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Preface
Genres are textual categories that organise and structure communication. By definition, each genre
brings with it a set of conventions that can be conceptualised as expectations regarding a textual instance
of a specific genre. For example, the conventions of the blog genre — a genre that is only instantiated
on the World Wide Web — comprise a sequence of more or less daily postings that contain narratives,
and opinions of the respective blogger, an individual who wants to participate in a discussion on a
certain subject. Blog postings are publicly accessible, so that other people can comment on them.
These conventions are different from those underlying the editorial genre: a single author presents an
argumentative statement of views that are considered to be representative of a newspaper as a whole. In
brief, genres convey a large amount of communicative context. This context is essential for determining
the relevance of a specific text in and for a given situation.
Genres have great potential for Information Retrieval (IR) applications, such as the integration of
knowledge about genres into search-engines, enabling the user, for example, to augment keywordbased search with a specific set of genres the documents to be returned by the engine should belong to.
This application treats genres as a filter that can be employed to narrow down the document result set.
The distinction between topical and non-topical textual dimensions is crucial when it comes to the
features on which genre identification algorithms operate. Topics rely on features based on content
words, while genre classes appear to be more easily identified using grammatical features. As Natural
Language Processing (NLP) provides methods to retrieve grammatical features, the investigation of the
influence of NLP on genre identification is of primary importance. Among the topics addressed by the
papers compiled in this volume are: experiments in genre identification and classification, genres and
traditional IR architectures, the composition of feature sets, machine learning approaches, descriptive
genre analyses and distinctive genre features as well as text and hypertext structures.
Despite the promising results reported in the contributions, it becomes evident that genres — especially web genres — are notoriously difficult to identify using fully automatic methods. The IR subfield
Automatic Genre Identification (AGI) is still in its infancy. We hope that the present collection helps in
establishing this subfield as well as its community further and that it whets the appetite of researchers
who share our view that AGI is an interesting and promising extension of traditional IR.
After the colloquium “Towards a Reference Corpus of Web Genres” (organised by Marina Santini
and Serge Sharoff), held in conjunction with Corpus Linguistics 2007 in Birmingham, UK, it is the aim
of this workshop to act as a kind of follow-up meeting where researchers working on genre identification have a platform for presentations, as a forum for publishing and promoting research results and
establishing research networks and explore possibilities for co-operation.
We would like to thank the organisers of the Sixth International Conference on Recent Advances in
Natural Language Processing for agreeing to host this workshop. Furthermore, we would like to thank
the authors and the members of the Programme Committee for their help with the reviewing process.
Georg Rehm
Marina Santini

September 2007
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Combining Relevance and Genre-Related Rankings:
an Exploratory Study
Pavel Braslavski
Institute of Engineering Science, RAS
Komsomolskaya 34
620219 Ekaterinburg, Russia
pb@imach.uran.ru

Abstract
In this paper, we examine whether it is possible to effectively
incorporate document genre features into document relevance
ranking. First, a method for extracting ‘seriousness’ score of a
document using canonical discriminant analysis applied to a
sample of functional styles is proposed. Second, effects of
aggregating genre-related and text relevance ranks are
considered. Evaluation of the results shows moderate positive
effects.

Keywords

Relevance ranking, genre analysis, readability.

1. Introduction

Recent years have shown a growing interest to automatic
genre analysis of Web documents, especially in the context
of Web search.
One of the possible research tasks is automatic genre
categorization, i.e. automatic classification of documents
into predefined set of genres (see our early study [2] and a
comprehensive survey of the field [13]). When the genre
palette is not very fine-grained and controversial, the
problem can be solved with acceptable quality. However,
when thinking of applying genre categorization to a
commercial general-purpose search engines, the main
problem could be to adapt or invent a suitable genre palette
that is intuitively clear, complete, and not ambiguous for
the majority of users. Moreover, the appropriate interface
should be presented. Meanwhile a simple search box and a
sorted list of search results is a standard de facto for
millions of search engine users. The experiments [11] show
that though most users expect genre information to be
helpful for their Web search tasks, a straightforward
implementation of genre-related hints doesn’t improve user
search effectiveness significantly.
Research on readability has its roots in
psycholinguistics but in fact is very similar to automatic
genre analysis. The aim is to obtain a simple measure to
compare the comprehension complexity of texts conveying
similar meaning using surface cues [3].
The paper reports on ongoing experiments aimed at
embedding genre information into relevance ranking,
which makes use of genre analysis transparent for the enduser. The idea is to obtain a simple measure of document’s
genre (similar to readability score) and embed it into

ranking. The idea can be seen in the context of static
ranking: to incorporate diverse page-level features that are
independent from query into ranking scheme [10].
In contrast to our previous study [1] when we used
unsupervised approach, in the current study we employ
supervised methods for extracting genre-related scores.
A related study is described in [6]: a ‘familiarity
classifier’ is build upon several hundreds of documents
manually tagged as ‘introductory’ or ‘advanced’. However,
the method doesn’t consider topic relevance: top-20
documents returned by a search engine are all assumed to
be relevant to the query, which seems to be a very strong
assumption.

2. Data

In this study we used two datasets of Russian documents:
1) a small corpus of five functional styles as learning
sample for extracting genre-related score and 2) a subset of
reference ROMIP Web collection for experimentation and
evaluation purposes. ROMIP stands for Russian
Information Retrieval Evaluation Seminar which is a
Russian TREC-like initiative [12].

2.1 Functional Styles Sample

We draw on the well-established in Russian linguistics
concept of functional styles. There are five basic functional
styles: official style, academic style, journalistic style,
literary style, and everyday communication style. We use
this sample only for building a genre-related score.
We re-use a sample of 305 documents in Russian that
was employed in our previous experiments. This sample of
documents consisted of 50 federal acts, 54 scientific papers
in natural sciences, 61 online news articles, 79 short stories
by modern Russian authors, and 61 fragments of online
chats. More details on the sample can be found in [2].

2.2 ROMIP Collection

ROMIP Web collection contains about 600,000 HTML
pages in Russian from the free Web hosting narod.ru and
reflects well the diversity of Web genres. The collection is
used in the ROMIP ad hoc retrieval track and is freely
available upon request.
Along the documents the collection contains a list of
about 20 000 queries taken from a real-life search engine
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query log. Each participating system performs the whole
set of queries over ROMIP collection. A small selection of
queries is evaluated manually using pooling method each
year. To increase assessors’ agreement each query is
provided with an extended description which represent one
of the possible query interpretations (Fig. 1). Most
descriptions imply detailed and informative documents.
This fact suggests that we could improve the overall search
quality within the ROMIP framework by ranking ‘serious’
documents higher. We implement this approach in our
experimental framework, however it won’t suit all real-life
information needs obviously. (For example, homepage of
the Sexologies journal published by Elsevier wouldn’t
satisfy the vast majority of users asking one of the most
frequent queries sex.)
Query rb4095: common spruce
Description: A relevant page must contain information
about common spruce – e.g. main characteristics of
this tree type, natural habitat, industrial use, etc.
Query arw13494: memory training
Description: Documents containing advices for human
memory improvement, diverse techniques for memory
training. Documents containing recipes of food
supplements are useful. Especially important are
documents
containing
detailed
and
precise
instructions for those who want to train their memory.
Query arw19003: are we alone in the universe?
Description: The page must contain information on
extraterrestrial
intelligence
research,
existing
hypotheses as well as different opinions on this issue.
Figure 1. Sample ROMIP tasks: query and its description
(originally in Russian, descriptions are used for evaluation
purposes only)

For our experiment, we took the results of one of the
ROMIP’2006 participating systems which utilizes only text
relevance methods [4]. All ROMIP documents were
converted to plain text; no other pre-processing was
performed.
Our ROMIP subset contains 6,906 documents
corresponding to 70 evaluated search tasks. The majority
of these documents have relevance judgments: 5393
documents (420 relevant + 4973 non-relevant) with socalled ‘strong’ judgments (i.e. all assessors agreed on
judgment) and 5416 documents (1105 relevant + 4311 nonrelevant) with ‘weak’ relevance judgments (i.e. at least one
assessor judged a document as ‘relevant’). Some tasks have
no corresponding relevant documents (13 in case of
‘strong’ relevance and three in case of ‘weak’ relevance).
The rest of the documents have tag ‘can’t be judged’ or
didn’t fall into the evaluated document pool.

We re-ranked ROMIP subset in different ways to find
if we can achieve a better relevance ranking if we take
genre-related document score into account.

3.1 Functional Styles and Genre Score
Extraction

Unfortunately, there is no widely accepted and use-proven
readability score for Russian that would be appropriate for
our aims. So we opted for building a ‘seriousness’ score
based on our previous research.

We employed the concept of functional styles, which
is well-established in Russian linguistics. The main idea of
the functionalist approach is the distinction between the
language (as a symbolic system) and the speech (as the
very process of discourse generation). According to the
theory, the style of a text is determined mainly by the
communication context. Five functional styles are usually
defined: official style, academic style, journalistic style,
everyday communication style, and literary style (although
some scholars consider literary style, or fiction, to be a
special case that is able to incorporate all other styles).
More details on the theory of functional styles can be found
in [5]. Functional styles have been subject of an early
study on automatic stylistic analysis [8].
We consider five functional styles as text classes of
gradually decreasing ‘seriousness’. The quantitative
characteristics of the functional styles sample confirm our
intuition (Fig. 2). Such features as average word length
(one of the most commonly used features in different
readability formulae) and POS distribution change
monotonically over five styles.
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3. Methods and Results
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Figure 2. Selected characteristics
of the functional styles sample

Our approach is rather operational. Though it is not
quite correct we don’t make distinction between genre and
style assuming that both concepts relate to a higher-level
notion of “how a given piece of information is presented”
[9].
We use canonical discriminant analysis to extract the
‘seriousness’ score. The method is illustrated in Fig. 3: we

Proceedings of the International Workshop “Towards Genre-Enabled Search Engines: The Impact of NLP”,
Georg Rehm, Marina Santini (eds.), Borovets, Bulgaria, September 30, 2007.

43

Proceedings of the International Workshop “Towards Genre-Enabled Search Engines: The Impact of NLP”,
Georg Rehm, Marina Santini (eds.), Borovets, Bulgaria, September 30, 2007.

42

Mirko Tavosanis

>&� ��+�������������� ��� ����� �� � ��������)�� ���� �*���
��������
@&�*��=����������������������������
:&����*��������� ������������+������������*�)$����+��
��&�����������+����
��&������$�
�!&� ���������� � �* � �)� � *���� � ������� � �* � � � -����
7B*���������C;
�D&� ����������� � ��� � �* � ����������� ���� � ��� � ��)���
�����������������
�)����*����������������� ���������� ��� ,� ������ -������� ���
������� � 3�3�������)$� ��� � ��� � �*��� � ���� � ���$� �� � ������&�
4 ����)�����������������)����+����������������3���������
�* � ����������& � A�� � �)��� � �������( � � �� � �* � �)� � ��+���
���������� *������� � ����� � *��� � N��� � � � �*��� � ������� � �����
*��������������*����N����!(��)�������-����+�������*�����)��
*���������$���&��)��������������������3��-�����)���-��������
�������������3���-������������F&�&�

(�(�#�����������������������
"�������� *�������+�����=����*$����B�������������� ���������
����C(��)��������������� ������N������-����������������)��
���� � ���� ���( � �� � �)�$ � ���� � ��$ � ���������� � ���������
��������,� �������������������&�?�-� ��(�*��������D�����
� � -��� � �������( � ������ �)�$� *���� �� � ����� � �������� ��� � ���
�����������+��������$������$�3����������-�����*������7�)���
�������������*����)����3������������*�����-��)������*��������;�
������� ��������)���������������*��)����$3����&��)�����*����
������*���+�*�������&�2*��)���(�*�������D�)���3�������-�����
)� ��������������������"���$���������)���:>���7���)�������
������������������ �������� ��������;(�3����������� ��������
�)�� � �����+� � ��� � 3� � ������� � �� � 3� � ��3���������$�
����������� � *��� � ���)� ����& � A������ � F � ��� �� � )����������
*������ � �� � ���#���������� � ,� ����� � -������( � 3�� � �)�� � ���
���������$�����������-��)��)�����*���&
����� � -��� ��+������� ��� ��� ���������� �����) � ���� �)���
�����3$���)������ �������&��)��-������������������������
�����*��)��*�����������N������-�����������-��)��)����������
P-Q������)�������3����B�$��C�7 ������*��)�������3����-���
����������)����)�������������������N�����5�����*���*�������
�(����������;&�"*������������������������������-����-��)�
�����*��)����+��$������*����������������3� �(����-����������
�� � B���C � 7B���������� � ��� ����� � �� � ����C; � �� � �)� � �4"�
?�����& � 6 � ������� � ��#������� � -�� � ���� � 3$ � � � �������
� ������������,���������-����*��������1�� ���������&�
���$��*��)������+���������������$����������������������*�
�)��*�������E���)�����+)�3������+����� �������*��)��(����)�
�������)��*����-�����+����������5
84�&�D9
5�.��� ����������������� ����F�
�����G�('G�3���F���F������G�(/G�����F��
���������������������� ����� 9����� ������
�F������G�('G�3���F���������������

��������������F������G�(HG����F������F�
�����G�(/G�����F����������F�
�����G�('G����3���F�444�F�
�����G�('G�3���F�������������������� ��F�
�����G�('G�3���F�����9�F������G�(HG����F��
���� ��������F������G�('G���3���F���F�
�����G�(/G�����F����������-�� �������=�?��
������ ����444�� II�F������G�(HG����F���F�
�����G�(/G�����F��� �����JJJ�@9���� � ���
�� ��� �������9������� ������������������
�F������G�(/G������F������ 4444���� ����
������� ��III

Combining Relevance and Genre-Related Rankings: An Exploratory Study

perform feature space transformation in order to find a
direction (a weighted sum of initial features) with the best
separating ability between classes. The method is similar to
principal components analysis (PCA); the difference is that
we take class structure into account.

