Automated Classification of Web Pages in
Hierarchical Browsing

Abstract

Purpose

The purpose of the study was twofold: to invesegahether it is meaningful to use the Ei
classification scheme for browsing, and then, dfven useful, to investigate the performance
of an automated classification algorithm basetherEi classification scheme.

Design/methodology/approach

A user study was conducted in which users solved ¢ontrolled searching tasks. The users
browsed the Ei classification scheme in order tan@re the suitability of the classification
systems for browsing. The classification algoritas evaluated by the users who judged the
correctness of the automatically assigned classes.

Findings

The study showed that the Ei classification schésnsuited for browsing. Automatically
assigned classes were on average partly corrabtsame classes working better than others.
Success of browsing showed to be correlated anehdemt on classification correctness.

Research limitations/implications

Further research should address problems of digpaxa@luations of one and the same web
page. Additional reasons behind browsing failureshe Ei classification scheme also need
further investigation.

Practical implications (if applicable)
Improvements for browsing were identified:

. Describing class captions and/or listing thelsdasses from start;

. Allowing for searching for words from class capis with synonym search (easily
provided for Ei since the classes are mapped sativeterms);

. When searching for class captions, returninghieearchical tree expanded around

the class in which caption the search term is found
The need for improvements of classification schewas also indicated.

Originality/value
A user-based evaluation of automated subject €ieetsdn in the context of browsing has not
been conducted before; hence the study also peesewtfindings concerning methodology .

Keywords: automated subject classification, hierarchical Isiog, Ei classification scheme
and thesaurus, evaluation, user studies
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1 Introduction

Automated subject classification research begah thi¢ availability of electronic text in the
early 1950s. The first idea was to select nataagliage terms from the document text as
subject keywords, with an option of later replacitigpse words, stems or phrases by



controlled vocabulary terms. It was Luhn (1957) winst suggested a simple method based
on frequency count. Later it was improved by idgmg stop-words, stemming,
identification of multi-word phrases, and compuiatof weights (Salton 1989).

With the exponential growth of the World Wide Welntomated subject classification of
web pages has become a major research issue. Gamjpaother types of text documents
such as traditional research papers, web pagesitotes special challenge. They tend to be
rather heterogeneous: very short with hardly ary, & very long, with titles that are often
general (“Home page”) or non-existent (“Untitled cdment”), and metadata that are
inconsistent or misused. User-based evaluatiomtoiaated classification has been called for
but rarely conducted (Ingwersen and Jarvelin, 2005)

Organizing web pages into a hierarchical structoresubject browsing has been gaining
more recognition as an important tool in informatseeking processes. Usefulness of
classification schemes for browsing web resouressheen reported but rarely researched by
empirical user studies (Vizine-Goetz, 1996; Kocld @ettergren, 1999; Soergel, 2004; Koch
et al, 2006). The present paper presents findings framempirical user study that
investigated the performance of an automated éleasson algorithm on a collection of
engineering web pages, in the context of hierasdlbcowsing. (This has, to the knowledge
of the authors, not been conducted before.)

One could distinguish between several differentr@@ghes to automated classification
(Jain et al, 1999; Moens, 2000; Sebastiani, 2002; Golub, 200@athis study a string-
matching algorithm is applied, which does not regpire-classified training documents, often
unavailable, especially for web pages. The algoritsearches for strings from the
Engineering Information (Ei) thesaurus and clasatfon scheme (Milstead, 1995) in text of
web pages to be classified. When a string is fothmdclass which it designates is assigned to
the web page. Performance results for the algorthna collection of paper abstracts were
reported as comparable to state-of-the-art algosthn machine learning, especially for
certain classes (Goludt al, 2007).

It was decided that the Ei classification schemeld/de chosen as the target controlled
vocabulary. It has been used and maintained inGbmpendex database (Engineering
Information, 2006). This classification scheme helsaracteristics that indicate its
appropriateness for the task of subject browsinghsas strong design principles and
hierarchical structure. In comparison, search-engdirectories and other home-grown
schemes on the Web, “...even those with well-develofeminological policies such as
Yahoo... suffer from a lack of understanding of pijpes of classification design and
development. The larger the collection grows, tlmeentonfusing and overwhelming a poorly
designed hierarchy becomes...” (Schwartz, 2001, @B, 7

Automated classification research using the engingaliscipline as a test-bed has not
been often conducted. This is due to the fact ti@tmost common approach to automated
classification is a machine learning one, where-giassified document collections are
required from which the algorithm “learns”. And majdocument collections used in these
experiments neither cover engineering documents,doothey apply the Ei classification
scheme. However, some examples of automated atas®ih utilizing non-mainstream
collections exist. The general approach used is shidy has been applied earlier in two
robot-generated web indexes (DESIRE 2000; Lindhetral., 2003). The project Bilingual
Automatic Parallel Indexing and Classification (Mliat al. 2002) was aimed at indexing and
classifying abstracts from engineering in Englishd aGerman, using three controlled
vocabularies. The INSPEC thesaurus was also apptieskeveral cases (Aitchinson and
Harding, 1982; Plaunt and Norgard, 1997). McMaleoral. (2004) describe an integrated
retrieval system for engineering documents, witle onodule being a constraint-based
classifer. The constraints are mappings betweessetaand terms and need to be manually
built.

The purpose of the present study was to investightgher it is meaningful to use the Ei
classification scheme for browsing, and then, dven useful, to investigate the performance
of the classification algorithm based on the Essification scheme and thesaurus.



The paper is structured as follows: in the follogvsection, the classification algorithm
and the classification scheme are described (2 daakd); in the third section the study
design is presented (3 Methodology); in the fosdhtion (4 Results) the results are analysed
and discussed; and, final remarks are given itatesection (5 Conclusions).

2 Background

2.1 Classification algorithm

This section describes the classification algoritigad in the study. The algorithm compares
terms from the Ei thesaurus and classification mehgin further text: Ei controlled
vocabulary) to text of web pages to be classifilie Ei controlled vocabulary consists of
two parts: a thesaurus of engineering terms, ardeearchical classification scheme of
engineering topics. These two controlled vocabutgpgs have traditionally each had distinct
functions: the thesaurus has been used to desritmeument with a number of controlled
terms and thus allow as many access points ashpmsaihile the classification scheme has
been used to group similar documents togethera@tipose of shelving them and allowing
systematic browsing.

A major advantage of the Ei controlled vocabulasy &utomated classification is that
thesaurus descriptors are mapped to classes dfldksification scheme. These mappings
have been made manually (intellectually) and arasagral part of the thesaurus. Compared
with caption$ alone, mapped thesaurus terms provide a richiadditvocabulary for every
class. Hence, instead of having only one term [@msdthere is only one caption per class),
there were on average 14 terms per class in thg ésee Figure 1 and 2 for an example).

