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Content in numerous Web data sources, designed primarily for human consumption, are not directly amenable to machine
processing. Automated semantic analysis of such content facilitates their transformation into machine-processableand
richly structured semantically annotated data. This paperdescribes a learning-based technique for semantic analysis of
schematic data which are characterized by being template-generated from backend databases. Starting with a seed set of
hand-labeled instances of semantic concepts in a set of Web pages, the technique learns statistical models of these concepts
using light-weight content features. These models direct the annotation of diverse Web pages possessing similar content
semantics. The principles behind the technique �nd application in information retrival and extraction problems. Focused
Web browsing activities require only selective fragments of particular Web pages but are often performed using bookmarks
which fetch the contents of the entire page. This results in information overload for users of constrained interaction modality
devices such as small-screen handheld devices. Fine-grained information extraction from Web pages, which are typically
performed using page speci�c and syntactic expressions known as wrappers, suffer from lack of scalability and robustness.
We report on the application of our technique in developing semantic bookmarks for retrieving targeted browsing content
and semantic wrappers for robust and scalable information extraction from Web pages sharing a semantic domain.
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(a) (b)

Figure 1: Fragments of (a) New York Times home page (b) Washington Post home page

1 Introduction

The growth of the Web has resulted in enormous amounts of databeing represented in hypertext format. Markup languages
such as HTML and XML have become the lingua franca of the Web. In order to analyse the information content in
these documents, query languages and systems have been developed for extraction while retrieval mechanisms have been
signi�cantly improved to deal with the scale of the Web. Modern search engines routinely index billions of hypertext
documents using rich features extracted from their graph structure as well as content.

In spite of the success of these systems, it is becoming increasingly evident that they have to evolve in order to analyse
information in the next generation Web. The Web today is no longer a static collection of documents. Rather it is becoming
a medium for interactive and oftenautomatedexchange of content as exempli�ed by the growth of e-commerce sites.
However, current extraction and retrieval systems do not attempt to uncover the meaning of content and, hence, are ill-
equipped to handle such automated information exchange. Inshort, Web database and information retrieval systems have
come up against thesyntax barrier- treating data purely on the basis of its structure and content without any understanding
of its semantics. The move towards next generation information systems willbe driven not just by document syntax but
also, and even more so, by its semantics.

The Semantic Web [9], an endeavour to associate semantics toWeb content, proposes a vision for next-generation
information networks where content providers de�ne and share machine processable data on the Web to enable a variety
of automated tasks ranging from information integration toWeb services. There have been signi�cant activities in building
the technological infrastructure for realizing the Semantic Web vision and applications based on it. Notable efforts include
developing Semantic Web knowledge representation languages such as OWL [1] and efforts to extend them with rule-based
capabilities [63]. These knowledge representation and reasoning systems assume that documents will be annotated with
metadata expressing the meaning of their content. Consequently, the development of the Semantic Web hinges on content
annotation techniques. Early solutions, such as SHOE [35] and OntoBroker [30, 67], to this annotation problem were
based on hand-crafted ontologies and graphical editors that facilitated manual mapping of unlabeled document segments to
semantic concepts. However, scaling semantic annotation to larger document collections in the Web requires developing
more automated metadata creation techniques.

The very nature of the Web, with pages being authored in ad-hoc fashion by millions of users, makes the problem
of automating semantic annotation a challenging task. However, there exists a vast quantity of data in the Web which are
database generated and possessimplicit schemas. These kinds of pages are increasingly common nowadays since most
content-rich Web sites (e.g., news portals, product portals, etc.) are typically maintained using information management
software that creates HTML documents by populating templates from backend databases. Due to being template generated,
a schematic Web page is characterized by content being organized with respect to the (implicit) schema of the template.
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Figure 1(a), depicting a screen shot of the New York Times front page, is an example of a template-based content-rich
HTML document. Observe that it has a news taxonomy (on the left in the �gure) which rarely changes and a template
for major headline news items. Each of these items begins with a hyper link labeled with the news headline (e.g., “Bush
Aides ...”) followed by the news source (e.g., “By Philip ...”), a time stamp and a text summary of the article (e.g., “The
commission investigating ...”) and (optionally) a couple of pointers to related news. Discovering the logical structure of
such a page and organizing the content around it enables the grouping together of related items. This facilitates relatively
easier semantic annotation of schematic Web page content ascompared to pages scripted in ad-hoc fashions. This paper
addresses the problem of automated semantic annotation of schematic data.

Our approach to semantic annotation is based on the simple but useful observation that semantically related items in
a HTML page normally exhibitconsistency in presentation styleandspatial locality. Note the consistency in presentation
style of items in the news taxonomy in the left corner in Figure 1(a). The main taxonomic items, “NEWS”, “OPINION”,
“FEATURES”, ..., etc., are all presented in bold font. All the subtaxonomic items (e.g., “International”, “National”, “Wash-
ington”, ..., etc.) under a main taxonomic item (e.g., “NEWS”) are hyper links. This kind of consistency in presentation
style has a very strong manifestation in the Document ObjectModel (DOM) tree of an HTML document. For example,
Figure 2(a) is a fragment of the DOM tree for New York Times home page shown in Figure 1(a). The root-to-leaf sequences
of HTML tags for the nodes “NEWS” and “FEATURES” are exactly the same, as are the sequences of HTML tags for the
nodes “International”, “Arts”, etc. (font tags with different attributes,e.g., size, are distinguished using different subscripts
in Figure 2(a)).

Spatial locality in a HTML page and its corresponding DOM tree can also indicate content similarity. For example,
when rendered in a browser all the taxonomic items in New YorkTimes are placed in close vicinity occupying the left
portion of the page (see Figure 1(a)). In the corresponding DOM tree, all these taxonomic items are grouped together under
onesinglesubtree rooted at thetable node (see Figure 2(a)). Similarly, all the major headline news items are clustered
under a different subtree rooted at thetd node (shown circled in Figure 2(a)). These observations were used to develop a
structural analysis technique [54] that groups together semantically related elements in a HTML page into an unlabeledtree
of partitions (see Figure 2(b)).

The partition tree generated by structural analysis groupstogether related items and discovers the logical organization
of the corresponding document's content. Assigning semantic labels to the elements of this logical organization results in
semantic annotation of the page. In contrast to other works [25, 33, 58, 39, 32] which use domain ontologies for semantic
labeling, we have used a more scalable learning-based approach.

Observe from Figures 1(a) and (b) that there is consistency in presentation of semantic concepts even among documents
drawn from different sources. For example, the taxonomy news concept in both New York Times and Washington Post are
characterized by the words “NEWS”, “OPINION”, “Business”,etc. Moreover the presentation style of this concept, with
taxonomic items (such as “NEWS”) appearing as text and sub-taxonomic items (such as “National”) appearing as hyper
links, is also consistent in both the pages. The implicationis that such consistent presentation styles exhibit discerning
featuresof a concept that can facilitate its identi�cation in unlabeled HTML pages. Furthermore, a consequence of spatial
locality is that semantically related content elements appear under a common node in the unlabeled partition tree (e.g.the
“group” node, enclosed within the solid circle in Figure 2(b), corresponding to taxonomy news). The degree of similarity
between the content in the subtree rooted at the common node and those rooted at its children is “higher” than those rootedat
its siblings. (e.g. the group node, enclosed within the dashed circle in Figure 2(b), corresponding to major headlines news).
This differenence in content similarity can be used to precisely demarcate the boundaries of semantic concept instances in
partition trees.

The above observations were used to develop a highly automated learning-based algorithm for identifying concept
instances in content-rich HTML documents [53]. The input tothe algorithm is a set of hand-labeled concept instances from
HTML pages. Based on this “seed” the algorithm bootstraps anannotation process that automatically recognizes unlabeled
concept instances in new HTML pages and assigns semantic labels to them. The annotation process generates the semantic
partition tree (Figure 2(c)) from the structural partitiontree (Figure 2(b)). An important aspect of the algorithm is that it
does not use hand-crafted ontologies.

The success of the Semantic Web not only requires the development of principles for content annotation but also the
applications of these principles to solving real-world problems. One of the applications of our algorithms for semantic
understanding of HTML content has been to focused and repetitive browsing in hand-held devices. The narrow bandwidth
of communication in small form-factor hand-held devices makes the development of systems for effective content access
in them an important task. Traditionally, repetitive browsing activities are effectively performed using (syntactic) book-
marks. However, since a bookmark fetches the content of an entire Web page, it results in severe information overload in
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a small-screen size hand-held device. The use of semantics enables developing bookmarking systems [52] which retrieve
only the content of interest in a Web page. Furthermore, semantic bookmarks can act across pages in the same content
domain. For instance, a semantic bookmark of “major headline news” can be learned from a set of training Web pages and
executed to fetch content not only from the training pages but also from any other page in the news domain. Along the
lines of traditional bookmarks, which retrieve a whole pageof content, semantic bookmarks are more suited for retrieving
large chunks of content such as headline news or sports news,etc. However, often there is a need to extract �ne-grained
information from Web pages. For instance, a comparison shopping portal might be interested in extracting product names,
manufacturers, and price from various different Web pages.Automating such �ne-grained information extraction taskshas
been a signi�cant driver behind the explosive growth in Web-centered e-commerce where 114.1 million adults searched
for product information on the Web last year, and 98.9 million of this group went on to make purchases either online or
of�ine 1. Wrappers [43], which are page-speci�csyntacticexpressions, have been widely used for information extraction
from Web pages. However, wrappers suffer from lack of scalability because of their page speci�city. Moreover, due to their
syntactic nature, they are brittle to structural variations in the pages and are hence not robust. The techniques developed in
our analysis framework have also been applied to build semantic wrappers – systems which work on the semantics of the
content rather than just the syntax and are able to extract precisely even when pages change structurally.