Figure 3. The idea of canonical discriminant analysis
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building readability scores based on reading tests. Our
approach is similar to one described in [14]. However, we
don’t utilize lexical features, which leads to much lower
computational costs.

3.2 Ranks Aggregation

We calculated genre-related scores for our ROMIP subset.
Relevant documents appeared to be somewhat ‘more
serious’: averaged normalized genre scores for our ROMIP
subset are 0.62 and 0.59 for relevant and non-relevant
documents, respectively (the difference is significant at
p<0.005). Then, we ranked all evaluated documents that
were longer than five sentences according to the genrerelated score (‘serious’ documents on the top); all other
documents preserved their initial positions.
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Figure 4. Scatter-plot of the learning sample in the 1st and 2nd
canonical roots

We carried out trails with different genre-related easily
computable text features. After a series of trials we opted
for a combination of nine features. The formula for the first
canonical root that we treat as ‘seriousness’ score is as
follows (standardized values):
S = -0.49x1 + 0.27x2 + 0.46x3 + 0.04x4 +
+ 0.24x5+0.32x6 – 0.48x7 + 0.32x8 – 0.11x9,
where
x1 – average word length;
x2 – smiley count;
x3 – finite verb count;
x4 – adjective count;
x5 – first person pronoun count;
x6 – expressive punctuation count;
x7 – neuter noun count;
x8 – adverb count;
x9 – genitive chain count.
The first canonical root explains 84% of sample’s
variance (Fig. 4).
The obtained index is similar to a readability score.
Such corpus-based approach is low-cost, flexible, and
easily adjustable compared to traditional methods for

Next, we aggregated the obtained genre-related ranks
(RG) with the initial keyword-relevance ranks (RY) (see [4]
for details on RY). We used a straightforward approach to
aggregation: new rank was computed as a linear
combination of text relevance and genre-related ranks, i.e.
RY +ĮRG. This scheme can be referred to as a simple case
of weighted Borda method that is widely used in different
areas, including rank aggregation for metasearch.
It is important to note that we didn’t aim at finding an
optimal Į for the rank combination. Although the number
of processed documents is big enough, the number of
document sets (57 and 67 for ‘strong’ and ‘weak’
relevance, respectively) didn’t allow us to test our results
properly and generalize well.
For evaluation of the aggregated ranks we used rank
displacement of relevant documents (DR). DR sums the ups
and downs of relevant documents in the new list in
comparison to the original one (Fig. 5). Furthermore, we
counted up tasks with positive and negative values of DR.
The most illustrative results were obtained on weak
relevance judgments. Fig. 6 shows both macro- and microaveraged DR values depending on genre rank’s weight. The
best macro-averaged value (0.48) is achieved at Į=0.18,
while micro-averaged DR reaches its maximum (0.26) at
Į=0.14. Fig. 7 shows the absolute numbers of tasks in the
sample with positive vs. negative changes depending on Į.
The best relation (42 vs. 18) is achieved at Į=0.07.

1. NR
2. R
3. R
4. NR
5. NR

+1

–2

1. R
2. NR
3. NR
4. NR
5. R

Figure 5. Rank displacement of relevant (R) documents
(for this example DR = –1)
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4. Conclusion and Future Work

Our evaluation of the aggregated ranks shows that we can
achieve moderate improvements on our experimental data
set in average by mixing in a small fraction of genre-related
rank. Notably, there is a subset of queries that is very
receptive to mixing genre ranks with traditional keywordrelevance ranks. This fact poses a much more difficult
problem of how to define the expected genre (or genre
range when thinking of continuous genre index) of the
answer based on query preprocessing. To the best of our
knowledge the sole study on predicting user’s education
level based on a query is [7]. We will address the problem
in the future.
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Abstract
With the increase of the number of web pages, it is very
difficult to find wanted information easily and quickly out of
thousands of web pages retrieved by a search engine. To solve
this problem, many researches propose to classify documents
according to their genre, which is another criteria to classify
documents different from the topic. Most of these works
assign a document to only one genre. In this paper we propose
a new flexible approach for document genre categorization.
Flexibility means that our approach assigns a document to all
predefined genres with different weights. The proposed
approach is based on the combination of two homogenous
classifiers: contextual and structural classifiers. The
contextual classifier uses the URL, while the structural
classifier uses the document structure. Both contextual and
structural classifiers are centroid-based classifiers.
Experimentations provide a micro-averaged break-even point
(BEP) more than 85%, which is better than those obtained by
other categorization approaches.

Keywords

Genre, structure, centroid, URL, categorization, combination,
flexible.

1. Introduction

In front of the explosive growth of the number of web pages,
users cannot quickly find desired information among the huge list
of web pages returned by a search engine. To deal with this
problem, many categorization approaches have been proposed to
classify the result of search engines. Most of them have been
interested by topic categorization [32]. Even, if the documents are
classified successfully by their topics, they stayed heterogeneous.
For example, the documents grouped by the topic “cinema” can
be an actor homepage, a newspaper about a film or an actor, a
collection of films posters and so on. So, a user looking for
newspapers about an actor should consult all other document
types or genres. Therefore, the document genre is another view
for document categorization different from the topic. Recently,
many works have been focused on genre categorization (for more
references you can see [30]).

In this section, we firstly defines genre. Next, we reviews
previously works on genre categorization of web
documents.

1.1 Genre definition

Most of English dictionaries defines genre as a category of
artistic, musical or literary composition characterized by a
particular style, content and form, where the style describes the
structural features of the writing, the content is the topic of the

document and the form refers to the layout in which the content is
presented.
With the emergence of the web genres, the functionality has been
added as another attribute to identify the genre of web pages (also
called cyber genre) [33]. The functionality is the purpose of the
document and describes how a person interacts with a web page.
This attribute becomes important when dealing with interactive
web pages such as search engine Homepage, game Homepage,
etc.
Many authors define the web genre through facets such as
complexity of language, subjectivity, number of graphics, etc.
[21][28][11][30].
Genres can be defined using these facets. For example a scientific
paper is a genre with relatively complex language, low
subjectivity and moderate number of graphics.
Kessler et al. [21], defines the genre as “any widely recognized
class of texts defined by some common communicative purpose
or other functional traits, provided the function is connected to
some formal cues or commonalities and that the class is
extensible”.
The advantage of facets is that they can tell something about
documents with unknown genre. The disadvantage is that
common genres are something users are more familiar with than
facets.
In the next paragraph we review some related works. We present
respectively the different features and machine learning
techniques used to classify documents by genres.

1.2 Related works

The selection of features and the choice of categorization
technique are the core of any genre categorization system. These
tasks are relatively independent, so they will be presented
separately.

1.2.1 Features

Many types of features have been proposed for automatic genre
categorization. These features can be grouped on four groups. The
first group refers to surface features, such as function words,
genre specific words, punctuation marks, document length, etc.
The second group concerns structural features, such as Parts Of
Speech (POS), Tense of verbs, etc. The third group is presentation
features, which mainly describe the layout of document. Most of
these features concerns HTML documents and cannot be
extracted from plain text documents. Among these features we
quote the number of specific HTML tags and links. The last group
of features is often extracted from metadata elements (URL,
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description, keywords, etc.) and concerns only structured
documents.
Most of these features have been used in many works to identify
the genre of web pages.
Kessler et al. [21] Have used four types of features to classify the
Brown corpus1 by genre. The first types are structural features,
which includes counts of functional words, sentences, etc. The
second types are lexical features, which includes the existence of
specific words or symbols. The third kinds of features are
character level features, such as punctuation marks. The last kind
concerns derivative features, which are derived from character
level and lexical features. These four features sets can be grouped
on two sets, structural features and surface features.

or cosine measure are often used to compute the similarity
between documents. New documents are classified to the same
genre as the nearest neighbor. The K represents how many
neighbours should be analysed. KNN have only been used by Lim
et al. [22].
Decision trees (Tree) are a popular technique used by Argamon et
al. [2], Bretan et al. [4], Karlgren [20], Dewdney et al. [13] and
Finn [15]. Karlgren calculated textual features for each document
and categorized into a hierarchy of clusters based on C4.5 if-then
categorization rules. The labels for genres were accomplished
using nearest neighbour assignments and cluster centroids.

Karlgren [20] have used twenty features: count of functional
words, POS count, textual count (e.g. the count of characters, the
count of words, number of words per sentence, etc.) and count of
images and links.

Support Vector Machine (SVM) is a powerful learning method
introduced by Vapnik [36]. Is has been successfully applied to
text categorization [18]. SVM is based on Structural Risk
Maximization theory, which aims to minimize the generalization
error instead of the empirical error on training data alone. The
SVM technique has been used in genre categorization by many
authors (e.g. Dewdney et al. [13], Argamon and Dodick [1]).

Stamatatos et al. [33] Identified genre based on the most English
common words. They have used the fifty most frequent words on
the BNC corpus2 and the eight frequent punctuation marks
(period, comma, colon, semicolon, quotes, parenthesis, question
mark and hyphen).

Neural networks (NN) have been used by Kessler et al. [21] to
classify genres of the Brown corpus. While Rauber and MullerKogler [28] used a vector of terms appearing in each document.
The document vectors are the input of a Self-Organizing Maps
(SOM).

Dewdney et al. [13] Have adopted two features sets: BOW (Bag
Of Words) and presentation features. They used a total of 89
features including layout features, linguistic features, verb tenses,
etc.
Finn and Kushmerick [14] used a total of 152 features to
differentiate between subjective vs. objective news articles and
positive vs. negative movie reviews. Most of these features were
the frequency of genre-specific words.
More recently, Santini [30] and Lim et al. [22] have tried to
exploit all previously used features, where Lim and al. have used
the document URL as new feature.

1.2.2 Machine learning techniques

Once a set of features has been obtained it is necessary to choose
a categorization algorithm. Generally, genre categorization
algorithms are often based on machine learning techniques [25].
Among these techniques, we briefly explain naïve Bayes, knearest neighbor, decision trees and neural networks techniques
because they are widely used in literature.
Naïve Bayes (NB) is a simple probability algorithm that
determines the probability of a document belonging to a particular
genre. NB is a very fast learning algorithm, which is robust to
irrelevant features. It need less storage space and can handle
missing values. However, because the weights are the same for all
features, performance can be degraded by having more irrelevant
features. This technique has been implemented by Argamon et al.,
1998 [2], Dewdney et al. [13] and Santini [30][31].
The K-Nearest Neighbour (KNN) algorithm groups documents
within a vector space. TFIDF (Term Frequency Inverse Document
Frequency) is usually used to represent documents and Euclidean
1

http://en.wikipedia.org/wiki/Brown_Corpus
2
http://www.natcorp.ox.ac.uk/

The reminder of this paper is structured as follows. In section 2
we emphasize the importance of flexibility in genre
categorization. In section 3 we briefly present some approaches
for web page categorization. In section 4 we explains our
approach. Section 5 presents our experimental results using two
datasets of web pages. Finally we present some conclusions as
well as our future work.

2. Flexible genre categorization

Most of the authors working in automatic genre categorization
assume that genres are mutually exclusive discrete classes; each
document is assigned to one genre. For this reason, most of genre
categorization approaches are based on discrete single-genre
categorization. In this context, many researchers involved in
genre categorization states that a classifier should be able to
assign multiple genres into a document [9] [22]. Crowston and
Kawsnik [9] have stated that documents on the Web are
sometimes composed of multiple Web pages. Although many
documents contain integrated genres, some documents contain
various genres embedded in distinct locations of a document,
easily identifiable by some predefined markers or section
headings. For example a course document is a one main page that
contains information on the course, projects, instructors and a list
of hypertext links to related information. Another example
concerning an email, where it can be sended to communicate a
call for papers or a FAQ. Three methodologies have been used to
handle multi-genre categorization. The first classify documents to
multiple genres. The second consist in deciding on a dominant
genre and the third consist in separating documents into various
segments and index on each individual segment. In the literature
only three studies have studied categorization flexibility, namely
Kessler et al. [21], Rauber and Muller-Kogler [28] and Santini
[30][31].
Kessler et al. [21] Explicitly address the problem of genre
heterogeneity by proposing a multi-facetted approach. In this
approach, genres are expressed in terms of bundles of generic
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Combining classifiers for flexible genre categorization of web pages

facets that correlate to surface cues. According to the authors, a
facet is “a property which distinguishes a class of texts that
answers to certain practical interests, and which is associated with
a characteristic set of computable structural or linguistic
properties, the ‘generic cues’”. In their experiments, the authors
use only three facets: brow, narrative and genre.
Rauber and Muller-Kogler [28] experiment is interesting.
However, in this experiment, the assignment of documents to
mixed or fuzzy genres is more incidental than deliberate. In the
resulting visualization documents belonging to different genres
are depicted as books with different colours.
We notice that these two works have not addresses satisfactory
the problem of flexible genre categorization. Recently, Santini
[30][31] have proposed a flexible categorization scheme that
encompass zero, one or multi-genre assignment, as required by
the actual state of genres on the web.
In this paper we study the flexibility of genre categorization by
proposing a new flexible approach that assign a document to all
genres with different membership degrees.

