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Abstract. We present a generative Bayesian model for the modeling of
structured (e.g. XML) documents. This model allows us to simultane-
ously take into account structure and content information. It is used here
for classifying XML documents. We adopt a machine learning approach
and the model parameters are learned from a labeled training set of rep-
resentative documents. We discuss the role of structural information for
classification and describe experiments on a small collection of class la-
beled structured documents. We also present preliminary results showing
how this model could classify documents with DTDs not represented in
the training set.

1 Introduction

The development of large electronic document collections ands Web resources
has been paralleled by the emergence of different structured format proposals,
aimed at encoding content information in a suitable form, for a variety of infor-
mation needs. In addition to providing standard representations, these formats
allow us to enrich the document content with additional information (e.g. meta-
data, comments etc...) and allow to store and access this content in a more
efficient way. Some proposals (e.g. RDF for Web documents) have gained some
popularity. At the same time, description languages like XML have become stan-
dards and are already widely used by different communities. For text documents,
these representations encode both structural and content information. Flat doc-
ument collections will probably be superseded in the near future by structured
collections.

There is an important need to adapt existing information access methods to
these new document representations so that they take all the benefit of these
richer representations and also answer new information access challenges and new
user needs. Current Information Retrieval (IR) methods have mainly been devel-
oped for handling flat document representations and cannot be easily adapted
to deal with structured representations. In this paper, we focus on the particular
task of structured document categorization.



Intuitively, like for other IR tasks, structure might seem to play an important
role in categorization. A word will not have the same meaning or the same sig-
nificance depending on its position into the document (title, metadata, keyword,
etc). Also, a large and complex document might be relevant to a specific class
even when only one of its subparts is relevant to the class. This information is
hardly exploited at all in classical document representations.

In this article, we examine the role of structural information for document
categorization and propose methods for exploiting both the content and the
structure information for categorization tasks. We describe a generative catego-
rization model based on belief networks. This work offers a natural framezork
for encoding structured representations and allows us to perform inference both
on the whole document and on document subparts.

2 Previous works

Text categorization is a classical information retrieval task which has motivated
a large amount of work over the last fews years. Most categorization models
have been designed for handling bag of words representations and do not con-
sider word ordering or document structure. Generally speaking, classifiers fall
into two categories: generative models which estimate class conditional densities
P(document/Class) and discriminant models which directly estimate the poste-
rior probabilities P(Class/document). The naive Bayes model [11] for example
is a popular generative categorization model whereas among discriminative tech-
niques support vector machines [8] have been widely used over the last few years.
[19] makes a complete review of flat document categorization methods. Note that
more recently, models which take into account sequence information have been
proposed [4].

The expansion of the Web has motivated a series of works on Web page cat-
egorization - viz. the last two Trec competitions [20]. Web pages are built from
different type of information (title, links, text, etc) which play different roles.
There has been several attempts to combine these information sources in order
to increase page categorization scores. There is not yet a clear conclusion on the
relevance of combining these different types of information, however, this is work
in progress. Many authors propose combining different classifiers each of them
being trained on a specific information source. For example [17] compares three
HTML page classifiers: one operates on the flat textual content of the pages, a
second on page and section titles and a third on hyperlinks text. Experiments
performed on one of the few available labeled HTML dataset, WebKB [2], show
that indeed titles and hyperlinks information is relevant for the task and allow to
increase performance compared to a purely flat textual representation. [12] maps
a structured document onto a vector by encoding different structural elements
(title, links, text) into different parts of the vector. For each part, he makes use
of a frequential term representation (tf-idf), where the frequencies are computed
on this specific type of structural element. He then uses classical classifiers on



these vectors. However, this does not bring any improvement on WebKB. Du-
mais and Chen [6], make use of the HTML structure (tags) in order to select
the more relevant document parts for the categorization problem. [21] classify
hypertexts by combining 3 classifiers which operate on the different parts of the
document (linked pages, HTML tags, metadata). All these approaches deal only
with HTML, they propose simple schemes either for encoding the page structure
or for exploiting the different types of information by combining basic classifiers.
They represent an initial attempt to take into account HTML structure and do
not allow us to exploit more complex structures. These models exploit a priori
knowledge about the particular semantics of HTML tags, and as such cannot be
extended to more complex languages like XML where tags may be defined by
the user. We will see that our model does not exploit this type of semantics and
is able to learn from data the importance of tag information.