Pre-processing steps of Ei included normalizingenpand lower-case words. Upper-
case words were left in upper case in the term dissuming that they were acronyms; all
other words containing at least one lower-caserlgtere converted into lower case. The first
major step in designing the algorithm was to exti®ems from Ei into a term list. It
contained class captions, thesaurus terms, classehich the terms and captions map or
denote, and a weight indicating how appropriateténmn is for the class to which it maps or
which it designates. (Geographical names were dedwon the grounds that they were not
engineering-specific.) The term list was formecasrray of triplets:

Weight: Term (single word, Boolean term or phraselkass

Single-word termsvere terms consisting of one wombolean termsvere terms consisting
of two or more words that must all be present bhuany order or in any distance from each
other. Boolean terms in this form were not exgiicipart of Ei, but were created to our
purpose. They were considered to be those termzhvihiEi contained the following strings:
and, vs. (short forversu3, , (comma),; (semi-colon, separating different concepts inslas
captions),( and) (parentheses, indicating the context of a homonyr{gplon, indicating a
more specific description of the previous term irclass captions), and (double dash,
indicatingheading--subheadingelationship). These strings were replaced v@ndwhich
indicated the Boolean relation in the term. All etherms consisting of two or more words
were treated aghrasesi.e., strings that need to be present in the hecu in the exact same
order and form as in the term.

The following figure shows two excerpts from the 8assification scheme and
thesaurus. The excerpts found the basis for thaioreof term lists (see Figure 2).

Figure 1. Excerpts from the Ei classification scheme andadheus

! A caption is a class notation expressed in wads, in the Ei classification scheme “Electric dfiectronic
Instruments” is the caption for class “942.1".



From the classification scheme:
931.2 Physical Properties of Gases, Liquids and Solids

542.1 Electric and Electronic Instruments

543.2 Mechanical Variables Measurements

From the thesaurus:

TM Amperometric sensors

UF Sensors--Amperometric measurements
MC 942.1

TM Angle measurement

UF Angular measurement

UF Mechanical variables measurement--Angles
BT Spatial variables measurement

RT Micrometers

MC 943.2

™ Anisotropy
NT Magnetic anisotropy
MC 931.2

All the different thesaurus terms as well as caggtiovere added to the term list. While
choosing all the types of thesaurus terms migtd teaprecision losses, the decision was to
use them all to achieve maximum recall, as shovan pinevious paper (Golub, 2006b). In the
thesaurus, TM stands for the preferred term, UBgtufor”) for an equivalent term, BT for
broader term, RT for related term, NT for narrowem. MC represents the main class;
sometimes there is also OC, which stands for ogliolass, valid only in certain cases. Main
and optional classes are classes from the Ei fits&n scheme that have been manually
mapped to thesaurus terms and are an integralopdhe thesaurus. Based on the above
excerpts, the following term list would be created:

Figure 2. Term list created based on excerpts from Figure 1

: physical properties of gases @and liquids @and solids = 931.2,
: electric @and electronic instruments = 942.1,

: mechanical variables measurements = 943.2,

: amperometric sensors = 942.1,

: sensors @and amperometric measurements = 942.1,

: angle measurement = 943.2,

: angular measurement = 943.2,

: mechanical variables measurement @and angles = 943.2,
: spatial variables measurement = 943.2,

: micrometers = 943.2,

: anisotropy = 931.2,

: magnetic anisotropy = 931.2,
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The number at the beginning of each triplet is Weggtimating the probability that the term
of the triplet designates the class; in this exaniipk set to 1.

The algorithm looks for strings from a given teilist In a web page to be classified and
if the string (e.g.magnetic anisotropyrom the above list) is found, the class(es) desigg
that string in the term lis©B1.2in the example) is(are) assigned to the web pa@ge. class
can be designated by many terms, and each timgldkg is found, the corresponding weight
(1 in the example) is added to a score for the clBiss.scores for each class are summed up
and classes with scores above a certain cut-otfrigtecally defined) will be selected as the
final ones for the web page being classified.

Findings and setting that had proven best in aipusvexperiment were applied (Golub
et al, 2007). Weights 1, 3, and 4 for single, phras@aolean term were multiplied by the
weight for the type of class to which the term meghpl or 2 for optional or main class, and
by the weight for the type of Ei term (broader asrower 2, preferred 4, related 1, synonyms
3 and captions 4). Also, only those terms basedtuoh correct classes were always derived
were included (1,308 terms). Stemming and stop-svoedhoval were not applied. The study
also showed that in order to assign a certain eadmal, the score of that class had to have



at least 10% of the sum of all the classes’ scffarseach web page); in case not a single
class with high enough score existed, the one thirighest score was assigned.

As shown in another experiment (Golub and Ard6,530@xt coming from all the four
parts of a web page (title, headings, main textadeta) should be included in the process of
automated classification. The same weights that pagviously performed best were applied.
The scores of classes found in each part werephattiwith the following weights:

Score(class) = 86-Score(Title) + 5-Score(Headings)
6-Score(Metadata) + Score(Main Text).

2.2 Engineering Information classification scheme

The Ei classification scheme is hierarchical andsgis of six main classes divided into 38
finer classes which are further subdivided into &B&ses. These are subdivided even further,
resulting in some 800 individual classes in a fexeel hierarchy. For this study one of the six
main classes was selected, together with its sstheda class Engineering, GeneralThe
reason for choosing this class was that it coveth batural sciences such as physics and
mathematics, and social science fields such asieegng profession and management. The
literature of the latter tends to contain more pelyic words than the former, and as such
presents a more complex challenge for automatessifitation. Within the 9 class, there are
99 subclasses; their distribution at the five dédfe hierarchical levels is as follows: 11
classes at the fifth hierarchical level, 67 atfthath, 16 at the third, and 5 at the second one.

3 Methodology

3.1 Web page collection

The collection was automatically created. For aatiically collecting web pages for the
study, the Combine focused crawler was used (A2867). The term list used by the crawler
consisted of the same 1,308 terms used in theifatasi®n algorithm (described in section 2).
No stemming and no stop words removal were applied. collection contained 18,895 web
pages, crawled in the period between 10 and 15 208y. There were 518 seed web pages,
taken from the Intute subject gateway, the topi€ngineering General (Intute Consortium,
2006).

Once the pages were crawled, they were classifetkacribed in section 2. On average,
1.5 classes were assigned per web page. No wels pege classified into the top two
hierarchical levels, because of the classificatioimciple to assign the most specific class
available.

3.2 User study design

The purpose of the study was twofold: to invesadaiw suitable the Ei classification scheme
is for browsing, and how the classification algamit performs on a harvested collection of
web pages. Two major research questions were:

1) Are users able to navigate the Ei classificationcstire?
2) How well are the web pages classified, as judgethéysers?

The first question was investigated by a user stuldgre users browsed the structure when
solving four search tasks. For the second quedtienusers were asked to judge the
correctness of the automatically assigned classésduments found in the user study.

The relationship between the two questions was i@lg¢estigated. This was addressed by
conducting a correlation analysis, as well as bwling respondents’ answers from
guestionnaires.



3.2.1 Experimental setting

The evaluation framework was experimental. In otdeget realism in the experiment, four
controlled search tasks were developed as backdrdoin the browsing and evaluation
activities that represented typical informatiored® that might be encountered in the context
of the test collection. The search tasks were dgesl following the methodology of Borlund
(Borlund, 2003). The framework was inspired byviimas realistic, interactive user studies
(e.g. Nielsen, 2004; Larsest al, 2006). It comprised the following steps, with thst three
ones repeated for each of four search tasks (thesccin section 3.2.3):

1. Invitation to participate. Participants were retadi through personal contact at the
Department of Electrical and Information Technolodiaculty of Engineering, Lund
University, advertising the study on mailing liét courses at the Department and paper
adverts on billboards throughout the buildings bgiog to the Faculty of Engineering,
Lund University. They were allowed to take parthiéy were undergraduate, graduate, or
doctoral students or if had just completed thegrde. Each participant was awarded two
cinema tickets.