3. Approaches of web page categorization

Most works on categorization are interested with raw texts and
there is limited works dealing with structured and semi-structured
documents, especially web pages. All approaches for web page
classification use the semantic of HTML tags.
Quek [27] for example combines three classifiers based
respectively on the textual content of a page, section titles and
hyperlinks.
Cline [7] represents a structured document by a vector where each
element (title, links, text, etc.) is encoded in a specific part of the
vector using tfidf formula.
Chakrabarti, Dom and Indyk [6] exploit the hyperlink structure of
web pages and combine this with the prediction based on the local
text.
Furnkranz [16] show an improvement in accuracy when
classifying hypertext documents by using the textual context of
links to a web page as features for classification.
All these approaches use document structure to determine the
linked documents and to extract the relevant portions of text from
linked documents.
Yi and Sundaresan [39] and Denoyer and Gallinari [12] propose a
tree structure for modeling HTML documents where nodes
represent document elements (links, headings, title, etc.).
The approach by Yang, Slattery and Ghani [38] combine three
classifiers operating respectively on linked pages textual
information, HTML tags and metadata.
In email categorization, Brutlag and Meek [5] show that using
only the features of sender and subject fields can ameliorate
categorization accuracy.
As the number of web pages increases infinitely, automatic
categorization becomes time consuming. To deal with this
problem, Kan [19] studies how a web page can be classified
without retrieving its content. He bases his work on the URL.
The aim of these approaches is to identify the document topic. In
this paper we extract internal and external structure to identify the
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web page structure and then perform structural categorization.
The URL is used for contextual categorization. Both structural
and contextual categorizations are combined to identify the genre
of a given web page.

4. Proposed approach

Our approach is based on the combination of two homogenous
classifiers. The first is a contextual classifier, which uses the web
page URL. However, the second is a structural classifier, which
aim is to exploit the web page structure to identify the genre of a
web page. The web page structure is extracted from title, headings
and anchors. Both contextual and structural classifiers are based
on category centroid, which is generated from the training set.
The originality of our approach is the use of new features, which
are used in previous works but in different ways and the
flexibility, which is not enough, studied and not yet implemented.
In this section, we firstly explain the principal of our approach.
Next we explain contextual, structural and combined classifiers.

4.1 Approach principal

Our approach is based on category centroid, where documents are
represented using the vector-space model [29]. In this model, each
document d is represented by a tfidf vector dtfidf = (tf1 log(N/df1),
…, tfn log(N/dfn)), where tfi is the frequency of the ith term in the
document, dfi is the number of documents that contain the ith
term and N is the number of training documents. For a category c,
the centroid is represented by the average for all vectors for the
positive examples for this category:
C=

1

d
c d c

¦

The idea of our approach is to compute the centroid vectors of all
categories. So, if you have k categories, this leads to k centroid
vectors {C1, C2, …, Ck}, where Ci is the centroid for the ith
category. For a new document x, our approach compute the
similarities between x and all k centroids using the cosine
measure as follow:

cos x , C i

x  Ci
x 2 u Ci 2

Our approach combines two classifiers (contextual and structural
classifiers). These classifiers are homogenous because they are
based on the same principal presented above. In the next
paragraph we explains contextual, structural and combined
classifiers.

4.1.1 Contextual classifier

The URL address defines the location of a document on the web.
Is composed of three parts: host name (domain), directory path
and file name. The URL is not expensive to obtain and one of the
more informative sources about the document genre. For example,
if the file extension is PDF, PS or DOC, then the document is
long and may be a paper, a book, a thesis, a manual, etc. An other
example, if the file name contain some genre specific words like
faq, cv, how, thesis, etc., we can easily recognize the document
genre. URLs are often meant to be easily recalled by humans, and
web sites that follow good design techniques will encode useful
words that describe their resources in the web site’s host name
(domain). Web sites that present a huge amount of information
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often break their contents into web pages. This information
structuring is also accompanied with URLs structuring.

documents. The remaining words will be processed using the
principal presented in section 4.1.

As URL is a rich resource of information about document genre,
is used by the contextual classifier to perform genre
categorization.

For a new document d, the structural classifier provide a structural
categorization SC(d) given as follow:

In our approach we have used the words contained in the URL
after preprocessing which is based on three steps. The first step
removes specific stop words (www, ftp, http, etc.), special
characters (/, -, _, +, :, #, ?, etc.) and digits. The second step
consists in stemming the obtained words using the famous Porter
stemmer [26]. Finally, the third step is the dimension reduction,
which is based on both word frequency and document frequency
[37]. We only words that appears in more than 3 documents. The
remaining words will be processed using the principal presented
in section 4.1.
For a new document d, the contextual classifier provide a
contextual categorization CC(d) given as follow:
CC(d) = {(c1, D1), …, (ci, Di), …, (cn, Dn)}
Where, ci is a predefined category and Di is the pertinence degree
of the category ci for the given document d. Di is the similarity
between the category ci and the document d, which is calculated
using the cosine similarity as explained in the section 4. 1.

4.1.2 Structural classifier

Identification of document genres based on document structure
has been investigated by Toms et al. [35] and [10]. In their
research, Toms et al. [35] found for specific document genres,
such as letters and journal articles, there is a strong link between
identification of genres and the structure of the document.
Although their researches has not been extended into the
development of automatic methods for document genre
classification, the strong correlation between document genres
and document structure suggests that development of machinebased methods are plausible. Crowston and Williams [10] have
indicated how linking structure of a web page can help identify
the form of the web page and can be used to help identify its
genre. In our approach we have used the linking structure in
different way than used by previous researches. In our work we
have used the terms contained in hyperlinks contrary to many
other researches that use the number of internal and external links,
number of images, etc. [10][22][3].
In this paper, we suggest to implement a classifier that is based on
a web page structure of the web page. The web page structure is
very useful in genre categorization [17]. To extract the web page
structure we have used title, headings and anchors. Title and
headings tags represent the internal structure, however, anchors
denote the external or hypertext structure. In our approach the
web structure is the combination of internal and hypertext
structures.
Our structural classifier exploits the terms contained in title,
headings and anchors tags. This classifier is based on three steps.
The first step consists in removing only special characters (:, ., -,
_, etc.) and digits. The second step stem remained words using the
Porter stemmer [26]. In the third step, our approach reduce
vocabulary dimension using both word frequency and document
frequency, which consists in pruning words that appeared less
than 3 times in a document and appeared in less than 3

Juvenile Netspeak and subgenre classification issues in Italian blogs
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Where, ci is a predefined category and Di is the pertinence degree
of the category ci for the given document d. Di is the similarity
between the category ci and the document d, which is calculated
using the cosine similarity as explained in the section 4. 1.

4.1.3 Combined classifier

In our approach both contextual and structural classifiers are
combined. In the literature many methods have been proposed to
combine classifiers, which depend on the type of classifiers [40].
Generally, a classifier can be a class classifier, a rank classifier or
a measurement classifier. A class classifier provides the correct
class of a given document. The result of a rank classifier is a
vector of ranks. For a given class, the rank represents his
importance. The measurement classifier provides a vector of
values, where each value represents the class membership.
As described previously, contextual and structural classifiers are
measurement classifiers because they provide a set of pairs (c, w),
where c is a category and w is the confidence degree in the
membership of a given document in the category c. Since our
classifiers are independent, we have used the following
combination rules: minimum, maximum, product, sum and
average. For example, using the minimum rule, for a document d,
the combined classifier provides the following categorization:
C(d) = min(CC(d), SC(d))={(c1, min(D1, E1)), …, (ci, min(Di, Ei)),
…, (cn, min(Dn, En))}

5. Experimentation

In this section we presents a series of experiments conducted to
evaluate our approach and compare it against other categorization
techniques. This section is organized on five paragraphs. In the
first paragraph we describe the experimentation setup. Next, in
the second paragraph we present the datasets used to perform
experimentations. In the third paragraph, we describe the
performance measure used. In the fourth paragraph we present
and discuss the obtained results. Finally, we compare our
approach against some other categorization techniques.

5.1 Experimental setup

Our experimentation methodology is to experiment contextual,
structural and combined separately. Next, the combined classifier
is compared against some classification techniques implemented
in the rainbow program3 [23].
In this paper all experimentations was done using 10-fold cross
validation. To do this, we split data randomly into ten equal parts.
On each cross validation fold, 10% of the data was used for
testing and the remaining 90% of the data was used for training.
The system is then trained and tested for ten iterations, and in
each iteration nine subsets of data are used as training data and
the remaining set as testing data. In rotation, each subset of data
serves as the testing set in one iteration. The micro-averaged BEP
of the system is the average of BEP over the ten iterations.
3

http://www.cs.cmu.edu/~mccallum/bow/rainbow/
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5.2 Datasets

Experimentations should be conducted using datasets of HTML
documents grouped by genres. To evaluate contextual classifier,
we should know the URL address of the document. According to
these conditions, we can use only two datasets, which are KI-044
[24] and WebKB5 [8] datasets. The KI-04 Dataset was built
following a palette of eight genres suggested by a user study on
genre usefulness. It includes 1295 web pages, but only 800 web
pages (100 per genre) were used in the experiment described in
Meyer zu Eissen and Stein [24]. In the experiments described in
this paper, I have used only 1205 web pages because we have
excluded empty web pages and error messages (see Table 1).
Table 1. Composition of KI-04 dataset

Category
Article
Download
Link collection
Private portrayal
Non private portrayal
Discussion
Help
Shop
Total







The WebKB dataset has become a reference corpus in the
machine learning community for topic categorization of web
pages, but is not used for genre categorization. It is composed of
8282 web page from computer science department web sites of
four American universities (Cornell, Texas, Washington and
Wisconsin). These web pages are issued from seven categories,
but we have used only six categories (course, department, faculty,
project, staff and student) as usually done. So, after discarding the
category other and empty web pages, we have obtained only 4249
web page (see Table 2).












# Of samples
127
151
205
126
163
127
139
167
1205








Table 2. Composition of WebKB dataset
Category
# Of samples
Student
1541
Faculty
1063
Staff
126
Department
170
Project
474
Course
875
Total
4249
Experimentations presented in this paper are conducted using
different vocabulary’ sizes according to the dataset and the
feature used. These vocabularies are obtained after dimension
reduction, which is based on word frequency and document
frequency as mentioned in previous sections (see Table 3).

4
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Table 3. Number of selected terms for each feature and for both
KI-04 and WebKB datasets
Feature
URL
Title
Hn
Anchor
Title+Hn
Title+Anchor
Hn+Anchor
Title+Hn+Anchor

KI-04
230
300
425
670
725
970
1085
1270

WebKB
457
780
1200
2180
1980
2960
3292
4072

5.3 Performance measure

As explained in section 4.1 our approach performs a multi-class
multi-label categorization. For this reason it is suitable to use
micro or macro averaged BEP measure. The macro-averaged BEP
is obtained by averaging BEP for every category. However,
micro-averaged BEP is obtained by weighting the average by the
relative size of each category. In our datasets some categories are
very large and some are very small. These categories are not
disjoint. For this reason, we have decided to use the microaverage BEP, which is defined in terms of standard measures of
precision and recall. Precision p is the proportion of true
document-category assignments among all assignments predicted
by the classifier. Recall r is the proportion of true documentcategory assignments that were also predicted by the classifier.
Formally, the BEP measure finds the point where precision and
recall are equal. Since it is very difficult to find the exact point, a
common approach is to use the mean of recall and precision as an
approximation. Thus, BEP equals (p+r)/2. The micro-averaged
BEP is computed by first summing the elements of all binary
contingency tables (one for each category). Precision, recall and
BEP are then computed from these accumulated statistics.

5.4 Results and discussion

In this section we present the results obtained using each of the
three classifiers described in previous sections. We also discuss
the usefulness of URL and web page structure in genre
categorization [17].

5.4.1 Contextual categorization

For the contextual classifier, we have obtained 78.70% as microaveraged BEP for WebKB dataset and 74.25% for KI-04 dataset.
The micro-averaged BEP for KI-04 corpus is greater than the
micro-averaged BEP for WebKB dataset because web pages of
the KI-04 collection have been downloaded form different
sources, unlike WebKB collection, which have been downloaded
from only computer science departments of four American
universities.