Our research is based on our previous published work in [54],[53], and [52]. The work in [54] described the structural
analysis technique for organizing the content of a Web page around its logical structure and annotation of these structures
with respect to manually crafted domain ontologies. The work in [53] applied machine learning techniques for more au-
tomated semantic annotation while [52] outlined the application of the technique to semantic bookmarks. The primary
contribution of this paper is fusing a holistic framework from the techniques discussed in the published work. The frame-
work is generic and can be adapted for automated semantic analysis of schematic content for a range of applications such
as bookmarking and wrappers.

The rest of this paper is organized as follows: Section 2 presents the technical details of our semantic annotation
framework while Section 3 describes the application of the framework to semantic bookmarks and semantic wrappers.
Section 4 presents experimental results while related workand discussions appear in Section 5 and Section 6 respectively.

2 Learning-based Semantic Annotation

As mentioned in the previous section, the goal of semantic annotation is to identify instances of concepts in Web pages
belonging to a common domain. Our approach to semantic annotation rests on two processes: (i) inferring the logical
structure of Web pages via structural analysis of their content [54], and (ii) learning the salient features present in the
content of the partitions in the logical structures to trainstatistical models of semantic concepts [53]. These modelsare used
to identify concept instances in partition trees of Web pages sharing similar content semantics as those of the trainingpages.
We review the ideas underlying these two processes in this Section.

2.1 Structural Analysis

Structural analysis is based on the observations on consistency in presentation style and spatial locality. Consistency in
presentation style can be captured by associatingtypesto nodes in a DOM tree. Types in our system are either primitive
types or compound types in the form ofseq(T1 : : : Tn ) where eachTi is a type. Each leaf node in a DOM tree is associated
with a primitive type, which concatenates all the HTML tags on the root-to-leaf path to this node. Intuitively, a primitive
type encodes the presentation style (including location and visual cues such as font type and size) of a piece of text that
corresponds to a leaf node in a DOM tree. For example, in the DOM tree fragment of Figure 2(a), all the leaf nodes
corresponding to the main taxonomic items, “NEWS”, “OPINION”, “FEATURES”, ..., etc., have the same primitive type,
T1: tr � td � table � tr � td � img . All the subtaxonomic items under each main taxonomic item,such as “International”,
“National”, ..., etc., under the “NEWS” item, also share a primitive type,T2: tr � td � table � tr � td � a � font 0.

Spatial locality among semantically related items can be captured by propagating types bottom-up and discovering
structural recurrence in type sequences. This is accomplished by compound types. A compound type summarizes the
structural recurrence information of a subtree rooted at aninternal node. Note that in Figure 2(a) the subtree rooted atthe
(circled)tablenode groups together several main taxonomic items each of which is followed by a number of subtaxonomic
items,i.e., the entire taxonomy is clustered under thissingleDOM subtree. Propagating types bottom-up, the sequence of

1http://www.shop.org/learn/statsusshopgeneral.asp
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Figure 2: (a) DOM fragment of the New York Times home page (b) Unlabeled Partition tree of the corresponding fragment
(c) Semantic Concept Tree of the corresponding fragment

types belowtable can be denoted byT1T2T2 : : : T1T2T2 : : :. In this string, thesequential pattern, T1T �
2 (here� denotes

Kleene closure), exactly captures the structural recurrence information of each semantic unit (i.e., a main taxonomic item
followed by a number of subtaxonomic items). In our type system, the sequential patternT1T �

2 is generalizedas the
compound typeseq(T1T2), which is assigned as the type of thetable node (circled) in Figure 2(a).

Discovering sequential patterns in a type sequence is basedon the notion ofmaximal repeatingsubstrings. Informally,
a maximal repeating substring should be, �rst of all, a repeating substring that covers a majority of elements in the sequence.
In addition, its coverage should be maximized and its lengthminimized (under the prerequisite that its coverage be maxi-
mized). In the sequel, we will useMaximalRepeatingSubstring (S) to represent any algorithm that returns a maximal
repeating substring of the input stringS if there is one. Otherwise, we assume that it returns the empty string" .

The above notions on types and maximal repeating substringsare brought together for structural analysis of a DOM
tree. Speci�cally, to transform the DOM tree of a HTML document into an unlabeled partition tree, we initially assign
primitive types to all the leaf nodes and then restructure the tree bottom-up. During the process of restructuring, an internal
node with only child inherits the type of its child while the type information of a node with multiple children is computed
using algorithmAnalyzewhich performs a pattern discovery on the children type sequence.

The algorithmAnalyze takes an internal node,n, as input. Its main function is to discover structurally similar items
among all the children ofn and restructure the subtree rooted atn accordingly. Because our algorithm climbs up a DOM
tree from leaf nodes to the root, structural similarity may not be discovered until it reaches a node close enough to the root.
Therefore, we associate a boolean attribute,no pattern , with each node to signal whether a structural similarity pattern has
been discovered at this node. The value of this attribute is initialized tofalse for each node. However, if a pattern (or type)
is not found at a node, then itsno pattern attribute is set totrue (Line 19).

In Lines 1–6, all the child nodes ofn are collected into a sequence, which will be partitioned into semantically related
items later if they share structural similarity. But if we encounter a node,c, whoseno pattern attribute has the valuetrue
(which means a pattern is not found at this node), then we moveall the child nodes ofc into this sequence for further
processing. Note that when the algorithmAnalyze is invoked on a node, all of its descendant nodes are already typed.
Intuitively, since the type of a node summarizes the structure of the subtree rooted at that node, analysis of the sequence of
sibling types is essential for structural similarity pattern discovery, which is done in two stages by our algorithm.

In the �rst stage, consecutive nodes having the same type arecollapsed into a single node (Line 9). The intuition
behind this is that they all relate to the same item. We will refer to such nodes which bring together identical types asgroup
nodes. Next, in Line 10, an attempt is made to �nd a maximal repeating substring of the string corresponding to the type
sequence ofS (returned byT ypeStr(S)). If such a substring does not exist (hence no structural similarity), then the loop
in Lines 8–17 is exited and theno pattern attribute of the current node is set totrue (Line 19). However, if a maximal
repeating substring,� , is found and� contains at least two elements (j� j > 1), then the sequence of consecutive nodes
whose type sequence matches� is merged into a new node created by the procedureNewNode (Lines 12–16). The �rst
argument ofNewNodecontains the sequence of nodes to be merged while the second argument indicates the type of this
new node. We will refer to these created nodes which bring together each instance of a repeating pattern aspatternnodes.
The above collapsing-discovering-merging process is repeated until it cannot be performed any more.
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In the second stage (Lines 21–23), the last pattern discovered during the �rst stage is used to partition the remaining
sequence of nodes further. This is a simple heuristic that weapply to handle variations in document structures (e.g., missing
data items). Note that if� contains only one type, thenNewT ype(� ) returns� directly; otherwise, it returns the compound
typeseq(� ).

Algorithm Analyze(n )
input

n : an internal node in a DOM tree
begin
1. S = the sequence of all the child nodes ofn
2. for each nodec in S do
3. if c:no pattern = true then
4. Replacec with the sequence of all the child nodes ofc.
5. endif
6. endfor
7. � = "
8. do
9. Collapse adjacent nodes inS which share the same type.
10. � = MaximalRepeatingSubstring(TypeStr(S))
11. if � 6= " then � = � endif
12. if j � j > 1 then
13. for each substring� in S such that TypeStr(� ) = � do
14. Replace� with NewNode(� ,seq( � ) ).
15. endfor
16. endif
17. while j � j > 1
18. if � = " then
19. n:no pattern = true
20. else
21. PartitionS into � 0 
� 1 : : : 
� m , where TypeStr(
 ) = � .
22. for each
� i do Replace
� i with NewNode(
� i , NewType(� )). endfor
23. n:type = NewType(� )
24. endif
25. Make the nodes inS the new children ofn .
end

Now we illustrate the working steps of the algorithmAnalyze using an example. For simplicity, we will just show
how it manipulates a sequence of types and omit other details. Suppose the type sequence ofS is T1T2T3T2T3T4T1T2T3T5

immediately before the algorithm executes the loop starting at Line 8.T2T3 is a maximal repeating substring. Let us use a
new typeT6 to denoteseq(T2T3). Then after the �rst iteration of the loop, the type sequencebecomesT1T6T6T4T1T6T5.
The �rst two occurrences ofT6 can be collapsed into one, resulting inT1T6T4T1T6T5, in whichT1T6 is a maximal repeating
substring. Again, we use a new typeT7 to representseq(T1T6). So after the second iteration the type sequence becomes
T7T4T7T5 and the loop terminates. It is not hard to see that the �rstT7 and the followingT4 will be put into one partition
and the rest into another partition.T7 is the type assigned to the current node.