The previous models use a priori information about the nature of the tag,
i.e this model uses the information that the title of an HTML page is described
between the tag called < title > and < /title >. We will see that our model
does not use any information about the significance of the tags of an
XML document.

Some authors have proposed more principled approaches to deal with the
general problem of structured document categorization. These models are not
specific to HTML even when they are tested on HTML databases due to the lack
of a reference XML corpus. [5] for example proposes the Hidden Tree Markov
Model (HTMM) which is an extension of HMMs to a structured representa-
tion. They consider tree structured documents where in each node (structural
element), terms are generated by a node specific HMM. [16] have proposed a
Bayesian network for classifying structured documents. This is a discriminative
model which computes directly the posterior probability corresponding to the
document relevance for each class.

From a categorization model perspective, Bayesian networks (BN) have been
used for information retrieval for some time, mainly for ad-hoc tasks. Inquery
[1], is a well known retrieval engine based on BNs which operates on flat text.
Other authors have also used BNs for the retrieval of structured documents,e.g.
[14], [15]. Outside the field of information retrieval, some models have been
proposed to handle structured data. The hierarchical HMM (HHMM) [7] is also
a generalization of HMMs to structured data, it has been tested on handwriting
recognition and on the analysis of English sentences, similar HMM extensions
have been used for multi-agent modeling [13]. However, inference and learning
algorithms in these models are too computationally demanding for handling large
IR tasks. The inference complexity for HHMM is O(NT?) where N is the number
of states in their HMM and T the length of the text in words, for comparison
our model is more like O(N + T') as will be seen later.

The model we propose is a generative model which has been developed for
the categorization of any tree like document structure (typically XML docu-
ments). This model bears some similarities with the one in [5], however, their
description being very general, we cannot further compare the models. Their



model is adapted to the semantic of HTML documents and considers only the
inclusion relation between two document parts. Ours is generic and can be used
for any type of structured document, even when tags do not convey semantic
information, it allows considering different types of relations between structured
elements: inclusion, depth in the hierarchical document, etc. This model could
be considered as a special case of the HHMM (7] since it is simpler and since
HHMM can be represented as particular BNs [13]. It is computationally much
less demanding and has been designed for handling large document collections.

[22] presents an extension of the Naive Bayes model to semi-structured doc-
uments where essentially global word frequencies estimators are replaced with
local estimators computed for each path elements.

3 Document structure

A structured document d will be represented as a Directed Acyclic Graph (DAG).
Each node of the graph represents a structural entity of the document, and each
edge represents a hierarchical relation between two entities (for example, a para-
graph is included in a section, two paragraphs are on the same level of the
hierarchy, etc). For keeping inference complexity to a reasonable level, we do
not consider circular relations which might appear in some documents (e.g. Web
sites), this is a simplifying assumption which is not too severe since this defini-
tion already encompasses many different types of structured documents.

Each node of the DAG is composed of :

— a label : for example, labels can be section, paragraph, title and represent
the structural semantic of a document.

— a textual information which is the textual content associated to this node
if any.

A structured document then contains three types of information:

1. the logical structure information represented by the arcs of the DAG. (the
position of the tag in an XML document)

2. the label information (the name of the tag in an XML document)

3. the textual information

Figure 1 is a simple example of structured document.

4 The generative model

We now present our BN model which allows to handle these 3 types of informa-
tion. This model can be used with any XML document without using a priori
informations about the semantic of the structure (i.e : we do ignore the signifi-
cance of the tags describe in the DTD). We first briefly introduce BNs and then
describe the different elements of the model.



Label : INTRODUCTION;
Text : "This document is an;
example of structured document "

Label : DOCUMENT:
Text:

Label : SECTION

iText : "The second section is
composed of one single paragrah”
; Label : SECTION: ...
Text : "This is the first section.”