5.4.2 Structural categorization

The experimentation of the structural classifier is performed by
different combinations of the content of title, hn and anchor tags.
Different results have been obtained, which are summarized in the
following table. For both KI-04 and WebKB datasets, the best
micro-averaged BEP is obtained for the combination of title, Hn
and anchor tags.

5
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Table 4. Micro-averaged BEP of structural classifier for different
combination of features and for KI-04 and WebKB datasets
Tags
Title
Hn
Anchor
Title+Hn
Hn+Anchor
Title+Hn+Anchor

KI-04
79.13
78.50
81.22
77.05
80.76
86.35

WebKB
84.15
82.10
83.45
86.15
76.85
88.65

5.4.3 Combined categorization

In this experimentation we measure the effect of each
combination rule on the final micro-averaged BEP of
categorization. For the structural classifier we have used title, Hn
and anchor tags because they provide the best micro-averaged
BEP as shown in the table above. The results are presented in the
Table 5. These results show that the minimum rule provide the
best result (88.15% for KI-04 corpus and 90.23% for WebKB
corpus).
Table 5. Micro-averaged BEP of combined classifier for different
combination rules and for KI-04 and WebKB datasets
Combination rule
Minimum
Maximum
Product
Average
Sum

KI-04
88.15
87.27
76.05
86.11
80.34

WebKB
90.23
84.35
77.10
77.17
78.72

Table 6. Micro-averaged BEP for different classification
methods and for different features for KI-04 dataset
URL
Title
Anchor
Hn
Title+Anchor
Title+Hn
Hn+Anchor
Title+Hn+Anchor

KNN
55.45
63.45
51.20
60.23
62.35
57.29
60.15
66.50

SVM
70.00
76.78
74.45
72.12
63.45
80.15
72.10
77.89

NB
69.63
61.25
71.12
59.86
70.78
80.13
74.78
77.74

KNN
44.55
55.25
48.48
40.47
55.46
45.23
59.15
67.29

SVM
72.23
70.15
74.12
75.34
69.45
78.80
72.15
80.16

Tree
70.15
68.54
68.47
57.58
70.17
79.28
75.46
80.19



 
















Tree
63.12
68.95
56.75
68.25
73.00
72.85
73.34
70.17
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For both KI-04 and WebKB datasets, we notice that the
combination of the content of title, Hn and anchor tags
outperform all other categorizations which uses each tag
separately. It also better than contextual categorization which
based on the content of the URL. These results confirm the results
obtained by our approach. Our aim in this section is to show that
our approach outperforms all other classifiers for different
combinations of features. From Tables 6 and 7 we conclude that
TFIDF/Rocchio is the best classifier for all combinations of
features. But these results cannot outperform the results obtained
by the combined classifier proposed in this paper.

In this paper we have proposed a new approach for flexible
document genre categorization. The originality of our approach is
the combination of two homogenous classifiers and the use of the
web page structure. The proposed approach is flexible because it
assigns a web page to all categories. Each category is associated
with a weight representing the similarity between the document
and the given category centroid generated from the training set.
The Experimentations show that our approach provides results
well than those obtained by rainbow classifiers. In the future we
hope to integrate our approach in a web search engine.
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6. Conclusion and Future Work

To compare our approach with other classification methods, we
have used the famous rainbow program. As first step, we have
extract for each document his URL and the content of title, Hn
and anchor tags in separate files, which are used by the rainbow
program to generate models. We notice that rainbow provides a
number of data preparation and classification options. In our
experimentations we have used TFIDF (TFIDF/Rocchio), NB
(Naïve Bayes), KNN (K-Nearest Neighbor with K=30), SVM
(Fisher kernel) and Tree (Tree of nodes) as classification methods.
For removing stop words we have used a specific words other
than those included in Rainbow program because the stop words
used by default in Rainbow are often used to perform topic
categorization. The results are presented in the following table
(Table 6 for WebKB dataset and Table 7 for KI-04 dataset).

NB
65.75
72.12
63.23
66.19
65.12
77.34
75.12
78.17

URL
Title
Amchor
Hn
Title+Anchor
Title+Hn
Hn+Anchor
Title+Hn+Anchor

TFIDF
73.57
72.75
73.60
76.25
72.35
77.33
77.45
84.34



5.5. Comparison with other approaches

TFIDF
70.10
81.19
71.20
70.30
75.61
80.32
74.70
84.40

Table 7. Micro-averaged BEP for different classification
methods and for different features for WebKB dataset

Recognizing Genre-Like Regularities in Website Content Structure
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Alexander Mehler, Rüdiger Gleim, Armin Wegner
Bielefeld University
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Abstract
This paper presents a comparative study of three
webgenres. It analyzes the distribution of their
instances regarding hyperlink-based structures.
The starting point is the notion of polymorphism as an aspect of informational uncertainty.
The main result of the study is that hypertext
graphs are multidimensionally distributed in a
Zipﬁan manner which demands adapting algorithms of web structure mining to diﬀerent structural classes.

Keywords
web structure mining, webgenre, hypertext type, quantitative
structure analysis, search engine

1

Introduction

As far as web search engines are seen to be more than
information retrieval on web pages, retrieved pages
might be classiﬁed by the document type they manifest or these types might be made a retrieval criterion
ex ante [13]. The idea behind this approach is that
documents are not only distinguished in terms of their
topics, but also of the various, though recurrent functions they serve [1]. In this sense, documents may
deal with the same topic while serving diﬀerent functions and, vice versa, they may be functionally equivalent while dealing with diﬀerent topics. Thus, function
and content are diﬀerent, though not orthogonal reference points of document classiﬁcation. There had
been much research to introduce the notion of a webgenre in order to reﬂect this distinction [8, 13, 16, 17]
– for an overview see [14, 15]. That is, webgenres or
hypertext types – as they are interchangeably called in
this paper – are functional units whose instances are at
least alike or even equivalent in terms of the functions
they serve. The premise underlying this research is
that hypertext categorization can be realized by analogy to text categorization in order to reliably identify
the range of existing webgenres and to classify their
instances. Note that the majority of approaches plead
for a straightforward application of text categorization
methods to hypertext units [8].
This paper is in the line of research on utilizing hypertext categorization as a means to build webgenresensitive search engines. But other than the standard
approach it focuses on websites as relevant search units

instead of viewing web pages as the focal units of retrieval. That is, we conceive a search engine which retrieves websites possibly consisting of several pages in
order to meet a certain content-related search query.
More speciﬁcally, we think of a search engine which
starting from instances of a certain hypertext type
demarcates all its relevant constituents meeting the
query – above or below the level of single web pages.
As will be clariﬁed in Section 2 we call such a search
engine sensitive to the logical document structure of
hypertext types. In order to make this program work,
we need to automatically classify hypertext types and
to demarcate their constitutive pages. That is, we
need to identify the borders of hypertext units which
are underspeciﬁed due to the limits of HTML and related standards. In this paper, we demonstrate why
and also to which extent this is a hard task. This
is mainly done by means of a comparative evaluation
of structure formation on the level of websites of three
webgenres: the genre of conference websites [8], of personal academic homepages [13] and of so called city
websites which serve as oﬃcial portals of communities
or cities.
The paper is organized as follows: Section 2 distinguishes several types of informational uncertainty
where polymorphism and temporal variability turn out
to be speciﬁc to hypertext categorization. Section 3
analyzes the genre-speciﬁc distribution of hypertext
graphs as models of websites. Finally, Section 4 concludes and prospects future work.

2

Structural Uncertainty

In [8] we introduced the notion of polymorphism as
a characteristic of the functional organization of websites as instances of hypertext types. It occurs if the
same expression unit (e.g. a web page) manifests several functions of a webgenre by distinct segments. We
have shown that polymorphism makes hypertext categorization a hard task [8]. In this section, we compare polymorphism with ambiguity, polyfunctionality,
vagueness and temporal variability as alternative aspects of the structural uncertainty of hypertext types.
This is done in order to clarify the machine learning
task induced by polymorphism.
We start from a form-meaning model in which segments of websites (e.g. web pages, their segments and
hyperlinks) are distinguished as manifestation units
from functions served and meanings encoded by these
units:
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for search engines that are sensitive to the segmental structure of websites and their pages. As
an example think of a wiki-related search engine
where users do not only want to retrieve relevant
articles, but need to get the exact section answering their query. It is this segmentation-sensitive
search scenario which makes polymorphism a relevant problem in hypertext categorization. Obviously, mapping s onto all categories served by its
segments does not suﬃce as we ﬁrst need to decompose s in order to know which segment serves
which category (cf. [9]). Note that polymorphism
is a trivial consequence of superization, that is,
constituents (e.g. phrases) of complex signs (e.g.
sentences) normally diverge in terms of the categories (e.g. phrase types) they serve. But as far
as the segmental structure of hypertext units is
partly manifested by hyperlinks (as, e.g., in the
case of portals in Wikipedia), polymorphism is
speciﬁc to hypertext categorization where segmentation has to go along with processing these links
(see below).

• Firstly, we suppose a segmentation S = {si | i ∈
I} of a website x ∈ S which segments x into manifestation units si ∈ S.

• Secondly, we suppose a set of (e.g. functional or
semantic) categories C = {c1 , . . . , cm } together
with a relation F ⊆ S × C where (s, c) ∈ F iﬀ
segment s serves the function, has the meaning or
is of type c whether as a whole or because of one
of its segments.

Without loss of generality we say that segment s
serves the category c iﬀ (s, c) ∈ F . Let now s ∈ S
be a segment of x and σS=s (F ) = {(s, c) ∈ F | c ∈ C}
such that |σS=s (F )| > 1. Then we distinguish ﬁve
types of structural uncertainty in terms of σS=s (F ):
• Ambiguity occurs if the available information
provides evidence for mapping s as a whole (e.g.
a web page as a constituent of the webgenre conference website) onto several categories c ∈ C
(e.g. call for workshops, call for papers or call
for posters) where, actually, s serves a single category. As a whole means that s has no constituent s� ∈ S which instead of s serves any of
these categories. We call the elements of the projection π(σS=s (F ))[C] = {c | (s, c) ∈ σS=s (F )}
of σS=s (F ) onto C competing interpretations of
s. In accordance with [5], the selection σS=s (F )
is said to be non-speciﬁc in proportion to the
number |σS=s (F )| of these interpretations, dissonant in the case that π(σS=s (F ))[C] is partitioned into two disjunct sets which map opposite, but nevertheless non-speciﬁc interpretations,
and, thirdly, confuse to the degree that the latter
partition contains more than two sets. As ambiguity presupposes that s actually serves a single,
though underspeciﬁed category, this case of informational uncertainty matches the classical application scenario of disambiguating competing categorizations. Therefore, it is not speciﬁc to hypertext categorization, but solvable by extending the
informational input to categorization.
• Polyfunctionality occurs if the available information provides evidence for mapping s as a
whole onto several, but noncompeting interpretations c ∈ C. This case supposes that s simultaneously serves several categories so that
π(σS=s (F ))[C] might be called the set of concomitant interpretations of s. Obviously, this scenario
matches the multilabel categorization paradigm
and, therefore, is likewise not speciﬁc to hypertext
categorization, but manageable by extending the
categorization function to a relation.
• Polymorphism occurs if the available information provides evidence for mapping s onto several
categories c ∈ C where each of them is served by
a separate segment of s, but not by s as a whole.
A special case of this occurs if s serves the same
category several times by separate segments. At
ﬁrst glance, polymorphism might be considered
as a sort of polyfunctionality and, thus, to be
manageable in terms of a multilabel categorization. Actually, this is inappropriate if we look

• Vagueness occurs if the available information
provides evidence for mapping s onto a category
to a degree smaller than one. In this case, F
is generalized to a fuzzy relation over S × C
where µF (s, c) denotes the membership degree.
Although categorization is almost always vague
in this sense, vagueness is normally abstracted by
a sort of signum function where above a certain
threshold a segment is said to serve the focal category and otherwise not. Obviously, this type of
uncertainty is not speciﬁc to hypertext categorization.
• Temporal variability relates to the life cycle
of hypertext types whose instances normally retain their access point (i.e. URL) while they age.1
That is, if a corpus of, e.g., conference websites
is built at a certain point in time it may contain instances of completely diﬀerent time stages
(e.g. call for papers, submission closed, conference
over ) of the life cycle of that webgenre. Note
that the membership to such a stage is normally
implicit (where the archive function of wiki-based
systems is just an exception). This kind of temporal variability or structural ﬂuency is untypical to
text categorization which deals with “completed”
texts whose change history is disregarded. Thus,
this sort of uncertainty is speciﬁc to hypertext categorization.
Note that aspects of informational uncertainty
which are said to be nonspeciﬁc to hypertext categorization are nevertheless relevant to it. Note further,
that these aspects may co-occur. Polyfunctionality cooccurs, for example, with vagueness, if s serves several
functions as a whole, but each of it to a separate degree. Likewise, ambiguity and polymorphism co-occur
if separate constituents of s serve diﬀerent functions
where at least one of them is ambiguously attributed
to diﬀerent categories.
1
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Of course, things get more complicated if this access point
changes, too.
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Fig. 1: Alternative instantiations of a webgenre indicating a spectrum of structural equivalents in web-based
communication—ﬁlled squares denote web pages, white squares represent segments and arcs denote hyperlinks.
Because of its relevancy to hypertext categorization
we now focus on polymorphism which becomes a serious problem, if webgenres are categorized in terms of
layout units (e.g., web pages) as done by the majority of approaches to hypertext categorization (cf. [7]
for an overview). This is demonstrated in Figure 1
where the same instance of a webgenre is transformed
into structurally divergent, but supposably functionally equivalent documents: Variant A, for example,
consists of a single page which in variant C is broken down into diﬀerent ones. More speciﬁcally, C
uses hyperlinks to manifest a subordination hierarchy
which A manifests as an inclusion hierarchy. Variant B—which only partly breaks down A’s inclusion
hierarchy—is settled in-between these extreme cases.2
Figure 1 demonstrates a spectrum of structural variants whose distribution is approached in Section 3. Its
empirical relevancy has several implications to hypertext categorization:
• Firstly, there is no unique vertical order of layout
units into graph levels if these levels are speciﬁed
in terms of hyperlinks: Supposed that the variants A, B and C are functionally equivalent, it is
hardly possible to speak of their leveled organization which is immediately alignable.3 Node 34, for
example, belongs to the putative level 1 in variant
A, while it belongs to the putative levels 2 and 3
in variant B and C, respectively. That is, layout
units as web pages lack a reference point which
guarantees comparability along their arrangement
into levels.

