen answer page, before
indicating task completion.

Figure 7 shows the time taken to find an answer,
in seconds, for each of the three interfaces. The
differences are weakly significant (Kruskal-Wallis,
D 0.0604). In particular, the Middlespot and
Nexplore differ significantly (Wilcoxon, p = 0.0129),
while the other pairs do not (Middlespot and Carrot 2,
p = 0.2474; Nexplore and Carrot2, p = 0.3225).

Variation can also be introduced by other sources.
The effect of using different search topics was signifi-
cant (Kruskal-Wallis, p = 0.0330). Moreover, because
we used real search interfaces and live search results,
the rank of the correct answer items in the search re-
sults lists of the different interfaces varied somewhat.
Although the ranks were similar on average (rank 7.6
for Carrot2, 6.3 for Middlespot, and 6.0 for Nexplore)
this did have a significant effect on task completion
time (Kruskal-Wallis, p = 0.0048). The different users
participating in the experiment were not a significant
source of variation (Kruskal-Wallis, p = 0.1227).

However, this analysis includes all user responses,
irrespective of whether the user actually found the cor-
rect answer required for the query. We investigate this
next.

Answer | Carrot2 | Middlespot | Nexplore
Correct 24 18 24
Incorrect 9 14 7
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Table 3: Distribution of correct answers by interface.

4.3 Search success

Users were asked to indicate when they felt that they
had found the correct answer to the query. However,
in many cases users did not in fact identify the correct
resource. Table 3 shows the number of incorrect and
correct answers found, split by the interface used. The
results are strongly indicative of higher success rates
with both the Carrot2 and Nexplore interfaces (72.7%
and 77.4% of answers are correct, compared to 56.2%
for Middlespot). However, the differences are not sta-
tistically significant (Fisher, p = 0.1746).

We re-analyse the time taken for task completion,
using only those trials for which users identified the
correct resource in response to the information need.
For these responses, the difference between interfaces
is greater, and statistically significant (Kruskal-Wallis,
p = 0.0077). Differences between the interfaces on a
pairwise basis are also more pronounced: the median
task completion time with Middlespot at 23.71 seconds
is significantly longer than that for Carrot2 at 12.81
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Figure 7: Task completion times by interface.

seconds (Wilcoxon, p = 0.0112) and for Nexplore at
12.21 seconds (Wilcoxon, p = 0.0027). The differ-
ence between Carrot2 and Nexplore is not significant
(Wilcoxon, p = 0.7360).

Moreover, when considering only those results
where users successfully identified correct answers,
the effects from topic and user variation are not
significant (Kruskal-Wallis, p = 0.3445 and 0.2743,
respectively). The rank of the answer item only has a
weakly significant effect (Kruskal-Wallis, p = 0.0619).

5 Discussion and Conclusions

Search result interfaces are an important component of
information retrieval systems, and can have substantial
impact on overall search task performance. In this pa-
per, we have analysed three publicly available search
interfaces, and examined how user attention is split be-
tween various features that the search providers make
available.

Our analysis has shown that users spend
significantly different proportions of time interacting
with text, browse and other components of the
interfaces. Not surprisingly, these proportions differ
between the three interfaces; for Nexplore and Carrot2,
text is preferred, while for Middlespot (which presents
much less text to the user) browsing features are viewed
more.

We have also analysed how task completion time
differs between the interfacts, and success rates in iden-
tifying correct answers for given informatinon needs.
The results show that users spent significantly longer
time to interact with the Middlespot interface but found
the fewest correct answers. We conclude that, for the
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navigational search tasks, text features are important in
guiding users to finding correct answers quickly.

For the small sample of named-resource finding
search tasks, it appears that text information can be
vital in supporting users to find the answers that they
need. Whether this would also apply to other search
tasks, such as informational tasks, will be the subject
of future research.

In future work we plan to conduct further user stud-
ies over a wider range of tasks. We also plan to investi-
gate the effect of the proportion of screen space that is
given over to browsing features as a controlled variable
(that is, systematically controlling the proportion).
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Abstract Random Indexing (RI) K-tree is the combi-
nation of two algorithms for clustering. Many large
scale problems exist in document clustering. RI K-tree
scales well with large inputs due to its low complexity.
It also exhibits features that are useful for managing
a changing collection. Furthermore, it solves previ-
ous issues with sparse document vectors when using K-
tree. The algorithms and data structures are defined,
explained and motivated. Specific modifications to K-
tree are made for use with RI. Experiments have been
executed to measure quality. The results indicate that
RI K-tree improves document cluster quality over the
original K-tree algorithm.
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Reduction, B-tree, Search Tree, Clustering, Document
Clustering, Vector Quantization, k-means

1 Introduction

The purpose of this paper is to present and analyse
the combination of Random Indexing (RI) with
the K-tree algorithm. Both RI and K-tree adapt to
changing data and decrease the cost of computationally
intensive vector based applications. This combination
is particularly suitable to the representation and
clustering of very large document collections.
Documents are typically represented in vector
space as very sparse high dimensional vectors. RI
can reduce the dimensionality and sparsity of this
representation. In turn, the condensed representation is
highly effective when working with K-tree. The paper
is focused on determining the effectiveness of using
RI with K-tree through experiments and comparative
analysis of results.

Sections 2 to 6 discuss K-tree, Random Indexing,
Document Representation, Experimental Setup and Ex-
perimental results respectively. The paper ends with a
conclusion in Section 7.

2 K-tree

K-tree [6, 1] is a height balanced cluster tree. It was first
introduced in the context of signal processing by Geva
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[10]. The algorithm is particularly suitable to clustering
of large collections due to its low complexity. It is
a hybrid of the BT -tree and k-means algorithm. The
B*-tree algorithm is modified to work with multi di-
mensional vectors and k-means is used to perform node
splits in the tree. K-tree is also related to Tree Struc-
tured Vector Quantization (TSVQ) [9]. TSVQ recur-
sively splits the data set, in a top-down fashion, using
k-means. TSVQ does not generally produce balanced
trees.

K-tree achieves its efficiency through execution of
the high cost k-means step over very small subsets of
the data. The number of vectors clustered during any
step in the K-tree algorithm is determined by the tree
order (usually < 1000) and it is independent of collec-
tion size. It is efficient in updating the collection while
maintaining clustering properties through the use of a
nearest neighbour search tree that directs new vectors
to the appropriate leaf node.

The K-tree forms a hierarchy of clusters. This hi-
erarchy supports multi-granular clustering where gen-
eralisation or specialisation is observed as the tree is
traversed from a leaf towards the root or vice versa.
The granularity of clusters can be decided at run-time
by selecting clusters that meet criteria such as distortion
or cluster size.

2.1 K-tree and Document Clustering

The K-tree algorithm is well suited to clustering large
document collections due to its low time complexity.
The time complexity of building K-tree is O(n log n)
where n is the number of bytes of data to cluster. This
is due to the divide and conquer properties inherent to
the search tree. De Vries and Geva [5, 6] investigate the
run-time performance and quality of K-tree by compar-
ing results with other INEX submissions and CLUTO
[13]. CLUTO is a popular clustering tool kit used in the
information retrieval community. K-tree has been com-
pared to k-means, including the CLUTO implementa-
tion, and provides comparable quality and a marked in-
crease in run-time performance. However, K-tree forms
a hierarchy of clusters and k-means does not. Com-
parison of the quality of the tree structure will be un-
dertaken in further research. The run-time performance
increase of K-tree is most noted when a large number
of clusters are required. This is useful in terms of doc-



ument clustering because there are a huge number of
topics in a typical collection. The on-line and incre-
mental nature of the algorithm is useful for managing
changing document collections. Most clustering algo-
rithms are one shot and must be re-run when new data
arrives. K-tree adapts as new data arrives and has the
low time complexity of O(log n) for insertion of a single
document. Additionally, the tree structure also allows
for efficient disk based implementations when the size
of data sets exceeds that of main memory.

2.2 K-tree Definition

K-tree builds a nearest neighbour search tree over a set
of real valued vectors V' in d dimensional space.

YoeV:veR? (1)

It is inspired by the BT -tree where all data records are
stored in leaf nodes. Tree nodes, N, consist of a se-
quence of (vector, child node) pairs of length [. The
tree order, m, restricts the number of vectors stored in
any node to between one and m.

1<li<m 2)

N = <(U1,Cl),...,(U[,Cl)> (3)

The tree consists of two types of nodes. Leaf nodes
contain the data vectors that were inserted into the tree.
Internal nodes contain clusters. A cluster vector is
the mean of all data vectors contained in the leaves of
all descendant nodes (i.e. the entire cluster sub-tree).
This follows the same recursive definition of a BT -tree
where each tree is made up of a set of smaller sub-trees.
Upon construction of the tree, a nearest neighbour
search tree is built in a bottom-up manner by splitting
full nodes using k-means [14] where £k = 2. As the
tree depth increases it forms a hierarchy of “clusters
of clusters” from the root to the above-leaf level.
The above-leaf level contains the finest granularity
cluster vectors. Each leaf node stores the data vectors
pointed to by the above-leaf level. The efficiency of
K-tree stems from the low complexity of the BT -tree
algorithm, combined with only ever executing k-means
on a relatively small number of vectors, defined by the
tree order, and by using a small value of k.

2.3 Modifications to K-tree

The K-tree algorithm was modified for use with RI.
This modified version will be referred to as “Modified
K-tree” and the original K-tree will be referred to as
“Unmodified K-tree”.

All the document vectors created by RI are of unit
length in the modified K-tree. Therefore, all centroids
are normalised to unit length at all times. The k-means
used for node splits in K-tree was changed to use ran-
domised seeding and restart if it did not converge within
six iterations. The process always converged quickly in
our experiments; although it is possible to constrain the
number of restarts we did not find this to be necessary.
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Figure 1: Level 1

The original K-tree algorithm does not modify any
of the centroids. They are simply the means of the
vectors they represent. The k-means implementation
runs to complete convergence and seeds centroids via
perturbation of the global mean. To create two seeds
the global mean is calculated and then the two seeds
are created by moving away from the mean in opposite
directions.

2.4 K-tree Example

Figures 1 to 3 are K-tree clusters in two dimensions.
1000 points were drawn from a random normal distri-
bution with a mean of 1.0 and standard deviation of 0.3.
The order of the K-tree, m, was 11. The grey dots repre-
sent the data set, the black dots represent the centroids
and the lines represent the Voronoi tessellation of the
centroids. Each of the data points contained within each
tile of the tessellation are the nearest neighbours of the
centroid and belong to the same cluster. It can be seen
that the probability distribution is modelled at different
granularities. The top level of the tree is level 1. It is
the coarsest grained clustering. In this example it splits
the distribution in three. Level 2 is more granular and
splits the collection into 19 sub-clusters. The individual
clusters in level 2 can only be arrived at through a near-
est neighbour association with a parent cluster in level
1 of the tree. Level 3 is the deepest level in the tree
consisting of cluster centroids. The 4th level is the data
set of vectors that were inserted into the tree.

2.5 Building K-tree

The K-tree is constructed dynamically as data vectors
arrive. Initially the tree contains a single empty root
node at the leaf level. Vectors are inserted via a nearest
neighbour search, terminating at the leaf level. The root
of an empty tree is a leaf, so the first m data vectors are
stored in the root, at which point the node becomes full.
When the m + 1 vector arrives the root is split using
k-means where k = 2, clustering all m + 1 vectors
into two clusters. The two centroids that result from
k-means are then promoted to become the centroids in
a new root. The vectors associated with each centroid
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Figure 3: Level 3

are placed into a child node. This promotion process
has created a new root and two leaf nodes in the tree.
The tree is now two levels deep. Insertion of a new
data vector follows a nearest neighbour search to find
the closest centroid in the root. The vector is inserted
into the associated child. When a new vector is in-
serted the centroids are updated recursively along the
nearest neighbour search path, all the way back to the
root node. The propagated means are weighted by the
number of data vectors contained beneath them. This
ensures that any centroid in K-tree is the mean vector of
all the data vectors contained in the associated sub tree.
This insertion process continues, splitting leaves when
they become full, until the root node itself becomes
full. K-means is then run on the root node containing
centroids. The vectors in the new root node become
centroids of centroids. As the tree grows, internal and
leaf nodes are split in the same manner. The process of
promotion can potentially propagate to cause a full root
node at which point the construction of a new root fol-
lows and the tree depth is increased by one. At all times
the tree is guaranteed to be height balanced. Although
the tree is always height balanced nodes can contain as
little as one vector. In this case the tree will contain
many more levels than a tree where each node is half
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full. Figure 4 shows this construction process for a K-
tree of order three (m = 3).

2.6 Sparsity and K-tree

K-tree was originally designed to operate with dense
vectors. When a sparse representation is used perfor-
mance degrades even though there is significantly less
data to process. The clusters in the top levels of the tree
are means of most of the terms in the collection and are
not sparse at all. The algorithm updates cluster centres
along the insertion path in the tree. Since document
vectors have very high dimensionality this becomes a
Very expensive process.

The medoid K-tree [6] extended the algorithm to
use a sparse representation and replace centroids with
document examples. This improved run-time perfor-
mance and decreased memory usage. Unfortunately it
decreased quality when using sparse document vectors.
The document examples in the root of the tree were al-
most orthogonal to new documents being inserted. The
documents were unlikely to have meaningful overlap in
vocabulary.

The approach taken by De Vries and Geva at INEX
2008 [5] is a simple approach to dimensionality reduc-
tion or feature selection. It is called TF-IDF culling
and it is performed by ranking terms. A rank is cal-
culated by summing all weights for each term. The
weights are the BM25 weight for each term in each
document. This can also be explained as the sum of the
column vector in the document by term matrix. The top
n terms with the highest rank are selected, where n is
the desired dimensionality. This works particularly well
with term occurrences due to the Zipf law distribution
of terms [19]. The collection frequency of a term is
inversely proportional to its rank according to collection
frequency. Most of the term weights are contained in
the most frequent terms.

3 Random Indexing

Random Indexing (RI) [18] is an efficient, scalable and
incremental approach to the word space model. Word
space models use the distribution of terms to create high
dimensional document vectors. The directions of these
document vectors represent various semantic meanings
and contexts.

Latent Semantic Analysis (LSA) [7] is a popular
word space model. LSA creates context vectors from
a document term occurrence matrix by performing Sin-
gular Value Decomposition (SVD). Dimensionality re-
duction is achieved through projection of the document
term occurrence vectors onto the subspace spanned by
the vectors with the largest Eigen values in the decom-
position. This projection is optimal in the sense that it
minimises the variance between the original matrix and
the projected matrix. In contrast, Random Indexing first
creates random context vectors of lower dimensionality,
and then combines them to create a term occurrence
matrix in the dimensionally reduced space. Each term
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Figure 4: K-tree Construction

in the collection is assigned a random vector, and the
document term occurrence vector is then a superposi-
tion of all the term random vectors. There is no matrix
decomposition and hence the process is efficient.

The RI process is conceptually very different from
LSA and does not have the same optimality properties.
The context vectors used by RI should optimally be
orthogonal. Nearly orthogonal vectors can be used and
have been found to perform similarly [4]. These vec-
tors can be drawn from a random Gaussian distribution.
The Johnson and Linden-Strauss lemma [11] states that
if points are projected into a randomly selected sub-
space of sufficiently high dimensionality, then the dis-
tances between the points are approximately preserved.
The same topology that exists in the higher dimensional
space is reflected in the lower dimensional randomly se-
lected subspace. Consequently, RI offers low complex-
ity dimensionality reduction while still preserving the
topological relationships amongst document vectors.