However, structural analysis may not always yield correct partitions corresponding to concept instances, especially
in the presence of structural variation. In particular, theanalysis based on maximal repeating substrings alone does not
guarantee complete partitions. For example, in Figure 1(a), the second major headline news item starting with “Mix of
Pride ...” has a pointer to related news while the rest do not.Invoking algorithmAnalyzeon thetd node in Figure 2(a)
(shown circled which contains all major headline news items) gives sequenceS: 
 � 
 � T4 � 
 � 
 , where
 = seq(T1T2T3);
T1; T2; T3; T4 corresponds to news title, source, text summary, and pointers to related news, respectively. The correct
partitions corresponding to the four major headline news items should beP1 = 
 , P2 = 
 � T4, P3 = 
 , andP4 = 
 , such
thatS = P1 �P2 �P3 �P4. However, with only structural information, it becomes dif�cult to identify the proper demarcations.
We resort tolexical associationto relate twoconsecutivepieces of raw text by examining whether they contain common
or related words (after dropping “stop” words such as “the”)either directly or via synonym relationships. This is a light-
weight linguistic processing technique for identifying small segments of related text. It is implemented in our systemusing
WordNet [51]. For instance, observe that in partitionP2, the text associated with
 and the followingT4 share the common
word “Iraq”. Lexical association identi�es such word commonalities and, hence, facilitates the merging of
 andT4 into
one semantic unit.

2.2 Feature Extraction

Our learning-based framework is based upon training statistical models of semantic concepts. These models are learned
from user supplied examples of concept instances in a set of training partition trees. The �rst task at hand is to extract
features from these examples. The feature space is drawn from both the content of the partitions as well as the style with
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which the content is presented. Given a nodepk in the partition tree, feature extraction generates a list of hf i ; nf i ;pk i pairs,
wherenf i ;pk is the weight of featuref i in pk . In our development of feature extraction we divide the feature space into two
broad categories, namely,unstructuredandstructuredfeatures described as follows.
Unstructured Features: After eliminating stop-words the bag of words in the partition tree constitute the unstructured
elements in the feature space. Each feature element is assigned a weight at every node in the partition tree. To understand
how weights are assigned we make a few observations.

Usually the labels of (small) partitions deep in a partitiontree are provided by Web site designers in the document itself
(e.g., “BUSINESS,” “NATIONAL” ..., etc. appearing in the third column in Figure 1(a) which are instances of the category
news concept). We should assign a relatively higher weight to such words since they are in some sense the “constant”
features of the template. When such a label is present in a document, it is usually the �rst item in the partition; the
remaining items are all semantically related. When constructing the partition tree these remaining items become children
of a group nodepi 0 and the �rst itempi 00 becomes the sibling ofpi 0. Together they appear as the children of a pattern node
pi . (See illustration of this process in Figure 2(b) for taxonomy news). Taking these weight impacting factors into account
we use the following function to assign weights to an unstructured featuref i at a nodepk having� pk children:

nf i ;pk =

8
>>>>>>>><

>>>>>>>>:

nf i ;pk 0+ , if pk has two
� pk 0 � nf i ;pk 00 childrenpk 0 andpk 00

andpk 0 is a group nodeP
pk 0

nf i ;pk 0 , for all other
internal nodespk

number of , ifpk is a
occurrences off i leaf partition

The summation in the second case ranges over all the childrenpk 0 of pk . For instance, in the partition tree corresponding
to the page in Figure 1(a), the feature “BUSINESS” with non-zero weight will be associated with a node that will be a
sibling of the group node denoting the set of links “Dow prunes..”, “Oil prices..”, and “G.M..”. The weight of the feature
“BUSINESS” will be increased by the number of this group node's children (which is 3 in this case).
Structured Features: Whereas unstructured features represent important words that appear in the textual content of par-
titions, structured features capture the presentational aspects of their content. For instance, in Figure 1(a), each major
headlines news item is presented as a link (“Bush Aides..”),followed by two consecutive text strings (“By PHILIP..”, “The
commission..”), and an optional link (“Complete..”). Abstractly speaking the presentation style is captured by the sequence:
link � text � text �?link where?link means that thislink may not always be present in all headline news items (akin to the
? operator used in the language of regular expressions).

Formally we say that alink element (denoting a hyper link) and atext element (denoting a text string) in a HTML
document arebasic structural elements (bse)'s. A complex structural element (cse)is a sequence of one or morebse's. The
structured features in the feature space arecse's.

Just as we assigned a weight to unstructured features at every node we will also assign weights to structured features.
Note that the structured feature of a leaf node is absewhich is either alink type ortext type since leaf nodes in the partition
tree contain either hyper links or text strings.2 We propagate the structured features of the leaf nodes up thetree to construct
the structured features of the internal nodes and assign weights to them. The structured features of internal nodes are aset
of cse's. They are constructed thus: If an internal node is not a pattern node then its structured feature set is the union of it's
children's structured features. The weight of each featurein this set is the cumulative sum of the feature's weight in each of
the node's children. Recall that a pattern node denotes an instance of a repetitive pattern mined by structural analysisand
it re�ects the presentational style of semantically related elements. So the structured feature of a pattern node is obtained
by concatenating the structured features of its children. Since we want to make a determination of concept instances using
features that will always be present, features representing the optional aspect of the pattern are omitted.

Formally, if pk is a node withpk1 ; :::; pkm as its children then it's set ofh structured feature, weighti pairs,Fpk , is
de�ned to be:

2We do not use other leaf elements such as images, etc. in our feature space
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Figure 3: Top 25 Features and their Probabilities for the Category News concept model (a) with words (b) with structured
and unstructured features

Fpk =

8
>>>>>>>>>>>><

>>>>>>>>>>>>:

f[ f i hf i ;
P j = m

j =1 nf i ;pk j
ig , if pk is a non-pattern

internal node and the
union is over allf i in
pk1 ; :::; pkm

fhf n 1 � f n 2 � ::: � f n l ; 1i ; , if pk is a pattern node
[ f i hf i ;

P j = m
j =1 nf i ;pk m

ig andf n i is a non-optional
feature ofpk i

fhlink; 1ig , if pk is a link leaf node
fhtext; 1ig , if pk is a text leaf node

For instance, in Figure 2(b), the leaf partitions “Bush Aides..”, “By PHILIP..”, and “The commission..” have structured
featureslink , text , andtext respectively. Similarly, the leaf partitions “Mix of..”, “By JEFFREY..”, “U.S. political..”, and
“Complete..” have the featureslink , text , text , andlink respectively. Structural analysis on the entire sequence of major
headlines, shown in Figure 1(a), yields the set of structured featuresfhlink � text � text; 1i ; hlink; 1i ; htext; 2ig for the �rst
pattern node. Similarly, the set of structured features forthe second pattern node isfhlink �text �text; 1i ; hlink; 2i ; htext; 2ig .
Note thelink element denoting “Complete ..” is optional and hence is discarded from the structured feature set of the
2nd pattern node. Finally, the set of structured features atthe group node (considering these two pattern nodes only) is
fhlink � text � text; 2i ; hlink; 3i ; htext; 4ig .

2.3 Concept Model

We now develop a Bayesian model for concept identi�cation based on the features de�ned above. This model will be
learned from manually labeled examples of concept instances.

The models are based upon probability distributions of structured and unstructured features. A collection of partition
trees whose nodes are (manually) labeled as instances serveas training set for learning the parameters of these distributions.
Recall that feature extraction from a nodepk in the partition tree yields the set ofhf i ; nf i ;pk i pairs. Given a setL of labeled
nodes that are instances of conceptcj , the probability of occurrence of a featuref i in cj is de�ned using Laplace smoothing
as:

P(f i jcj ) =

P k= jL j
k=1 nf i ;pk + 1

P i = jF train j
i =1

P k= jL j
k=1 nf i ;pk + jFtrain j

whereFtrain denotes the set of features present in the training instances in L .
Figure 3(b) illustrates the probabilistic distribution ofstructured and unstructured features for the category newscon-

cept model while Figure 3(a) shows the corresponding model using only words as features. In both cases, the model was
trained from2 labeled home pages, one from New York Times and the other fromCNN . The features on which the dotted
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Figure 4: Likelihood values for the �rst three levels in the Washington Post partition tree for (a) Category News concept,
and (b) Taxonomy News concept

lines are anchored on the horizontal axis were determined tobe important for the category news concept. Observe in Figure
3(b) that usage of structured/unstructured feature extraction results in identifying more relevant concept featuresthan using
a model based solely on words as features (Figure 3(a)).

We utilizeP(f i jcj ) to compute the probability of a node, with a set of featuresF , being an instance of a conceptcj .
We use a Bayesian method. Speci�cally, by Bayes theorem,

P(cj jF ) =
P(cj ) � P(F jcj )

P(F )

Assuming an uniform prior over concepts in any partition andignoring the termP(F ), which is independent of any concept,
computingP(cj jF ) reduces to computing the likelihoodP(F jcj ). A multinomial distribution3, that takes into account the
weights of the features, is used to model the likelihoodP(F jcj ). Formally:

P(cj jF ) / (
NF !