         


• Thirdly, there is the fallacy of missing structure:
Focusing on web pages as the input units to hypertext categorization bears the risk to mistakenly leave out structural information distributed

 


2

3
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Obviously, the true reference point of segmenting
polymorphic units in hypertext categorization is the
website as a whole. That is, properly categorizing
webgenres presupposes to delimit their instances—
internally and externally. Once more, it is the mixing of subordination and inclusion hierarchies within
various instances of the same webgenre which complicates this delimitation task as exempliﬁed in Figure 2:
Supposed that all pages in variant C are monomorphic, node 1 in A and node 22 in B are polymorphic. The problem induced by this polymorphism is
not that variants A, B and C are incomparable—as
a matter of fact, they are supposed to be equivalent
in terms of the categories they serve. Rather, their
comparison cannot rely on web pages. That is, providing a proper tertium comparationis presupposes to
break down polymorphism starting from websites as a
whole so that putative structural diﬀerences based on
polymorphism are removed. In [7], we call this tertium
comparationis the logical hypertext document structure
of websites.
Based on these speciﬁcations, we can now dispute
two predominant premises of hypertext categorization:
• Firstly, we make a distinction between the visible
layout and the hidden logical document structure
of instances of hypertext types.
• Secondly, we do not view web pages as the primary instances of webgenres. Rather, we focus
on websites as the relevant manifestation units
of hypertext types which in some cases might be
manifested by single pages. Thus, we necessarily view hyperlink structures as an indispensable
resource of delimiting hypertext types.4

• Secondly, there is no unique horizontal order of
layout units into sibling vertices: Node 34 in B
cannot be uniquely identiﬁed as the neighbor of 33
as long as there is evidence that the functionally
equivalent variants A and C map the same nodes
onto diﬀerent levels.

 


         


over several pages. This is most drastically shown
by variant C in contrast to variant A.

Note that ideally variant C breaks down the inclusion hierarchy of A in a way that none of its web pages is anymore
polymorphic.
[6] reports on an analysis in which the maximum website level
is 179.

So far, we have diagnosed that temporal variability and, especially, polymorphism, are speciﬁc to hypertext categorization which demand to revise or at
least to extend its underlying apparatus. The next section sheds light on the distribution of polymorphism
in three webgenres.
4

This is certainly self-evident. However, as most experiments
in hypertext categorization focus on pages only, they disregard hyperlink structure.
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Fig. 2: Schematic model of a multidimensional Zipﬁan distribution of hypertext graphs as instances of hypertext
types.

3

An Empirical Study of the
Distribution of Hypertext
Structures

What can we say about the distribution of the instances
of hypertext types in terms of their structure? In order
to tackle this question we concentrate on the impact of
polymorphism as motivated in Section 2 (leaving out
the temporal variability for future work). As explained
above, we expect to ﬁnd a wide range of structurally
divergent instances of the same type which complicates
their classiﬁcation. This can be explained as follows:
In Figure 1 we have distinguished three prototypical examples which span the spectrum of polymorphic
websites as extreme cases: starting from polymorphic
websites (Case A) going via intermediary cases (Case
B) to non-polymorphic ones (Case C). Now we ask
about the frequency distribution of these and related
cases. In order to motivate this, look at Figure 2. It
shows a putative distribution of the structural patterns
in question: A large set of highly polymorphic websites
which all consist of a single page switches over very
rapidly into a set of more structured websites till we ﬁnally reach the very small set of highly structured ones
(characterized by a large number of pages spanned by
a deeply as well as broadly structured kernel tree in
conjunction with many cross-referencing links).
Actually, Figure 2 manifest a hypothesis about the
distribution of the instances of a given hypertext type
in terms of their structure. It prognoses that this distribution resembles a multidimensional Zipﬁan distribution which might be ﬁtted by a multidimensional
power law by simultaneously reﬂecting several structural characteristics (e.g. size, height or width of the
corresponding graphs and trees, respectively). As the
ﬁtting of such a multidimensional distribution is diﬃcult, we follow an alternative approach: First, we independently observe and ﬁt the distributions of some
quantitative characteristics of hypertext graphs, test
whether we can successfully ﬁt corresponding power
laws in each of these cases and ﬁnally show that the


      
      

         
      

       


         
        






 
Fig. 3: A schematic model of a generalized tree.
characteristics in question correlate positively so that
the hypothesis of a multidimensional Zipﬁan distribution of hypertext graphs of the same webgenre is supported. An interesting byproduct of this approach is
that we might also ﬁnd evidence for the non-existence
of a typical instance of the respective hypertext type
supposed that the exponents of the successfully ﬁtted
power laws fall below a certain threshold [11]. Obviously, it is worth deciding this question.
In order to do this and thereby measuring the extent
to which polymorphism is a prevalent characteristic of
hypertext types, we now analyze the distributions of
several structural characteristics of so called hypertext
graphs. Hypertext graphs have been introduced as a
graph model of hypertext types on the level of websites [7]. Generally speaking, hypertext graphs are
generalized trees [4] which consist of a kernel tree in
conjunction with graph-inducing across, up and down
links – see Figure 3 for a schematic model of generalized trees.5 The ﬁrst step to measure polymorphism is
to automatically map each input website on its corresponding hypertext graph model – as described in [8]
5

         
          
      
         
         
      
        
         


         
        

       
        
      



       
      

          

         
       

        
         

       


 

        
       
   
        

         
        

       





   
      
      

        
       



       

       
        


         
       
    

        


 


          


See [10] for an extension of generalized trees as a text representation model.
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Genre
blog
catalog

RecallT est−SV M
57.50(65.00)
45.00(42.50)

F alloutT est−SV M
2.14(1.07)
0.92(0.31)

Table 11: Uncooperative case:Results for Recall and Fallout (in percent) of SVM classiﬁers trained on the extended
and the original datasets.
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Conclusion

We introduced elements for the steady improvement of a
genre search interface. The interface exploits data derived
from observations of user behavior based on a taxonomy of
feedback events. For experiments with corpus based simulated user events, we could achieve signiﬁcant improvements of the original classiﬁer setup. The improvements
showed a remarkable stability against noise and data loss
caused by miscategorized user events for more realistic,
less cooperative user models.
With regards to the snippet recognition factor, we infer
from ﬁrst experiments that the ability to identify the genre
of a document by its snippet varies signiﬁcantly between
the genres. Overall, the recognition accuracy seems high
enough to derive data from events where the user chooses
a document that was not classiﬁed as the desired genre.
Our future goals are to provide a prototype of a genre
interface to collect data for the estimation of currently assumed probabilities, as, for example, the correlation between lingering time and the correctness of genre classiﬁcation by snippets, and to extend the classiﬁer adaption
from static to dynamic feature space.
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– where vertices denote web pages and directed edges
represents hyperlinks connecting these pages. As a
result, we get three corpora of hypertext graphs as
summarized in Table 1, that is, of the genre of conference websites, of personal academic homepages and of
city websites. The reason to analyze the ﬁrst two webgenres is that they have already been analyzed in the
literature on hypertext categorization (cf., e.g., [13]).
The third type is added to extend the basis of comparison.
In order to analyze the structural diversity of the instances of these types, we concentrate on the following
quantitative characteristics of hypertext graphs:6
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See [3, ] for the role of quantitative indices in hypertext modeling.

characteristics are actually computed per website.
Thus, the rank size, width and height distributions are – as all other distributions introduced
subsequently – website-related.
• Depth imbalance: As a measure of the imbalance of the kernel trees of hypertext graphs we
compute their Absolute Depth Imbalance (ADI)
according to [2]. Starting from an input vertex v, this measure basically computes the standard deviation of the adjusted heights of v’s child
nodes. As before, we compute the ADI for the
root vertex r of the kernel tree T of each hypertext
graph of our webgenre corpora, where the higher
ADI(r) ∈ R+ the higher the variance among the
heights of r’s child nodes, the more imbalanced T .
• Child imbalance: By analogy to the ADI we
also compute the Absolute Child Imbalance (ACI)
[2]. Whereas the ADI evaluates imbalance in
terms of the heights of child nodes, the ACI focuses on the sizes of the trees dominated by these
nodes. As before, size is measured as the number
of vertices of the respective tree. Obviously, the
ADI also reﬂects the width of a tree and, thus,
provides complementary information to the ACI.
• Compactness and stratum: Finally, the stratum and the compactness measure – as introduced
by [2] – operate on graphs, that is, in the present
case on generalized trees. The Stratum (Stra) is a
metric which measures, so to speak, the deviation
of a given hypertext graph from a purely linearly
organized graph with the same number of vertices
where a stratum of 1 indicates a maximally hierarchically organized hypertext. The Compactness
(C) analogously varies from 0 (i.e. graphs that
are completely disconnected) to 1 (i.e. hypertexts
that correspond to completely connected graphs).
Other than stratum which explores hierarchical
structures, the compactness focuses on the role of
cross-referencing links, that is, of up, down and
across links whose usage raises the degree of connectedness. Other than the ACI and the ADI
which measure the imbalance of trees, stratum
and compactness operate on graphs and thus provide additional information as they also explore
graph-inducing links.
The results of ﬁtting the rank distributions of these
characteristics for the three webgenres considered here
are reported in Table 2. We observe that except for the
stratum and the compactness distribution (and a sole
exception) all other six characteristics are distributed
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Genre
blog
catalog
faq
interview
news

Table 2: Results of curve ﬁtting based on either the power law (pl) model c · x−α or on the exponential (exp)
model c · e−α·x . A is the corpus of city websites, B the corpus of conference websites and C the corpus of
personal academic homepages. The quantitative characteristics operate on either the kernel Tree (T) or on
the Generalized Tree (GT) as the focal graph model (GM). All values are round to 2 decimal places. R̄2 is
the adjusted coeﬃcient of determination. The column focus distinguishes ﬁttings based on the rank and on the
complementary cumulative (cc) distribution.
A
distribution

focus

GM

ﬁtting

size
height
width
out degree
child imbal.
depth imbal.
stratum
compactness

rank
cc
rank
cc
rank
rank
rank
rank

T
T
T
GT
T
T
GT
GT

pl
pl
pl
pl
pl
pl
exp
exp

α
0.73
0.18 (exp)
0.76
1.1
0.84
0.53
0.81 (pl)
0.014

according to some power law indicating a Zipﬁan behavior in terms of very skewed distributions. In the
case of the rank size distribution this means, for example, that there is only a very small set of websites
consisting of very many pages while there is a large set
of websites each consisting of a single page. This holds
for all three webgenres. The same can be said for the
out degree, height, width as well as for the child and
depth imbalance distributions of the sites and pages
analyzed (the only exception is the height of city websites). A note on ﬁtting: We do not consider grouping
which is a usual method to deal with ‘fraying tails’. In
some of the cases, we start instead from the complementary cumulative (or Pareto-like) distribution derived from the corresponding rank distribution to get
the value of the exponent α which maximizes the determination coeﬃcient among all candidate functions
when ﬁtting the power law model cx−α .
The next step is to evaluate wether the ranks of
the websites of a webgenre computed according to the
rank distributions induced by the eight characteristics
correlate or not. If so we would know, for example,
that a large website (in terms of its size) tends to be
deeply and broadly structured in terms of its height
and width. Table 3 shows that in the case of conference websites this is true for most of the characteristics. More interestingly, this is always true for personal
academic homepages: Whenever we have such a homepage in our corpus with a large amount of absolute
depth imbalance it also tends to have a high value of
height, width and size. Alternatively, a compact personal academic homepage tends to have a hierarchical
structure (i.e. a high stratum value) while a low value
of compactness goes together with a lack of hierarchical structure. These and related positive correlations
are reported in Table 3 which is in support of a multidimensional Zipﬁan distribution in the case of personal academic homepages and of conference websites
(though to a minor degree because of some insigniﬁcant and negative correlation, respectively). In contrast to this, the smaller corpus of city websites does
not conﬁrm this picture – whether this is due to the
small corpus size or to the fact that this is a feature
of that webgenre cannot be answered here. Anyhow,