Label : PARAGRAPH
Texte : "This is the third paragraph”:

. Label : PARAGRAPH .-
Text :"This is the first paragraph "

Label : PARAGRAPH; .-
Text : "This is the second paragraph":~

Fig. 1. An example of structured document represented as a Direct Acyclic Graph.
This document is composed of an introduction and two sections. The fist section has
two paragraphs and the second one. Each part of the document is represented by a
node with a label and a textual information

4.1 Belief networks

Belief networks [9] are stochastic models for computing the joint probability dis-
tribution over a set of random variable. They are DAGs whose nodes are the
random variables and edges correspond to probabilistic dependence relations be-
tween 2 variables. The structure of the DAG reflects conditional independence
properties between variables, the joint probability of a set of variables writes:

P(z1,...,xzn) = [[,_; ,, P(zi/pa(z;)) where (pa(x;)) denotes the parents of
z; in the DAG.

4.2 Model components

Let d = (wg, sq) denote a document, with wy the textual content and sg the
structural organization of the document. We will construct a generative model
with parameters 8 for computing the probability of a document:

P(d|p) = P((wa, s4)|0) = P(sal0) P(walsa,0) (1)

In the following, we will successively detail the model components for the
structural P(s4|6) and content P(wg|sq,6) terms.

The structural probability : P(sq|60)

We encode the structural information of a document into a belief network.
This information sg4 is the realization of a set of random variables denoted sg =
{si},i € [L..|sal] (where |sq4| is the number of structured nodes for document
d), with s, € A where A is the set of all the possible labels for the nodes
of the DAG representing document d. Note that A depends on the DTD of the
training XML documents. The corresponding BN structural parameters are then



the quantities { P(s%|pa(s’))} which are the probabilities to observe s given its
parents pa(s}) in the BN. In our model, we will construct one BN for each
document. This BN can be thought of as a model of the structured document
generation, where the generation process goes as follows: someone who wants
to create a document about a specific topic will sequentially and recursively
create the document organization and then fill the corresponding nodes with
text. For example he first creates sections after what, for each section, he creates
subsections etc... recursively. At the end, in each "terminal” node, he will create
the textual information of this part as a succession of words. This is a typical
generative approach which extends to structured information the classical HMM
approach for modeling sequences. The corpus will then be represented as a series
of BN models, 1 per document. Each will compute its structural density as:

|5l
P(salt) = [] P(silpa(sh) (2)
i=1
In order to have a robust estimation of the BN parameters, we will share sets
of parameters among all the collection BNs. For the structural part, we make the
hypothesis that the {P(s!|pa(s}))} depend only on the labels of nodes s and
pa(s?). i.e. two nodes in two different BNs which share the same label and whose
parents also share the same labels will have the same transition probability.
Let us assume for now that our documents are XML documents which follow
a specific DTD. Our ”structural model” is based on the following ideas:

~ A the set of values for the si, corresponds to the set of values for the tags
in the DTD.
— We want to be able to take into account two types of structural information:

1. The inclusion information. We want to represent the fact that a part
(for example, a paragraph) is included into an other part (for example,
a section).

2. A sequential information which indicates how the different parts do ap-
pear sequentially in the document. e.g. a paragraph is followed by an
other paragraph, or the first section follows the introduction, etc.

— Model complexity should remain low enough for the classification of large
corpus: we will then use only first order dependencies between document
parts.

Within this framework, several BN models may be associated to a document
d. Figure 2 illustrates two of the models we have been working with. The DAG
structure of Model 2 is copied from the tree structure of the document and re-
flects only the inclusion relation. The same type of relation is used in [5]. Model
1 contains both inclusion information (vertical edges) and sequence information
(horizontal edges). Both models are an overly simplified representation of the
real dependencies between document parts. This allows to keep the complexity
of learning and inference algorithms low and to have robust inference models.
Statistical models that work best are often very simple compared to the un-
derlying phenomenon (e.g. naive Bayes in text classification or Hidden Markov



Models in speech recognition), practioners of BNs have experienced the same
phenomenon. In our tests on the WebKB collection, the two models behave sim-
ilarly, in the experiments we show results for model 1. Note that other instances
of our generic model could have also been used here.