3.1 Random Indexing Definition

In RI, each dimension in the original space is given a
randomly generated index vector. The index vectors
are high dimensional, sparse and ternary. Sparsity is
controlled via a seed length that specifies the number of
randomly selected non-zero dimensions. Ternary vec-
tors consist of randomly distributed +1 and -1 values in
the non-zero dimensions.

In the context of document clustering, RI can be
viewed as a matrix multiplication of a document by
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term matrix D and a term by index-vector matrix /. Al-
ternatively, I can be referred to as a random projection
matrix. Each row vector in D represents a document,
each row vector in [ is an index vector, n is the number
of documents, ¢ is the number of terms and r is the
dimensionality of the reduced spaced. R is the reduced
matrix where each row vector represents a document.

Dn><tIt><7’ - Rnxr (4)

RI has several advantages. It can be performed in-
crementally and on-line as data arrives. Any document
can be indexed (i.e. encoded as an RI vector) inde-
pendently from all other documents in the collection.
This eliminates the need to build and store the entire
document by term matrix. Additionally, newly encoun-
tered dimensions (terms) in the document collection are
easily accommodated without having to recalculate the
projection of previously encoded documents. In con-
trast, SVD requires global analysis where the number
of documents and terms are fixed. The time complexity
of Rl is also very attractive. It is linear in the number of
terms in a document and independent of collection size.

3.2 Choice of Index Vectors

The index vectors used in RI were chosen to be
sparse and ternary. Ternary index vectors for RI were
introduced by Achlioptas [2] as being well suited for
database environments. The primary concern of sparse
index vectors is reducing time and space complexity.
Bingham and Mannila [4] run experiments indicating
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Figure 5: Random Indexing Example

that sparse index vectors do not affect the quality of
results. This is not the only choice when creating
index vectors. Kanerva [12] introduces binary spatter
codes. Plate [15] explores Holographic Reduced
Representations that consist of dense vectors with
floating point values.

3.3 Random Indexing Example

In practice, to construct a document vector, the docu-
ment vector is initially set to zero, and then the sparse
index vector for each term in the document is added
to the document vector. The weight of the added term
index vector may be determined by TF-IDF or another
weighting scheme. When all terms have been added,
the document vector is normalised to unit length. There
is no need to explicitly form the random projection ma-
trix in Equation (4) up-front. The random index vectors
for each term can be generated and stored as they are
first encountered. The fact that each index vector is
sparse means that the vectors use less memory to store
and are faster to add.

The effect of this approach is that each document
will have a particular signature that can be compared
with other documents via cosine similarity. The docu-
ment signature is thus a vector on the unit hyper-sphere.

In the simple scenario in Figure 5 the index vectors
for the four words travel, mars, space and telescope, are
added to the document vector as they are encountered
in the text of the document. Afterwards, the document
should be normalised.

The sparse index vectors can be efficiently stored by
simply storing the position of the non-zero entries with
the sign of the position indicating whether it is one or
negative one.

3.4 Random Indexing K-tree

The time complexity of K-tree depends on the length
of the document vectors. K-tree insertion incurs two
costs, finding the appropriate leaf node for insertion and
k-means invocation during node splits. It is therefore
desirable to operate with lower dimensional vector rep-
resentation.

The combination of RI with K-tree is a good fit.
Both algorithms operate in an on-line and incremental
mode. This allows it to track the distribution of data
as it arrives and changes over time. K-tree insertions
and deletions allow flexibility when tracking data in
volatile and changing collections. Furthermore, K-tree
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performs best with dense vectors, such as those pro-
duced by RL

4 Document Representation

The INEX 2008 XML Mining collection was used to
complete the experiments. It contains 114,366 docu-
ments that are a subset of the XML Wikipedia corpus
[8]. 15 different categories were provided for the docu-
ments.

Document content was represented with BM25
[17]. Stop words were removed and the remaining
terms were stemmed using the Porter algorithm [16].
BM25 is determined by term distributions within each
document and the entire collection. BM25 works
with similar concepts as TF-IDF except that is has
two tuning parameters. The BM25 tuning parameters
were set to the same values as used for TREC [17],
K1 =2andb=0.75. K1 influences the effect of term
frequency and b influences document length.

Links were represented using LF-IDF [5]. This re-
sulted in a document-to-document link matrix. If there
is a link between documents ¢ and j then a value of
one is added to position ¢, j and j,¢ in the matrix. If
two documents both link to each other a value of two
is recorded in their respective vectors. Each row vector
of the matrix represents a document as a vector of link
frequencies to and from other documents.

The motivation behind this representation is that
documents with similar content will link to similar
documents. For example, in the current Wikipedia
both car manufacturers BMW and Jaguar link to the
Automotive Industry document. Link frequencies were
weighted with the same Inverse Document Frequency
heuristic from TF-IDF. The idea is to decrease the
weight of highly frequent links and increase the
weight of less frequent links. Links to year documents
in the Wikipedia are examples of “stop links” that
are weighted down by this heuristic. Unlike term
frequencies in TF-IDF the link frequencies in LF-IDF
are not normalised. De Vries and Geva [5] found that
normalising link frequencies decreased classification
performance.

When document and link representations are com-
bined they are both converted to unit vectors and con-
catenated. Converting each representation to unit vec-
tors ensures that the weights of one representation do
not dominate the other. De Vries and Geva [5] found
this to be effective for classification.

5 Experimental Setup

Experiments have been run to measure the quality dif-
ference between various configurations of K-tree. Sec-
tion 2.3 describes the modifications made to K-tree. Ta-
ble 1 lists all the configurations tested.

The following conditions were used when running
the experiments.



1. Each K-tree configuration was run a total of 20
times.

. The documents were inserted in a different random
order each time K-tree is built.

. If RI was used, the index vectors were generated
statistically independently each time K-tree was
built.

. For each K-tree built, k-means++ [3] was run 20
times on the codebook vectors to create 15 clus-
ters.

. All document vectors were unitised after perform-
ing dimensionality reduction.

The conditions listed above resulted in 400 mea-
surements for each K-tree configuration. For each of
the 20 K-trees built, k-means++ was run 20 times. The
repetition of the experiments is to measure the variance
caused by the random insertion order into K-tree, the
randomised seeding process in k-means in the modi-
fied K-tree and the randomised seeding process of k-
means+-+.

Assessment of clustering quality is based on
the INEX XML Mining track. The set of 114,366
documents, belonging to 15 classes were used to
evaluate clustering quality of INEX submissions. The
cluster labels are taken from the Wikipedia itself.
K-tree generates clusters in an unsupervised manner,
and it is not necessarily going to produce 15 clusters
at a particular level in the tree. In order to re-use
the INEX test collection, it was necessary to post
process the K-tree and to reduce a cluster level in the
tree to 15 clusters by using k-means++. Note that
this is a low cost operation involving only a small
number of vectors, which is not required in an ordinary
application. It is done for the sole purpose of producing
comparable results with the INEX benchmark data.
The same approach was taken at INEX 2008 by De
Vries and Geva [5]. For a comparison of entropy and
purity to be meaningful they have to be measured on
the same number of clusters.

Micro averaged purity and entropy are compared.
Micro averaging weights the score of a cluster by its
size. Purity and entropy are calculated by comparing
the clustering solution to the labels provided. A higher
purity score indicates a higher quality solution because
the clusters are more pure with respect to the ground
truth. A lower entropy score indicates a higher quality
solution because there is more order with respect to the
ground truth.

6 Experimental Results

Tables 3 to 7 contain results for the K-tree configura-
tions tested listed in Table 1. Table 2 lists the meaning
of the symbols used. Figures 6 and 7 are graphical
representations of the average micro purity and entropy.
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The unmodified K-tree using TF-IDF culling and
BM25 had unexpected results as seen in Table 3. The
average micro purity and entropy peaked at 400 dimen-
sions. Performing this dimensionality reduction at these
lower dimensions had not been performed before. This
is an interesting and unexpected result and future exper-
iments will need to determine if the phenomenon occurs
in different corpora.

Improvements in micro purity have been tested for
significance via t-tests. The null hypothesis is that both
results come from the same distribution with the same
mean. In this case they are not significantly different.
If the null hypothesis is rejected then the difference is
statistically significant.

The modifications made to K-tree for use with RI
had a significant impact. The unmodified K-tree and
modified K-tree were compared. Specifically, config-
urations B and D, and configurations C and E were
tested against each other. All dimensions were com-
pared against each other. The improved performance of
the modified K-tree was statistically significant for all
dimensions (100 vs 100, 200 vs 200 and so on) with a
p-value of 0 or extremely close to 0 (p < 1 x 107100),

The modified K-tree using RI was tested with two
representations. Configurations D and E were tested
at all dimensions. The null hypothesis was rejected
at all dimensions except 10000. This means that
BM25 performed significantly better than the BM25
+ LF-IDF representation at all dimensions except
10000. At 10000 dimensions the difference was not
considered statistically significant with a p-value of
0.3. The increased performance of this representation
in classification did not apply to clustering when using
RI. The LF-IDF representation may be interfering
with the BM25 representation and approaches such as
reducing the weight of LF-IDF in the RI process or
performing RI separately on each representation and
then concatenating the reduced vectors may improve
performance. Running k-means on the full sparse
vectors will also indicate if RI is responsible for this.
Further experimentation is required to provide more
evidence for this result.

The unexpected results in configuration A were
tested against the best RI configuration, E. The highest
average at 400 dimensions in configuration A was
tested against all dimensions in configuration E (400 vs
100, 400 vs 200, 400 vs 400, 400 vs 1000 and so on).
The RI K-tree, configuration E, became statistically
more significant at 2000 dimensions with a p-value
of 1.48 x 1075 and thus rejected the null hypothesis.
For dimensions 4000 through 10000, the performance
difference was statistically significant, with a p-value
of 0 in all cases. Thus, RI K-tree improves results, even
over the unexpected high results of configuration A,
by embedding the original 200,000 dimensional term
space into at least a 2000 dimension reduced space.



ID K-tree Representation

A Unmodified TF-IDF Culling, BM25
B Unmodified RI, BM25 + LF-IDF

C  Unmodified RI, BM25
D Modified RI, BM25 + LF-IDF
E Modified RI, BM25

Table 1: K-tree Test Configurations

average micro purity

Symbol Meaning
«@ Average Micro Entropy
I6] Standard Deviation of «
vy Average Micro Purity
) Standard Deviation of y

Table 2: Symbols for Results

Dimensions Q I} ~ 1)
100 2.6299 0.0194 0.3981 0.0067
200 2.4018 0.0207 0.4590 0.0085
400 22762  0.0263 0.4814 0.0093
800 2.2680 0.0481 0.4768 0.0155
1000 22911 0.0600 0.4703 0.0192
2000 2.3302 0.0821 0.4569 0.0254
4000 2.3751 0.1103 0.4401 0.0331
8000 2.3868 0.1068 0.4402 0.0300

10000 2.3735 0.1062 0.4431 0.0306
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Figure 6: Purity Versus Dimensions
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Figure 7: Entropy Versus Dimensions

6.1 INEX Results

The INEX XML Mining track is a collaborative evalu-
ation forum where research teams improve approaches
in supervised and unsupervised machine learning with
XML documents. Participants make submissions and
the evaluation results are later released.

The RI K-tree in configuration E performs on aver-
age at a comparable level to the best results submitted
to the INEX 2008 XML Mining track. The top two
results from the track had a micro purity of 0.49 and
0.50. These are not average scores for the approaches
but the best results participants found. The RI K-tree in
configuration E had a maximum micro entropy of 0.55.
This is 10% greater than the INEX submissions.
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Table 3: A: Unmodified K-tree, TF-IDF Culling, BM25

Dimensions Q@ 16} ~y 1)
100 3.0307 0.0149 0.3093 0.0045
200 2.9295 0.0206 0.3300 0.0079
400 2.7962 0.0379 0.3648 0.0143
800 2.6781 0.0718 0.3921 0.0236
1000 2.6509 0.0842 0.3959 0.0260
2000 2.6315 0.1262 0.3908 0.0345
4000 2.6380 0.1451 0.3860 0.0356
8000 2.6371 0.1571 0.3844 0.0382
10000 2.6302 0.1540 0.3876 0.0385

Table 4: B: Unmodified K-tree, Random Indexing,
BM?25 + LF-IDF

Dimensions Q@ I} ~y )
100 2.9308 0.0213 0.3337 0.0089
200 2.7902 0.0335 0.3724 0.0126
400 2.6151 0.0417 0.4089 0.0116
800 2.5170 0.0703 0.4238 0.0197
1000 2.5066 0.0858 0.4234 0.0240
2000 2.4701 0.0938 0.4275 0.0258
4000 2.4581 0.0979 0.4261 0.0271
8000 2.4530 0.1139 0.4260 0.0318
10000 2.4417 0.1019 0.4283 0.0283

Table 5: C: Unmodified K-tree, Random Indexing,
BM25



Dimensions «@ 16 ~ 6
100 3.1527 0.0227 0.3105 0.0047
200 3.0589 0.0266 0.3312 0.0065
400 29014 0.0259 0.3726 0.0065
800 2.6690 0.0336 0.4204 0.0085
1000 2.5890 0.0319 0.4349 0.0090

2000 2.3882  0.0428 0.4700 0.0129
4000 2.2558 0.0443 0.4879 0.0144
8000 2.1933  0.0473 0.4935 0.0162
10000 2.1735 0.0496 0.4969 0.0171

Table 6: D: Modified K-tree, Random Indexing, BM25
+ LF-IDF

Dimensions «@ 16 ~ é
100 3.0717 0.0263 0.3269 0.0074
200 29078 0.0291 0.3706 0.0087
400 2.6832  0.0293 0.4191 0.0077
800 2.4696 0.0350 0.4555 0.0106
1000 2.4093 0.0399 0.4673 0.0115

2000 2.2826 0.0422 0.4853 0.0137
4000 22094 0.0416 0.4937 0.0141
8000 2.1764 0.0429 0.4975 0.0149
10000 2.1686 0.0440 0.4981 0.0161

Table 7: E: Modified K-tree, Random Indexing, BM25

7 Conclusion

RI K-tree was introduced as an attractive approach for
large scale document clustering. This is the first time
RI and K-tree have been combined. The results show
that RI K-tree improves quality of clustering results,
even over the unexpected results found when using TF-
IDF culling. Further experiments are required to deter-
mine if the unexpected effect of TF-IDF culling at low
dimensions is an anomaly or actually exists in many
collections. Additionally, RI K-tree is an efficient and
high quality approach to overcome previous problems
with sparse representations when using K-tree. Unfor-
tunately the combination of BM25 and LF-IDF repre-
sentations did not improve results in clustering as they
did in earlier classification results.
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Abstract The batch evaluation of information
retrieval systems typically makes use of a testbed
consisting of a collection of documents, a set of
queries, and for each query, a set of judgements
indicating which documents are relevant. This paper
presents a probabilistic model for predicting IR system
rankings in a batch experiment when using document
relevance assessments from different judges, using
the precision-at-n family of metrics. In particular, if
a new judge agrees with the original judge with an
agreement rate of «, then a probability distribution
of the difference between the P@n scores of the two
systems is derived in terms of a.