B
R̄

2

.97
.95
.97
.99
.96
.94
.99
.98

α
1.2
3.57
1.2
2.28
0.82
0.42
0.003
0.002

C
R̄

2

.93
.97
.94
.99
.93
.96
.99
.96

α
1.29
1.58
0.77
2.03
0.81
0.45
0.01
0.004

R̄

2

.99
.99
.91
.99
.90
.94
.99
.95

the results of Table 3 support the view that there are
diﬀerent structural classes within the same hypertext
type whose frequencies tend to be distributed according to a power law. Interestingly, this means that there
is a large class of websites which hide, so to speak, their
structure within a couple or even a single page – this
observation conﬁrms approaches which focus on page
internal structuring as done by Rehm [13, 14]. But
the results also show that the other half of websites
tends to be well structured by means of hyperlinks so
that we shall not omit these structural classes. This
diagnosis is conﬁrmed by some of the absolute values
of the exponents of the power laws being ﬁtted which
because of being smaller than 2 (or 1 in the case of
rank distributions) indicate the non-existence of a ﬁnite expectation value (cf. [11] for the details of this
argumentation). Thus, the corpora analyzed so far do
not allow to speak of a typical hyperlink-based website
structure. Of course, this negative result includes the
class of “unstructured” websites each of which consists
of a single page. Rather, in order to cover a given webgenre we need to take all structure classes into account.
A last remark on ﬁtting: So far we did not control the
eﬀect of temporal variability which may displace the
distributions unexpectedly. Future work will need to
control this impact in order to give a more reliable
picture of the genre-sensitive distribution of hypertext
graphs.
Summarizing our ﬁndings w.r.t genre-sensitive
search engines, we come up with the following diagnosis: As far as we need search engines that can retrieve
query-related segments above and below the level of
web pages we need to deal with polymorphism of websites. Because of the Zipﬁan distribution of hypertext
graphs this seems to be a hard task as we cannot train
our algorithms to a sort of typical website structure.
Rather, we have to adapt our algorithms to several
diﬀerent classes thereof.

4

Conclusions

In this paper we have presented a quantitative analysis of the instances of three hypertext types. A basic
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RecallT est−Rule
72.50(57.50)
52.50(40.00)
77.50(52.50)
67.50(55.00)
30.00(5.00)

F alloutT est−Rule
1.85(0.13)
1.19(0.27)
4.29(1.20)
2.26(1.61)
12.00(1.50)

Table 6: Fully cooperative case:Results for Recall and
Fallout (in percent) of the adapted and the original classiﬁers (in parentheses). Test set for the ﬁrst three genres,
homogeneous with the data of the adaption process (Santini corpus).
Genre
blog
catalog

RecallT est−SV M
72.50(65.00)
47.50(42.50)

F alloutT est−SV M
2.14(1.07)
1.37(0.31)

Table 7: Fully cooperative case:Results for Recall and
Fallout (in percent) of an SVM classiﬁer trained on the the
extended and the original data set (in parentheses).
poor performance. We omit these results. Summarized,
even assuming a static feature space, a signiﬁcant improvement of the classiﬁcation can be achieved by using fully
labeled data.

10.2 Cooperative User
A rational cooperative user will retrieve pages of the desired genre and will give feedback whether or not they were
correctly classiﬁed. If not enough positively labeled pages
are available, it can be assumed that the user will try to
derive the missing label from the snippets, retrieve pages,
and give feedback on the genre. In an experimental run for
the faq corpus, out of the 48 result sets a feedback of 60
correct positives, 28 false positives, 6 false negatives, and
2 correct negatives emerged. Interestingly, for our experimental design, the rule classiﬁers can be improved significantly even by this small number of additional examples
(Table 8). This phenomenon can be described as a case of
active learning [23] in that only a few interesting examples
are enough to adapt the borders of a classiﬁer.9 Also for
the two converging SVM classiﬁers the small amount of
additional training examples led to an improvement of F1
values (Table 9).
As a result of the experiments, we can state that by only
doing a fraction of the labeling we nearly get the same improvements as for the completely labeled data set provided
by a fully cooperative user.

10.3 Uncooperative user
Since the semicooperative case only reduces the amount of
available data, for the experiments, we skipped this case
and switched to uncooperative user behavior. With uncooperative user behavior, only the lingering time, an implicit
source of information, is available to generate user statements.
9

Note that we worked with a snippet recognition of 100%; if this parameter is reduced, we loose false negative examples that help to improve
recall.

Genre
blog
catalog
faq
interview
news

27
RecallT est−Rule
83.40(57.50)
52.50(40.00)
75.00(52.50)
65.00(55.00)
25.00(5.00)

F alloutT est−Rule
6.36(0.13)
1.06(0.27)
1.91(1.20)
1.93(1.61)
8.00(1.50)

Table 8: Cooperative case: Results for Recall and Fallout
(in percent) of the adapted and the original classiﬁers (in
parentheses) for the test set for the ﬁrst three genres, homogeneous with the data of the adaption process (Santini
corpus).
Genre
blog
catalog

RecallT est−SV M
72.50(65.00)
45.00(42.50)

F alloutT est−SV M
2.14(1.07)
1.98(0.31)

Table 9: Cooperative case: Results for Recall and Fallout (in percent) for an SVM classiﬁer trained on the the
extended and the original dataset.

For our experiments on the classiﬁer adaption we deliberately introduced the basic probabilities of 0.9 for the
lingering time exceeding τ with given document relevancy
and 0.95 for a relevant document being of relevant topic
and relevant genre. The topic precision was set to 0.5.
Those values lead to a data loss of 45% for the correct
positives and the false negatives. By the exogen factors we
get a 12% introduction of noise, wrong positive ampliﬁcation of documents that are not of the desired genre, for
the chosen correct negatives and the false positives. For
the introduced probabilities the adaption of the specialized
rule based classiﬁers leads to the results summarized in Table 10.
For the experiment with faq we received 0 feedback examples for false positives, 40 for correct positives, 6 for
false negatives, 0 for correct negatives, 1 noisy example for
correct positives and 7 noisy examples for false negatives.
In Table 11 we present the results of the adaption of the
SVM-classiﬁer applied in a soft-margin version. For both
classiﬁer types we observed fairly robust improvements despite the data loss and introduction of noise.

Genre
blog
catalog
faq
interview
news

RecallT est−Rule
72.50(57.50)
52.50(40.00)
67.50(52.50)
60.00(55.00)
10.00(5.00)

F alloutT est−Rule
2.26(0.13)
0.97(0.27)
1.91(1.20)
1.77(1.61)
4.50(1.50)

Table 10: Uncooperative case:Results for Recall and Fallout (in percent) of the adapted and the original classiﬁers
(in parentheses). Test set for the ﬁrst three genres, homogeneous with the data of the adaption process (Santini corpus).
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Andrea Stubbe, Christoph Ringlstetter, Randy Goebel
Genre
A.1 commentary
A.2 review
A.3 portrait
A.4 marginal note
A.5 interview
A.6 news
A.7 feature
A.8 reportage

P recision
42.86
68.42
84.21
45.00
90.90
32.35
34.48
35.71

Recall
48.00
52.00
64.00
36.00
40.00
44.00
40.00
40.00

Table 4: Users’ recognition of journalistic genres by snippets. Precision and recall in percent.
Genre
E.2 catalog
C.4 faq
F.3 blog
A.6 news

P recision
90.57
98.67
62.50
77.65

Recall
87.27
82.22
90.90
69.47

Table 5: Users’ recognition of the genres blog, catalog and
faq by snippets. Precision and recall in percent.
selected a document and set up a query to a search engine
(Google). The query was a combination of several keywords that the engine would use to construct the snippet
and a deﬁning N-Gram to make sure the selected document
of the genre corpus would be retrieved.
For experiment (1) we chose the eight journalistic genres of our hierarchy and retrieved ﬁve snippets for each of
them. These 40 snippets were presented to ﬁve users with
the request to classify them within a time range of < 15
sec each. Table 4 shows the results. With an overall precision of 54.24% and a recall of 45.50%, the results point
to a high amount of data loss. The low recognition rate
could also lead to some amount of noise introduced by a
combination of falsely retrieved documents and exogenous
induced lingering.
On the other hand, the genres interview and portrait
seem to be identiﬁable with high accuracy. The variations
are caused by the differences in the communication of the
document genre by the snippet.
For experiment 2 we chose the more distinct genres:
blog, catalog and faq. Here 20 snippets of each genre
were presented to the ﬁve users. Additionally, we mixed
in 10 news documents. The results are summarized in Table 5. These more distinct genres seem to be much easier
to distinguish.7 Only for blog and news a higher number
of documents is confused. For faq pages the editors of the
pages take care that the acronym occurs in the heading of
the page. This heading is then communicated by the search
engine as the heading of the snippet which makes it very
easy for the users to recognize the genre. With restrictions
this is also true for blog, interview and portrait.
The data so far shows that for certain genres a signiﬁcant
amount of noise and data loss has to be predicted while
for others the recognition rate is nearly perfect. We plan
to conduct a comprehensive user study for the complete
hierarchy.
7

Note that compared to Experiment 1, a higher baseline has to be taken
into account since in Experiment 2 only four different genres are classiﬁed instead of eight.

10 Experiments on classiﬁer adaption
Different user attitudes towards system evaluation interfere
with the principal user behavior: how many pages visited
per turn and the ratio between labeled and unlabeled pages
visited. Consistent with [8, 24], we set, on average, a number of two retrieved pages per turn. If both labeled and unlabeled pages are present, the user visits the labeled pages.
If the turn derives only unlabeled pages, the user is assumed
to be able to derive the desired genre with a certain accuracy from the snippet (snippet genre recognition factor).
To conduct the experiments for classiﬁer adaption, we
used annotated genre data. In the ﬁrst experiment on the incremental adaption of three example classiﬁers, blog, catalog, and faq, we used the corpus provided by Marina Santini [21, 22] split into 160 documents for training and 40
documents for measuring recall. For the training/testing
with negative examples we used 620 documents of 31 different genres for training, enlarged by a random sample of
360 web pages, and 620 documents for the measuring of
fallout. From the training corpora, we randomly generated
48 result sets to simulate the user behavior. Each set consisted of 20 documents, containing on average 3 documents
of the desired genre.8
In the second experiment we used a collection of 400
documents for the two journalistic genres: interview and
news. For the negative examples we used a corpus of 1,000
random web pages from the Spirit Collection [13].
In addition to the adaption of our rule based classiﬁers, we give experiments on the performance of an SVMclassiﬁer provided with an extended training set [9, 10]. To
reach comparability for each genre, we used only the aggressively pruned feature set of the specialized classiﬁers.
For the 32 genres of the hierarchy, our initial classiﬁers
showed on average a recall of 60.5% and a precision of
65.4% [25]. The performance of the single classiﬁers used
in the experiments on feedback are given in the respective
tables.