Paragraph Paragraph Paragraph Paragraph Paragraph

MODEL 1 MODEL 2

Paragraph

Fig. 2. Two possible structural belief networks constructed for the document pre-
sented in figure 1. For example in MODEL 1, we can compute the probability:
P(sq) = P(introltitre)P(sec|intro)P(sec|sec)P(par|sec)P(par|par)P(par|sec) with
A = {intro, document, sec, par} representing the label document, introduction, section
or paragraph

Textual probability : P(wg|sq,0) Let wy = w,i € [1..lwgy|] be the set of all
word instances of the document d, wﬁl € V where V represents the space of all
the possible terms (the vocabulary). We make the following hypothesis :

— H1 : the probability of a word wé depends only on the label of the node
that contains this word, i.e. P(w¢/s?) only depends on the value of s¢ and
not on the place of the node in the tree.

— H2 : in a node, words are independent (Naive Bayes assumption)

Let sel(w’) = sgl (sel = structural element) be the function which indicates
that word w?, is in the node labeled s, we then have:

lwa
Plwalsa,0) = [ Pwlsel(w), 6) (3)

i=1
As for the structure, both hypothesis H1 and H2 have been made to keep
computation feasible. Hypothesis H1 means that word generation does not de-
pend on the father label of the node it belongs to. For the generative model this



means that the document creator generates words by considering only the local
context of the part he is currently writing. We could have considered a more
realistic process where word occurrence depends on the whole document path
which leads to this word at the price of more complex estimation models.

The naive Bayes hypothesis H2 is not mandatory here and any other term
generative model (e.g. HMM) could be used instead, however this hypothesis
allows for a robust density estimation and it is not clear that more sophisticated
models could lead to any performance improvement.

Final belief network

Combining equations 2 and 3, we get:

[sa] |wal

P(d|g) = HP shlpa(sh), H P(w|sel(w?), ) (4)

i=1 i=1

The BN corresponding to the document in figure 1 is given in figure 3.

(-]
]
composed
N
[0}
Paragraph @ Paragraph
paragraph paragraph paragraph

Fig. 3. The final belief network constructed to represent the document in 1. The ran-
dom variables corresponding to the word variables are represented with rectangles
whereas the random variables corresponding to the tags variables are represented with
circles.

4.3 Learning

In this model, there are two sets of parameters to learn the transition and emis-
sion probabilities respectively denoted by P(s;|s;) and P(w;|s;).



0 = {P(sils;)}s:,5;e4 | J{PWils;) bwicv,s;en
In order to learn the 6, we use the EM algorithm. In this network, since
evidence is available for any variable, this amounts to a count of each possible

values of the random variables. In our case, the EM algorithm is a maximum
likehood (ML) solving.

We want to maximize the log-likehood for all the BNs. Using equation 4, we
have :

[sq] |wal
L= log P(silpa(si),0) + 3 log Pluilsel(wl),0)  (5)
deD i=1 =1

For simplification, the model parameters P(s}|pa(s})) and P(w}|sel(w?)) are
denoted 6 ) and 0 . Equation 5 then writes :

st pa(sh wi,sel(w?)

|sd] |wg|

L= 1088 pa(si) T D 10860 cer(ui) (6)

deD i=1 i=1

In the following, 6, ,denotes either a textual probability or a structural

probability. It corresponds to P(node with value n/his parent has the value m).
The derivative of L is:

oL 1 1
96rrm = Z Z + Z

9n m an m
deD ( ) ’ ( ) ’

sy/sy =n and pa(sy) = m wy/wg =mn and sel(wg) =m

_ Z number of times a node with value n has his parent with value m

0
deD n,m

(7)

The learning algorithm then solves =2L— = 0 with the constraint 3 Onm =1.

B0n,m
Using the Lagrange multipliers, we solve :

AL = A (X Oy — 1)
0.

=0 8)

Let Ny, m the number of times a node with value n has his parent with value
m for all the documents of the training set, we solve :

Nn,m _
en,m - >\m (9)
So : N
. — n,m 1
O, SN (10)

The complexity of the algorithm is O( Y |sq4| + |wal). In a classical struc-
deD

tured document, the number of node of the structural network is smaller than



the number of words of the document. So the complexity is quasi-equivalent

to O( Y. |wg|) which is the classical learning complexity of the Naive Bayes
deD
algorithm.