N f 1 ;pk !::::N f j F j ;pk !
) �

i = jF jY

i =1

P(f i jcj )N f i ;p k

whereNF denotes a normalized number of features andN f i ;pk denotes the scaled value ofnf i ;pk such that
P

i N f i ;pk =
NF . The probability of any featuref i in F which is not present inFtrain is computed fromP(f i jcj ) with

P k= L
k=1 nf i ;pk set

to zero.

2.4 Concept Detection

The objective now is to use the learned Bayesian model to identify unlabeled concept instances in the partition tree of a new
HTML document. A straightforward approach is to: (i) compute the likelihood for each concept at every node, (ii) collect
all nodes whose likelihood values are greater than a certainthreshold, and (iii) select from among them that node with the
maximum likelihood value as the concept instance. If there are no nodes with likelihood values above the threshold then
the concept does not exist in that document. But this simplistic approach lacks mechanisms to cope with false positives and
ambiguities. The latter problem is caused when the same nodeis the maximum likelihood node for different concepts.

We propose a two-step process to unambiguously label nodes as concept instances. In the �rst step we generate a set of
candidate nodes in the partition tree for every concept. In the second step, we use a novelbipartite graphbased technique
to produce a set of unambiguoushconcept (c), node (n) i pairs. Eachhc; ni pair means that the subtree rooted under the
noden in the partition tree is an instance of the conceptc.
Candidate Generation: Recall that structural analysis aggregates semantically related items under a common node. A
consequence of this kind of aggregation is that the semanticcontent of the subtree rooted at a node is: (i) “similar” to the

3This distribution has been shown to perform well in text categorization
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Figure 5: Bipartite Graph between Taxonomy, Category and Major Headlines News and �rst level nodes in Washington
Post partition tree. (a) Original graph, (b) Major Headlines resolved, and (c) Category and Taxonomy resolved

content in the subtrees rooted at its children, and (ii) “different” from the content in the subtrees of its immediate sibling
nodes. We can exploit this property to generate candidate concept instances thus: A node is a candidate concept instanceif
it's likelihood value is “close” to it's immediate childrenand “distant” from it's immediate siblings.

As an illustration of this idea let us examine Figure 4(a) and(b). The �gure shows the log likelihood values for the
category and taxonomy news concepts, respectively, in the partition tree (generated form Washington Post's home page).
In both the �gures, the unshaded bar in the center representsthe root of the partition tree while the checkered bars, with
arrows at the top, represent the13 children of the root, and the shaded bars represent the children of these �rst level nodes
spread equally on either side of the corresponding checkered parent bar. Node10corresponds to the category news concept
instance while node3 corresponds to the taxonomy news concept. Observe in Figure4(a) that the likelihood value for node
10 is more closer to it's children than it's immediate siblings(the checkered bars in9 and11). On the other hand observe
also that in Figure 4(b) the likelihood value for node10 is close to both it's children and it's siblings. What this implies is
that node10 is a good candidate for category news concept instance but not for taxonomy news. Also note that node10
is not the maximum likelihood category news concept node andso a simple maximum likelihood-threshold based method
would have failed in this case.

To de�ne the notions “close” and “distant” we use two thresholds: tnbr andtchild . We say that a node is “distant”
from its neighbours if the mean of the ratio of the deviation of it's likelihood value from each of it's immediate left and
right siblings (if they exist) to it's own likelihood value is greater thantnbr . Analogously, we say that the node is “close” to
its children if the mean of the ratio of the deviation of it's likelihood value from each of it's children to it's own likelihood
value is less thantchild .

Based on these two thresholds we can generate the set of candidate nodes for a conceptci as follows: Letnbr(pk )
denote the set of immediate left and right siblings andchild(pk ) denote the set of children of nodepk . Also let m(pk )
denote it's multinomial likelihood value. Then the set of candidate nodes forci is:

Candidate(ci ) = f pk js.t.Avgpl 2 nbr (pk ) j
m (pk ) � m (pl )

m (pk ) j
> t nbr ;

and Avgpc 2 child (pk ) j
m (pk ) � m (pc )

m (pk ) j
< t chld g

Ambiguity Resolution: Since the same node can be a candidate for different conceptsambiguities can arise. We can
represent the association between concepts and candidate nodes as a bipartite graph – the set of conceptsC, and the set
of candidate nodesP are the two disjoint sets of vertices in the graph. An edge betweenci 2 C to pk 2 P is created if
pk 2 Candidate(ci ). Figure 5(a) shows the bipartite graph created by candidategeneration for the taxonomy, category,
and major headlines news concepts for Washington Post's home page.

The idea behind bipartite graph-based ambiguity resolution is as follows: First we form the setSi for every conceptci .
Si consists of nodes that only matchci . Now pick that nodepk in Si with the maximum likelihood value to unambiguously
represent an instance of the conceptci . We remove all the other edges fromci to anypl ; l 6= k from the graph. This
computation is repeated until it is not possible to derive any more 1–1 associations between concepts and partition nodes.
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(a) (b)

Figure 6: (a) Los Angeles Times front page (b) Los Angeles Major Headlines instance on a PocketPC Emulator

Figure 5(a) illustrates the initial bipartite graph between concepts and nodes. Nodes3, 10, and13 are matched by
different concepts while node5 only matches the major headlines concept. Consequently,5 is uniquely associated with
major headlines and the edges from major headlines to3, 10, and13are deleted. The residual graph is shown in Figure 5(b).
In it, nodes10 and13 only match category news. Node10 is labeled as the instance of category news since its likelihood
value is greater than that of node13. Removing all other edges from category news yields the residual graph in Figure 5(c).
A unique association is trivially made between taxonomy news and node3 and the computation terminates.

It should be noted that the formulation of our ambiguity resolution problem is different from weighted graph bipartite
matching algorithms. Techniques for maximal matching on weighted bipartite graphs, for instance the Hungarian Algorithm
[57], optimize the sum of the edge weights in the matching. However, we are interested in a maximalunambiguousmatching
which may not correspond to the solution returned by the optimized bipartite matching problem. Our notion of unambiguity
places more importance to an edge between a partition node uniquely matched by a concept node even if its weight, as
determined by likelihood values, is low.

3 Practice

3.1 Semantic Bookmarks

Hand-held mobile devices such as PDAs and cell phones, with browsers and processors embedded in them, are becoming
popular as Web browsing gadgets “on-the-go”. However, their limited display size forces users to scroll tediously using
various buttons to view the desired content. This makes browsing with hand-helds a tedious and fatigue-inducing task.
Hence, adapting Web content so as to make browsing with hand-helds more ef�cient is an important problem that has been
drawing serious research attention.

Initial approaches to adapting Web content onto hand-helds[11, 38, 40] placed the burden on content providers to
script Web pages speci�cally for such limited display devices. More recent techniques [13, 15, 19, 69] propose heuristics
for adapting the content of the entire Web page into hierarchical structures summarizing the content. While they are quite
effective for exploratory browsing, there are many scenarios where the user repeatedly needs targeted data from speci�c
Web sites. Such periodic revisits usually signify the user's interest in certain speci�c content in these pages – e.g. the user
may periodically browse news portals to read breaking news.In such situations, adapting the content of the entire Web page
will require the user to repeatedly and needlessly navigatethe summary structure. On the other hand delivering focused
content constituting only the desired fragment of an entirepage to hand-helds obviates the need for needless scrolling
thereby reducing stress and fatigue.

Bookmarks provide the user with direct access to pages containing speci�c, highly targeted content of interest. Tradi-
tionally, creating a bookmark amounts to saving the URL of the page while retrieval fetches the entire page. However, for
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adapting this operational aspect of bookmarks to hand-helds with limited display one has to focus exclusively on the target
content. This requires associating with the bookmark both the URL of the page as well as extraction expressions that when
applied to the page will retrieve the desired content. Such expressions can be realised usingsyntacticcues surrounding the
target content in a page. However, syntactic expressions are learned per page and are also brittle to structural variations in
the page. Thus, they are not only dif�cult to scale across pages but are also hard to maintain over time.

We can overcome the above limitations using the notion ofsemantic bookmarks. A semantic bookmark associates
content segments in Web pages, even from different Web sites, with a “concept” from an application domain. In Figures
6(a), the rectangular portion on the leftmost column is an instance ofTaxonomynews while the elliptical portion is aMajor
Headlinenews instance. Note the similarity in content presentationbetween Figure 6(a) and Figures 1(a) and (b). For the
end user, creating a semantic bookmark amounts to merely highlighting concept instances in a set of Web pages. Retrieval
of a semantic bookmark, on the other hand, means not only extracting the concept instances from the Web pages used to
create it but also from any page in any other site (speci�ed bythe user) where the concept can occur. For example, if the user
creates the semantic bookmark ofMajor Headlinenews from the front page of New York Times (Figure 1(a)) then it should
be possible to retrieve headline news items from Los AngelesTimes front page (Figure 6(a)) also using this bookmark even
though Los Angeles Times was not used for creating the bookmark. Observe that in contrast to syntax-based solutions,
semantic bookmark extends to all those pages across sites with similar content semantics, i.e. it is scalable. The principles
of semantic annotation, described in the previous section,have been directly applied to realise semantic bookmarks [52]
on hand held devices. Figure 6(b) shows the major headlines news fragment of the Los Angeles Times front page on a
PocketPC hand-held.