2. Participation consent form. Each participant wasedgo sign a participation form which
gave information about the study and the partidipanle in it.

3. Written instructions: a two-page instructions abthg information retrieval system and
evaluation criteria.

4. Pre-study questionnaire on participants’ backgroand their previous searching and
browsing experience.

5. Search task description.

6. Search session, in which every move was loggeddtiition, six participants were asked
to “think-aloud” (Lewis and Rieman, 1994, chaptgnhich was video-taped.

7. Post-task questionnaire on participants’ certaiofy their decisions and general
satisfaction.

Each participant was first given the participatmmnsent form and then written instructions
on how to conduct the searching. After optionatingsof the system and completion of the
pre-study questionnaire, the first search task described and the first searching session
began. In the searching session, the participatitttidind the class where he/she thought
most web pages on the topic of the search taskighieu Every click in the browsing tree
was logged using home-made software. Once the wlassound, the participant evaluated
whether the web pages in the class were aboubfhe ¢f the task. At least top 10 web pages
(ranked by descending scores described in 2.) tnée evaluated in a row; at most 40 were
offered per screen. The maximum number of web pagaluated per class was 40, by three
participants. Once the participant decided to bislied with the task, he/she filled-in a post-
task questionnaire.

The language of the study was English. The vasornityjof web pages were also in
English. The study took place in the period betw@dnMay and 5 June 2007. It was
conducted at one of the Department’'s computer rooms participant per computer. Six of
the participants were video-taped in the resealchaffice. The researcher was always
present and available for help or clarificationack session was predicted to last one hour, as
stated in the invitation to participate and theipgration consent form.

3.2.2 User interface

Since, to the authors’ knowledge, an operativermédion system employing the full-scale Ei
classification scheme as a browsing structure dicerist, a simple home-made interface was
created (Figure 3). It consisted of two parts: e upper part of the screen, a clickable
hierarchical browsing tree of the Ei classes wawided, and in the lower part web pages
classified in the class clicked on were listed,airdescending relevance order based on
classification scores. In the upper part of theeagralso most important instructions were
given; detailed instructions were provided on aasafe sheet of paper. For each web page



there was an automatically extracted title, autically extracted sentences (“Summary”),
hyperlink to the original web page and a small exabn form. In the evaluation form the
participant was asked to judge whether the web Eagbout/concerns/deals with the topic of
a given task. Four options were available: “cofre€partly correct”, “incorrect” and
“impossible for me to say”.

The retrieval system and the questionnaires wetet-tgisted by two additional
participants. Based on their input, several minbanges on the user interface were
implemented.

Your task fs to find all the 1Web pages in the system dealing with the topic of particle accelerators

Start page

o 9 Engineering, General
o 93: Engineering Phvsics
= 932 Hig

Nuclear Physics; Plasma Physics

. sics
= 932.1.1: Particle Accelerators

Title: Accelerators and Nobel Laureates

ators and Nobel Laureates Nobel Foundation Nobel Media Nobel Museum Nobel Peace Center Nobel Web SEARCH
CONTACT US HOME [nobelprize.org Logo] NOBEL PRIZES ALFRED NOBEL PRIZE AW -&RDERS NOMINATION PRIZE
ﬁL\\OL\CE\EE\TS AWARD CEREMONIES EDUCATIONAL GA\EES By Year Nobel Prize in Phy bel Prize in Chemistry Nobel Prizein | © Correct

lcmz for in this

Nobel Prize in Literature Nobel Peace Prize Prize in Economics Accelerators and Nobel Laureates by Sven Kullander 28 August 2001 [intro] € Partly correct
1y £ lerators Particle € Incorrect
View e

€ Itis impossible for me to.
say

s
looking for i this task
+ of potential drop < and related beam line components. Faraday Cups for .

ors Faraday Cups Faraday Cup, FC46 [Picture of the FC-46 Faraday Cup] NEC manufactires more than se © Conect
types of Faraday Cups for a variety of applications involving the accurate monitoring of fon beam currents. They are all metal and ceramic with \u—x\
€ Partly correct
or BNC feedthroughs and electrostatic or magnetic suppression. All beam inter
i € Incorrect
iew page
© Itis impossible for me to say
3
se judge whether this
\\ h n the ¥
Tifle: Charged Particle Beams b faim e med:p’;s;“
Summary: Charged Particle Beams is a comprehensive text of collective beam physics, available for dovinload on the Intemet Charged Particle Beams

Downloads You can view the Table of Contents before downloading files CPB PDF Entire book in one file 34 41 MB CONTENTS PDF Preface and
ntents 0.16 MB CHAPO1 PDF Introduction 0.50 MB CHAPO2 PDF Phase-space description of charged particle beams 220 MB
PDF Introduction to beam emittance 2 41 MB CHAP04 PDF Beam emittance - advanced topics 1.84

€ Correct

Figure 3. Screen shots of main parts of the user interfawe:task definition, browsing tree and
top-ranked web pages with evaluation forms.

3.2.3 Search tasks

Each participant was given four search tasks. Alaimumber of tasks was used in related
studies (e.g., Nielsen, 2004; Larsenal, 2006). The tasks were presented in one of 24
rotated sequences, as recommended by Borlund (2003)

In each task the participant was to find web pagean assigned topic (cf. Ingwersen and
Jarvelin, 2005, 73 for tasks in information retdaksgtudies). Exact formulations of the four
tasks were as follows:

1) “Your task is to find all the web pages in the systiealing with the topic gfarticle
accelerators”

2) “Your task is to find all the web pages in the eystdealing with the topic ohagnetic
instruments.”

3) “Your task is to find all the web pages in the systgealing with the topic of
differentiation and integration.”



4) “Your task is to find all the web pages in the ewstdealing with the topic of
professional organizations in the field of engineéng.”

Two tasks were in the basic sciences as applieégnigineering, and two in general
engineering; two were at fifth, and two at the faunierarchical level; in two topic names
were the same as class captions and two werelgrdifierent:

» Task 1was in the field of physics, on the topicparticle acceleratorsThe class was at
the fifth hierarchical level (932.1.1), the claggption was the same as the topic name,
and words from the topic name did not exist anywhercaptions of higher level classes.

 Task 2 was in the field of instruments and measurememsthe topic ofmagnetic
instruments The class was at the fourth hierarchical levdP(9), the class caption was
the same as the topic name. One wandt(ument} from the topic name was part of
captions at second (9hstruments and measuremerand third (942Electric and
Electronic Measuring Instrumenthierarchical levels.