We then examine how the model could be used to
predict system performance based on user evaluation
of two IR systems, given a previous batch assessment of
the two systems together with a measure of the agree-
ment between the users and the judges used to gen-
erate the original batch relevance judgements. From
the analysis of data collected in previous user experi-
ments, it can be seen that simple agreement (o) between
users varies widely between search tasks and informa-
tion needs. A practical choice of parameters for the
model from the available data is therefore difficult. We
conclude that gathering agreement rates from users of
a live search system requires careful consideration of
topic and task effects.

Keywords Information retrieval; Evaluation; User

studies

1 Introduction

To test whether one information retrieval system is bet-
ter than another, researchers either adopt the Cranfield
methodology of batch assessment, or test their systems
with humans in a user experiment. The batch assess-
ment methodology requires a collection of documents,
a set of queries, and, for each query, a judgment on
some or all of the documents indicating whether they
are relevant to that query or not. Assessing systems,

Proceedings of the 14th Australasian Document Comput-
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therefore, is a matter of running each query to get a
ranked list of documents, noting which is relevant or not
according to the relevance judgements, and summaris-
ing the ranked list of relevance values into an overall
performance score. The alternative approach requires
a group of human users, the designing of a suitable
experiment that controls for any biases you may wish to
exclude (for example, education or computer literacy),
defining an outcome metric (for example, time taken
to find a useful answer document), and then measuring
how users perform with different retrieval systems.

The batch method is by far the cheapest, easiest, and
more repeatable of the two methodologies, and as such
has dominated IR research for the last three decades.
Recently, however, a series of papers has shown that the
two methodologies do not necessarily reach the same
conclusions regarding relative system performance.
That is, if batch experiments show system A to be better
than system B, user experiments may show there is no
difference between the systems [1, 2, 5, 6, 7, 11, 13],
or that system B is superior [12].

Our recent work has focussed on trying to quantify
and rectify this seeming mismatch between the two ex-
perimental approaches [9, 10]. A key potential source
of mismatch is the different relevance criteria of the
judges used to construct the “ground truth” batch judge-
ments, and the users in the user based experiment. De-
termining the relevance of a document to a query is a
complex, multi-faceted task [4]. It often depends on the
reason that the relevance judgement is being made, a
task effect; the query itself, a topic effect; and of course
the person making the judgement, a judge effect. There
are many other factors that influence human judgement
in general, including motivational biases, preconcep-
tions, salience and availability, and perseverance [8];
these may all have additional effects on the criteria that
judges use to decide if a document is relevant or not.

In this paper we develop a probabilistic model of
agreement between relevance judges, and derive how
this is expected to affect the results of a batch-based
evaluation of IR system performance. We then inves-
tigate how agreement values could be obtained from a
user study, so that the model might be used to transfer
the outcomes from a batch experiment to a new user



population. Analysis of the data from the user experi-
ments shows that agreement between users is subject to
substantial variation from both task and topic effects.

2 Preliminaries

Let a batch evaluation testbed consist of: a set
of documents, D {dy,.. .,d‘D‘}; N queries,
Q = {q,...,qn}; and for each query-document pair
a relevance judgement

1,
0,

document d; is relevant to query g,
R(di,q) = { otherwise.

A system, returns a ranked list of m documents
[di,,...,d;, ] for query g, which are mapped to a
vector of relevance judgements in retrieved order
J = [R(dh ) q)v LR R(dlmaq)}

Judgement vectors can be reduced to a single score
in various ways, and many different performance
metrics have been proposed for representing the overall
performance of IR systems. In this paper we use the
precision-at-n documents metric, usually written P@n,
which is the proportion of the top n documents of the
list that are relevant. Formally,

1 n
P@n =Y Jli
n ilJ[z]

The score for a system is the mean P@n over all queries
in the corpus. A system with a statistically significantly
higher score than another is defined to be superior in the
batch mode of system comparison, and is assumed to be
superior in the user mode of comparison. This has been
shown to be the case for P@1 in user experiments when
the measured outcome is “time to save first relevant
document” [9], and “satisfaction” [7], and for the tasks
and users employed in those studies.

For example, if System B has a score of P@3=0.33,
then on average only 1 of the top 3 documents is
relevant, while if System A has a score of P@3=1.0,
then the top 3 documents are always relevant for all test
queries. It is implicitly assumed in IR experimentation
that System A is superior to System B.

3 Modelling changes in judges

Using a testbed such as those from the Text REtrieval
Conference [16] will yield system rankings that
should be comparable with other experiments based
on different queries with the same collection [15]
or — with suitable standardisation — across different
queries and collections [17]. That is, if System A
is found to be statistically significantly better than
System B when running a batch experiment, then this
relationship should in general continue to hold for
different queries, and collections. If, however, you
kept the same set of documents and queries, but used
an alternate relevance judge, so that R(d,q) became
R'(d, q), then system rankings may alter. In particular,
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i Jalil Jpli] 6 JAl] Jpll 4
1 1 0 1 0 0 0
2 1 0 1 1 1 0
3 0 0 0 0 1 -1
4 1 1 0 1 1 0
5 1 0 1 0 0 0
A(5) =3/5 A'(5)=-1/5
Table 1: An example calculation of A(5) and A’(5)

when System A has a P@5 value of 0.8 and 0.4 with
different judgements, and System B has P@5 of 0.2 and
0.6 respectively.

the P@n score for System B might increase, and the
P@n score for System A might decrease, so that B
becomes the superior system.

If we assume that the new judge has some probabil-
ity of agreeing with the judge used to build the original
corpus (independently for any query-document pair),
then we could derive a probability distribution of the
new scores for System A and B. In turn, this can be used
to derive a probability distribution on the difference be-
tween the two systems, and we can hypothesise about
how transferable system rankings are between judges.

Definition 1 Ler J4 be the relevance vector given by
System A for query q using corpus judgements R(d, q),
and Jp the relevance vector given by System B. For the
same document lists, let J!, and J}; be the relevance
vector given using judgements R'(d,q) for System A
and B respectively.

We can now define the difference in P@n scores
between the systems for query ¢ using either set of rel-
evance judgements, and then derive a probability distri-
bution for that difference based on agreement probabil-
ities between judges.

Definition 2 For some ranked position 1 < i < n, let
0; = Jali] — Jgli], and 8} = J4[i] — Jgli]. Then
the difference in P@n scores for the systems using ei-
ther set of relevance judgements is given by A(n)

Yo 6i/nand A'(n) = >""_| 8;/n respectively.

Table 1 shows an example of how A(5) and A'(5)
is calculated. In this instance, using the second set
of judgements has decreased System A’s superiority to
A’(5) = —0.2, that is, System B is now apparently
better than System A.

Without loss of generality, we will from now
assume that System A has a higher P@n score than
System B using the corpus judgements J4 and Jp.
Thus we are interested in deriving a probability
distribution for A’(n), and in particular the probability
that A’(n) > 0; that is, System A remains superior
with a new set of judgements.

Definition 3 Ler o be the probability that the new
judge agrees with a R(d,q) 0 judgement in the



Jali]  Jgli]  J4li]  Jgli] o6, Probability  Probability x ¢/
0 0 0 0 0 awoap 0
0 0 0 1 -1 ao(l-ao) —040(1-040)
0 0 1 0 1 (1-0(0)0(0 O[O(I'Oéo)
0 0 1 1 0 (l-ap)(l-ag) O
EOO =0
0 1 0 0 0 oo(l-aq) 0
0 1 0 1 -1 [e7i105]) -0y
0 1 1 0 1 (l-ag)l-ay)  (I-ap)(1-a)
0 1 1 1 0 (l-ap)ay 0
E01 =1- g — (1
1 0 0 0 0 (I-a1)axg 0
1 0 0 1 -1 (I-ap)(-ap) -(1-ag)(1-ay)
1 0 1 0 1 10 [e7s1051
1 0 1 1 0 ai(l-ap) 0
Eo=ap+a; -1
1 1 0 0 0 (l-ap(-a1) 0
1 1 0 1 -1 (l-apa; -a1(1-aq)
1 1 1 0 1 al(l—al) al(l—al)
1 1 1 1 0 a1 0
E11 =0

Table 2: All possible cases for judgement of a document in a ranked list at position ¢ by the corpus and new
judges, with their corresponding probabilities. For each possible pair of J4 and Jp values, the expected value of
37, labelled E,, for each x, is computed as the sum of the four entries above it.

corpus, thus R'(d,q) = 0, and « be the probability
that the new judge agrees with a R(d, q) = 1 judgement
in the corpus, hence R'(d, q) = 1.

For any rank i in the top n documents for a single
query, the entries in the relevance vectors for System A
and System B for that position is either: J4[i] = 0
and Jp[i] 0, both systems returned an irrelevant
document in that position; J4[i] = 1 and Jp[i] = 1,
both system returned a relevant document in that posi-
tion; and the two discriminating cases J4[i] = 1 and
Jgli] = 0, or Jali] = 0 and Jgli] 1. Table 2
shows, for each of these four possible cases, the four
possible relevance vector entries at a particular rank ¢
that might result using different judgements (.J/;[¢] and
Ji[i]). In addition to the 0] values for each case, the
probability of realising each combination is given in
the second last column, which is the product of the
appropriate agreement probabilities. For example, in
the first row the probability of J4[i] = 0 and J[i] =0
is o, and Jp[i] = 0 and J;[i] = 0 is also «g, so
total probability of that event is agag. In the second
row, Ja[i] = J4[i] = 0, but Jg[i] = 0 is judged
as Jp[i] = 1 with probability (1 — ag), so the total
probability is (1 — ag). The final column is summed
for each of the four possible cases of J4[i] and Jg[i] to
give the expected value of §; for that case, labelled Eyo,
Eo1, Fho, and E7q respectively.
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Definition 4 For a given query q and Systems A and B,
let coo be the number of rank positions in the top n for
query q where Jali] = 0 and Jgli] = 0, and like-
wise for c10, co1 and c11. That is, cyy = [{Jali] =
xand Jpli] = y,1 < i < n}|. Note, A(n) = (c10 —
001)/71.

For each position in a ranked list, E'y, [;)7,[;] gives
the expected value of 4/, and so the expectation of
A’(n) can be calculated as:

i1

(cooEoo + co1 Eo1 + c10E10
+en B /n

(1 —ap — ai)(co1 — c10)/n
(o + a1 —1)A(n)

E

E[A(n)]

= M

Intuitively this makes sense. If new judges agree
perfectly with the corpus judges, then avg = 1 = 1,
then E[A’(n)] = A(n): there is no expected difference
in the system’s scores with either judgement set. If new
judges disagree completely with the corpus judges, then
apg = a3 = 0, then E[A'(n)] = —A(n): that is, the
expected system scores are the reverse of the original.

We can also compute the variance of A’(n). Recall
that Var(X) = F(X?) — E(X)? by definition, so:



Var(A'(n))

n

Var <Z (5;/71)
i=1
Z Var(6}) /n*

=3 (Bl - Bl5)

(coo(2a0(1 — ap))

+c11 (201 (1 — 1))

+(co1 + ¢10)(1 — ap — a1 + 2ap0r1)

—(1 =g — a1)*(co1 — c10)?)/n® 2

Equations 1 and 2 are for a single query, g, but are
easily extended to a score computed over a set of N
queries because the P@n metric assigns equal weight to
all ranked positions. That is, computing the mean P@n
value over the top n documents retrieved for NV queries
is the same as computing P@ Nn for a concatenation
of the N J[1..n] relevance vectors for each query. If
we use the notation J; to represent the relevance vector
J for query i, and Jg = Jy[l..n]Ja[l..n]..Jn[1..n] to
represent the concatenation of the first n elements of all
J;i’s, then:

1 N
¥ > (P@nof J;)
=1

P@Nn of Jg.

Henceforth we will limit our discussions to the single
query case for notational convenience.

Equation 2 contains c,,, terms, which will alter de-
pending on system, query and judgements. However, if
we fix n, or assume the maximum possible separation
between systems on the corpus, the equations can be
simplified to something immediately useful.

3.1 The P@1 case

When considering P@1, the expression for Var(A’(n))
simplifies to something manageable. As we are inter-
ested in the case where System A is better than Sys-
tem B on query ¢ using the corpus judgements, then
P@1=1 for System A and for System B, P@ 1=0. Hence
Cop = C11 = Co1 = 0, C10 = 1, n = A(n) = 1, and

E[A'(n)]
Var(A'(n))

ag+ap —1

2 2
g+ a1 — oy — af.

Assuming A’(n) is normally distributed with mean
E[A’(n)] and a standard deviation of /Var(A’(n)),
then we can compute Pr[A’(n) > 0] which is shown in
Figure 1. To be more than 50% confident that a new set
of judgements on the corpus will keep System A as su-
perior with the P@ 1 metric, the sum of o and vy must
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1.0

Agreement with relevant: o4
00 02 04 06 038

00 02 04 06 08 1.0
Agreement with irrelevant: o,

Figure 1: Contour plot of the probability of A’(1)
exceeding zero (hence System A remaining superior)
with the P@1 score, when the corpus is re-judged by a
judge that agrees oy and v proportion of the time with
the original judge’s 0 and 1 judgements, respectively.

be larger than 1 (approximately). To be 95% confident
that System A will remain superior, both agreement
probabilities must be over 80%.

3.2 The extreme case

Just as for the P@1 case, assuming P@n=1 for Sys-
tem A and P@n=0 for System B allows simplification
of Equations 1 and 2 as all of ¢y, ¢11 and cq; are 0, and

Cip = Nn.
Thus
E[A'(n)] ag+a; —1
Var(A'(n)) (1 — ap — a1 + 20pa1)
—(Ol() + a1 — 1)2)/TL
If we assume that o9 = a1 = «, then we can

plot E[A(n)] and a 95% confidence interval as
+1.964/Var(A’(n)) for different n values. This is
shown in Figure 2.

To be 95% sure that System A remains superior with
new judgements, agreement must be at least 90% for
P@1 (intersection of dark grey ellipse and the O line),
75% for P@S5 (intersection of medium grey ellipse and
the O line), and 70% for P@10 (intersection of light
grey ellipse and the O line).

3.3 Other cases

It is possible to simplify Equations 1 and 2 for other
values of n where System A and System B are not sep-
arated extremely, that is, when the gap between Sys-
tem A and System B is less than one: A(n) < 1. The
technique involves labelling each possible combination
of Jali] and Jgli] for all ¢, but is omitted from this



E[A’]

00 02 04 06 08 1.0
Agreement o = oy

Figure 2: Expected A’(n) values (black) and 95%
confidence limits for n 1 (dark grey), n 5
(medium grey) and n 10 (light grey) assuming
P@1=1 for System A and P@1=0 for System B.

paper as we concentrate on the P@ 1 metric in our user
studies.

4 Practical considerations

In this section of the paper we turn our attention to
an investigation of the likely values a( and a; when
users conduct a web-based search task. In particular, we
examine data from one of our previous user studies that
involved both document judgements and search-and-
click judgements, and see if « values are stable across
different topics and tasks for a given pair of users.