3.2 Semantic Wrappers

Semantic bookmarks are used to model large homogeneous chunks of content. However, often there is a need to extract
�ne-grainedinformation from Web pages such as retrieving stock prices,news stories, product descriptions and their prices,
etc. This is especially true for e-commerce applications. Wrapper-based techniques have been used for such �ne-grained
information extraction from Web pages. However, due to their page-speci�city and syntactic nature, wrappers are dif�cult
to scale across pages and are brittle to structural variations in the page source.

The principles behind our learning-based annotation technique can be applied to designsemantic wrapperswhich can
overcome the aforementioned problems. In our problem formulation, data extracted by a semantic wrapper is regarded as
an attribute value instance of a semantic concept. For example, to extract the restaurant names, addresses, and descriptions
from the page fragments of LA-Weekly and Zagat Review shown in Figure 7 we have to de�ne aRestaurantconcept
with attributesTitle, Address, andDescription. Given a Web page, our technique automatically organizes itinto a logical
structure consisting of related content elements grouped into segments. Logical structures of a set of training Web pages,
with manually labeled segments containing concept and attribute instances, are used to learn statistical models of concepts
and their attributes. The feature space includes words present in the content as well their presentational aspects. For
instance, observe from Figure 7, a feature which captures the capitalization of words is representative of restaurant names.
When the wrapper is launched the corresponding Web page is retrieved and organized into logical segments. The segment
corresponding to the concept instances are identi�ed usingthe concept models and its attribute instances are located and
extracted using the attribute models. Due to the use of content features for concept and attribute identi�cation, semantic
wrappers can be scaled across pages with similar content semantics. For instance, a wrapper for extracting restaurant
descriptions learned from LA-Weekly reviews shown in Figure 7(a) will also be able to extract descriptions from Zagat
reviews in Figure 7(b).

The feature space for semantic wrapper learning consists ofunstructured features, described in Section 2.2, andsyn-
thetic features. Like structured features, synthetic features also model presentational constraints on the content. However,
unlike structured features, the constraints are not on HTMLpresentational attributes such as link, text, and images but in-
stead on the characteristics of words and letters in the content. For instance, the featureContainsDigitschecks if the text
contains any digits or not. Similarly, the featuresAllCapitalsandNumWords0 10 check for capitalization of all the words
and word count between0 and10, respectively, in the text. Synthetic features are useful for characterizing short pieces
of text such as restaurant names, book titles, etc. The valuenf i ;p of a synthetic featuref i in a partition nodep is 1 if the
constraint is satis�ed in the content associated withp. Otherwise,nf i ;p is 0.

Since synthetic features are boolean, we develop the concept models with separate distributions for unstructured and
synthetic features. For test partition trees, the probability P(cj jp) of a nodep being an instance of conceptcj is de�ned as:

P(cj jp) = P(cj jFu ; Fs) = P(cj jFu ) � P(cj jFs)
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Figure 7: (a) LA-Weekly restaurant fragment, and (b) Zagat Review restaurant fragments

whereFu andFs are the sets of unstructured and synthetic features respectively in nodep, and we assume independence
between these two feature sets. Assuming an uniform distribution forP(cj ):

P(cj jp) / P(Fu jcj ) � P(Fs jcj )

As before, we use a multinomial distribution to model the likelihood for unstructured features. A binomial distribution is
used to model the likelihood of synthetic features:

P(Fs jcj ) =
i = jF s jY

i =1

P(f i jcj )n f i ;p � (1 � P(f i jcj )) 1� n f i ;p

wherenf i ;p is 1 if the feature is present and0 otherwise.
Training sets with manually labeled instances of concepts and attributes are used to learn the concept and attribute

models. These models are used to identify instances in partition trees of test Web pages. Instances of concepts are identi�ed
using the technique of candidate generation and ambiguity resolution described in Section 2.4. Within this concept instance
node, the attribute models are used to identify their instances. A maximum likelihood approach does not often suf�ce for
attribute identi�cation due to the sparseness of their content as well as relatively close similarities. We develop athreshold
based technique for more precise attribute identi�cation.The technique is based on the observation that a threshold onthe
relative deviation in the likelihood values from a mean is a good indicator of an attribute instance.

The thresholds are learnt using a hold-out set, roughly one-tenth, from the set of original training pages. The models
for each attribute are trained from the non hold-out portionof the training set. Given an attributeai , we de�ne relative
deviationDeva i as:

Deva i = ( I i � � i )=� i

where� i is the mean over the likelihood values ofai for all nodes in the hold-out set present within concept instance nodes
andI i is the mean over the likelihood values ofai for nodes which are its actual instances present within concept instance
nodes in the hold-out set. During testing, a noden within a concept instance is identi�ed as an instance ofai if:

(Vn i � �
0

i ) > Dev a i

whereVn i is the likelihood value ofai for n and�
0

i is the mean over the likelihood values ofai for all nodes within the
concept instance node. The node with the maximum deviation is taken as the attribute instance if multiple nodes satisfy the
Deva i threshold.
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News
Portal

Major
Category
News

Taxonomy
News

Headline
News

P A P A P A
New York Times X X X X X X

CNN X X X X X X
Washington Post X X X X X X

Zdnet X � - - X X
CNet X � - - X X

Citizen Online X - X X X -
Sun Suntinel X - X X X -

San Antonio News X - X X X X
USA Today X X X - X X

ETaiwan News X X X - - -
Financial Times X X X X X X

ABC News X X - - X X
MSNBC X - X � X X

Houston Chronicle X X X X X �
Chicago Sun Times X - X X X X

Yahoo News - - X - X X
Telegraph India X X X � X -
Independent UK X X X X X �

Los Angeles Times X X X X X �
Capital Times X X X X X X

Total 19
X = 12

17
X = 12

19
X = 13

� = 2 � = 2 � = 3
Recall (%) 63.16 70.59 68.42

Precision (%) 85.71 85.71 81.25

University
News Taxonomy

P A P A
Columbia X X X X
Rutgers X X X X

Queens College X X X X
Univ of Minnesota X - X -

NCSU X X X X
NYU X X X X

Southern Methodist X - X X
Stanford X - X X
UIUC X - X �

Virginia Polytechnic X X X X

Total 10
X = 6

10
X = 8

� = 0 � = 1
Recall (%) 60.00 80.00

Precision (%) 100.00 88.89
(b)

Travel
Site

Deals Taxonomy
P A P A

Expedia X X X X
Hotwire X - X X
Orbitz X X X X

Priceline X X X X
Yahoo Travel X � X X

Total 5
X = 3

5
X = 5

� = 1 � = 0
Recall (%) 60.00 100.00

Precision (%) 75.00 100.00
(a) (c)

Table 1: Experimental results on (a) News sites, (b) university home pages, and (c) travel sites

4 Evaluation

4.1 Semantic Annotation

We implemented a prototype system based on the techniques described in this paper. For our preliminary experiments
we picked: (i)the news domain with (commonly occurring) conceptsmajor headlines, category, andtaxonomy news; (ii)
university portals with conceptsuniversity-related newsanduniversity-related taxonomy; (iii) travel portal with concepts
hot dealsandtravel-related taxonomy.

Each Web page was transformed into an unlabeled partition tree via structural analysis. The weighted (structured and
unstructured) features were extracted at every node in thistree. For training we picked the home pages of New York Times
and CNN for the news domain, the home pages of Columbia and Rutgers University for the universities domain, and the
home page of Expedia for the travel domain. The concepts appearing in these example pages were manually identi�ed and
accordingly labeled. Thetnbr andtchld thresholds were computed by analyzing the likelihood values of the subtrees of the
children and siblings of nodes labeled as concept instancesin the partition trees of the example pages. The trained models
were used to detect concept instances in all of the remainingpages in our data set. The results are summarized below.

Table 1 summarizes the recall/precision �gures over these three domains. AX in the P (Present) column indicates
presence of a concept while� denotes it's absence. AX in the A (Annotation) column indicates correct identi�cation while
� and� denote incorrect and no identi�cation respectively. All identi�cations were manually validated. Recall (yield of
annotation) is de�ned asX A

X P
while precision (accuracy of annotation) is de�ned asX A

X A + � A
.

The consistent presentation of taxonomic concepts across web sites is re�ected in their high recall values. On the other
hand the concepts major headlines, university news, and travel deals exhibit, to some degree, varying presentations from
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Figure 8: (a) Effect of Feature Extraction on Performance (b) Effect of Bipartite Resolution on Performance

site to site and hence suffer from low recall values. Structural features play a dominant role in identifying major headlines
and university news concepts. The high recall/precision for these concepts validates the importance of structural features.
These results appear to indicate that our ideas on feature extraction, learning statistical models, and concept detection can
be seamlessly blended together to identify concept instances with high recall/precision.

In our experiments we measured the impact of using the mix of unstructured and structured features, and the effect of
ambiguity resolution on recall and precision. We combined recall and precision metrics into a single measure, namely, the
f-measureby taking their harmonic mean. The results of these experiments, for all the concepts in the three domains, are
summarized in Figure 8(a) and (b) respectively.