» Task 3was in the field of mathematics, on the topicddferentiation and integration
The class was at the fourth hierarchical level (8R1the class captiorCélculug was
entirely different from the topic name, and wordeni the topic name did not exist
anywhere in the higher level class captions.

e Task 4 was in the field of engineering profession, on tlopic of professional
organizations in the field of engineeringhe class was at the fifth hierarchical level
(901.1.1), the class captio®dcieties and Institutiopsvas entirely different from the
topic name, and one worgrpfessiongl from the topic name existed in its noun form at
second (901Engineering Professignand third hierarchical levels (901HBngineering
Professional Aspedts

3.2.4 Data collection and analysis methods

In order to investigate browsing (research queslipnquantitative data were collected by
logging the browsing steps and determining if otrrelasses were found. Participants’
browsing steps and selected classes were compgesdsta standard reference (“ideal”)
browsing path and a standard reference class foh eagarch topic. These were pre-
determined by the researcher, by simply lookinthatwhole browsing tree and identifying
what the best matching class for each search vepitd be, and what the shortest route to the
class would be. For each task, the shortest pesé&ithndard reference) browsing path and
class were known and the participants’ steps wengpared against them.

For the classification part of the study (reseagciestion 2), quantitative data were
collected through user assessment of the correctfethe assigned classification code. For
each web page listed under a class selected asasteappropriate for the given task, a form
was offered with four options from which to choo%sorrect”, “partly correct”, “incorrect”
and “impossible for me to say”. According to theatten instructions, these were to be chosen
in the following cases:

» Correct — if the web page is about the topic;

» Partly correct — if the web page can be considévdae on the topic, but is mixed with
other topics; and,

* Incorrect — if the web page has absolutely noiaiab the topic.

The participants were asked to avoid the optionptssible for me to say” and only use it in
cases when the web document content was not algilaly., if a Web server was down.
Apart from indicating different level of topic caage (cf. weighted indexing in Lancaster,
2003, 187-188), the three options are also anabtmrelated experiments were relevance of
documents is assessed by use of three relevanebs,|éwelevant”, “partly relevant” and
“irrelevant” (e.g., Nielsen, 2004).



Furthermore, evaluations of both standard referetasses for each task and others selected
by users atheclass for a task were examined.

For both parts of the study, a post-task questioaran participants’ certainty of their
decisions and general satisfaction was to be fitkedfter each task. In addition, clarifying,
gualitative data were collected for six particigahy observation based on the “think-aloud”
protocol. After completing their search tasks,taél participants were asked if they had any
comments, which were also recorded and analysedhigtstage, comments were received
from 12 participants. Through post-task questiomsai 31 comments were collected,
submitted by 16 participants.

Based on post-task questionnaires, relation betwlermwsing and classification
correctness was investigated. For each questioh,abSwers were collected. Correlations
were calculated between every pair of questions tdwuld indicate an influence of
classification correctness on browsing and vicaaeAs the answers were of ordinal variable
type, Spearman’s rank correlation was used (Vaug@0il, 140-143). The calculations were
conducted in Matlab, where the original data wekerg as input to a formula for direct
calculation of Spearmanito values.

Information on participants’ background and therejious searching and browsing
experience were collected in a pre-study questioana

3.2.5 Participants

There were 40 participants, students and researcimerthe field of engineering. The
participants were selected randomly: they werditse40 people who agreed to take part in
the study.

Information on participants’ background and thereious searching and browsing
experience was collected through the pre-studytouesire.
- The majority (85%) had very good or excellent krnedge of English.

All participants had at least four years of onlgsarching experience.
The majority (87.5%) were between 20 and 30 yelars o
The majority (88%) were male.
The majority (86%) were taking or have completegirtivaster's degree in the
field of computer engineering.
The majority (90%) claimed they generally found wiiey were looking for on
the World Wide Web.
On average they used search engines once or tweela (3.8 on a scale from 1
to 5 where 1 stands for “Never”, 2 for “Once of dwia year”, 3 for “Once or
twice a month”, 4 for “Once or twice a week”, andob “One or more times a
day”).
On average they used professional information eesvisuch as library
catalogues and Lund University’s service providfnge access to commercial
databases once or twice a year (1.8 the formerth&.@atter), and engineering-
specific database Compendex (also freely availdble Lund University's
students and researchers), hardly ever (1.1).i$hrssignificant contrast to the
use of search engines.
On average they used hierarchical directory-stylewbing of, e.g., search
engines or other information databases once oetwitonth (2.5).

The group of users was selected from the populaifoengineering students or young
engineers who had recently acquired their degrelépeople who fulfilled this criterion
and expressed their interest in taking part indtuely were accepted. While these were
primarily users whose first language was SwedibBy thad very good or excellent
knowledge of English, which implies that the reswf the study can be in large part
generalized. However, the language might have enited several participants in their
decisions, such as the one suggested in Sectidh(@4dsk 3).



4 Results

4.1 Browsing

The suitability of the Ei classification scheme wpwsing was evaluated by two measures:
the number of participants finding the standaréneice class predefined for each of the four
tasks; and, the number of individual classes \dditefore reaching the final class. Comments
received from the participants were also analy3ée. influence of automated classification
correctness on browsing decisions is discusseeditios 4.3.

4.1.1 Analysis based on browsing steps

As described earlier (section 2.4.1), the participavere instructed to find the class they
consider most appropriate for the task at hand, evaduate whether the web pages listed
under the class concerned the topic of the taskeireral cases, the participants choose to
evaluate web pages from more than one class.

On average, the majority (29 out of 40 particippfasnd the right class. Approximately,
two other classes per task were considered cdryeat least two participants.

In Table 1 responses from the post-task questiommalated to browsing are presented.
The results are reported in separate columns &methivho found the right class (“right class
found”) and for those who did not (“right class fiotind”). On a scale from 1 to 3, where 1
stands for “not at all”, 2 for “somewhat” and 3 ftmery”, participants who found the right
class reported on average for all the four tasks ithwas easy (2.3) to find the right class
(“easycat”) and that they were rather certain tloemd it (“certaincat”) (2.6). Those who did
not find the right class were less sure they fourid.7) and for them it was less easy to find
an appropriate class (1.9). Both groups reportad tthey were somewhat familiar with the
topics (2.1).

Table 1.Results from post-task questionnaires relateddwing.
The scale is from 1 to 3, where 1 stands for “natlld, 2 for “somewhat” and 3 for “very”.

right class found right class not found
task easycat certaincat familiar easycat certaincat familiar
1 2.2 29 1.8 1.8 2.0 1.9
2 2.7 3.0 1.9 2.0 1.6 2.2
3 2.4 2.5 2.7 1.7 1.4 2.2
4 1.9 2.0 2.0 1.9 1.7 1.9
average 2.3 2.6 2.1 1.9 1.7 2.1

For task 2 and 3, the standard reference browsily fakes four steps and for task 1 and 4
the path takes five steps. On average, the patitspivho found the right class took 15 steps;
all participants made on average 16 steps. Browsingach task is discussed separately
below.