Remark

Let us consider what happens to the model for a classical flat document. The
corresponding belief network is presented in figure 4. The probability of the
document d derived from equation 4 is :

lwal
P(d|f) = H P(w}|sel(w?) = document, 6) (11)

i=1

<document>
This document is a flat document.
</document>

document

Fig. 4. A flat document (in XML format) an the associated belief network constructed
using the previous hypothesis.

This is the equation of a Naive Bayes model, we can conclude that for flat
documents, our model is strictly equivalent to Naive Bayes.

4.4 Extending the model to unknown DTDs

We now show that the model could be easily extended to more complex cat-
egorization situations. As an example, we consider the categorization of XML
documents with unknown DTDs (we don’t know the values of the tags).

Up to now, we have made the hypothesis of a unique DTD in the corpus.
This is convenient for controlled collections like e.g. an editor scientific journals.
In many situations (e.g. documents gathered from the web), documents may
follow different DTDs so that with our approach, one will have to learn different
structures. One may also have to classify documents with DTDs not represented
in the training set. We will consider here a simple instance of the latter problem
where it is supposed that all the document in the training set follow the same
DTD and documents in the test set do have other DTDs. We make an addi-
tional -homogeneity- hypothesis: all DTDs carry similar structural information
(documents are more or less of the same type), but that tags may have different
names, some may be missing and some may be added. Within this framework,



we propose an extension of our model to enable the classification of documents
with new DTDs.

Suppose that we have learned # using a train set of documents with DTD1
exactly as part 4.3). We want to compute the probability of a document d which
use an other unknown DTD2. We will not try to make an a priori correspondence
between the two DTDs but we rather consider that the labeling information is
missing in DTD2. This XML document contains the textual information, the
organization information and no label information -label ”‘Part”’ in (figure 5)
(See part 3 for the definition of textual information, label information and orga-
nization information). We will score a document with DTD2 against the models
learn with DTD1, i.e. we will try to classify this new document using the avail-
able knowledge on the document structure which is embodied in the BN models
learned from DTD1. This makes sense under the homogeneity hypothesis. Al-
ternatively, one could think of DTD1 as a reference DTD against which series
of documents must be matched.

Label : PART
Text : "This document is an
example of structured document "

Label : DOCUMENT
Text :

Label : PART
Text : "The second section is
composed of one single paragrah"

; Label : PART
Text : "This is the first section."

Label : PART
Texte : "This is the third paragraph”

; Label : PART;
Text :"This is the first paragraph "

Label : PART
Text : "This is the second paragraph”

Fig. 5. The document presented in figure 1 with a different DTD. DTD2 corresponds
to the tags { Document, PART'}

The likelihood of a document with no label information can be computed
by summing over all possible labellings of the document parts into the set of
allowed labels in A:

|sal lwal
P(d|f) = > IIPGipatsh),0) [T Pwilsel(wh),6)  (12)
Si,si,...,s‘;d‘EA i=1 =1

This model has a higher complexity that the one presented in part 4.2.
Alternatively, instead of summing over all allowed segmentations, one might
compute the best segmentation of a document with unknown labels into the
labels of a given DTD, i.e. compute the score of the most probable structure for
this document according to the reference DTD. This can be done with a Viterbi



like algorithm as for HMMs except that we deal here with structures instead of
sequences. This corresponds to computing:

Isal |wal
PO) =maz, oy L[ POUG.0 [T Pilsctii).0) 09

The most probable segmentation with respect to a reference DTD could also be
used for transforming a DTD2 document into a DTD1 document. This might be
useful for comparing series of XML documents. However, document segmentation
involves further developments and has not been tested here.

5 Experiments

We now present the experiments made with our model. Using a generative model
for the task of categorization is easy. Let us consider C' = {ci,...,¢/c|} the
set of all classes with probabilities P(¢;). For each ¢;, we will learn the model
parameters denoted 6., over all the documents of the training set within topic
¢;. We consider that each document may have only one label and assume that:

P(d|e;) = P(d|f.;) (14)
So, the class ¢ of a document d will be :

¢ = argmaz . P(c)P(d|f,) (15)

5.1 The webKBXML corpus

There are still few labeled XML corpus available for text categorization and
whose documents do have a non trivial structure like in ([10],[18]).