Figure 8(a) shows that the mix of structured and unstructured features (shaded bars) is signi�cantly superior to using
only words as features (checkered bars). In the travel domain suggestive words like “travel”, “hotel”, “cars”, etc. suf�ce
to identify taxonomic instances. Hence words alone as features are adequate. In the news domain quite a few critical
words (e.g. “business”, “national”) appear in both categoric and taxonomic concepts causing ambiguity. So structural
features, capturing the different presentation styles of these concepts, become necessary for disambiguation. In Figure 8(b),
the checkered bars represent performance when only the maximum likelihood node is used for identi�cation. Observe the
signi�cant improvement with ambiguity resolution especially in the news domain where high degree of ambiguity is present.

4.2 Semantic Bookmarks

The objective of our experiments was to compare semantic bookmarking against normal browsing for focused content re-
trieval in hand-held devices. To this extent, we have concentrated on aquantitativeassessment of our semantic bookmarking
technique. We measured two metrics – time and I/O gestures (pen taps) users need to complete a set of focused browsing
tasks with and without semantic bookmarking. These metricswere measured in a PocketPC emulator which simulates a
hand-held browsing environment. Instead of a pen or a navigation button, users perform the vertical and horizontal shift
operations in the emulator browser with mouse clicks on the emulator button. Figure 6(b) shows such an emulator.

Concept instances are identi�ed in training pages by manually navigating their partition trees and locating the cor-
responding nodes. The test Web pages used in the desktop experiment were loaded up into the emulator environment.
In addition the content of the concept instances identi�ed by our learning algorithm were converted into HTML. Images
present in the original Web page were preserved in the HTML conversion while scripts were removed. This HTML conver-
sion corresponds to retrieving the semantic bookmark and rendering it on the hand-held's Web browser.

Both the test Web page as well as the bookmarked content extracted from the test page were loaded into the PocketPC
emulator. Evaluations were conducted on these loaded pages.
Subjects, Domains, and Tasks:We used10 subjects as evaluators. The subjects were chosen based on their familiarity
with handheld devices. Each of them had used at least one handheld device, usually a cell phone, for over a year. All the
subjects were computer science graduate students who were comfortable with our test setup.

We selected the news domain and the travel domain for evaluation. These two domains possess dynamic content and
are also quite popular among Web users. Prior to the experiment, the subjects were made familiar with the layout of the
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New York
M1

On what did counter-terrorism
C1

Is British Open being
Times of�cials blame 9/11? discussed in Sports?

CNN M2
Who is the Iraqi police

C2
Is AT&T Wireless being

brigadier general? discussed in Business?
Washington

M3
Where was the Taliban

C3
Is Martha Stewart

Post suspect imprisoned? being discussed in Business?
Financial

M4
Why did Clarke blame

C4
Is IBM being

Times Bush for dereliction of duty? discusse in Business?
Houston

M5
What will Texas roadsides turn

C5
Is Disney being

Chronicle into in May and why? discussed in Business?

Independent M6
What did the leader of

C6
Is Harmison being

the train drivers union say? discussed in Sports?
Los Angeles

M7
How old was Frank Del Olmo

C7
Is Dean being

Times when he died? discussed in Sports?
Capital

M8
What did Doug Moe

C8
Who struck

Times stumble upon? work?

- M9

Summarize the Iraq war news

C9

Summarize Baseball news
from CNN, Los Angeles Times from Sports in New

New York Times, and York Times, Capital Times,
Washington Post and Washington Post

- M10
What is every Major Headline on?

C10
Count all the articles
in Category News

Table 2: (a) Major Headlines News Concept Questions (b) Category News Concept Questions

content in the pages chosen in the two domains. This conformsto the notion that that users bookmark content from familiar
and frequently visited pages.

Subjects were given a questionnaire and their task was to answer it w.r.t the information content in test page and
the bookmarked content loaded in the hand held. The tasks were divided into three categories with increasing levels of
dif�culty:

� Answering questions from single Web pages.

� Answering questions that require comparing information from a set of Web pages.

� Answering questions that require exhaustively reading theretrieved bookmark from all of the Web pages.

The motivation behind this gradation of tasks was to evaluate the effectiveness of semantic bookmarking for comprehending
information not just from a single page but from a collectionof pages in the same domain.

We used the front pages of8 news portals as the test set for our experiments on the news domain. In each of these pages,
we identi�ed two semantic conceptsMajor Headlines NewsandCategory News. The content in these concept instances are
very dynamic in nature and as such are suitable to be bookmarked. Two front pages, one each from New York Times and
CNN, were used for training purposes4. Table 2 shows the tasks for the concepts in the news domain. The �rst column in
each concept's table corresponds to the task number, while the second column is a news site, and the third column is the
question which has to be answered from the front page of that site in the test set. The �rst8 tasks for both the news concepts
are single page questions, while question9 compares four Web pages, and the last question is exhaustivein nature.

The front pages of Expedia, Priceline, and Orbitz were used for evaluation in the travel domain. The semantic concept
of Travel Deals, which shared the dynamic content nature of the news concepts, was used for bookmarking. An Expedia
front page was used for training this concept. Figure 9(a) shows the tasks in the travel domain for this concept. Questions
D1; D2, andD3 are single page questions, whileD4 is across pages, and answeringD5 requires exhaustive enumeration
of all the deals in all the three pages.

4The pages used in the test set for these two sites were different from the training pages.
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D1 Expedia Is there a deal to Florida?
D2 Orbitz Is there a deal to Florida?
D3 Priceline Is there a deal to Florida?

D4
- What is the cheapest deal

to Florida among Expedia
, Orbitz, and Priceline?

D5 - How many deals there are?
(a)

Web Deals
Page Pen Taps Time (secs.)

No Bk. Bk. % Red. No Bk. Bk. % Red.
Expedia 16.2 5.1 68.52 30.8 14.6 52.60
Orbitz 30.1 3 90.03 41.3 17.8 56.90

Priceline 21.1 5.4 74.41 34.2 12.5 63.45
(c)
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Figure 9: (a) Travel Deals Concept Questions (b) Pen Taps andTime required, with and without Semantic Bookmarks,
for answering Questions D1 to D4 (c) Pen Taps and Time required, with and without Semantic Bookmarks, for answering
Question D5
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Figure 10: Time taken, with and without Semantic Bookmarks,for answering the questions in (a) Major Headlines News
Concept, and (b) Category News Concept

Each subject was required to answer all the20questions from the news domain as well as all the5 questions from the
travel domain. In order to smooth the effect of the order of experimentation, each of5 randomly chosen subjects answered
the questions �rst with and then without semantic bookmarking. The remaining5 subjects carried out the experiments in
the reverse order. Moreover, for each subject, a time gap of7 days was observed between answering the �rst and second
sets of questions. Since we did not discern any noticeable difference between the two groups of subjects, i.e. those who
evaluated �rst with semantic bookmarks and those who evaluated �rst without semantic bookmarks, the results shown in
the following subsections are averaged over all the10users.
Results on Time:Figures 10(a) and (b) show the time taken, averaged over all the10subjects, to accomplish the �rst nine
tasks in theMajor Headlines NewsandCategory Newsconcepts respectively. In both the �gures, the shaded bars correspond
to time taken without semantic bookmarking while the checkered bars correspond to time with semantic bookmarking of
the corresponding concept. The numbers do not include the time taken to load up the pages in the emulator browser since
we were concerned only with comparing the information comprehension times between the two approaches. For the same
reason, the numbers do not include the (insigni�cant) time required to compute the semantic bookmark also.

Observe the signi�cant decrease in time with the use of semantic bookmarking for both the concepts. For theMajor
Headlines Newsconcept this decrease ranges from84:36% in M 5 to 2:2% in M 4 with an average decrease of47:37%
over the �rst eight tasks. In theCategory Newsconcept this decrease ranges from89:22% in C4 to 6:25% in C7 with
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Figure 11: Number of Pen Taps required, with and without Semantic Bookmarks, for answering the questions in (a) Major
Headlines News Concept, and (b) Category News Concept

Web Major Headlines Category
Page Pen Taps Time (secs) Pen Taps Time (secs)

NB B %R NB B %R NB B %R NB B %R
New York

16.2 4.0 75.3 32.5 12.9 60.31 29.4 14.6 50.34 54.5 35.9 34.13
Times
CNN 7.7 2.0 73.9 10.3 5.0 51.5 16.7 5.4 67.7 28.6 17.6 38.4

Washington
20.0 9.4 53.0 39.1 22.6 42.2 19.1 6.0 68.6 40.1 17.1 57.4

Post
Financial

17.3 8.6 50.2 41.3 23.1 44.1 15.1 3.8 74.8 26.8 12.2 54.5
Times

Houston
25.1 3.9 84.4 50.7 23.9 52.9 14.3 10.2 28.7 31.6 25.0 20.9

Chronicle
Independent 10.4 4.0 61.5 19.0 9.1 52.1 14.0 4.3 69.3 21.8 12.8 41.3
Los Angeles

18.6 9.9 46.7 30.8 19.4 37.0 24.7 11.5 53.4 45.6 26.2 42.5
Times
Capital

21.7 4.0 81.5 27.5 10.9 60.4 17.8 9.0 49.4 21.8 13.3 39.0
Times

Table 3: Exhaustive Question (M10 and C10) for News Domain Concepts

an average decrease of46:53%overC1 to C8. For the cross page questions,M 9 andC9, there are decreases of69:80%
and67:77%in time respectively. The decrease in times, for both the concepts, varies between sites due to the difference
in layout styles among them. Thus, while the layout of major headlines news in Financial Times (M 4) facilitates easy
browsing even without semantic bookmarking, the complex layout of the Houston Chronicle major headlines news (M 5)
provides evidence of the usefulness of semantic bookmarking. For most of the tasks in Figures 10(a) and (b), theCategory
Newsconcept times are less than the corresponding times inMajor Headlines News. This is due to the organization of
category news into subcategories which makes information access easier. The time portions in Table 3 show the effect of
semantic bookmarking for the exhaustive questionsM 10 andC10. Averaged over all the eight sites, the decreases in time
are50:05%and41:02%for Major Headlines NewsandCategory Newsrespectively.