Task 1: particle accelerators (932.1.1)

In Task 1 the shortest possible number of stepsfivas(including the step in which one
decided that he/she reached the right class). Tlere six participants who followed this
shortest path. The majority (21) took up to 15 stepcome to the standard reference class.
On average participants who found the standardemée class took 16 steps; all participants
took 19 steps. An example of a 15-step sequenea fak one participant is given below:

93 >932->9322->932>93>931>931.3>93>9->94->9->93->932->932.1->9321.1

As seen from Table 2, the first browsing step tB867majority took was correct — 93
Engineering PhysicsEight participants chose 9dstruments and Measuremeantd four 90
Engineering, GeneralOf those who took the correct first step, thearigj chose the correct
second step (82.1%). The weakest point was thd #tandard reference step, choosing a
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specific class within the broad area of 933®@h Energy Physics; Nuclear Physics; Plasma
Physics— only 43.5% made the right decision. Most of themre not sure ifparticle
acceleratorsbelonged to 932.High Energy Physic€932.2Nuclear Physic®r 932.3Plasma
Physics Since the three classes at the fourth hierarchaael seem quite clear, each
representing one of the three concepts from themder class 932, this could be attributed to
the fact that the participants were less than sdmaevamiliar with the topic of the task (1.8
and 1.9, see Table 1).

Table 2. Standard reference browsing steps for Task 1.elA&age in “step taken by” is
calculated in relation to the number of particigatatking the preceding standard reference

step.
ideal sequence step taken by
step 1|93 Engineering Physics 70.0%
step 2|932 High Energy Physics; Nuclear Physics; Plasma Physics 82.1%
step 3|932.1 High Energy Physics 43.5%
step 4|932.1.1 Particle Accelerators 80.0%
step 5|confirmed 87.5%

There were 31 participants who found the rightl&ix other classes were deemed correct
by at least one participant. Classes chosen l®aat two participants were the following:

» 932 High Energy Physics; Nuclear Physics; Plasma Physidich is a correct but not
the most specific class in the hierarchy. Considea broader class as correct, especially
when relevant resources were discovered, is a dafd® error;

* 931.3 Atomic and Nuclear Physicsvhich is wrong. This class’s broader class 931
Applied Physics Generallis also wrong, but the first step class @Bplied Physics
Generally is correct;

* 932.2.1Fission and Fusion Reactionwhich is wrong. This class’s broader class 932.2
Nuclear Physicss also wrong, but the first and second step ekaase correct.

Thus, all the participants chose the correct setdmcrchical level, 9&ngineering Physics
The reason why they chose different classes wjthifsics could be attributed to the fact that
they were less familiar with the topic. The papamts who found the right class were very
certain that they found it (2.9). This could betlyagxplained by the fact that the class caption
was the same as the topic name. Participants wihanali find the right class were only
somewhat sure (2.0); for them also finding thesclaas less easy (1.8 on the scale) than for
those who found it (2.2). Both groups were a lasléhan somewhat familiar with the topic
from before (1.9 for those who did not find it ah& for those who did).

Task 2: magnetic instruments (942.3)

In Task 2 the shortest possible number of stepsfaas(including the step in which one
decided that he/she reached the right class). Tlere 18 participants who followed this
shortest path. The majority (24) took up to sipstéo find the standard reference class; on
average eight steps were taken. An example of-atgfxsequence taken by one participant is
given below:

94 2> 943 5 943.3 > 94 > 942 5 942.3

As seen from Table 3, more than half of the paotiots (60%) took the correct first step; 13
participants chose 9Bngineering Physicand 3 chose 9&ngineering, GeneralOf those
who took the correct first step, the majority chdse correct second step; those who did not,
chose 943echanical and Miscellaneous Measuring Instrumevttech could be, because of

11



the wordmiscellaneousconsidered justifiable. The majority chose theed third step, and
also confirmed the class to be final.

Table 3. Standard reference browsing steps for Task 2.

| ideal sequence | step taken by
step 1 |94 Instruments and Measurement 60.0%
step 2 |942 Electric and Electronic Measuring Instruments 79.2%
step 3 |942.3 Magnetic Instruments 94.7%
step 4 |confirmed 94.4%

There were 35 participants who found the rightsl&ght other classes were deemed correct
by at least one participant. The class chosen lgaat two was 931.Mechanics This class

is incorrect, although its higher levels 98pplied Physics Generallgnd 93Engineering
Physicscould be considered correct to some degree. Theipants who found the right
class were very certain that they found it (3.Glmn scale, as seen from Table 1). This could
be partly explained by the fact that the class ioaptvas the same as the topic name.
Participants who did not find the right class wieneless sure (1.6). For them also finding the
class was less easy (2.0) than for those who fouK2.7). Both groups were somewhat
familiar with the topic from before (2.2 for thoséno did not find it, and 1.9 for those who
did).

Task 3: differentiation and integration (921.2)

In Task 3 the shortest possible number of stepsfaas(including the step in which one
decided that he/she reached the right class). Bmfticipants followed this shortest path. The
majority (22) took up to 14 steps to come to tlendard reference class; on average, 15 steps
were taken by those was found the standard referelass, and 18 by all. An example of a
14-step sequence taken by one participant is diedw:

92 - 921 > 921.2 > 921 > 921.3 - 921 > 921.5 > 921 > 92 > 922 - 922.2 > 92 - 921 - 921.2

Table 4.Standard reference browsing steps for Task 3.

| ideal sequence | step taken by
step 1 |92 Engineering Mathematics 85.0%
step 2 1921 Applied Mathematics 91.2%
step 3 |921.1 Calculus 51.6%
step 4 |confirmed 37.5%

As seen from Table 4, the first browsing step tlagomity took was correct (85%) — 92
Engineering Mathematic©f the remaining six, two went to ®hgineering Generaltwo to
91 Engineering Managemeaihd two to 94nstruments and measureme®f those who took
the correct first step, the majority chose the exrsecond step (91.2%). A weak point was
the third step, choosing a specific class withia boad area of 92Applied Mathematics
only a tight majority picked the right class (51)6%he weakest point was coming to the
right class — only 37.5% decided it was the stashdaference class, while others went one
level up, to class 92Applied MathematicsThe authors believe that the reason for therlatte
two could be attributed to the fact that the cleegstion was entirely different from the topic
name. Also, the participants not finding the stadda&ference class were not very familiar
with the topic (2.2 on the scale, see Table 1).tAsoreason could be that the participants
were mainly Swedish and did not take mathematicsses in English, and the English word
calculusshares little more than etymology with the Swedisird kalkyl which in common
usage meansalculation(the Swedish term faralculusis analyg.

There were 28 participants who found the rightsl&ine other classes were deemed correct
by at least one participant. Classes chosen l®aat two of them were the following:
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* 921.6Numerical Methodsvhich is wrong, but its broader class 9%iplied Mathematics
is correct; and

* 921.4 Combinatorial Mathematicsvhich is wrong, but also has its broader class 921
Applied Mathematicsorrect.

Thus, all participants have chosen correct second third hierarchical levels (92
Engineering Mathematicand 921Applied Mathematigs The authors believe that the reason
why some of them did not chose the standard rederetass at the fourth hierarchical level
could be the same as above for the fourth browstieyy. The participants who found the right
class were between somewhat and very certain theydfthe right class (2.5 on the scale, as
seen from Table 1). The certainty level is higth@lgh a bit lower than in the first two tasks.
This may be explained by the fact that the clagdima was different from the topic hame.
Participants who did not find the right class weather unsure (1.4 on the scale). For them
finding the class was also less easy (1.7) thanhiose who found it (2.4). The group who
found the standard reference class was quite familith the topic from before (2.7), while
the group who did not find the standard referenasscwas somewhat familiar (2.2).