The webKB collection ([2]) became a reference corpus in the Machine Learn-
ing community for the classification of structured collections. It is composed of
8,282 pages which were manually classified into the categories : student, faculty,
staff, department, course, project and other. For each class the data set contains
pages from the four universities : Cornell, Texas, Washington, Wisconsin, and
miscellaneous pages collected from other universities. In our work, we only use
the 6 topics : student, faculty, staff, department, course, project.

We thus used the HTML webKB collection and transformed the pages into
XML documents using a DTD with the following tags : website, section, text,
link, title, sectiontitle, highligthed. Figure 6 represents the transformation of an
HTML document to the corresponding XML document. This is more like a real
XML corpus than the original WebKB, e.g., tags here do not specify the depth
of a section like in HTML.

We call the constructed corpus webKBXML. This corpus is available at
http://www-connex.lip6.fr/ denoyer/corpus/wekbxml.tar.gz The corpus has been
preprocessed with Porter Stemmer, and words that do not appear in at least 5



<html> <head>
<title>CS414 Home Page</title>
</head>

<body>
<h1> The first section </h1>
The first secion is composed of <b> two </b> paragraphes

<h2> first paragprah </h2>
<a href="...">This is a link </a>

<h2>Second paragraph</h2>
This is the second paragraph

<h1>This is the second section</h1>

<website>
<title>CS414 Home Page</title>

<section>

<sectiontitle> The first section </sectiontitle>
<text> The first secion is composed of <text>
<highlighted> two <highlighted>

<text> paragraphes<text>

<section>
<sectiontitle> first paragprah </sectiontitle>
<link>This is a link </link>

</section>

<section>

<sectiontitle>Second paragraph</sectiontitle>
<text> This is the second paragraph</text>
</section>

</section>
This thext is in <i> italic</i>
<section>

<sectiontitle> This is the second section</sectiontitle>
<text> This thext is in </text>

<highlighted> italic</highlighted>
</section>

Fig. 6. Left : The original HTML document (truncated) Right : The corresponding
XML file (truncated)

documents are eliminated. The vocabulary size is about 8000. There are sites
from 4 universities in WebKB, we used a leave one out methodology for training
the models: training is performed on 3 sites and test on the 4th, this is repeated
4 times.

5.2 Results

We have used a Naive Bayes model as a baseline. Results appear in figure 7.
The BN model achieves a mean 3 % improvement with regard to Naive Bayes
for micro-average, the No Tag BN Model (the model from section 4.4) which
handles a more difficult task achieves a 2 % improvement. The results are very
encouraging even the gain is small, it is significant and superior to that obtained
on similar evaluation [5]. Note that the small size of the database penalizes the
BN models compared to Naive Bayes since they have more parameters. Superior
improvements should be obtained with larger databases.

The conclusion is that structure does indeed contain information, even for
informal documents like those from WebKB. The proposed models allow us to
take advantage of this structural information at a low increase in the complexity
compared to flat classification models like Naive Bayes. The experiments show
that even when the DTD tags are unknown, one can take advantage of the
structure of the document in separate parts. OQur generative models improve
a baseline generative model (Naive Bayes) and similar ideas could be used to
improve baseline discriminant models like SVM.



course | department staff faculty student project Micro | Macro

Naive Bayes 88.11% 100.00%  2.17% 76.32%  82.08% 66.67% 78.09%  69.22%
Model BN 89.34% 100.00%  0.00% 80.92%  86.02% 68.97% 81.12% 70.88%
Model BN No Tags 90.16% 100.00% 0.00% 76.32%  85.66% 66.67% 80.29%  69.80%

Fig. 7. The micro and macro average classification rate

6 Conclusion and perspectives

We have presented new models for the classification of structured documents.
These models are generic and can be used to classify any XML document pro-
vided they have been trained on a representative corpus. Tests have been per-
formed on a small but representative collection and encouraging results have
been obtained. Further developments are needed in order to build models able
to handle the whole variety of classification tasks needed for general XML col-
lections. We are currently working on such extensions and on the evaluation on
larger databases.
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