Similar decreases in time are also observed for the tasks related to theTravel Dealsconcept in the travel domain
as shown in Figure 9(b) and (c) (time portions). The increased average decrease in time overD1, D2, andD3, 84:5%,
compared to the news domain is due to the very complex layout of information with forms and search boxes in travel front
pages.
Results on I/O:Figures 11(a) and (b) show the decrease in I/O gestures, i.e.pen taps, averaged over all the10subjects with
the use of semantic bookmarking in the news domain. ForMajor Headlines News, this decrease ranges from94:32%in M 5
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Web
Page

Total HTML + Img. HTML Major Headlines Category
(KB) (KB) (KB) (KB) % Red. % Red. (KB) % Red. % Red.

New York
186.5 184.9 71.2 4.5 97.55 93.64 14.2 92.32 80.07

Times
CNN 200.9 133.2 52.9 7.1 94.67 86.60 14.9 88.80 71.84

Washington
439.7 416.9 97.9 118.5 71.57 - 29.7 92.87 69.66

Post
Financial

194.2 121.4 53.3 43.1 64.54 19.19 13.2 89.09 75.18
Times

Houston
227.0 186.5 69.1 34.3 81.64 50.43 9.2 95.06 86.67

Chronicle
Independent 85.9 72.4 25.9 2.3 96.88 91.26 4.4 93.89 82.88
Los Angeles

139.7 104.1 80.0 23.3 77.58 70.83 20.1 80.66 13.77
Times
Capital

106.0 100.1 18.9 4.1 95.90 78.30 70.9 29.16 -
Times

Table 4: Bandwidth Savings from Semantic Bookmarks in the News Domain Pages

to 9:52%in M 7 with an average decrease of63:11%over the �rst eight tasks. Similarly, forCategory Newsthe decrease
ranges from92%in C4 to 22:53%in C7 with an average decrease of62:78%overC1 to C8. The cross page questions,
M 9 andC9, have decreases of77:34%and74:94%respectively. Table 3 shows the decrease in pen taps for the exhaustive
questionsM 10 andC10. Averaged over all the eight pages, there are decreases of65:86%and57:78%for M 10andC10
respectively.

The average decrease in pen taps for theTravel Dealsconcept, as shown in Figure 9(b), overD1, D2, andD3 is around
91:87%. Similar decrease in pen taps are also observed for the crosspage questionD4 and the exhaustive questionD5 as
shown in Figure 9(b) and (c) respectively.
Results on Bandwidth: In a mobile hand-held environment, the bandwidth of the wireless network poses constraints on
the amount of data that can be transmitted. Table 4 summarizes our �ndings on the bandwidth savings which could be
accomplished by the use of semantic bookmarks. The �rst column in Table 4 indicates the front page of the Web site, the
second column shows the total number of bytes including images, scripts, and plain HTML for that page, the third column
(C3) shows the total number of bytes without scripts, and the fourth column (C4) shows the total number of bytes without
images and scripts. The �rst column (C5) in each news concept shows the number of bytes, including images but excluding
scripts, for that concept instance in the corresponding Webpage. The second column in each news concept shows the %age
reduction ofC5 overC3 while the third column shows the %age reduction ofC5 overC4. Observe the signi�cant reduction
in bandwidth in most of the pages and across both the conceptseven when semantic bookmarks with images is compared
to original Web page without images. This indicates the utility of semantic bookmarking, from a hardware perspective, for
focused repetitive browsing activities.

4.3 Semantic Wrappers

Semantic Wrapper Learning: We evaluated semantic wrappers on two datasets: (a) the LA-Weekly Restaurants and
Zagat's Guide from the RISE dataset5 and (b) Book pages from Amazon and Powell Web sites.

The LA-Weekly dataset contained28 HTML restaurant pages, each containing multiple records, while the Zagat's
Guide dataset contained91 HTML pages each with a single restaurant item. We de�ned a semantic concept ofRestaurant
with the attributesTitle, Description, andAddressfor wrapping restaurant names, descriptions, and addresses. Table 5(a)
shows the extraction results with training from Zagat Reviews and testing on LA-Weekly while Table 5(b) shows results in
the opposite direction. The columnsT, I , andC respectively denote the total number of instances of the attribute present,
the number of instances identi�ed by the wrapper, and the number of instances correctly identi�ed by the wrapper. The
�rst column T r denotes the number of training pages used to learn the wrapper. Precision (P r:), C

I , and recall (Re:), C
T ,

5http://www.isi.edu/info-agents/RISE/index.html
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Tr
Title Description Address

T I C Pr. Re. T I C Pr. Re. T I C Pr. Re.
10 159 57 48 84.21 30.18 159 155 133 85.81 83.65 159 105 100 95.24 62.89
30 159 44 40 90.91 25.15 159 169 145 85.80 91.19 159 123 118 95.93 74.21
60 159 45 43 95.56 27.04 159 170 147 86.47 92.46 159 123 120 97.56 75.47
89 159 49 47 95.92 29.56 159 176 154 87.50 96.86 159 122 118 96.70 74.21

(a)

Tr
Title Description Address

T I C Pr. Re. T I C Pr. Re. T I C Pr. Re.
7 91 79 79 100 86.81 91 76 76 100 83.52 151 104 104 100 68.81
14 91 85 85 100 93.41 91 86 86 100 94.51 151 107 107 100 70.86
21 91 91 91 100 100 91 88 88 100 96.70 151 111 111 100 73.51
28 91 91 91 100 100 91 91 91 100 100 151 121 121 100 80.14

(b)

Table 5: (a) Training on Zagat Reviews and Evaluating on LA-Weekly Restaurants (b) Training on LA-Weekly Restaurants
and Evaluating on Zagat Reviews

Tr
Title Author

T I C Pr. Re. T I C Pr. Re.
4 76 76 76 100 100 76 76 76 100 100
6 76 76 76 100 100 76 76 76 100 100
10 76 70 70 100 92.10 76 76 76 100 100

(a)

Tr
Title Author

T I C Pr. Re. T I C Pr. Re.
4 200 153 153 100 76.50 200 200 200 100 100
6 200 176 176 100 88 200 200 200 100 100
8 200 190 190 100 95 200 200 200 100 100

(b)

Table 6: (a) Training from Amazon and Evaluating on Powells (b) Training from Powells and evaluating on Amazon

were measured to evaluate the effectiveness of our technique. Note that, while precision of extraction is high for all three
attributes in Table 5, the recall forTitle is low. This is because a synthetic feature such asAllCapitalLetterswhich checks for
capitalization of all letters in every word was not used in this experiment. When this feature is not needed, as in Table 5(b),
the recall is considerably higher. Observe from both Table 5(a) and (b) and the uniformly high precision and the increasein
recall with more training.

The Book dataset contained10pages from Amazon.com with a total of200records and8 pages from Powells having
76 records in all. A conceptBookwith the attributesTitle andAuthor was de�ned to wrap the data. The only synthetic
feature used in this domain wasNumwords0 10which denotes whether a text has between0 to 10words or more. Table 6
shows the results in this domain. Observe again the high precision and recall values in both the tables.
Semantic Wrapper Maintenance:In order to evaluate the effectiveness of content semanticsin maintaining wrappers over
time, we collected historical pages of5 sites from the Internet Archive6, trained semantic wrappers for each of them, and
evaluated the wrappers on current version pages of these sites. All the current version pages are signi�cantly structurally
different from the training history pages.

Table 7 shows the results of the experiment. The columnsT r:P andT r:R denote the number of training pages and
the total number of records in them respectively whileT s:P denotes the number of test pages. Titles and authors were
extracted from Amazon and Powell pages while titles and prices were extracted from the BestBuy, Of�ceMax, and Walmart
pages. The synthetic feature used in the �rst two datasets was Numwords0 10 while the featuresContainsDigitsand
ContainsDollarwere also used in the remaining three datasets. The high precision and recall of extraction demonstrates the

6http://www.archive.org
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Site Tr. P Tr.R Ts.P Title Author Price
T I C Pr. Re. T I C Pr. Re. T I C Pr. Re.