4.1 User experiment

Participants for our user study were recruited
form RMIT University. All were postgraduate
or undergraduate students studying for degrees in
computer science and information technology. As
a result, most were very familiar with searching
for information on the web; in a pre-experiment
questionnaire the average user indicated that they
search “once or more a day”. Experiments were carried
out in compliance with the RMIT University Human
Research Ethics Committee. 40 users participated in
the study; however, three were unable to complete the
full experiments, and are therefore excluded from the
analysis.

Participants were asked to carry out two tasks: a
judging task, and a search task. For both, documents
and topics were sourced from the TREC GOV2 collec-
tion, a crawl of 426 Gb of data from the .gov domain
from 2004 [3].

Judging task: For the first task, participants were
asked to imagine that they are writing a report, based on
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a provided information need, and to mark documents
that were presented as relevant or not relevant for
inclusion in the report. Participants were asked to carry
out this task for three TREC topics (numbers 707, 770
and 771); the description and narrative fields of the
topics were displayed to users as information needs.
Participants were therefore making binary decisions
about relevance, when presented with documents that
had previously been judged by TREC assessors on a
three-point scale (not relevant; relevant; and highly
relevant). There was no time constraint for making
decisions for the judging task. However, it became
clear that carrying out the task for all three topics
resulted in severe fatigue effects. The third topic
completed by each user is therefore removed from the
analysis.

Searching task: Participants also carried out a
searching task. Here, when presented with an
information need, users were asked to search for and
identify a relevant answer document as quickly as
possible. Users could enter a single query to a search
system, designed to be similar in appearance to popular
commercial search engines such as Google, Yahoo! or
Bing. Unknown to the user, for each topic they were
assigned to a system of a particular quality; that is, the
system would return a ranked answer list with a pre-
determined P@1 level. For this task, 24 informational
topics were chosen from TREC topics 700-850 (topics
developed for use with the GOV2 collection). To
construct the P@1 controlled lists, judged documents
were selected from the two highest-performing runs
submitted to the TREC terabyte track in 2004, 2005
and 2006. That is, all documents used in the lists could
plausibly be returned in response to the topics by a
modern information retrieval system.

After being presented with a search results list, a
user could select a document for viewing. They could
then take one of two actions: save the document as a
relevant answer; or close the document, and return to
the results list. In the analysis below, these actions are
taken as judgements of the relevance or non-relevance
of the document, respectively.

Note that the user studies were not explicitly
designed to answer the questions raised in this paper;
rather we are retrospectively analysing the data to get
insights into likely values of o and «;. Full details of
the user studies are available in previous papers [9, 10].

4.2 Agreement on the judging task

Figure 3 shows the distribution of agreement values be-
tween all pairs of users for the judging task. As agree-
ment is not symmetrical [14], each user pair is counted
twice, usually with different values. As can be seen,
agreement varies anywhere from 100% down to 7.7%
for users 14 and 11 on .

Perhaps of more interest is the difference in agree-
ment for any user pair that judged the same two topics.
Figure 4 shows that on any two topics, both g and
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Figure 3: Distribution of agreement amongst all pairs of users on the judging task.
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Figure 4: Distribution of the difference in agreement amongst pairs of users on the judging task.

a1 can vary widely in the judging task. This makes
it difficult to choose a representative agreement value
for any pair of judges. Note that as we had to remove
the third topic judged for each user from the data set,
not all pairs of users completed the same two topics. In
total 534 of the 1369 pairs are included.

4.3 Agreement on the search task

Figure 5 shows the distribution of agreement values be-
tween all pairs of users for the searching task. Here we
have taken the event where a user selected a document
from the ranked list but did not save it as an “irrelevant”
judgement, while the selection and explicit saving of an
item is taken as a “relevant” judgement. For any pair of
users, we computed oy and a1 over all topic-document
pairs that both users selected from the ranked lists for
viewing. We only included pairs where at least 6 topic-
document pairs were judged as relevant and irrelevant
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by the first user in the pair, giving 758 user pairs. Again,
agreement is not symmetric, and so each pair of users
is counted twice, typically with different values. As can
be seen, the distribution of agreement values is similar
to those for the judging task.

4.4 Agreement across tasks

Figure 6 shows the distribution of the difference in «y
and «; for pairs of users between the searching and
judging tasks. Again, the difference across tasks can
be large, making it difficult to choose a representative
agreement value for any pair of judges/users.

Figure 7 plots each user pair that has an agreement
value for both tasks. As is apparent, there is no guar-
antee that if a pair of users did not agree in the judging
task, they will not agree in the search task, and vice
versa.
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5 Conclusions

We have presented a simple probabilistic model based
on agreement between judges that can predict the effect
that altering judges will have on system performance as
measured through a batch evaluation experiment. When
evaluating performance with P@1, for example, to be
95% confident that one system will remain superior to
a second after judges are changed, the agreement be-
tween relevance assessments of the judges must be at
least 80%.

The model can also be used to assist in selecting
metrics. For example, for the P@n family of metrics,
it can be seen that the larger the value of n (that is,
the more information from the result list that is con-
sidered), the lower the required level of agreement be-
tween judges to remain confident that the relative sys-
tem performance will not change. In this paper we have
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concentrated on the P@n metrics; in future work we
plan to extend the approach to other metrics.

Examining the agreement values in one of our user
studies has revealed large topic and task effects. That
is, for any pair of users, their agreement may alter on
different topics or tasks by over 50%. Thus, applying
the model presented in Section 3 to predict the effect
of changing judges on a corpus requires more sophisti-
cated measuring of oy and «; than was possible with
our available user data. In future work, we plan to
investigate controlled experiments for gathering repre-
sentative agreement values between different users of
retrieval systems.
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Abstract: The 2008 proxy log covering all student
access to the Wikipedia from the University of Otago
is analysed. The log covers 17,635 student users for
all 366 days in the year, amounting to over 577,973
user sessions. The analysis shows the Wikipedia is
used every hour of the day, but seasonally. Use is low
between semesters, rising steadily throughout the se-
mester until it peaks at around exam time. The analy-
sis of the articles that are retrieved as well as an
analysis of which links are clicked shows that the
Wikipedia is used for study-related purposes. Medical
documents are popular reflecting the specialty of the
university. The mean Wikipedia session length is
about a minute and a half and consists of about three
clicks.

The click graph the users generated is compared
to the link graph in the Wikipedia. In about 14% of the
user sessions the user has chosen a sub-optimal path
from the start of their session to the final document
they view. In 33% the path is better than optimal sug-
gesting that users prefer to search than to follow the
link-graph. When they do click, they click links in the
running text (93.6%) and rarely on “See Also” links
(6.4%), but this bias disappears when the frequency of
these types of links’ occurrence is corrected for.

Several recommendations for changes to the link
discovery methodology are made. These changes in-
clude using highly viewed articles from the log as test
data and using user clicks as user judgements.

Keywords: Information Retrieval, Link Discovery.

1. Introduction

Keeping the link structure up-to-date in a large hyper-
text collection is difficult. When a new document is
added to the collection it is necessary to link from that
document to the collection and from the collection to
that document. When a document is deleted all links
from the collection to the document must be removed.
Finally, when a document changes, new links must be
added and old links deleted. Deleting links is a me-
chanical process, but recommending links for new or
changing documents is problematic and is an active
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field of research known as Link Discovery.

Milne & Witten [11] use machine learning to learn
links for documents to be added to the Wikipedia.
INEX has the Link-the-Wiki track [3] in which the
task is to analyse a document (also from the Wikipe-
dia) and to construct an ordered list of links from
which a user can choose; Geva [1] and Jenkinson et al.
[7] provide the best solutions.

The recent INEX study by Huang et al. [5] raises
questions about the validity of the methods of assess-
ment that had been used with all previous solutions to
the Link Discovery problem, and therefore the validity
of the solutions themselves.

The prior INEX protocol was as follows: A dump
of the Wikipedia is taken. From that dump a single
document is extracted (the orphan). All links between
the orphan and the collection are removed. The task is
to recommend links for the orphan. Performance is
measured relative to the links that were originally in
the orphan.

Huang et al. introduced a new protocol to INEX,
based on the Cranfield methodology. In this protocol,
INEX participants’ runs were pooled and manually
assessed. Importantly, the links in the original
Wikipedia articles were added to the pool. Most im-
portantly, the Wikipedia articles themselves were
scored against the pool. Unexpectedly, the Wikipedia
articles performed no better than the best submitted
runs.

This result suggests that there are many links in the
Wikipedia that are not considered relevant to the topic
of the articles. The nature of those non-relevant links
is not known, but could be studied by analysing the
INEX assessments.

This approach would shed light on the nature of
relevant and irrelevant links in the Wikipedia and
could be used both to help recommend new links and
to remove bad links. But a link that is relevant to the
content of the page may not be relevant to the infor-
mation need of the user. To find useful links it is nec-
essary to study how users use links. This raises our
research question: How do users use the Wikipedia
link structure?

To answer this question we studied the log of the
University of Otago student web proxy, which all stu-
dent users of the University computing facilities must
pass through, for the 2008 calendar year. From the log
we extracted all references to the Wikipedia.
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Figure 1: Frequency of use of the versions of the Wikipedia seen more than 500 times in the log. Eng-
lish is the preferred language followed by German, Japanese, Chinese, French, Spanish and so on. The
subdomains for language versions of Wikipedia are ISO 639 codes.

Before studying the link-clicking behaviour dis-
played in the log, we performed a number of prelimi-
nary analyses in order to better understand the data,
and its applicability to our goal of improving the link
structure of Wikipedia. These included examining the
request frequency at different times of day and times
of year, calculating the length of user sessions, and
finding the most commonly-requested pages. The re-
sults of these analyses are presented in Sections 3.1
and 3.2

In Section 3.3, the link-clicking behaviour seen in
the log is analysed, with particular focus on the ques-
tion of whether or not the current link graph is being
used efficiently. This question is addressed in two
ways. The first is to determine the proportion of links
clicked on in each article, and to look for patterns in
the types of links clicked. The second is to determine
whether or not users are reaching their destinations by
following links, and if so, whether or not they are do-
ing so in the most efficient way possible.

2. Prior Work

Prior IR research on logs has focused on search engine
log analysis. Zhang & Moffat [14], for example, pre-
sent an analysis of the MSN log while Spink et al. [13]
present an analysis of an Excite log.

Internet use by students has previously been stud-
ied; however such studies are typically conducted
through surveys, for example Metzger et al. [9].

Proxy log use has been limited. Kamps et al. [8]
used a (3 month long) New Zealand high school proxy
log to validate INEX 2007 results. Their analysis is
short. They state: the number of queries; the number
of unique queries; the number of clicks in the Wikipe-
dia; the number of queries with Wikipedia clicks; and
the number of unique queries with Wikipedia clicks.

There is a growing body of work in link recom-
mendation. Early work [10, 11] conducted outside
INEX considers the problem of generating a set of
links. INEX considers link discovery to be a recom-
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mender task and consequently systems generate a
ranked list of results. Geva’s solution [1] at INEX is to
match the titles of Wikipedia documents against the
text of a document, preferring longer titles if several
overlap. The Jenkinson et al. solution [7] is based on
Itakura & Clarke [6]. They generate a list of all an-
chors used in the collection along with a list of all
documents that are targeted by each anchor text. They
rank anchor texts on the frequency with which they
occur as links, as a proportion of their overall fre-
quency. They then search for these in the new docu-
ment and recommend links based on the above fre-
quency. The two approaches perform comparably.

3. Analysis

In this section an analysis of the proxy log is given.
The global statistics are presented followed by an
analysis of the sessions. Finally the use of the hyper-
text links is given.

3.1. Global Statistics

The proxy log covers the period from 1st January
2008 to 31st December 2008. It covers 366 days be-
cause 2008 was a leap year. The proxy configuration
at the university consists of a set of proxies each log-
ging and fulfilling user requests. There were a total of
6 proxy servers and so the analysis is over 2,196
source log files. One of these files (from 30 April
2008) was lost and so the analysis is short by one sixth
on that date.

All lines from the log that contained the (case insensi-
tive) word Wikipedia were extracted. There were a
total of 16,665,418 references in the extracted log, of
which 15,696,225 were to the English Wikipedia and
969,193 were to other sites. The references were made
by 17,635 students (the university had 20,752 enrolled
during 2008). Further fundamental numeric statistics
are shown in Table 1.



Table 1: Fundemental statistics of the log

Duration of Log 1/Jan/2008 — 31/Dec/2008
Rows in Log 16,665,418

Rows for English Wikipedia 15,696,225

Users in Log 17,635

Total enrolled students 20,752

Sessions in Log 577,973

Articles Accessed 340,477

Articles in Wikipedia 2,600,000 (approx.)
Wikipedia Subdomains 202 (inc. typos)
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Figure 2: Frequency of use of all versions.
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Figure 3: Access to the Wikipedia by time of day.

The Wikipedia exists in many different languages
and forms. Each of these versions has its own subdo-
main of wikipedia.org. In the log there are 202 refer-
ences to different variants (including spelling errors).
The most common is the English Wikipedia while the
least common (occurring only once) is spe-
cies.wikipedia.org, the Wikipedia Free Species Direc-
tory.

Figure 1 graphs the frequency of use of those va-
riants of the Wikipedia seen in the log more than 500
times. The graph shows that English (subdomain en)
is the primary language used at Otago, with European
and Asian languages also popular. The Maori Wikipe-
dia (subdomain mi) was the 17™ most popular version,
accessed 2,953 times.

All of the subdomains shown in Figure 1 are iden-
tified by the ISO 639 codes for their languages, except
www (an entry point to Wikipedia, having links to the
most popular language versions), simple (the Simple
English Wikipedia, in which articles are written at a
level suitable for non-native English speakers or chil-
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dren), meta.wikimedia.org (a wiki containing informa-
tion useful to editors of the various Wikimedia pro-
jects), and nostalgia (a static copy of a 2001 version
of Wikipedia).

Figure 2 shows the request frequency of all sub-
domains of wikipedia.org and wikimedia.org. 1t shows
that the subdomains do not completely follow a
power-law distribution.

Timestamps in a search engine log are relative to
the search engine location. It is therefore not possible
to know the user-time at which each query was given.
In a proxy log of the type used in this study, however,
the user time is the same as the time recorded at the
proxy.

Figure 3 shows the mean number of requests per
minute at each hour of the day. At midnight there is
moderate access steadily falling to low at Sam where
access picks up and stabilizes at about 11am. A local
peak is seen at 3pm with a dip at dinner-time, picking
up at about 7pm and falling again at about 10pm. Stu-
dent use of the Wikipedia is round-the-clock.

This finding is in line with results seen by others.
Zhang & Moffat [14] found that there was no hour of
the day at which the MSN search engine was com-
pletely unused from within the US. The US, however,
is a somewhat larger geographical area then the Uni-
versity of Otago (and has a larger population).

Publicly available search engine logs tend to cover
a very short period of time. The MSN log is one
month in length, the Excite logs are one day, and the
Alta Vista log is about six-weeks. From such short
logs it is not possible to make any observations about
seasonal user behaviour, analyses have been restricted
to daily patterns.

Zhang & Moffat [14] present a day-by-day analy-
sis of the MSN log, which covers May 2006. They
show a clear drop in use over weekends and a pattern
of peaking early in the week and dropping towards the
end.