Task 4: professional organizationsin thefield of engineering (901.1.1)

In Task 4 the shortest possible number of stepsfivas(including the step in which one
decided that he/she reached the right class). There five participants who followed this
shortest path. On average 19 steps were takendsg twho found the standard reference
class, and also by all. An example of a 19-stepuesece taken by one participant is given
below:

9->91->912-> 9122 > 9> 90 > 901 - 901.1 > 901.1.1 - 901.1 > 90> 901 > 9->91 > 913> 9> 90 >
901 - 901.1 - 901.1.1

This example also demonstrates how the participaumbd the right class but continued
looking at other classes until he/she made thesib#che/she was most sure of. Reasons why
this was the case need further investigation.

As seen from Table 5, the first standard referdmmog/sing step was taken by half of the
participants; the second half chose clas&B8gdineering Managementhis may be explained
by the nature of the topic, considered to be pamtisrect. All those who took the standard
reference first step, chose the correct second ¥ble the majority also chose the correct
third and fourth step, only half of those who cameéhe right final class realized it was the
right one. The reason for this could be that tlesglcaption was entirely different from the
topic name.

Table 5. Standard reference browsing steps for Task 4.

ideal sequence step taken by
step 1 |90 Engineering, General 50.0%
step 2 |901 Engineering Profession 100.0%
step 3 |901.1 Engineering Professional Aspects 70.0%
step 4 ]901.1.1 Societies and Institutions 71.4%
step 5 [confirmed 50.0%

There were 20 participants who found the rightsl&ine other classes were deemed correct
by at least one participant. Classes chosen l®aat two participants were the following:

* 912.2 Managementwhich could be considered correct, although thsra class that
describes the topic better;

* 901.1Engineering Professional Aspectghich is correct but not the most specific class
that can be found in the classification scheme.s@aming a broader class as correct,
especially when relevant resources were discov&eddefendable error;
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» 901.3Engineering Researchvhich could be considered correct, although tigeeeclass
that better describes the content; and
* 912.1Industrial Engineeringwhich is also somewhat related to the topic eftdsk.

Reasons for choosing these different classes dmlditributed to the fact that the topic of
this task can belong to more than one strict claasgticipants who found the right class were
somewhat sure they found the standard referenss ¢2a0 on the scale), less than for the
other three tasks. This could be explained by titere of the topic, the fact that the class
caption was entirely different from the topic naraed also by the fact that the top ranked
web pages in this class were evaluated to be batpadly correct and incorrect, worse than
in any other task. Comments by participants cord@dnthat this task was more ambiguous
than others, e.g., “This one seems like a broaid tagould include anything that works with
engineering professionally, quite a lot” or “All mpanies are also at least semi-professional
so | feel | can pretty much go to any category stiibffind things.”

Participants who did not find the right class wkrss sure they reached it (1.7). Both
groups reported that finding the right class wameghat easy (1.9), but on average it was
more difficult than in any other task. The familiprwith the topic was reported to be
medium by both groups (2.0 where correct and 1.8revincorrect).

4.1.2 Analysis based on comments

Since comments were not obligatory, this sectioy gorovides indications. Several
participants said that they preferred searchingrmwsing, and some of them provided
reasons such as the following ones:

» ‘| prefer searching because here you always negd tgp and down”;
* “l think you need to know something about the topéfore you start using the tree; the
hierarchy helps if you know a little bit, but if ydave no clue...”

These issues could be dealt with by enhancing tkearchical interface by, for example,
adding a search box for words in class captionk syhonym search (easily provided for Ei
since the classes are mapped to thesaurus temdsietrning the hierarchical tree expanded
around the class in which caption the search terfound. If a term searched for is contained
in, say, two different contexts, returning the twgerarchical trees would serve as a
disambiguation device and help the user chosexhet eneaning he/she is looking for. The
suggestion to allow for searching for words frorassl captions was provided by quite a few
participants as well. Another suggestion they mads to provide some kind of a support for
explaining classes, e.g., describing each captitim what it contains or adding an expand
box with what is below the class.

Several participants expressed that they liked biayv One said that he/she had never
tried browsing before. By the time he/she arrivedhie last task, he/she was happy with the
experience and expressed that it had been pleasimugher said he/she didn't really like the
hierarchy, but believed it could be useful onceldusit.

One participant complained that for two classesas not obvious that they would be
where they were; however, the fact that he/shdid@dthem shows that it is possible to find
one’s way through the Ei structure although evergiviidual would probably structure
subjects differently. Two participants commenteat tlass 94nstruments and Measurement
represents an application area, while others aentfitc, and that there are overlaps in
subjects between them — eligstrumentscould be part of physics as well. Overlaps in¢opi
representations in the classification scheme weperted as an issue by others as well, but
could be dealt with a search entry into a synongirof class captions (already part of the Ei
thesaurus). Moreover, overlaps in topics exist inciglines themselves and a good
classification scheme should reflect such overldgsther suggestion was to exclude the
words general and engineeringfrom captions of second-level classes as he/sheeiped
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them as redundant. Several wanted to see morefispmgdiclasses; the reason could be that
there were too many web pages in one class, mare4 in most of them.

4.2 Automatically assigned classes

In the second part of the study, the correctnesautbmatically assigned classes was
analysed. The most common approach is by compatitamatically assigned classes against
human-assigned ones. For web pages there are fgtioms with human-assigned classes.
To the authors’ knowledge, there is one maintaic@bbction using Ei classes, Intute subject
gateway on engineering (Intute Consortium, 200@welver, web pages in this collection are
classified mainly into top hierarchical levels, ik classes altogether: 900, 910, 920, 930,
940, 901.2. Since the aim was to study how therifgo performs also at third, fourth and
fifth hierarchical levels, this collection did nstffice. Moreover, the problem of documents’
“aboutness” has been much discussed in the literatiod the need for evaluating automated
classification by end users has been proposed dddbrs conducted (cf. Ingwersen and
Jarvelin, 2005).

4.2.1 Automatically assigned classes against humassigned ones

Since web pages were automatically crawled andifiled, no pre-existing human-assigned

classes were available. Of the 518 web pages tha elassified both by the Intute subject
gateway (Intute Consortium, 2006) and by the atgorj 320 of them (62%) were put in the

same class as in the Intute subject gateway. Beaafue small sample and because Intute
has most web pages only at the top two hierarchaadls, further comparison was not

conducted.

4.2.2 Automatically assigned classes as judged tme user study participants

Table 6 shows the number of web pages evaluatelifferent tasks. In standard reference
classes there were on average 40 different webspagauated per task with 10 different

participants evaluating each web page. There wetatal 36 evaluations or 23 different web

pages that were deemed as “impossible for me tolsagt least one participant. Four web

pages were deemed as “impossible for me to sayivbyor more participants. One of them

was “under construction”, two had very little teahd one was extremely long (178 pages if
printed). Some of them were also not in Englistcd@ise of the small number of “impossible
to say” decisions, they were not counted in tafd#éewing this one.