10.1 Fully cooperative user
The fully cooperative user provides the interface with complete information about the binary classiﬁcation of the presented data, establishing a completely labeled additional
dataset. The results of the adaption process of the rule
based classiﬁers are shown in Table 6. We give results
for recall (R) and fall-out (F) for the original and for the
adapted classiﬁers. Recall is the percentage of the genre
set that is recognized, f (label(x) = Ni |x ∈ Ni ); fallout
is the percentage of the documents in the general data set
of distinct genre that are falsely recognized, f (label(x) =
Ni |x ∈
/ Ni ) .
In Table 7 we present the results of the adaption of a
SVM-classiﬁer [9, 10]. Despite there have been proposals to incrementally adapt SVMs by estimating a neighborhood of the new data [17] most of the implementations
[28, 10] do not provide such a feature and a recomputation
of the complete data is needed. The adaptive results for the
aggressively pruned feature sets come close to the adapted
rule based classiﬁers. For one genre, faq, the algorithm did
not converge and a forced termination led to an extremely
8

Since topic was of no interest for this paper, it is reasonable to randomly generate the result sets.
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Table 3: Rank correlations ρ of seven quantitative characteristics of city websites (A), conference
websites (B) and of personal academic homepages
(C). The characteristics are Compactness (C), Stratum (Stra), Absolute Child Imbalance (ACI), Absolute Depth Imbalance (ADI), Height (H), Size (S) and
Width (W). All values are rounded to two decimal
places. Rank correlations which are judged to be insigniﬁcant due to a t-Test are underlined (α = 0.05;
H0 : ρS = 0).
A C Stra ACI ADI
H
S W
C
1 0.32
0 0.07 -0.56 0.11 0.15
Stra
1 0.04 0.16 -0.5 0.16 0.2
ACI
1 0.77 -0.36 0.72 0.71
ADI
1 0.13 0.59 0.62
H
1 0.03 0.18
S
1 0.99
W
1
B C Stra ACI ADI
H
S W
C
1 0.27 0.48 0.18 -0.35 0.15 0.12
Stra
1 0.4 0.53 0.23 0.53 0.51
ACI
1 0.58 0.03 0.51 0.47
ADI
1 0.87 0.98 0.98
H
1 0.91 0.92
S
1
1
W
1
C C Stra ACI ADI
H
S
C
1 0.86 0.97 0.93 0.87 0.94
Stra
1 0.94 0.98 0.99 0.97
ACI
1 0.98 0.94 0.99
ADI
1 0.99
1
H
1 0.98
S
1
W

W
0.94
0.97
0.99
1
0.98
1
1

result of our study is that there exist highly skewed
distributions of the instances of the genres involved.
This indicates the need to explore the logical document structure of websites or, at least, to distinguish
structural classes in order to overcome negative implications of this skewness. Future work will deal with
both of these approaches: (i) adapting methods of web
structure mining to the speciﬁcs of these structural
classes and (ii) exploring the logical document structure of diﬀerent webgenres. By means of this we expect to contribute to making search engines webgenresensitive. The reason is that this research focuses on
identifying segments of pages as well as of websites
and, thus, on overcoming the limits of page-centered
search engines.
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performance. A shortcoming of this solution is that we can
lose the cooperation of the users altogether if we frustrate
them with too weak performance.

8.3

Semi-cooperative User

Under the assumption of non-sabotage behavior, the semicooperative case only reduces the amount of available new
data for the adaption process and can be modeled by the
cooperative case if enough explicite feedback data is available. Otherwise it will be modeled by the uncooperative
case.

8.4

Uncooperative User

With uncooperative user behavior, only the lingering time,
an implicit source of information, is available to generate
user statements. The lingering time of the user on a retrieved result page, depending on genre, topic, and model
exogenous factors, is transformed into a binary signal: if
it exceeds a certain threshold τ , a positive relevancy signal
for the document is assumed. Otherwise the document is
considered as non-relevant.
If we abstract from model exogenous events, a negative
signal means that the document is irrelevant either because
of the wrong topic or wrong genre. We could use such a
signal to derive evaluation data on genre classiﬁcation for
the cases of false positives and correct negatives. Unfortunately, in a realistic scenario the precision of a search
engine with regards to topic seems to be far from perfect.
This prevents us from gathering reliable data on the correctness of the genre classiﬁcation via a negative relevancy
signal.
This leaves the case where the lingering time exceeds
the threshold and a positive relevancy signal is hypothesized. This hypothesis is incorrect if the user stays
on the web page because of exogenous factors. The
two probabilities, P (relevant(x)|time(y) > τ ) and
P (¬relevant(x)|time(y) > τ ), can be estimated by frequency counts during a controlled user study.
If a document is actually relevant, this case again
can be further divided into relevancy of topic with
and without the document being of the desired
genre, P (c(x) = label(x)|relevant(x)), P (c(x) �=
label(x)|relevant(x)).5 For a rational user of the genre
search interface, we expect the relevant cases that come
with the wrong genre to be much rarer than those with
the correct genre, P (c(x) = label(x)|relevant(x)) >>
P (c(x) �= label(x)|relevant(x)).
After collecting data for the estimation of these basic
probabilities, the problem of data loss and introduction of
noise for the four a posteriori events of genre recognition
can be modeled:
(1) Document of desired genre. The case of a document x actually being of desired genre, c(x) = N desired
is subdivided into correct positives, c(x) = label(x), and
false negatives, c(x) �= label(x). 6
(1.1) Correct positive. To get a positive relevancy signal
for cases where the correct genre has been recognized the
topic must be relevant. Insofar, we have to expect data loss
5
6

Note that the case with irrelevant topic and correct genre falls into the
category of non-relevant documents.
For the S
case of multiple desired genres, this has to be rewritten to
c(x) ∈ Nidesired .
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with a factor of 1 − precision(topic(x)) and a small data
gain via accidental conﬁrmations by an exogenous event.
(1.2) False negative. The more interesting case, however, is the case where the document is of the desired genre
but was not recognized. Data gained for this case can improve the recall of the classiﬁers. As to the conﬁrmation
by exogenous events the probability is the same as for case
(1.1). A difference exists concerning the loss of data. Not
only is data lost by irrelevant topic but also by the user not
recognizing the document as being of the desired genre.
The problem lies in the indirect access to the document
only enabled via the document’s snippet. Data loss is additional in the size of the snippet recognition factor (s.b.).
For both cases (1.1,1.2), we get no introduction of noise
since noise could only be introduced by a negative lingering signal. However, as mentioned, negative signals are not
reliable and because of that are left out of consideration.
(2) Document not of desired genre. As for the documents of a genre different to that desired, c(x) �= N desired ,
we have false positives c(x) �= label(x) and correct negatives c(x) = label(x).
(2.1) False positive. The problem with the data
gain for false positives is that they can be ampliﬁed
by a positive lingering signal. For the relevant documents, this is the portion where the topic is relevant and the genre is not, P (relevant(x)|time(x) >
τ )P (c(x) �= label(x)|relevant(x)). For the non-relevant
documents where the genre was falsely identiﬁed as the
desired, this is the portion that is ampliﬁed by an exogenous event, P (¬relevant(x)|time(x) > τ )P (c(x) �=
label(x)|¬relevant(x)).
(2.2) Correct negative. For the last case, the correct
negatives, in a rational environment where the user only
retrieves documents that he assumes to be of the wanted
genre, the introduction of noise depends on the snippet
recognition factor. If a document is retrieved via misrecognition of the snippet, it can be wrongly conﬁrmed by an
exogenous event.
Since for the introduction of noise the correlation between relevancy and lingering time and furthermore between relevancy and genre relevancy is crucial and so far,
to the best of our knowledge, no experimental results are
available, in this paper we can only give experiments on
the question of how robust classiﬁers are against the introduction of noise. For the other central parameter of implicit
user feedback, the snippet genre recognition factor, we give
ﬁrst experiments in the next section.

9

Experiments on the snippet genre
recognition factor

If a user retrieves a document from the result set despite
it not having been positively labeled, for the rational case
this means that the user concludes it does fall among the
desired genre. Since the document’s snippet is the communicative act of the search engine to feature the results of a
user query, it is fundamental for the implicit user feedback
how well the user performs in deriving the genre of a document from its snippet. A typical snippet can be found in
Figure 1. To the best of our knowledge no literature has
been established on the problem of the snippet recognition
factor. We give ﬁrst experiments to open the discussion.
To this end, we used our annotated genre corpus [25]: we
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Adaption of the specialized genre
classiﬁers

A necessary prerequisite to endow our static classiﬁers with
the capability of adaptive response to new information is to
rewrite them in disjunctive normal form (DNF). Generally,
this implies each alternative rule combination to be linked
to the other combinations by a logical OR. Within the disjunctive elements only connections by logical AND are allowed. Lower and upper bounds of the features’ numerical
ranges have to be explicit. Below we show a cross-section
of the catalog-classiﬁer in its original and DNF form.
Cut-out original catalog classiﬁer
currency > 3 ∧ f ormular > 0 ∧ currency Rel > 1.5 <
∨
currency Rel > 1.5 ∧ currency Rel < 20 ∧ currency > 5
Cut-out DNF catalog classiﬁer
currency ≥ 3.1 ∧ currency ≤ P OS IN F ∧
f ormular ≥ 0.1 ∧ f ormular ≤ P OS IN F ∧
currency Rel ≥ 1.51 ∧ currency Rel ≤ P OS IN F
∨
currency ≥ 5.1 ∧ currency ≤ P OS IN F ∧
f ormular ≥ 0 ∧ f ormular ≤ P OS IN F ∧
currency Rel ≥ 5.1 ∧ currency Rel ≤ 19.9

To achieve a correct classiﬁcation of the input document,
the adaptions of the ranges are normalized to values within
the interval [0..1]. The general adaption algorithm to process available information on the genre of an input ﬁle,
given the premise of a static feature space, has to distinguish between two different situations:
1. False negative: A document of genre Ni has not been
recognized as Ni . For every disjunctive element of
the classiﬁer in DNF form, we compute the sum of
the required range adaptions to achieve a correct classiﬁcation of the input document. The element with the
minimum sum is selected and its ranges are temporarily adapted if the sum does not exceed a maximum
threshold that prevents adaption to outliers or deliberately wrong feedback.
Constraint: The performance of this temporarily
adapted classiﬁer is then computed for all documents
seen so far to ﬁnd out whether the changes lead to
an overall improvement. Generally, the ﬁles that are
classiﬁed correctly attendant on the classiﬁer adaption
(new correct positives) have to outnumber the ﬁles
that are now falsely classiﬁed (new false positives). In
particular, for the purpose of modeling genre-shift, i.e.
the modiﬁcation of feature-value sets that determine a
genre, a temporal discount factor can be introduced.4
In the same way, preference for higher precision or
recall can be inﬂuenced by appropriate weighting. In
our experiments, we used the positive evolution of the
F1-measure as the constraint for rule adaption.
2. False positive: A document of genre Nj has been
falsely recognized as genre Ni . We identify elements
4

Genre-shift can happen globally, within the web community, or locally, for certain user aggregates or a single user.
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of the disjunction that have conﬁrmed the input document as Ni . Within the elements, we look for the
smallest sum of adaptions that prevent the positive
classiﬁcation of the document.if the sum does not fall
bellow a minimum threshold that prevents adaption to
outliers or deliberately wrong feedback.
Constraint: Generally, the number of ﬁles for the relevant history that are classiﬁed correctly attendant on
the classiﬁer adaption (new correct negatives) has to
be larger than the number of ﬁles that are now falsely
classiﬁed (new false negatives).

8
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Andrea Stubbe1 , Christoph Ringlstetter2 , Randy Goebel2
1

User behavior and information
gain

Abstract

8.1 Fully cooperative User

8.2 Cooperative User
A rational cooperative user will retrieve pages of the desired genre and will give feedback as to whether they were
correctly classiﬁed. If not enough positively labeled pages
are available, it can be assumed that the user will try to
identify documents of the desired genre by the snippet information (s.b.), retrieve pages, and give feedback on the
genre. With prior knowledge about the underlying genre
distribution and recall/precision of the basic classiﬁers, we
can model probabilities of the occurrence of useful events
for classiﬁer adaption.
According to studies of standard search engines [8, 24],
the average number of visited pages per search session is
less than two and in most cases these two pages are retrieved from the ﬁrst 20 hits of the search results. As is immediately clear, given a fair amount of genre labeled documents, an average number of only two retrieved pages per
turn leads to a strong preference of events that can help
to improve precision. To increase the number of negative
examples, under the condition of cooperative user behavior, we can force the user at the cost of immediate performance to provide more useful information. To prevent the
bias to precision related examples (positives) we initially
lower the ranges, thus deteriorating precision and enlarging recall. Since we know that the feedback will help us to
improve precision, we can recover to a higher level of F1

Proceedings of the International Workshop “Towards Genre-Enabled Search Engines: The Impact of NLP”,
Georg Rehm, Marina Santini (eds.), Borovets, Bulgaria, September 30, 2007.

CIS, University of Munich, Oettingenstr 67, D-80538 München, Germany
E-mail: stubbe@cis.uni-muenchen.de
2
AICML, University of Alberta, Edmonton, Canada T6G 2E8
E-mail: kristof,goebel@cs.ualberta.ca

Even prior to content, the genre of a web document
leads to a ﬁrst coarse binary classiﬁcation of the recall
space in relevant and non-relevant documents. Thinking of a genre search engine, massive data will be
available via explicit or implicit user feedback. This
data can be used to improve and to customize the underlying classiﬁers. A taxonomy of user behaviors
is applied to model different scenarios of information
gain. Elements of such a learning interface, as for example the implications of the lingering time and the
snippet genre recognition factor, are discussed.

Given the taxonomy of feedback events introduced in section 6, the question arises of how information can be
derived under the conditions of an increasingly realistic
model of user behavior. Two major problems have to be
faced: the loss of information, particularly important for
the use of annotated data in test environments involving
users, and the introduction of noise.