Shown in Figure 4 is the total number of Wikipe-
dia requests per day seen in the proxy log. Use is
clearly seasonal varying from fewer than 1,000 ac-
cesses per day in December to over 14,000 accesses
per day in June and October. Unsurprisingly the peak
is around the university’s exam period.

It is reasonable to conclude from this seasonal ac-
cess pattern that the Wikipedia forms an important
part of the student study regime at the University of
Otago. If this is the case then it is also reasonable to
expect many of the most frequently requested pages to
be related to academic study.

The 20 most frequently requested Wikipedia arti-
cles are shown in Table 2. The homepage (Main Page)
is the most viewed Wikipedia page, being requested
with more than 23 times the frequency as the next
most popular page. This is as expected as many users
will enter the Wikipedia via the homepage rather than
typing an article’s URL manually.

Column 3 shows a manual classification of the
given pages into the categories Work-Related (W),



Informational (I) and Entertainment (E). Of the top
20, half (10) can be considered work-related while the
other half are entertainment (2) and informational (8).
Most of the work-related pages are medical, reflecting
the importance of the medical sciences to the Univer-
sity. This provides further evidence that the Wikipedia
is, indeed, being used by students as an aid to their
study during the exam period.

It should be noted that the classification is ad-hoc,
and was arbitrarily chosen by the two authors. In par-
ticular, all medical pages in the table are classified as
work-related on the assumption that these pages are
mostly requested by the university's large number of
medical students, rather than by people seeking medi-
cal advice. The classification of some pages is clearly
ambiguous; the Treaty of Waitangi page could be con-
sidered informational due to the treaty's relevance to
the location of the university (New Zealand), or work-
related due to its potential relevance to History stu-
dents.

Plotted in Figure 5 is the number of times each of
the 340,477 requested articles was retrieved (ordered
by frequency). There are a small number of pages re-
quested a very large number of times. (Those articles
appear to be informational pages about the Wikipedia,
Wikis, New Zealand, the University of Otago, and
death!) This distribution of request frequencies sug-
gests that more useful results could come from cluster-
ing pages by subject area. We hypothesise that this
would show other subject areas being looked up with
comparable frequency to the medical sciences, but that
those requests would be distributed among a greater
number of pages, leading to their absence in Table 2.

It is not only reassuring that the Wikipedia is used
for study purposes within the university, but also reas-
suring that it is not primarily used for smut. Spink et
al. [13] provide a list of the 75 most frequently seen
search terms in the Excite query log, the top 10 of
which are: and, of, sex, free, the, nude, pictures, in,
university, pics. It appears as though the Wikipedia is
being used honourably by students.

3.2. Session Statistics

Identifying a user’s session in a search engine query
log has proven to be problematic because it is not
clear what the user is doing between one log entry and
the next. The same problem exists when looking at a
proxy log such as the one used in this study, because
only the user actions that result in an HTTP request
are recorded.

The proxy log used in this study distinguishes us-
ers, and identifies the requested page, dates, time, etc.,
but not the referrer. Therefore, although it is known
what was done, by whom, and when, it is not certain
what a user was doing before making a particular re-
quest. Identifying a user’s session under these circum-
stances is problematic because without the referrer it
is difficult to identify the start (or end) of a session.
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Request Frequency by Time of Year
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Figure 4: Access to the Wikipedia by date.
Semester-times, breaks and examination periods
are indicated.

Table 2: Top 20 most retrieved pages, classified
as Work-Related (W), Informational (I) or
Entertainment (E)

Page Requests | Class
Main Page 75583 1
Wiki 3256 I
New Zealand 1686 1
Deaths in 2008 1315 1
University of Otago 861 1
Dunedin 859 I
Standard deviation 857 W
Wikipedia 806 I
Dopamine 669 W
Blood pressure 561 W
The Dark Knight (film) 557 E
Aldosterone 556 W
Glycolysis 546 w
Tyrosinase 541 W
Gossip Girl (TV series) 541 E
Treaty of Waitangi 516 I
Tuberculosis 514 W
Meningitis 512 w
Multiple sclerosis 511 W
HIV 510 W

He & Goker [2] define a web search session as a
set of consecutive requests by a user with no longer
than some time limit from one request to the next.
They conclude that for web search log analysis the
optimal time is between 10 and 15 minutes. There
was, however, very little difference observed between
the sessions produced using a time limit of 15 minutes
and those produced using a time limit of 60 minutes.

It is reasonable to assume that a user navigating
the Wikipedia will spend longer reading documents
than a user searching the web spends reading a results
list. For this reason, and for this study, a session is
defined as a set of consecutive requests by the same
user with a gap of no more than 60 minutes between
adjacent requests. Further investigation is needed to
determine whether or not this is a suitable time limit
for proxy logs.
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Table 3: Top 20 non-wikipedia session origins

Count | Source
2030 | http://rds.yahoo.com/
1527 | http://nz.wrs.yahoo.com/
1433 | http://content.answers.com/
427 | http://hk.wrs.yahoo.com/
203 | http://s.scribd.com/
203 | http://wrs.search.yahoo.co.jp/
154 | http://au.wrs.yahoo.com/
149 | http://mycroft.mozdev.org/
130 | http://tw.wrs.yahoo.com/
129 | http://sp.ask.com/
110 | http://uk.wrs.yahoo.com/
82 | http://www.scribd.com/
81 | http://digg.com/
76 | http:/static.getfansub.com/
76 | http://www.microsoft.com/
68 | http://www.nationmaster.com/
60 | http://www.apple.com/
57 | http://wrs.yahoo.com/
52 | http://i.ixnp.com/
52 | http://pixel.quantserve.com/

Session length can be measured in several ways
including the number of requests and the total time
between the first and last request. In the case of a sin-
gle-request session, however, the session time must be
considered to be zero because it is impossible to tell
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how long the user spent looking at the single page that
was requested.

In Figure 6 the sessions from the proxy log are
shown ranked from the longest to the shortest. In total
there were 577,973 sessions. When measured by time,
the longest had 26 requests over 86,441 seconds (1
day and 41 seconds), and the median had 2 requests
over 93 seconds. It is reasonable to conclude that the
longest session is not human generated (one click an
hour for a day) and so there are, in all likelihood, ro-
bots running at the university that are downloading
data from the Wikipedia each hour.

When measured by number of requests, the longest
had 2,340 requests over 8,550 seconds (a mean of one
click every 3.76 seconds for 2 hours 22 minutes and
30 seconds), and the median had 3 requests over 93
seconds. Again it is reasonable to conclude that the
longest session is not a human, but a robot.

In some cases users chose to search the Wikipedia
using a search engine. In these cases they might have
either added the word Wikipedia to their query or site-
restricted their search to a wikipedia.org site.

Table 3 shows the top 20 non-Wikipedia site ori-
gins appearing in the log. It is important to recall that
the analysed log only includes requests that contain
the substring Wikipedia — and so this table does not
truly reflect the number of sessions originating outside
the Wikipedia. It is surprising that Google does not
appear, but this is possibly because of Google's use of
asynchronous requests for result lists on supporting
browsers.

Coupling this result with the number of requests
for the Wikipedia homepage leads to the conclusion
that the students tend to go directly to the Wikipedia
and then search, rather than using an Internet search
engines to find information in the Wikipedia.

3.3. Link Statistics

The primary motivation for this investigation is the
understanding of how users navigate the Wikipedia so
that this knowledge may be used to improve the per-
formance of link recommender systems.

For the purpose of this investigation a user is
deemed to have clicked a link in order to retrieve an
article if, within a session, there was a page requested
earlier in that session that contains a link to the re-
trieved page.

An alternative would be to consider only the user’s
most recently requested page as a potential link
source, which would reduce the number of false posi-
tives. This was rejected because of anecdotal evidence
that users surfing the Wikipedia have multiple pages
open at once, meaning that the user’s click sequence
may resemble part of a breadth-first traversal of the
link graph.

For brevity, the term click will hereafter be used
without qualification to refer to a request that is be-
lieved to have been caused by a click on a particular
link. It is important to note that this information may



not be accurate, and a proxy log with referrers should
ideally be used in future research.

Presented in Table 4 are the top 20 most clicked
links. Of particular note is the link from the homepage
to Deaths in 2008. This can be directly attributed to
the link “Recent Deaths” at the bottom of the “in the
news” section of the homepage. Of the top 20 links,
13 are clearly work-related while 5 are entertainment
and 2 are informational.

Shown in Figure 7 is the distribution of link clicks
ordered from most popular to least popular. By in-
spection it can be seen to roughly follow a power-law
distribution. Most links are clicked only once but
some links are very popular.

Figure 8 shows the distribution of clicked links on
a per document basis. It can be seen that of the links in
a document, very few were clicked even though there
are many links in the documents. This cannot be ex-
plained by the presence of “boilerplate” links such as
the What links here link because these links are not
included in the collection from which the relevant data

was extracted.

Table 4: Source and target articles of the 20
most clicked links.
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Source Target Clicks | Class
Main Page Deaths in 2008 3092 I
Nicotinamide
NAD adenine dinucleo- 282 W

tide
Nicotinamide
adenine dinucleo- | FAD 239 w
tide
Tyrosinase Melanin 233 \
Lactate Lactic acid 219 W
ADH Vasopressin 206 \\%
Tyrosine Dopamine 202 W
Heroes Heroes (TV series) 186 E
Main Page Wikipedia 181 I
Melanin Melanocyte 179 \%
South Park Listof South Park | 176 |
episodes
Gossip Girl GO.S sip Girl (TV 174 E
series)
Adjuvant Immunologic ad- 162 | W
juvant
Thiamine pyro- Pyruvate dehydro-
161 w
phosphate genase
Heroes (TV series) L‘?t of Heroes 151 E
episodes
House (TV series) Ll?t of House 141 E
episodes
Systole Systole (medicine) 133 W
Vitamin E Tocopherol 133 W
Melanin Melanoma 124 W
Diaphragm Thoracic dia- 124 w
phragm
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Figure 8: Number of clicked links per document
by absolute count (above) and relative to the num-
ber of links in the document (bottom). In most
documents only one link was clicked despite there
being many links that might have been chosen.

Huang et al. [4] present the metric used in the
INEX Link-the-Wiki track. It is a mean average preci-
sion (MAP) based metric which assumes that all rele-
vant links are equally relevant. This assumption may
not be valid; the users may show bias for certain links.
In future work we will examine these potential biases
by determining the prior probability of the click fre-
quency distributions seen in each document. Given the
already observed bias from the homepage to the recent
deaths page it is reasonable to believe that some links
are more popular than others. If this is the case then



the appropriateness of the INEX Link-the-Wiki met-
rics should be examined.

6.4% of those links that are clicked are from the
See Also section of the document whereas remaining
93.6% are from the running text. 6.4% is also the
proportion of links in those documents that are See
Also links. This suggests that there is no user prefer-
ence to these links over the running text links. This is
surprising because the See Also links are at the bottom
of the page, although Fitts’s Law may apply.

INEX offers two tasks in the Link-the-Wiki track:
file-to-file linking, and anchor-to-BEP (best entry
point) linking. In the former the task is to identify arti-
cles related to a new article to be added to the Wikipe-
dia. This is equivalent to the task of adding See Also
links to an article. In the latter task the link discovery
system must identify anchor-texts in the running text
of the new article and targets within the Wikipedia.

The discovery that running-text links appear to be
as important as the See Also links suggests that the
two INEX tasks are also equally important.

Potamias et al. [12] propose an algorithm for ap-
proximating the shortest path between two nodes in a
large graph. Several hubs are chosen based on an es-
timate of their centrality in the graph, and a single-
source shortest path calculation is performed from
each hub to all nodes in the graph. The shortest path
estimate for a pair of nodes is calculated by determin-
ing the length of the path between the nodes through
each hub in turn, and taking the shortest of those
paths.

The actual path taken in each session was com-
puted and the lengths of the paths are shown in Figure
6. The shortest path they could have taken (from the
start to the end of their session) can be estimated using
the algorithm of Potamias et al. The difference is the
slack in the session. That is, assuming the user has one
information need per session and upon fulfilling it
they stop using the Wikipedia, the number of wasted
clicks (and consequently the amount of wasted time)
can be estimated.
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Figure 9: Number of clicks that could be saved
if the user navigated the Wikipedia using the
shortest path from the start of their session to the
end of their session.

Figure 9 shows the difference between the actual
length and the estimated shortest path for each ses-
sion. Positive numbers indicate that clicks would be
saved if the user had chosen the shortest path; nega-
tive numbers are due to users arriving at their destina-
tion by methods other than clicking links.

The shortest path estimation algorithm was used
because of the number of sessions and the magnitude
of the link-graph. It should be noted that the result is
always pessimistic. It computes a number that is no
smaller than the shortest path. Despite this, 83,761
(14%) user sessions would be reduced in length if the
user had followed the shortest path. In 192,375 (33%)
sessions the user found a path shorter than the esti-
mated shortest path (perhaps by searching). 231,317
sessions are optimal. For the remaining 70,520 ses-
sions no path could be found (the link graph is not
strongly connected).

Assuming users are doing their utmost to find the
information they seek, it is pertinent to ask why they
waste so many clicks in their information seeking.
Further investigation is needed; however it could be
due to information overload. Given the extensive
interlinking between Wikipedia articles, it may simply
be too difficult to spot which links to click. If this is
the case then a reduction in the size of the link graph
(that is, the removal of links) may result in a better
user experience. This result is in line with the manual
assessment experiments of Huang et al. [5], which
suggest that many of the links in the Wikipedia are not
relevant. Further, since 33% of the sessions are shorter
than the shortest path, it is reasonable to conclude that
users’ current response to viewing over-linked docu-
ments is to resort to searching.

The mean number of clicks that could be avoided
if a user followed the shortest path is 0.018 clicks per
session.

However, it is also possible that many of the
wasted clicks seen are a result of users browsing
Wikipedia for trivia, merely because they find it inter-
esting. (For example, clicking links that go from the
name of a day, month or year to a list of events that
happened in that time period.) It is therefore important
not to take the link-graph reduction goal to its logical
conclusion by removing all trivial links, as this would
diminish users' enjoyment of Wikipedia, which might
in turn cause the non-trivial information content in
Wikipedia to stagnate. Therefore, it is important to
balance the removal of links that hinder navigation
with the retention of links that, while not strictly rele-
vant, are sometimes used and do not hinder naviga-
tion.

It is pertinent to ask whether the first document the
user viewed should have been linked to the last docu-
ment they viewed. Computing this is equivalent to
solving the link discovery problem, but an estimate
might be made using one of the previously published
link discovery algorithms. The Itakura & Clarke [6]
algorithm as implemented by Jenkinson et al. [7] is
fast and might make a good candidate algorithm, as



might Geva’s title matching algorithm [1]. Computing
the optimal link graph for the Wikipedia is left for
future work.

4. Discussion and Conclusions

The University of Otago student proxy server logged
all accesses to the Internet for the 2008 calendar year.
From this log all accesses to the Wikipedia were ex-
tracted and analysed. In total 16,665,418 requests
were made by 17,635 users.

The analysis suggests that students use the
Wikipedia primarily as an encyclopaedia for study-
related purposes. They typically use it for a very short
period of time (a few minutes) and search from the
Wikipedia rather than via an Internet search engine.
They prefer to use it close to exams, and they use it at
all times of the day and night.