Table 6. Number of evaluations and evaluated web pages.

task 1 task 2 task 3 task 4 in total

Number of evaluations| 620 644 593 617 2474
Number of different Web pages evaluated] 170 154 172 176 672
Number of evaluations in the ideal class| 392 497 417 297 1603

Number of different web pages in the]

ideal class evaluated 40 31 40 40 151

Table 7 shows for each task the standard referelass and averaged evaluations for 1)
all the evaluated web pages, and 2) top 10 rankdalpages that were at the same time most
frequently evaluated. The scale used in this pattied study was from 1 to 3, where 1 stands
for “correct”, 2 for “partly correct” and 3 for “zorrect”. The differences between all and top
10 evaluated web pages do not seem to be sigrifibah are a little better for the top 10
pages, which is in accord with the fact that thghbr ranked ones should be more correct.
The fact that the differences are not very sigaiicimplies that the algorithm performs
equally well for resources listed further down dwe page. Neither were there significant
differences when comparing evaluations made byigy@aits who were very certain that
their judgements were accurate (“only when cerjaagainst the average of all participants
(“different certainty”).
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Table 7.Correctness of automatically assigned standardene¢e classes.

different certainty only when certain
for all for all
correct | evaluated [fortop 10| evaluated |[for top 10| average
task class | web pages web pages
1 932.1.1 1.9 1.8 1.8 1.8 1.8
2 942.3 2.0 1.8 21 1.9 2.0
3 921.2 2.0 2.0 2.0 2.0 2.0
4 901.1.1 2.6 2.5 2.6 2.5 2.6
average| nla 21 2.0 21 21 2.1

As with browsing, the performance of the algorithmjudged by the participants differs
between the tasks. Based on 1,603 evaluations bdf different web pages in standard
reference classes (last two rows in Table 6), tiperainked web pages in each of the four
classes were on average deemed partly correctofR.the scale). Best classification was
achieved for Task 1 (1.8), and the worst one foskTd (2.6). This was confirmed by
comments given by several participants who saitiled» pages in Task 1 seemed quite good
but that they were confused with web pages in Bask

Table 8.Correctness of automatically assigned other classes

number of for all evaluated Web
other - number of evaluated .
participants pages (different
classes ) web pages .
choosing the class certainty degrees)
task
932 5 104 23
1 931.3 5 54 2.6
932.2.1 3 30 2.7
2 931.1 3 44 2.2
3 921.6 4 50 2.8
921.4 2 23 2.4
912.2 8 119 23
4 901.1 7 108 1.9
901.3 4 48 2.1
912.1 2 11 2.2

While the majority chose the standard referencescla was also important to see how
the participants who chose other classes as coaealuated web pages put in those classes.
Table 8 reports evaluations of web pages for nanekird reference classes chosen by at least
two participants.

Table 9.Results from post-task questionnaires related teectness of classes and general

experience.
right class found right class not found

task | easyclass certainclass experience| easyclass certainclass experience

1 2.3 2.4 2.4 1.9 2.3 1.7

2 2.3 24 24 2.0 2.0 1.6

3 2.3 2.4 2.3 1.6 1.7 1.4

4 2.4 2.3 2.0 2.0 2.0 1.8
average 2.3 2.4 2.3 1.9 2.0 1.6

In Tasks 1, 2 and 3 topics of web pages in nondstahreference classes were deemed
more wrong than in the standard reference clas3.abk 4, however, evaluations of web
pages in the non-standard reference classes wersedemore correct than in the standard
reference class, the best one being its broadss,c®1.1. This could be partly explained by
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the fact that this topic could be considered tinfiseveral classes (cf. Task 4 in 3.1.1), and as
such is harder to automatically classify and judge.

Table 9 shows results from the post-task questieemaelated to correctness of classes
as well as general experience (“experience”). Tawilts are reported separately for those
who found the right class (“right class found”) afed those who did not (“right class not
found”). On a scale from 1 to 3, where 1 stands‘fiot at all”, 2 for “somewhat” and 3 for
“very”, participants who found the right class repd on average for all the four tasks that it
was easy (2.3) to decide whether the web pagdwisdlected class were on the topic of the
task (“easyclass”) and that they were certain eirtevaluation indicating whether web pages
in the class were on the topic of the task (“cediaiss”) (2.4). On a scale from 1 to 3 where 1
stands for “frustrating”, 2 for “neutral” and 3 fOpleasing”, this group deemed the whole
experience to be between neutral and pleasing. (Bn®se who did not find the right said that
it was less than somewhat easy to decide whethepages in the selected class were on the
topic of the task (1.9) and were less certain efrtavaluation indicating whether web pages
in the class were on the topic of the task (2.®eylconsidered the whole experience to be
somewhere between ‘frustrating’ and ‘neutral’ (1.6)

The fact that evaluations between the four taskerdd is in line with a previous study,
where the algorithm’s performance was tested orreaclassified collection of research
abstracts (Golulet al, 2007). The study showed that certain classe®eed better than
others. Table 10 presents precision and recalltfer four classes, but measured on the
collection of paper abstracts. While precisionliaast total for all the four classes, recall is
weakest for class 901.1.1 (Task 4), which can Iribated to the fact that only one term
exists for this class on the term list. Also, mestns designating the other three classes are
rather field-specific and thus less ambiguous tharterm designating class 901.1.1.

Table 10.Performance for the four classes on the colleatiopaper abstracts (described in Golub
et al, 2007), with the same parameters as in this study.

class term instances found | precision| recall
accelerators @and betatron 1
electron sources 1
particle beams 3
accelerators @and electrostatic 1
accelerators @and magnets 4
accelerator magnets 1
932.1.1 accelerators @and targets 4 0.97 0.08
electron accelerators 2
accelerators @and synchrotron 3
synchrotron x-ray radiation 2
storage rings 11
particle beam dynamics 2
synchrotron ultraviolet radiation 1
linear accelerators 2
gradiometers @and magnetic 7
942.3 compasses 1 1 0.12
magnetometers 35
fluxmeters 2
kinetic theory of gases 1
differential relational calculus 1
921.2 |differentiation @and calculus 1 1 0.03
integral equations 12
maxwell's equations
901.1.1 |societies @and institutions 1 1 0.001
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4.2.1 The problem of “aboutness”

The challenge of identifying the aboutness of doent® has been much discussed in the
literature. This is related to the quality of index According to Lancaster (2003, 85), an
indexing “failure” could occur in the conceptualadysis phase of indexing, where a topic of
user interest is not recognized or is misinterghedmd in the translation phase, where not the
most specific term gets used or the term choserappropriate. In this study there were cases
when one web page was at the same time evaluateort@st, incorrect and partly correct.
For top 10 pages in all the 4 tasks, 26 pages atdigast once evaluated as correct, incorrect
and partly correct; 11 pages were evaluated withdifferent values; and, only 3 pages were
evaluated with the same value. Based on “thinkéllaessions and participants’ comments,
reasons behind their decisions and such big diaomgs between evaluations were analysed:

* There were three cases implying that some partitspased only summaries, in spite of
the clearly provided instruction “In order to evai@ whether the web page is about the
topic given in the task, please open and look atpége (‘View page’) because it would
be incorrect to judge only based on the Title anth®ary”. An example of a comment
implying they used only summaries was “...this tasksva little bit hard to extract
information from web sites because the researchubgect wasn't described in web sites’
summaries...”