The fully cooperative user provides the interface with complete information about the binary classiﬁcation of the presented data. All documents of the result set are labeled
whether they belong to the desired genre or not. In this way,
the provided information is equivalent to a completely labeled additional dataset. However, a fully cooperative user
can only be expected if he has a very high personal interest
in the improvement of the classiﬁcation. To reconcile to
a realistic search environment, we have to gradually adapt
this concept.
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1

Introduction

Given a web user’s information need, even prior to content,
the genre of a web page leads to a ﬁrst coarse binary classiﬁcation of the recall space in immediately rejected documents and such that require further processing. Current
search engines leave this ﬁltering procedure entirely to the
user. However, the engineering of next generation retrieval
systems has to pay more attention to genre as a selective
dimension of an increasingly less concise document space
[4, 5]. Automatic classiﬁcation of document sets, for example into shopping portals, scientiﬁc papers or personal
web pages, can make a big difference in regards to the number of documents that have to be checked for relevancy and
by that signiﬁcantly reduce the user’s cognitive load. With
the rising commercialization of the web, abounding for example with “spam shops” that dominate the recall of more
casual search interests, the partition of the result set into
genre is the only way to deliver access to the relevant documents in numbers above mere coincidence. Thus, a next
generation search engine interface must allow the user to
qualify her keyword based search by one or more web genres that efﬁciently constrain the space of potentially relevant documents.
If such an interface is available in public, a steady stream
of user events will arise. These behavioral observations
have to be turned into meaningful data to adapt the initial conﬁguration of the underlying classiﬁers: either to improve the performance of the initial classiﬁers or to adapt
to genre shift. The classiﬁcation process has to be tuned
by permanent learning. All attempts to aquire such data
from a running system have to consider the user’s level of
explicitness and cooperativeness. We formulate different
scenarios for information gain representing different degrees of uncertainty. Discussed in detail are the aspects
of a silent genre interface where the user’s statements on
the genre of a document are only provided implicitly. In

that connection, two qualities play a decisive role: ﬁrst,
knowledge about the implications of the lingering time, the
time a user spends with a certain web page, will help to
improve the precision of the genre classiﬁers; second, the
snippet genre recognition factor, the percentage of documents whose genre a user can identify by only referring to
the snippet, inﬂuences possible improvements of recall by
observing the user retrieving pages not classiﬁed as belonging to the initially selected genre.
To investigate the adaptability of different genre classiﬁers, we will simulate the user feedback on genre labeled
result sets using annotated corpus data. Our intention is
to give an overview of the challenges of dynamic classiﬁer
adaption based on data of different quality. We try to provide an idea about the amount of noise and incompleteness
that is tolerable for a successful update functionality.
In Section 3, as a starting point, we describe a hierarchical classiﬁcation schema of document genres. Section 4
addresses our approach for genre classiﬁcation. In Section 5 we describe a possible search engine interface that
provides features for genre classiﬁcation. In Section 6 we
introduce a taxonomy of user behaviors together with their
consequences for gathering information. Section 7 provides strategies for incremental classiﬁer adaption. First
experiments on the snippet recognition factor are given in
Section 9. In Section 10 we describe the experimental results on classiﬁer adaption. The conclusion comments on
future directions of the research dedicated to an improved
interface for document search.

2

Related work

Boese and Howe [3] state that users often have a certain
genre in mind when conducting a search task. In user studies, Meyer zu Eissen/Stein [15] and Rosso [19, 20] both
received overwhelmingly positive feedback (nearly 100%)
on the question whether labeling texts according to their
genre would be useful in determining the relevance of a
document. However, these results so far have not been empirically veriﬁed. Rosso presented Google snippets (”surrogates”) with and without genre labels to a group of users.
He found no signiﬁcant difference in the agreement between relevance judgment of labeled and unlabeled snippets and the document as well as in the time users needed
to rate the snippets. Joho and Jose [12] provide a scenario
to investigate the effects of enriched search result presentations (thumbnails and summaries) for relevance assessment
and query reformulation. Except for Rosso’s experiment
the ﬁndings imply that the search interface would be improved by adding further information such as genre labels.

Proceedings of the International Workshop “Towards Genre-Enabled Search Engines: The Impact of NLP”,
Georg Rehm, Marina Santini (eds.), Borovets, Bulgaria, September 30, 2007.

22

Andrea Stubbe, Christoph Ringlstetter, Randy Goebel

Implicit relevancy feedback is a research topic that with
the rising impact of commercial search engines attracted a
lot of attention. For a bibliography see [14]. The users’
preference of explicit and implicit relevance feedback in
dependency of the task complexity and the users’ retrieval
experience was investigated by White et al. [26, 27], continuing the work of Bell and Ruthven [2]. A ﬁrst study
on the reliabilty of implicit relevance feedback was contributed by Joachims et al. [11].
Although genre classiﬁcation is still a rater new and specialized ﬁeld of research, already several authors have presented genre palettes and automatic classiﬁers. For a discussion see, for example, [15, 22]. With regards to the construction of the genre pallete, the majority of authors follows a top-down approach, often inspired by users studies.
An exception is the bottom-up experiment of Nilan et al.
[16] that, however, not yet has lead to a stable schema.

3

Document genres

In [25] we introduced a hierarchy of genres that tries to
meet the demands of genre focused partition of document
spaces.1 This hierarchy is used as a starting point to model
an interface for genre qualiﬁed search. The hierarchy, consisting of 8 container and 32 leaf classes, is presented in
Table 1. The containers of the hierarchy deﬁne a ﬁrst classiﬁcation level usable for coarse partition of the search space.
The leaf classes provide ﬁner granularity, allowing a highly
focused search of web documents. With regards to classiﬁcation errors, this hierarchical classiﬁcation schema helps
to keep misclassiﬁcations within logically acceptable layers. From a user perspective, a misclassiﬁcation of a commentary into another journalistic genre is by far not as embarrassing as, for example, a misclassiﬁcation of a shop
portal as a scientiﬁc article.
Even though we are aware that the concept of genre
sometimes applies to parts of a document instead of the
whole [18], we determine genre on the level of a complete
web page because, so far, the page is the basic unit for
search tasks. To meet the challenge of mixed documents,
we allow the classiﬁcation of one document into multiple
classes.
With regards to the main purpose of this study, the adaption of classiﬁers by user data, we exempliﬁed results by
ﬁve genres: three rather distinct ones, blog (journalistic,
private,...), catalog (e-commerce shops, ...), faq (service
pages, hobby related) and two belonging to the same container, the journalistic genres news and interview.

4

Static genre classiﬁcation

As we argued above, genre classiﬁcation helps to recognize unwanted documents and thus partitions the document
space into relevant and non-relevant documents. A kernel
issue underlying document classiﬁcation is the selection of
features.

4.1

Features

Many kinds of features were considered to organize the 32
leaf genres, including HTML, form, vocabulary, parts of
1

The hierarchy extends previous work by [6, 7].

A.Journalism
A.1 commentary
A.2 review
A.3 portrait
A.4 marginal note
A.5 interview
A.6 news
A.7 feature
A.8 reportage
B. Literature
B.1 poem
B.2 prose
B.3 drama

C. Information
C.1 science report
C.2 explanation
C.3 recipe
C.4 faq
C.5 lexicon, word list
C.6 biling. dictionary
C.7 presentation
C.8 statistics
C.9 code
D. Documentation
D.1 law
D.2 ofﬁcial report

D.3 protocol
E Directory
E.1 person
E.2 catalog
E.3 resource
E.4 timeline
F. Communic.
F.1 mail,talk
F.2 for.,guestb.
F.3 blog
F.4 formular
G. Nothing
G.1 nothing

Table 1: A hierarchy of genres
textlength, forms
length > 200 ∧ length < 6500 ∧ headlines < 3 ∧ sent > 1
personal pronouns
(pronoun2ndP norm < 0.3 ∨ pronoun2ndP norm < 0.9) ∧
dirSpeech > 6 ∗ pronoun2ndP ) ∧
((pronoun2ndP − 3) ∗ dirSpeech ≤ 0 ∨ pronoun2ndP < 3)
part of speech
verb ≥ 5 ∧ adj < 20 ∧ adjP ositivN egativ < 0.4
textual qualities
causalV ocab < 4 ∧ timeM arkers > 0 ∧
names < 15 ∧ questionmarksnorm < 0.01
numbers
ordN umbersnorm < 1.5 ∧ ordN umbers < 3
spoken/written text
(contractions < 0.4 ∨ dirSpeech > 0) ∧ contr./dirSpeech < 0.2
tense
verbsP astT ense < 0.18 ∧ verbsP astT. > verbsP resentT. ∧
verbsIngF orms > verbsP resentT ense

Table 2: The rule based classiﬁer for the news genre.With
the superscript norm indicating normalization according to
text length.
speech, complex patterns, and combinations of all these.
Examples of features are content-to-code-ratio, average
line length, number of names, positive adjectives, dates, or
bibliographic references. An example of a high level structure is a casual style of writing that can be recognized by
the number of contractions (e.g. ”won’t”) and the use of
vague, informal, and generalizing words. When we put all
genre speciﬁc features together, the result is a global feature set with 200 different features.

4.2 Specialized classiﬁers
For our specialized genre classiﬁers, we conducted an aggressive pruning of possible features. The goal was to allow only a small set of signiﬁcant and natural features for
each single classiﬁer. Feature selection was organized on
training corpora comprising 20 prototype documents for
each genre. The features were arranged into a conjunction
of single rules, applying a human supervised selection process that prevents overﬁtting by statistical coincidence on
small training samples.2 . As an example, the specialized
classiﬁer of the genre news is deﬁned by the conjunction
presented in Table 2.
2

For additional information about the process of creating the classiﬁers,
please see [25]
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5

Search interface

The usual search interface has to be enhanced to give the
user the possibility to restrict his document search to certain genres. A genre attribute could be introduced as an additional optional criterion for experienced searchers, analogous to the ﬁletype attribute most of the current search
engines provide.The yielding graphical interface is shown
in Figure 1. To enable an explicit feedback functionality, the result page has to be extended for example with
radio-boxes where the user can provide input on the genre
of a presented web page (Figure 1). Many variants of the
sketched interface are conceivable with a completely silent
interface as an extreme minimum in the spectrum of interaction that is supposed to minimize the cognitive load of
the user. This is an issue especially if more complex search
tasks have to be carried out [2, 27]. For the implicit case
genres have to be deduced from the gestalt of the query
combined with locally or globally aggregated knowledge
about the user. The feedback of the user with respect to the
suggested genre labels has to be deduced or induced from
his observable navigation on the result set [14, 26].
In extension to [1], we deﬁne a query as a non-empty
set of keywords and a genre label. A result set is a
set of ranked documents retrieved by the search engine
processing a certain query. Each result document is
annotated with a Boolean value referring to the genre
selected by the user. According to our interface, we deﬁne
two different kinds of user events: a retrieval click, the
watching of a certain document, and an evaluation click,
a user statement on the genre label of the document. The
evaluation click has the following value set: true (1),
false (0) and unspeciﬁed (0.5). An unspeciﬁed evaluation
slot can mean two different things: the user is unable to
specify the genre of the document or, more probable, he is
uncooperative in doing so. If we abstract from questions
of query reﬁnement, we can look upon a query, its result,
and the click events as a unit denoted as a turn. Four cases
of annotated results, presented by the search engine, have
to be distinguished.
page x ∈ Ni
page x ∈ Ni
page x ∈
/ Ni
page x ∈
/ Ni
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labeled as Ni
not labeled as Ni
labeled as Ni
not labeled as Ni

correct positive
false negative
false positive
correct negative

User behavior

To analyze the dynamics of a genre search interface, we
model different scenarios concerning the user’s readiness
to cooperatively evaluate the presented genre label.3 The
user’s behavior can be divided into four levels.
• Fully cooperative behavior. The user retrieves all
web pages of the result set and provides an evaluation statement of the annotation labels for the retrieved
web pages. Thus, each page of the result set turns into
correctly labeled data.
• Cooperative behavior. The user provides an evaluation statement of the annotation labels for the retrieved
web pages. Thus, each retrieval click leads to an evaluation click.
3
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As we will see, the fourth behavior is equivalent to the feedback mode
of the silent interface.

Fig. 1: Example of a graphical interface for genre constrained search and explicit user feedback. For the silent
interface, only a label with the genre is displayed.
(I)
(i)
(ii)
(iii)
(iii.a)
(iii.b)
(iv)
(v)
(v.a)
(v.b)
(II)
(vi)
(vi.a)
(vi.b)
(vii)
(vii.a)
(vii.b)

visited pages
user visits labeled page and conﬁrms label
user visits labeled page and rejects label
user visits labeled page without evaluation
page was correct classiﬁed
page was false classiﬁed
user visits unlabeled page and sets label
user visits unlabeled page without setting a label
page was correct negative
page was false negative
unvisited pages
labeled page that was not visited
correct positive
false positive
unlabeled page was not visited
correct negative
false negative

Table 3: A taxonomy of feedback events

• Semicooperative behavior. The user provides an
evaluation statement only for a certain percentage of
the visited pages.

• Uncooperative behavior. The user provides no explicit information. Evaluation statistics can only be
derived implicitly from the visiting statistics of the
pages themselves.
These different attitudes towards evaluation of the system
interfere with the principal user behavior - pages watched
per turn, ratio between labeled and unlabeled pages visited - and constitute the fundamental user events summarized in Table 3. For semi-cooperative behavior, all events
are possible whereas cooperative behavior is inconsistent
with (I.iii) and (I.v.b) and uncooperative behavior excludes
events (I.i), (I.ii) and (I.iv).
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