The analysis of the link statistics suggests that
there is some bias in the users’ click pattern, as very
few of the available links are clicked, but further work
is needed to determine the nature of this bias. Users
appear to click on a very small proportion of the links
in a document, but there is no bias towards See Also or
running-text links. If indeed there is bias, then it may
be appropriate to re-examine the metrics used to
measure the performance of link discovery systems.

On the assumption that a user is trying to fulfil one
information need in each session, the amount of slack
in a user session was computed. In 14% of sessions
the user did not choose the shortest path from the start
of their session to the end. In 33% of cases the user
found a path shorter than the shortest path which sug-
gests that the link-graph of the Wikipedia is not help-
ing those users and they are resorting to methods other
than browsing in order to find their information.

This study was conducted with the goal of improv-
ing link discovery systems such as those seen in the
INEX Link-the-Wiki track. The results suggest that by
removing non-useful links from the Wikipedia (sim-
plifying the graph) the user will find it easier to
browse in order to fulfil their information need, but it
is important not to take this too extreme, and to re-
move harmless links merely because they are not rele-
vant, as this would decrease the utility of the Wikipe-
dia.

Further work might be conducted on the proxy log.
Previous studies have suggested that 4-digit year links
are not considered relevant by INEX assessors. The
nature of the links the user clicked remains unknown,
as does the nature of relevant links in the INEX as-
sessments.

The INEX Link-the-Wiki track has two tasks. In
the file-to-file task a set of randomly selected docu-
ments are chosen from the Wikipedia. The links be-
tween those documents and the Wikipedia are re-
moved and the system must predict the links that were
present. As a consequence of the Wikipedia log en-
tries having been extracted from the full proxy log,
there now exists a complete year-long log of which
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articles were chosen and which links were clicked.
This log might be used as the source of articles for the
INEX track. If the articles were chosen from those
accessed in the log then performance could be meas-
ured relative to those links that were clicked.

The log might also be used in the Link-the-Wiki
anchor-to-BEP task in which the link discovery sys-
tem must choose anchors and target document / best
entry point pairs. Although best entry points are not
typically linked to in the Wikipedia, the anchor text
and target document pairs can be deduced from the
Proxy log using the method outlined above.

Much of this study was devoted to understanding
how university students use the Wikipedia. It is heart-
ening to see the use is generally related to their study,
but disheartening to see that use is driven by the ex-
amination schedule.
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Feature Selection and Weighting Methods in Sentiment Analysis
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Abstract Sentiment analysis is the task of identifying
whether the opinion expressed in a document is positive
or negative about a given topic. Unfortunately, many
of the potential applications of sentiment analysis are
currently infeasible due to the huge number of features
found in standard corpora. In this paper we systemat-
ically evaluate a range of feature selectors and feature
weights with both Naive Bayes and Support Vector Ma-
chine classifiers. This includes the introduction of two
new feature selection methods and three new feature
weighting methods. Our results show that it is possible
to maintain a state-of-the art classification accuracy of
87.15% while using less than 36% of the features.

Keywords Information Retrieval, Natural Language
Techniques and Documents

1 Introduction

The opinions of other people have always been impor-
tant to us, and in particular we are often concerned with
the prevailing sentiment of those opinions. Often gov-
ernments want to know how voters feel about a policy,
corporations want to know how customers feel about a
product and movie goers want to know if others would
recommend a movie. The idea behind sentiment anal-
ysis is to provide this information by building a system
that can classify documents as positive or negative, ac-
cording to the overall sentiment expressed within those
documents.

Early approaches to sentiment analysis tended to
focus on classifying documents according to the out-
of-context sentiment of individual features [14]. While
these approaches did not require domain-specific train-
ing data, their accuracy was quite poor. Subsequent
research focused on supervised learning techniques that
are common in text categorisation tasks [9], such as
Support Vector Machine (SVM) and Naive Bayes (NB)
classifiers. Though these techniques are far more ac-
curate than the earlier text-based approaches, they are
a lot more computationally expensive to run due to the
large number of features.

Proceedings of the 14th Australasian Document Comput-
ing Symposium, Sydney, Australia, 4 December 2009.
Copyright for this article remains with the authors.

Irena Koprinska

School of Information Technologies
University of Sydney
NSW 2006, Australia

irena@it.usyd.edu.au

In fact, in the Pang et al. [9] movie review data set
that has become the de facto standard there are just
under 51,000 unique words and symbols. Very few
of these features actually provide useful information
to the classifier, so feature selection can be used to
reduce the number of features. Despite the fact that its
use is commonplace, there has been little research into
the effects of different methods of feature selection
in sentiment analysis. In this paper we address this
gap by comparing three feature selection methods at
a number of selection thresholds, using six feature
weighting methods. The feature selection methods
include Categorical Proportional Difference (PD), a
recently proposed method that was successfully used
for topic-based text categorisation, and two methods
based on sentiment values from SentiWordNet (SWN)
[2] that we introduce: SWNSS and SWNPD. The
feature weighting methods include Feature Frequency
(FF), Feature Presence (FP), TFIDF, and three other
methods based on words grouped by their SWN values
that we introduce: SWN-SG, SWN-PG and SWN-PS.
All tests were conducted using both SVM and NB.

Our results show that PD and SWNSS were able to
maintain or improve accuracy when used with suitable
weightings while SWNPD tended to reduce accuracy,
though not in all cases. SVM with PD as a feature se-
lector achieved our highest accuracy of 87.15% which
is comparable with the state-of-the art, but uses a vastly
reduced set of features.

2 Background

While there was some early work in word-level sen-
timent analysis [3] and a semi-automatic approach to
document-level sentiment analysis [13], the real genesis
of document-level sentiment analysis was the work of
Turney [14]. The basic idea behind Turney’s approach
was to average the sentiment of the adjectives within
each document and then classify the document depend-
ing on whether the average was positive or negative.
To find the sentiment of adjectives, Turney used the Al-
taVista search engine to determine how often individual
adjectives co-occured with the words “excellent” and
“poor.” Words that co-occured more often with “ex-
cellent” were deemed positive and words co-occuring
more often with “poor” were deemed negative.
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Authors Data Classifier Cross Feature | Baseline Best

split Valida- Selec- | Accuracy | Accuracy
tion tion (%) (%)

Pang et al. [9] 700+ NB, ME, SVM 3-fold No N/A 82.9
700-

Pang & Lee [8] 1000+ | NB, SVM 10-fold Yes 87.15 87.2
1000-

Mullen & Collier [7] | 700+ Hybrid SVM (Turney values, | 10-fold No 83.5 86
700- Osgood values, lemma models)

Konig & Brill [6] 1000+ | Pattern-based, SVM, Hybrid 5-fold No 87.5 91
1000-

Abbasi et al. [1] 1000+ | Genetic Algorithms (GA), In- | 10-fold Yes 87.95 91.7
1000- | formation Gain (IG), IG + GA

Prabowo & Thelwall | 1000+ | Hybrid (rule + closeness mea- | 10-fold No 87.3 87.3

[10] 1000- sure + SVM)

Table 1: Results reported in the literature on various versions of the Pang et al. [9] movie review data set.

The first use of supervised learning in sentiment
analysis was by Pang et al. [9]. Their aim was to
determine whether sentiment analysis could be treated
as a special case of topic-based categorisation with
two topics: positive and negative. To achieve this
they tested Naive Bayes (NB), Maximum Entropy
(ME), and Support Vector Machine (SVM) classifiers,
all of which have performed well in topic-based
categorisation. For features, they used the words
and symbols of the documents as either a unigram
or a bigram bag-of-features, with unigrams generally
performing better. They tested Feature Frequency (FF)
and Feature Presence (FP) and found that by using a
SVM with unigram FP they could achieve an accuracy
of 82.9% in a 3-fold cross validation test. Table 1 lists
some of the best results that have been reported in the
literature.

2.1 Feature Selection

Most researchers employ basic feature selection in their
work in order to improve computational performance,
with a few using more complicated approaches [5, 8, 1].
To date there have only been two papers that have
entirely focused on using feature selection to improve
sentiment analysis. The first was by Pang & Lee [8],
who used a SVM trained on subjective and objective
text to remove objective sentences from the corpus. In
their initial results they found that document sentiment
classification accuracy actually declined. They then
conducted some “non-obvious feature engineering”
by making it more likely that sentences adjacent to
removed sentences would be removed as well, which
slightly improved accuracy over their baseline.

The other work that used sophisticated feature se-
lection was by Abbasi et al. [1]. They found that using
either information gain (IG) or genetic algorithms (GA)
resulted in an improvement in accuracy. They also com-
bined the two in a new algorithm called the Entropy
Weighted Genetic Algorithm (EWGA), which achieved

the highest level of accuracy in sentiment analysis to
date of 91.7%. The drawback of this new method is
that while it can efficiently classify items, it is very
computationally expensive to conduct the initial feature
selection, since both GA and IG are expensive to run.

2.2 SentiWordNet

SentiWordNet (SWN) is an extension of WordNet that
was developed by Esuli & Sebastiani [2], which is in-
tended to augment the information in WordNet with in-
formation about the sentiment of the words in WordNet.
Our research uses the information provided by senti-
ment in some detail, so we will describe it here. Each
synset in SWN has a positive sentiment score, a neg-
ative sentiment score and an objectivity score. When
these three scores are summed they equal one, so they
give an indication of the relative strength of the posi-
tivity, negativity and objectivity of each synset. Esuli
& Sebastiani [2] obtained these values by using several
semi-supervised ternary classifiers, all of which were
capable of determining whether a word was positive,
negative, or objective. If all the classifiers agreed on a
classification then the maximum value was assigned for
the associated score, otherwise the values for the posi-
tive, negative and objective scores were proportional to
the number of classifiers that assigned the word to each
class.

The drawback in using SWN is that it requires word
sense disambiguation to find the correct sense of a word
and its associated scores. Whilst there has been sig-
nificant research into this problem, we decided that it
was out of scope to use any sophisticated word sense
disambiguation for this project, so we simply took the
highest positive and negative values that we could find
for each word. This is based on the assumption that in a
subjective document it is reasonably likely that the most
subjective sense of a word is being used. Preliminary
testing confirmed that using the most subjective senses
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tended to outperform the senses that are known to be
most frequent.

3 Data & Evaluation

We use two different supervised learning approaches to
sentiment analysis: Support Vector Machines (SVM)
and Naive Bayes (NB). SVM and NB classifiers were
originally used in sentiment analysis by Pang et al. [9],
who found that SVM classifiers generally outperformed
NB. In order to be as comparable to Pang & Lee as
possible we use the SVM implementation developed by
Joachims [4], called SVM [ ;g mr. For Naive Bayes we
use the implementation available in Weka [15].

The data set we use is the set of 1000 positive and
1000 negative movie reviews from IMDb! that was in-
troduced in Pang et al. [9]. For all of our experiments
we conduct 10-fold cross validation, and we use paired
t-tests at a confidence level of 0.05 to establish signifi-
cance.

4 Feature Weighting Methods
4.1 Unigram Features

In the domain of sentiment analysis, and more generally
text categorisation, it is common to use the words and
symbols within the corpus as features in the feature
vectors. Though there are other ways of representing
the words and symbols, we will be using unigrams,
where each unique word or symbol is counted as one
feature. Pang et al. [9] found that unigrams fairly com-
prehensively out-performed bigrams and combinations
of unigrams and bigrams. The different feature weights
for the unigrams are discussed below.

4.1.1 Feature Frequency (FF)

The simplest way to represent a document with a vector
is the feature frequency method that was originally used
in sentiment analysis by Pang et al. [9]. The method
uses the term frequency, i.e. the frequency that each
unigram occurs within a document, as the feature values
for that document. So if the word “excellent” appeared
in a document ten times, the associated feature would
have a value of ten.

4.1.2 Feature Presence (FP)

Pang et al. [9] were also the first to use feature presence
in sentiment analysis. Feature presence is very similar
to feature frequency, except that rather than using the
frequency of a unigram as its value, we would merely
use a one, to indicate that the unigram exists in the doc-
ument. Multiple occurrences of the same unigram are
ignored, so we get a vector of binary values, with ones
for each unique unigram that occurs in the document,
and zeros for all unigrams that appear in the corpus but
not in the document.

Uhttp://www.imdb.com

4.1.3 Term Frequency - Inverse Document

Frequency (TF-IDF)

TF-IDF is a common metric used in text categorisation
tasks [11], but its use in sentiment analysis has been
less widespread, and surprisingly it does not appear to
have been used as a unigram feature weight. TF-IDF
is composed of two scores, term frequency and inverse
document frequency. Term frequency is found by sim-
ply counting the number of times that a given term has
occured in a given document, and inverse document
frequency is found by dividing the total number of doc-
uments by the number of documents that a given word
appears in. When these values are multiplied together
we get a score that is highest for words that appear
frequently in a few documents, and low for terms that
appear frequently in every document, allowing us to
find terms that are important in a document.

4.2 SentiWordNet Word Groups

While unigram features have emerged as the most ac-
curate approach to sentiment analysis, there has still
been significant work in using other types of features
[14, 7, 10]. While most of this previous research has
shown that grouping or summing words based on their
out-of-context sentiment has not performed well on its
own [14, 9], some researchers have used these sorts
of features to augment unigrams [7]. We add to this
research by using SWN to put the words found in each
document into groups, which we can then use as fea-
tures for classifiers.

4.2.1 SWN Word Score Groups (SWN-SG)

One of the interesting features of SWN is that there are
only a limited number of values that the positive and
negative word scores can take on, due to the way those
scores are calculated. We can take advantage of this
fact to group words with the same positive or negative
score, so that rather than having features that corre-
spond to words, we have features that correspond to
groups of words. The value of a feature would then be
the number of words in the document that have the same
positive or negative SWN score. So for example if the
sentence “The acting was excellent, the special effects
were amazing, and the script was terrific” appeared in
a document we might find that “excellent,” “amazing,”
and “terrific” all had the same positive score. When
we turn that sentence into a feature vector one of the
features would correspond to that positive score and
would have a value of three, since there are three words
with that score.

4.2.2 SWN Word Polarity Groups (SWN-PG)

Since SWN gives words both a positive and negative
score, we can find whether a word is more positive than
negative and vice versa. This allows us to define two
features, positive and negative, which correspond to the
counts of positive and negative words respectively. So
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words that are more positive than negative add one to
the positive feature and words that are more negative
add one to the negative feature. The end result is a fea-
ture vector with two features, the first being the number
of positive words and the second being the number of
negative words in the document.

4.2.3 SWN Word Polarity Sums (SWN-PS)

The final feature type that we introduce is similar to the
word polarity groups, except that we actually sum the
positive and negative scores, rather than just tallying
the number of words with those scores. So when we
convert a document into a feature vector there are two
features. The first one is the sum of the SWN posi-
tive scores of all words that have a higher positive than
negative score. The second feature is the sum of the
SWN negative scores of all words that have a higher
negative score than positive score. Any words that have
no positive and no negative score, or where the positive
and negative scores are equal, are ignored. The scores
are adjusted for document length, so different length
documents can be more accurately compared.

5 Feature Selection

When we set out to classify a document we generally
start off with a very large number of words that need
to be considered, even though very few of the words
in the corpus are actually expressing sentiment. These
extra features have two clear drawbacks that we would
like to eliminate. The first is that they make document
classification slower, since there are far more words
than there really needs to be. The second is that they
can actually reduce accuracy, since the classifier must
consider these words when classifying a document.