* Most differences between how people judged ondlamdame web page occurred due to
mixing web page’s topic with its genre. There arangnweb pages offering not just
factual information on a topic, but also (or instedescribe a related software, provide a
search engine, or sell products like magnetic imsénts. While according to instructions,
“incorrect” was supposed to be chosen only whemitiie page had absolutely no relation
to the topic, some judged commercial web pagesasrect. E.g., a participant leaving a
comment “a lot of commercial websites and almostdidactic website” on average
evaluated web pages in Task 3 as 2.4 (betweery mamttect and incorrect), while the
average for that task was 2.0 (partly correct).

» Task interpretation. Some evaluated a web pagedb@sevhether it had anything to do
with the topic at hand, as instructed, while othmsed it on their own task interpretation
and introduced criteria such as usefulness andtgualg., a participant saying “this page
could be useful if we know something but for a begr, no” judged that web page as
incorrect. Or, a web page providing only a defamtion compasses was judged by one
participant as partly correct because “it providely superficial information”.

These findings illustrate the problem of aboutrieggeneral, and should be considered when
analysing the findings concerning classificatiorrectness.

4.3 Browsing and classification correctness

Finding one’s way through the browsing tree terwbe related to whether web pages are
classified in appropriate classes. This is supddsteparticipants’ comments:

* “l am not sure | found the right category for pdmnal organizations”. Actually this
participant did find the right class, but was umsaf that because web pages in the class
were by that participant evaluated as mostly irextir(2.6 on average). This topic belongs
to Task 4 where web pages were by all deemed kedsé correct.

» “Most of them are incorrect so | think | chose t®ng category”. This participant really
did not find the right class, so in this case wabgs were correctly indicating that he/she
should look for another class.

* Another participant said: “It is easier with seatudr, this is quite frustrating; lot’s of
useless web pages”. In this case the right classnefifound, but the comment indicates
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how the correctness of automated classificatidaéniced the participant’s preference for
searching.

Based on each participant’s post-task questionmaisgvers for every task (159 per question)
the following significant correlations were recaggtd with probability above 95% (Sheskin,
2000, Table A18):

e Certainty that the right class was found and cetyadf one’s evaluation whether web
pages in the found class were on the topic (Spaaomaelation coefficient is 0.33).

» Easiness to find the right class and easiness dm@evhether web pages in the found
class were on the topic: the correlation is (Spearnorrelation coefficient is 0.31).

» Certainty that the right class was found and easine decide whether web pages in the
found class were on the topic (Spearman correlaefficient is 0.35).

This indicates that the success of browsing idedl#o the degree to which web pages have
been correctly classified.

5 Conclusions

The study was to investigate performance of anmaated classification algorithm on a
collection of engineering web pages, in the contxhierarchical browsing. Two major
research questions were whether users were ahbevigate the Ei classification structure and
how correctly were web pages in a certain classsiflad. The study involved 4 tasks and 40
participants. The participants had a very good kadge of English, at least four years of
online searching experience, frequent usage otleamgines, once or twice a month they
used hierarchical browsing and were generally figdhe desired information.

The study showed that the Ei classification schenggenerally well suited for browsing.
The majority of participants found the right clakgy reported that it was quite easy finding
it and were quite certain they found the right gladlso, those who found standard reference
classes deemed the whole user study experiencedretaeutral and pleasing. This was the
case in spite of the fact that the participantsaeerage made 15 steps to reach the standard
reference class, while the shortest browsing pathldvtake only 5. However, the number of
browsing steps needs to be put in relation toastlevo other factors: examples have shown
that some participants have systematically lookea mumber of other classes to make sure
they reached the most appropriate one; and, timarbiécal tree showed only the path to the
last class clicked on, preventing distant jump$ieDpossible factors could be inadequacy of
the classification scheme and participants’ unfamiily with it. Inadequacy of the
classification scheme was indicated as to thevigtlg: captions contain redundant words like
engineering division of subject areas is not very logicalsicasciences, mathematics and
physics, as applied in engineering, are at the saierchical level asnstruments and
MeasuremenandEngineering, Generaland, clas€ngineering, Generatontains a mixture
of topics such as engineering profession, grapduneslibraries. Exact reasons behind taking
longer paths than required need to be further stlidi

Majority of the participants selected correct secand third hierarchical level classes in
all the four tasks. More wrong classes were chasehe fourth hierarchal level, which could
be explained by: 1) participants’ unfamiliarity tvithe subject at the required specific level;
and, 2) class captions being different from topaenes. The latter is confirmed by the fact
that approving the right class arrived at as conmexs problematic in the two tasks in which
class captions were entirely different from topames. For those two tasks also lower
certainty levels were reported. The lowest cenyaletel was obtained for one of those two
tasks in which web pages were judged as more iecotihan in other tasks, another possible
contributing factor. Also, the classification scheroould have for some reason been
inappropriate. Exact reasons need to be furthesiiyated.
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Top ranked web pages in each of the four classes @reaverage deemed partly correct.
A major problem with determining whether a web peg@ the right class or not is that there
were large differences among participants in thelgements — a number of web pages were
evaluated as correct, partly correct and incorbgctlifferent participants. A major reason is
probably the reported problem of aboutness” arated| subjectivity in deciding which topic
a document is dealing with. Other factors were edsognized in the study:

» Some participants, despite the instructions, baked evaluations only on summaries,
instead of full-text web pages;

» Others interpreted tasks more narrowly and evaduateb pages based also on other
criteria such as quality and usefulness;

* It was hard to evaluate web pages’ topicality whieere was hardly any or very much
text.

As with browsing, evaluations between the four sadikfered. This is in compliance with
previous results of the algorithm’s performancesdoh on a pre-classified collection of
research abstracts, where it was shown that cectasses have better performance than
others (Goluket al, 2007).

Although the classification of web pages was orraye judged as only partly correct,
and while there is evidence that correct placenoéneb pages and browsing success are
related, the majority of the participants were ablenavigate the Ei classification structure
well and deemed the whole experience to be betweetral and pleasing.

Several improvements for browsing have been idedtif

» Describing class captions and/or listing their $afges from start;

e Allowing for searching for words from class capsowith synonym search (easily
provided for Ei since the classes are mapped satireterms);

* When searching for class captions, returning tleeanchical tree expanded around the
class in which caption the search term is found; an

» Because automatically-produced summaries could ibkeawling, avoid presenting them
until their quality is sufficiently improved.

The need for several improvements of classificasiimemes was indicated:

» Follow consistent division principles when buildioi@ssification structures;

* Modify captions so that they better reflect consdpey represent;

» Allow for a larger entry vocabulary, which wouldreiitly help both finding the standard
reference class fast and improve recall in autothelssification.

Further research should include determining oteasons behind browsing failures in the
Ei classification scheme. It should also deal witbblems of disparate evaluations of one and
the same web page. This could mean applying ardiffauser study methodology that would
help participants make more homogeneous decisfamsther way would be to harvest web
pages that are more uniform in terms of qualitygenre (see, for example, Custard and
Sumner, 2005; Nicholson, 2003), or to design magawly specified search tasks for a
certain purpose.
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