Clearly there is an advantage in using fewer
features, so in order to remove some of the unnecessary
features, we use feature selection. As the name
suggests, feature selection is a process where we
run through the corpus before the classifier has been
trained and remove any features that seem unnecessary.
This allows the classifier to fit a model to the problem
set more quickly since there is less information to
consider, and thus allows it to classify items faster. In
this section we describe several different methods of
feature selection.

5.1 Categorical Proportional Difference
(PD)

Categorical Proportional Difference (PD), introduced
by Simeon & Hilderman [12], is a metric which tells
us how close to being equal two numbers are. We can
use this to find unigrams that occur mostly in one class
of documents or the other, by using the positive doc-
ument frequency and negative document frequency of
a unigram as the two numbers. In other words if a
unigram occurs predominantly in positive documents
or predominantly in negative documents then the PD

of the unigram will be close to one, whereas if it oc-
curs in about as many positive documents as negative
documents then its PD will be close to zero. While
Simeon & Hilderman use a more general equation for
multi-class problems, we use a simplified equation for
our two-class problem, which is as follows:

| Positive DF' — Negative DF|
Positive DF + Negative DF

A high score from this equation indicates that the uni-
gram is telling us a lot, and a low score indicates that
the unigram is telling us very little. For example if
the word ““actor” appears in exactly as many positive
documents as negative documents then finding the word
“actor” in a new document will tell us nothing about it
and as such its PD score will be zero. Conversely, if the
word “excellent” appears in only positive documents
then finding the word “excellent” in a new document
would give us a good clue that the document is positive,
and as such it would have a PD score of one. So to use
PD as a feature selector we simply need to remove any
features where the result of the equation is less than or
equal to some threshold value.

5.2 SWN Subjectivity Scores (SWNSS)

The SWN feature selector is actually able to distinguish
objective and subjective terms, which is useful since
only subjective terms should carry sentiment. To do
this we use the SWN subjectivity score, which is found
by adding the positive and negative SWN scores of a
unigram together. This is the opposite of the objectivity
score that is defined by Esuli & Sebastiani [2], but its
use is equivalent. To use it as a feature selector we
simply remove any unigrams whose subjective score is
less than a certain threshold. When this feature selector
is used, unigrams that are not found in SWN, such as
names and misspellings, are removed from the corpus
as well (although arguably the names of certain actors
could give strong clues about the quality of a movie).

5.3 SWN
(SWNPD)

While the SWN subjectivity feature selector can find
words that have some a priori sentiment attached, it
cannot tell us whether that sentiment is consistent or
meaningful. It is entirely possible that a word may have
a SWN subjectivity score of one, indicating that it is
very subjective, but its positive and negative scores may
be 0.5 each. This may make the word uninformative as
a feature so there could be value in removing it. To
do this we define SWN Proportional Difference, which
uses the SWN positive and negative scores in the PD
equation, as follows.

|SWN Pos — SWNNeg|
SWNPos+ SWNNeg

Similarly to PD, SWNPD will be high for words that are
mostly positive or negative, and low for words that are

Proportional Difference
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a mix of both. By using this score we hope to remove
subjective words that have an ambiguous polarity from
the corpus.

6 Results and Discussion

Table 3 shows in bold the best results achieved for each
classifier with each feature selection method. The best
accuracy result was 87.15%, which was achieved using
PD feature selection with a threshold of 0.125 (which
uses 18,149 features or 36% of the total) and FP as
a feature weighting method. For comparison, Table
1 shows other results reported in the literature. All
approaches used the same dataset which was created by
Pang et al. [9] and is the de facto standard for sentiment
analysis. Note that the evaluation methodology and
the number of instances varies between the approaches
which makes it difficult to compare the results. Having
said that, our best accuracy is 4.55% lower than the best
reported result of 91.7% by Abbasi et al.[1].

Our approach offers several key advantages
though. Firstly, Abbasi et al’s EWGA method is quite
computationally expensive. Our best result, though less
accurate, is much more computationally efficient, and
can make both classification and training faster. Our
method is also much simpler and easier to implement.
Furthermore we start from a baseline that is 2% lower
than Abbasi et al, which reduces the significance of
the accuracy difference. The next best accuracy of
91% was achieved by Konig & Brill [6], who used
pattern matching techniques. Their method is also
very computationally expensive and has the additional
drawback of requiring human intervention. Other
approaches in the literature tend to have an accuracy
that is similar to ours [7, 5, 9, 8], though without using
feature selection.

6.1 Comparison of Classifiers

Figure 1 shows the best accuracy for the two classi-
fiers with all the different feature weighting methods
and feature selection methods. For the unigram based
feature weights, our results confirm the findings of Pang
et al.[9], which is that SVM classifiers are significanly
more accurate than NB classifiers. However, for the
word group based feature weights the results are less
clear. In 8 of the 12 best results for the word group
based feature weights, there was less than 0.5% differ-
ence between the NB and SVM classifiers, though in
the remaining four cases the SVM clearly performed
better. This finding shows that while SVM classifiers
are substantially more accurate than NB classifiers for
unigram based feature weights, they may not necessar-
ily be the best approach for other types of features.

6.2 Comparison of Feature Selectors

Table 3 compares the results between the three feature
selectors and the baseline where no feature selection
was used for both SVM and NB. The results show that

PD SWNSS SWNPD
0 14,617
(28.71%)
0.125 | 18,149 8,250 7,433
(35.64%) (16.2%) (14.6%)
0.25 | 14,860 7,094 6,870
(29.18%) (13.93%) (13.49%)
0.375 | 10,342 6,061 5,943
(20.31%) (11.9%) (11.67%)
0.5 | 9,180 4,919 5,750
(18.03%) (9.66%) (11.29%)
0.625 | 6,716 3,607 4,868
(13.19%) (7.08%) (9.56%)
0.75 | 6,034 2,302 4,485
(11.85%) (4.52%) (8.81%)
0.875 | 5,767 1,326 4,431
(11.33%) (2.6%) (8.7%)
1 5,758 739 4,431
(11.31%) (1.45%) (8.7%)
Table 2: Number of selected features by each feature

selector for the various selection thresholds.

PD and SWNSS were successful in maintaining clas-
sification accuracy when used with appropriate thresh-
olds, and SWNPD was able to maintain accuracy in all
cases except for three. PD in particular was able to
statistically significantly improve accuracy for nine out
of 12 combinations of classifiers and feature weights,
while SWNSS and SWNPD were able to improve ac-
curacy in three and one cases respectively. Table 2
shows the number of features selected by each feature
selection method at each threshold.

From the results in Table 3 one might conclude that
PD was the best feature selection method. However,
Figures 2a and 2b provide more information. They
show that at low thresholds PD is quite successful at
improving accuracy for all of the feature weights, but at
higher thresholds accuracy drops sharply. Conversely,
both SWNSS and SWNPD have relatively flat lines,
indicating that they are more able to find the most
effective features at any threshold.

6.3 Comparison of Feature Weights

Figure 2 a), ¢) and e) show the results for SVM for
the three feature selection methods respectively, while
Figure 2 b), d) and f) show the same for NB. The x-
axis corresponds to the feature selection threshold; as
the threshold increases, the number of selected features
decreases. The starting point marked with a ‘B’ cor-
responds to the baseline where no feature selection is
used. In general we found FP was the most accurate
feature weighting method, which is in agreement with
the results of Pang et al. [9]. Interestingly, the ac-
curacy of FF increased steeply when feature selection
was applied. We speculate that this was due to the
presence of stop-words, so we conducted a further test
of FF with SVM and all words appearing in 1000 or
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Figure 1: Accuracy results (%) for SVM and NB when used with different feature selectors with different

thresholds and the six feature weighting methods.

None | PD | SWNSS | SWNPD None | PD | SWNSS | SWNPD
FF 725 | 8551 | 81371 | 798571 || FF 6365 | 7721 | 7291 71
=025 | t=0.375 | t=0.125 =0.5 | t=0.875 | t=0.125
FP 8595 | 87.15 | 853 | 83.55| || FP 80.65 | 815 81.3 79.75
=0.125 | t=0 | t=0.125 t=0.25 | t=0.125 | t=0.125
TFIDF | 859 | 856 | 8655 | 8295 || TFIDF | 753 | 7161 | 744 | 733 ]
=0.125 | =0 | t=0.125 =025 | =025 | t=0.125
SWN-SG | 655 | 71751 | 66.75 | 6545 || SWN-SG | 599 | 6521 | 63.11 | 60.05
=025 | t=0.5 | t=0.125 t=0375 | t=1 | t=0.125
SWN-PG | 622 | 67.11 | 622 62 SWN-PG | 62 | 67351 | 62 62.1
t=0.5 | t=0.125 | =05 =0.5 | t=0.125 | t=0.25
SWN-PS | 62.85 | 69357 | 62.85 63.2 SWN-PS | 62.7 | 692571 | 62.7 62.9
=025 | t=0.375 | t=0.125 =025 | t=0 | t=0.125

(a) SVM Results

(b) NB Results

Table 3: Comparison between the three feature selection methods and no feature selection for SVM and NB with
all six feature weightings. The best accuracy (%) for each feature selector is shown in bold with statistically
significant gains over the baseline marked with an up arrow (T) and statistically significant losses marked with a

down arrow (]).

more documents removed. This achieved an accuracy
of 83.95%, which indicates that the case for ignoring
FF is not as clear cut as the results of Pang et al. [9]
suggest.

Unigram based methods consistently outperformed
the SWN word group methods for both SVM and NB
with all combinations of feature weights and selectors.
This finding is in agreement with the findings by Pang
et al. [9] and Turney [14], who both noted that summing
any out-of-context sentiment scores of individual words
does not seem to capture the subtleties that exist in sub-
jective writing. The features produced by SWN-SG,
SWN-PG, and SWN-PS illustrate this point quite effec-
tively since they all have approximately equal scores for
positive and negative words regardless of the sentiment
of the document. This is shown in Figure 3, where we
would expect the positive bars to be higher for posi-
tive documents and the negative bars to be higher for
negative documents. Instead the bars are approximately
equal, indicating that there are about as many positive
and negative words in positive documents as there are
in negative documents.

7 Conclusions

In this paper we empirically and systematically evaluate
the performance of a number of feature selection and
feature weighting methods for sentiment analysis. In
particular, we introduce two new feature selection
methods - SWNSS and SWNPD - and compare them,
at a number of selection thresholds, with PD, a recently
proposed method, shown to be very successful for
topic-based classification. We also introduce three
feature weighting methods - SWN-SG, SWN-PG and
SWN-PS - and compare their performance with the
standard and popular FF, FP and TF-IDF methods. The
experiments are conducted using two classifiers, SVM
and NB, on the movie review data set that has become
the de facto standard dataset for sentiment analysis.
We achieved an accuracy of 87.15% using PD as
a feature selector, FP as a weighting mechanism and
SVM as a classifier. This is a promising result as it
is comparable with previous state-of-the-art results
but is much less computationally expensive. All the
feature selectors we tested were able to improve the
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Figure 2: Accuracy results (%) for SVM and NB when used with different feature selectors with different
thresholds and the six feature weighting methods.
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Figure 3: Average number of words with each SWN
positive and negative score, from each class of docu-
ments.

performance over the baseline without feature selection
when used with appropriate weighting methods.
Overall, PD was the most successful at improving
accuracy, although SWNSS was able to achieve the
smallest feature sets whilst maintaining accuracy. The
unigram based feature weights - FP, FF and TF-IDF
- outperformed SWN-SG, SWN-PG and SWN-PS.
Overall, FP was the most successful feature weighting
method for both SVM and NB.

Future work will include evaluating more feature
selection methods, particularly some of the common
ones from text categorisation, such as information gain
and x2. Tt would also be valuable to combine some of
the feature selectors to see if better feature sets can be
produced. Lastly, there would be significant value in
repeating these tests on another data set.

References

[1] A Abbasi, HC Chen and A Salem. Sentiment
analysis in multiple languages: Feature selection
for opinion classification in web forums. ACM

Transactions On Information Systems, Volume 26,
Number 3, 2008.

A. Esuli and F. Sebastiani. SentiWordNet: a
publicly available lexical resource for opinion
mining. In Proc. of LREC 2006 - 5th Conf. on

Language Resources and Evaluation, Volume 6,
2006.

(2]

[3] V. Hatzivassiloglou and K. R. McKeown. Pre-
dicting the semantic orientation of adjectives. In
Proc. of the eighth conf. on European chapter of

the ACL, pages 174-181, 1997.
[4]

T. Joachims. Making large-scale support vector
machine learning practical, Advances in kernel

(6]

—
3
—

[11]

[12]

[13]

[14]

[15]

74

methods: support vector learning. MIT Press,
Cambridge, MA, 1999.

A. Kennedy and D. Inkpen. Sentiment classifi-
cation of movie reviews using contextual valence
shifters. Computational Intelligence, Volume 22,
Number 2, pages 110-125, May 2006.

A. C Konig and E. Brill. Reducing the human
overhead in text categorization. In Proceedings of
the 12th ACM SIGKDD international conference
on Knowledge discovery and data mining, pages
598-603, 2006.

T. Mullen and N. Collier. Sentiment analysis using
support vector machines with diverse information
sources. In Proc. of the Conf. on Empirical Meth-
ods in Natural Language Processing EMNLP,
pages 412-418, 2004.

B. Pang and L. Lee. A sentimental education:
Sentiment analysis using subjectivity summariza-
tion based on minimum cuts. In Proc. of the ACL,
pages 271-278. ACL, 2004.

B. Pang, L. Lee and S. Vaithyanathan. Thumbs
up?: sentiment classification using machine learn-
ing techniques. In EMNLP ’02: Proc. of the
ACL-02 conf. on Empirical methods in natural
language processing, pages 79-86. ACL, 2002.

R. Prabowo and M. Thelwall. Sentiment analysis:
A combined approach. Journal of Informetrics,
2009.

F. Sebastiani. Machine learning in automated text
categorization. ACM Comput. Surv., Volume 34,
Number 1, pages 1-47, 2002.

M. Simeon and R. Hilderman. Categorical propor-
tional difference: A feature selection method for
text categorization. In AusDM, pages 201-208,
2008.

R. M. Tong. An operational system for detecting
and tracking opinions in on-line discussions. In
Working Notes of the ACM SIGIR 2001 Workshop
on Operational Text Classification, pages 1-6,
2001.

P. Turney. Thumbs up or thumbs down?: semantic
orientation applied to unsupervised classification
of reviews. In ACL "02: Proc. of the 40th Annual
Meeting on ACL, pages 417-424. ACL, 2002.

1. H Witten and E. Frank. Data Mining: Practical
machine learning tools and techniques. San
Francisco, Morgan Kaufman Publishers, 2005.



The Use of Topic Representative Words in Text Categorization

Su Nam Kim*® and Timothy Baldwin®

# © Computer Science and Software Engineering

“ NICTA VRL
University of Melbourne
Victoria, 3056, Australia

Min-Yen Kan*

* Computer Science
National University of Singapore
Singapore, 117417, Singapore

kanmy@comp.nus.edu.sg

{snkim, tim}@csse.unimelb.edu.au

Abstract We present a novel way to identify the rep-
resentative words that are able to capture the topic of
documents for use in text categorization. Our intuition
is that not all word n-grams equally represent the topic
of a document, and thus using all of them can poten-
tially dilute the feature space. Hence, our aim is to in-
vestigate methods for identifying good indexing words,
and empirically evaluate their impact on text catego-
rization. To this end, we experiment with five differ-
ent word sub-spaces: title words, first sentence words,
keyphrases, domain-specific words, and named entities.
We also test TF-IDF-based unsupervised methods for
extracting keyphrases and domain-specific words , and
empirically verify their feasibility for text categoriza-
tion. We demonstrate that using representative words
outperforms a simple 1-gram model.

Natural Language Techniques and Documents, Text
Categorization

1 Background and Motivation

Automatic text categorization is the task of classifying
documents into a set of predefined categories. It is one
of the more heavily researched areas in natural language
processing (NLP) due to its immediate applicability in
applications such as text filtering [1], word sense dis-
ambiguation [11] and automated authorship attribution
and genre classification [8].

The conventional approach to text categorization
utilizes supervised machine learners such as support
vector machines (SVMs) and Maximum Entropy (ME)
models, and represents each document as a bag of
word n-grams [40, 14, 10]. Empirically, SVMs have
been shown to be superior to other machine learning
techniques such as Naive Bayes (NB), Rocchio and
decision trees over a range of tasks [40, 10].

While the predominance of research in text
categorization is on machine learning models, there
has also been significant research on feature extraction
[4, 2, 24, 21] and feature weighting/selection [18, 41,
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7]. While the majority of research has used simple
n-grams to represent documents [4], this has been
expanded in various ways, including word clusters [2],
complex nominals [24], words from automatically
extracted sentences [21], and title words/keyphrases(or
keywords) [13]. Similarly, while most research has
used simple term weighting (7F and/or TF-IDF
variants), some have used attributes such as mutual
information [18], chi-square [41], and gain ratio [7] to
weight and/or select features.

Our interest is in the impact of different term types
on text categorization. Our intuition is that not all word
n-grams equally represent the topic of a document,
and thus using all of them can potentially dilute the
feature space. Hence, our aim is to investigate methods
for identifying good indexing words, and empirically
evaluate their impact on text categorization. To find
representative topic words, we tested five different
word groups: title words, first sentence words,
domain-specific words, named entities, and keyphrases.
Title words and first sentence words are based on
the notion of document zoning.  Domain-specific
words and named entities, on the other hand, are
typified as occurring with markedly-high occurrence in
documents of particular domains. Finally, keyphrases
are representative words, as identified by dedicated
methods such as [12] and [36]. We also test combining
the different term types with conventional terms
n-grams.

A secondary area of interest in this research is ex-
ploration of the utility of unsupervised term extraction
methods. As a result, we are particularly interested
in the utility of unsupervised keyphrase and domain-
specific word extraction methods on text categorization.

2 Zone-based Term Extraction

Our first term extraction method is based on document
zoning, i.e. the extraction of terms based on the docu-
ment structure. A common approach in keyphrase ex-
traction and topic detection is to use titles as a represen-
tation of the document topic. For example, [26] showed
that sentences in particular article sections, such as the
introduction and conclusion, contain more keyphrases
in scientific articles.



In our work, we drew on methods such as [21] in
extracting important sentences from documents based
on the simple heuristic that the title and first sentence
often contains key facts about the news story. From
these observations, we select the title words and first
sentence words as candidate terms. In each case, we ex-
tract out the component 1-grams, to minimize reliance
on parsing or manual processing. We also filter terms
by their combined occurrence in the document set, se-
lecting only those terms which occur with frequency
> 1, 2 or 3. The final number of title words is 8,622,
3,878, and 2,357, for cutoffs of 1, 2 and 3, respectively,
and the corresponding number of first sentence words is
11,565, 5,819, and 3,905, respectively. These numbers
are based on the evaluation data described in Section 6.

3 Keyphrases

Keyphrases are simplex (i.e. 1-gram) nouns or noun
phrases that represent the key ideas of the document.
Keyphrases can serve as a condensed summary of the
document and also as high-quality index terms. In the
past, the majority of keyphrase studies have used three
types of statistics to extract keyphrases: (1) document
co-occurrence, i.e. TF-IDF-style statistics relating
keyphrases to their relative co-occurrence across
documents [12, 26]; (2) keyphrase co-occurrence,
i.e. the extent to which keyphrases occur together in the
same documents [37]; and (3) term co-occurrence,
i.e. local contiguity of terms in keyphrases [28].

We quickly summarize related work first. KEA
[12] is a very simple and popular keyphrase extraction
and indexing tool. It uses two main features: TF-IDF
to capture document co-occurrence, and distance to
signify the relative locality of keyphrase occurrences
within documents. These features have been broadly
used in keyphrase extraction, e.g. by [37] in addition
to keyphrase co-occurrence. [26] extended the basic
KEA approach by applying linguistic features such as
document zones. GenEx [36] uses more syntactic
features, such as document positions and stemming. [3]
uses head noun-based heuristics. [35] use modelling
based on information loss between preceding and
proceeding document extents. Textract [28] ranks
keyphrase candidates by their degree of domain-
specificity and term cohesion in a text analysis system.
[38] uses information from clustered documents for
keyphrase extraction over single documents.

3.1 Unsupervised Keyphrase Extraction

As keyphrases are known to be representative of
document topics, it is also natural to use them as terms
for document categorization. Hulth and Megayesi [13]
used a supervised keyphrase extraction method, seeded
with 500 abstracts annotated with keyphrases. To avoid
documents without keyphrases, they controlled the
number of keyphrases to between 3 and 12.

While supervised techniques work well, they
require manually-built annotated corpora, which has
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Word set \ T1(.02) T2(.04) T3(.06)
original 7,889 5,733 4,497
1+NP 25,343 15,257 10,679

Table 1: Number of collected keyphrases

implications both in terms of resource creation and
domain adaptability. We are interested in minimizing
such efforts, and thus committed to using unsupervised
or minimally-supervised methods. To the best of
our knowledge, very few unsupervised keyphrase
extraction methods exist. Therefore, we used the
features used in KEA to build our own unsupervised
keyphrase extractor. That is, we use TF-IDF and first
position, i.e. the inverse of the offset from the start of
the document, such that documents which occur earlier
in the document are preferred as keyphrase candidates.
First, we calculate the score for each candidate as
shown in (1), combining 7F-IDF and first position.

first position of W;
# of total terms

Score = TF-IDF + (1 1

We then extract the top-/N candidates as keyphrases.
In other keyphrase extraction research, N has typically
been set to 15, but in our case, we decided to experiment
with different thresholds. This is because the docu-
ments used in text categorization testbeds are short, and
thus result in comparatively few keyphrase candidates.
We selected thresholds by examining the score drop.
Specifically, we set the threshold to the point at which
the number of domain-specific terms gained at the cur-
rent similarity value is no more than a fixed proportion
(e.g. 2%) of keyphrases previously selected. Due to this
use of threshold, our keyphrase extractor did not assign
any keyphrases for a few documents.

Keyphrases can be either simplex nouns or
NPs. [13] found that breakdown-keyphrases (i.e. all
unigrams contained within a keyphrase) performed
better for text categorization. Hence, we also convert
keyphrases into their component unigrams. However,
we observed that whole keyphrases are often better
descriptors of the document topic (e.g. import goods
vs. goods). Thus, we tested another set, called 1+NP,
which combines 1-grams with the original keyphrases.

Table 1 shows the number of collected keyphrases
for the entire document collection (see Section 6)
at different threshold settings, for both the original
keyphrases and 1+NP. Figure 1 additionally shows the
proportion of documents containing different numbers
of keyphrases for the three thresholds.

To assess the quality of our unsupervised keyphrase
extractor, we sampled 100 documents from the training
data and had two human annotators manually assign
keyphrases to 50 documents each. The total number of
manually-assigned keyphrases in the 100 sample docu-
ments was 1, 486. Performance is shown in Table 2.
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Figure 1: Proportion of documents assigned differing
numbers of keyphrases

| Precision  Recall  Fscore
T1(.02) 9.76% 23.85% 13.85%
T2(.04) 15.32% 15.62% 15.47%
T3(.06) | 21.02% 10.86% 14.32%

Table 2: Performance of keyphrase extraction
4 Domain-Specific Terms

Automatic domain-specific term extraction is a classi-
fication process where the terms are categorized using
a set of predefined domains with supervised machine
learning models. It has been studied for application in
areas such as keyphrase extraction [12, 38] and word
sense disambiguation [19].

Much of the work has been carried out using su-
pervised machine learning techniques in the context of
term categorization and/or text mining. [9] focused on
simplex terms using corpus comparison, and verified
the collected data using automatic and manual valida-
tion. [31] projected the categorized terms onto a pre-
defined set of semantic domains exploiting web knowl-
edge, and used the context to map the terms onto do-
mains. [29] proposed an unsupervised method for ex-
tracting domain-specific terms, and used them to check
word and keyword error rates.

In this paper, we test two unsupervised domain-
specific word extraction approaches, drawing on work
in the context of keyphrase extraction [16]. The first
one (D1) is based on simple TF-IDF. The second
method (D2) was proposed by [29], and is based on the
difference in TF for a given domain relative to other
domains, based on:

D2 = domain_specificity(w) =

@

where cq(w) and cq4(w) denote the number of occur-
rences of term w in the domain text and general docu-
ment collection, respectively. Ng and N, are the num-
bers of terms in the domain corpus and in the general
corpus, respectively. If term w does not occur in the
general corpus, then cg(w) is set to 1; otherwise it is set
to the highest count in the general corpus.

We use the same thresholding method for the two
methods as described in Section 3.1.
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Method \ Term set \ T1(.02) T2(.04) T3(.06)
D1 original 2,918 1,573 1,157
1+NP 3,969 1,918 1,344

D2 original 3,692 2,759 2,368
1+NP 7,169 5,021 4,215

Table 3: Number of collected domain-terms words

Overlap D1 D2
T1 1,612 5524% 43.67%
T2 593 37.70% 21.49%
T3 404 34.92% 17.06%

Table 4: Overlap between domain-specific words col-
lected by D1 and D2
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Figure 2: Number of domains containing differing
numbers of domain-specific terms for D1

Table 3 details the number of terms and 1+NP ex-
tracted by D1 and D2 over the document collection de-
scribed in Section 6, over three different threshold val-
ues. We also calculated the overlap in terms extracted
by the two methods, and report the numbers in Table 4.
The numbers in the second and third columns show the
portion of terms extracted by the D1 and D2, respec-
tively, which overlap with terms extracted by the second
method.

The number of domains containing differing num-
bers of terms is shown in Figures 2 and 3. D1 pro-
duced less domain-specific words in total (as shown in
Table 3), but the keyphrases are better distributed across
the domains.

In separate research, we manually evaluated the
terms extracted by the two methods, and found that D1
marginally outperformed D2 [16].

5 Named Entities

Named entity recognition is the task of identifying
atomic elements in a document which belong to
predefined categories such as location, person, and
organization. It has been applied to contexts including
Question-Answering (QA) [23] and information
retrieval [34]. The standard approach is based on
structured classification methods such as hidden
Markov models (HMMs) or conditional random fields
(CRFs). Recently, research has focused on semi-
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Figure 3: Number of domains containing differing
numbers of domain-specific terms for D2

Length [ FI(f>1) F2(f>2) F3(f>3)
original | 11,431 6,538 4,650
1+NP 23,440 9,883 6,234

Table 5: Number of extracted named entities

supervised [27] and/or unsupervised approaches [5] to
named entity recognition.

The relevance of named entities (NEs) to this re-
search is that we expect they will be indicative of doc-
ument domains. For example, Gulf and Kuwait often
occur in the domain of 0il and not other domains. Thus,
we trial named entities as a term type in text categoriza-
tion.

We experiment exclusively with the named entity
recognition software of the University of Illinois
at Urbana-Champaign (UTUC NER).! UIUC NER
makes extensive use of non-local features and external
knowledge resources (i.e. gazetteers extracted from
Wikipedia), as well as semi-supervised learning.
It identifies four entity types (i.e. person, location,
organization and miscellaneous), and is reported to
have achieved 90.80 Fl-score over the CoNLL-03
NER shared task

Table 5 shows the number of named entities
extracted by UTUC NER over our document collection
(see Section 6). We used three different frequency
cutoffs to select the candidate NEs (fyg > 1,2,3),
and once again experimented with both the original
NEs and the 1+NP method of breaking down the NEs.

6 Text Categorization

We now describe our integrated approach for perform-
ing text categorization, incorporating the various ex-
tracted term types from the preceding sections.

As our dataset, we use the Reuters newswire corpus,
with 21,450 articles from 1987, spanning 135 topics.
The number of articles with no category label, one label
and multiple labels are 31%, 57% and 12%, respec-
tively. This dataset has been used widely for text cat-
egorization research. In particular, we use the Modified

"http://12r.cs.uiuc.edu/ cogcomp/asoftware.
php?skey=FLBJNE
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Lewis Split, comprising 7,771 training and 3,019 test
documents across 90 domains.?

In preprocessing, we performed part-of-speech
(POS) tagging using the Lingua POS tagger, and POS-
sensitive lemmatization using morpha [22].> Then we
built classifiers using SVM!9"* % with TF-IDF term
weighting in an attempt to generate as competitive as
possible a text categorization system.

As our benchmark, we use 1-grams with a
frequency cutoff of 1, 2 and 3 (i.e. all terms occurring
less than N times are ignored), along with stopping.
The best results were achieved for a frequency cutoff
of 3, with a micro-averaged F-score of 78.54%.

Table 6 shows the text categorization performance
of the various term extraction methods, organized into
four groups: (1) individual extraction methods; (2) the
combination of all extraction methods; (3) the combi-
nation of individual extraction methods with 1-grams;
and (4) the combination of all extraction methods with
1-grams. In each case, we report the micro-averaged
precision, recall and F-score (3 = 1) for the given
method over the test data. All values which surpass
the benchmark performance (F3) at a level of statistical
significance (based on approximate randomisation, p <
0.05) are indicated in bold. In Table 6, F1, F2 and F3
refer to the three frequency cutoffs used for title words,
first sentence words and named entities (f > 1,2, 3),
while T1, T2 and T3 refer to the three thresholds used
for keyphrases and domain-specific words. We also
present the performance over the top-10 topics in Ta-
ble 7.

7 Text Categorization Results

Looking first at the individual methods (the top section
of Table 6), we notice that only keyphrases were able to
surpass the performance of the benchmark, closely fol-
lowed by title and first sentence words, then named en-
tities, and finally domain-specific terms. Almost no dif-
ference was observed between using the original terms
extracted by each of the methods, and combining the
original terms with their unigram components (1+NP).
In general, the standalone methods tended to do bet-
ter in terms of both precision and recall for lower cut-
off/threshold values, that is larger numbers of noisier
terms tended to boost performance across the board.
When we combine all five term extraction methods
(considering D1 and D2 separately), the results
exceed those of the benchmark in all cases for the
lowest threshold/cutoff values, and in select cases
for higher values. None of these gains were found
to be statistically significant, and yet the result is
encouraging as the best of the combined methods
outperforms the best of