AmazonBooks 10 100 10 100 104 89 85.58 89.00 100 104 88 84.61 88.00 - - - - -
Powell Books 10 100 15 150 152 147 96.71 98.00 150 152 150 98.68 100.00 - - - - -

BestBuyComputers 3 12 5 21 21 21 100.00 100.00 - - - - - 13 21 13 61.90 100.00
Of�ceMax Copiers 3 30 5 50 43 43 100.00 86.00 - - - - - 50 50 50 100.00 100.00
Walmart Cameras 2 7 6 79 74 74 100.00 93.67 - - - - - 72 72 72 100.00 100.00

Table 7: Evaluating Wrapper Repair on 5 sites

effectiveness of semantics-based techniques for buildingrobust wrappers.

5 Related Work

The principal areas related to the problem addressed in thispaper are the works in partitioning Web pages into tree-like
structures, semantic analysis of Web content, and wrapper-based targeted data extraction from Web pages. The relationship
to work in content adaptation for mobile hand-held devices as well as text categorization techniques and schema matching
is also described in this section.
Partitioning: Web page partitioning techniques have been proposed for adapting content onto small screen devices [10,
12, 13, 14, 15, 19, 48, 75], content caching [61], Web page cleaning and data mining [7, 73, 74], Web search [76], schema
extraction [21, 72], and displaying content in a browser [50]. Unlike our approach, these works do not associate content
semantics with consistency of presentation style and spatial locality – the key to inferring the logical structure of a page
organized around its content semantics. Semantically related items are more accurately identi�ed and aggregated together
at various levels of granularity by content analysis based on this idea. Learning salient features of partitions constituting
such aggregated items enables users to create and retrieve succinct semantic bookmarks which precisely correspond to
the desired content. The idea of learning features of Web page segments was recently explored in [66]. Apart from the
difference in the application scenario – data cleaning in [66] against our semantic annotation – their learning settingdoes
not utilize the presentational aspects of the content. The work in [64] explored using the visual placement of links on Web
pages as a feature in classi�cation. But the fundamental difference between our work and all the above works is that we
tightly integrate the logical structure of Web pages with feature learning. It is this tight coupling that facilitates identi�cation
of the more distinguishing characteristics of concepts thereby leading to the creation and retrieval of semantic bookmarks
with a high degree of precision.
Semantic Web:Recently, a number of research works related to enabling theSemantic Web by enriching Web documents
with semantic labels have been reported. In [33, 34, 35, 39] powerful ontology management systems form the backbone of
tools that support interactive annotation of almost any HTML document. In [25], a system for bootstrapping the Semantic
Web is discussed whereby a large knowledge base is used to create an initial corpus of annotations. In their vision, this
initial corpus would spur semantic web application development which in turn would encourage content providers to create
more annotations. [32] describes an approach where domain ontologies are used alongwith classi�ers and extractors for
semantic annotation. While the types and features of metadata extracted in [32] is considerably richer than [25], the system
still depends on ontological support for their complete identi�cation. Similarly, [58] describes a linguistic analysis based
technique for automatic annotation with respect to a given domain ontology. In contrast to these, our focus is on ascalable
annotation framework where the model of a semantic concept,learned from training examples, is used to automatically
identify it's instances in new documents. Consequently, our framework does not depend on any extensive knowledge base
or ontologies to semantically annotate documents. Ontologies and knowledge bases have also been used for semantic
bookmarking via Semantic Web browsers [27, 59]. However, inthese systems, the user is con�ned within the concepts
de�ned in the associated ontologies. In contrast, use of machine learning facilitates creation ofpersonalizedad-hoc semantic
bookmarks. Such a degree of personalization not only gives users the �exibility to de�ne their own view of semantic
concepts but also provides them with a transparent workaround when a desired concept does not exist in the knowledge
base.
Content Adaption for Hand-held Devices:Initial efforts at adapting Web content onto hand-helds relied on WML (Wire-
less Markup Language) and WAP (Wireless Application Protocol) for designing and displaying Web pages [11, 38, 40].
That these approaches impose additional burden on Web page authors to create separate WML content, led to work on
automatic adaptation of normal Web content onto small screen devices (see [4, 12, 13, 14, 15, 17, 19, 37, 69, 75]). These
works have focused on organizing the Web page into tree structures and summarizing its content. In addition to the dif-
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ference in the partitioning technique (described above), the summary structures which they create are effective for ad-hoc
exploratory browsing but can cause needless navigation when an user is only interested in targeted content. Our seman-
tic bookmarking technique only presents the desired information and, consequently, mitigates browsing fatigue caused by
needless navigation.
Wrappers: Wrapper-based data extraction has been a widely researchedtopic (see [43] for a survey). They range from
hand-crafted and page speci�c rules for identifying and retrieving the object of interest [6, 31] to machine learning methods
dependent on HTML and other formatting instructions as in [5, 22, 47, 65] or pre-de�ned templates as in [16] to automated
wrapper learning systems [42, 36, 56, 55]. The work in [18] used pattern mining algorithms to detect examples and learn
extraction rules with more automation. Their approach of using regularities in document structure for pattern mining bears
resemblance to our technique. However, the extraction expressions learnt by all these works are syntactic and page-speci�c.
In contrast, semantic bookmarks and wrappers are resilientto structural changes. As long as the features associated with
the bookmarked concept are suf�ciently preserved in a Web page, the content corresponding to the concept instance in the
page can be retrieved. Moreover, the scope of semantic bookmarks and wrappers extend to pages drawn from different Web
sites that share a common application domain.

One of the earliest use of semantics in wrapper learning was in [28] where a technique for separating individual
records [29] was combined with extraction expressions speci�ed in domain ontologies. However, the record boundary
detection technique assigned pre-de�ned semantics to HTMLtags and expected content to be scripted in conformance to
them. Furthermore, the extraction expressions in the ontology were manually crafted. In contrast, our technique does not
depend on the semantics of particular HTML tags nor does it use manually crafted ontologies.

Recent work on wrapper induction have focused on the use of machine learning for record detection and extraction.
Similar to ours, some of these works are targeted for implcitly schematic Web pages. The works in [23, 8, 3] address
the problem of automatic schema learning of template-driven Web pages. In [44], record segmentation and identi�cation
techniques combining information from “list” and “detailed” Web pages, which respectively display list of records and
detailed information for individual records, were described. A non-probabilistic constrained optimization approach as well
as a probabilistic technique using a variant of hidden markov models were described. The work in [68] used a combination
of site-invariant and site-dependent features for semantics-based wrappers. Similarities in content presentation across sites
was also used in [78] for automated parsing of forms in Web pages. [78] formulates the problem as one of learning
preferential grammars which model the “hidden” syntax of forms. Preference relations are used to model the ambiguity
between different form structures while grammatical parsing helps in form understanding.

While the focus of all these works is similar to ours in addressing the problem of automated understanding of template
generated Web content, there are differences in techniques. The primary difference is that our technique, unlike the above
works, does not require acollectionof pages sharing a common schema to learn the template. Our partitioning algorithm
analyzes each page independently and, hence, requires lesseffort to scale across different sites. Furthermore, our work aims
at the semantic understanding of any template generated Webpage instead of specialized subsets such as tables in [44] and
forms in [78]. Even though [44] does not assume any speci�c interpretation of HTML tags, it relies on the organization of
content in tabular format and the relationship between listand detailed pages for semantic understanding. Semantic concepts
are modeled as statistical distributions in our work and could potentially be more scalable than non-stochastic approaches in
[3, 8, 23, 78]. The work in [77] is most similar to ours since itautomatically detects records in template-driven Web pages.
While we use semantic content in the text, [77] relies on visual cues and syntactic tree alignment for data extraction.

The susceptibility of wrappers to structural changes in source pages has been addressed in [20, 41, 45]. These works
�rst detect that a wrapper has broken, by analyzing changes in page structure or the information extracted, and then recti�es
the wrapper from manually provided or automatically identi�ed examples in the changed source. In contrast, our semantics-
based technique eliminates the need for wrapper veri�cation and re-induction. As long as the content semantics is not
drastically altered, the technique automatically extracts the correct information.
Text categorization and Topic Detection:Learning a concept model from training examples and using this model for de-
tecting instances in documents is closely related to work done on categorization techniques, including Bayesian approaches
[46, 49], and topic detection [2]. Excellent surveys on various text classi�cation techniques and their performances appear
in [62, 70]. The fundamental difference between the problemof semantic annotation and text categorization is that in the
former a single document can contain instances of multiple concepts while categorization assigns a single concept (class)
to the entire document. Consequently, unlike any work in text categorization, in the annotation problem we will have to
infer the presence of multiple concept instances in a singleHTML document. Moreover our work is also concerned with
inferring thelogical organizationof a HTML document – the concept hierarchy – which is not addressed in either text
classi�cation or topic detection. Another noteworthy point of difference is that text categorization methods do not exploit
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the (presentational) structure of a document for inducing features (see [71] for a survey on feature selection in text catego-
rization). We do not decouple the content of a document from it's structure and as our experimental results indicate sucha
coupling is critical for boosting the precision of concept identi�cation.

Partitioning documents into distinct segments is related to work on topic detection [2]. However, in contrast to typical
topic detection works on unstructured text, our techniquesanalyze semi-structured HTML documents where use is made of
their additional structural information.
Schema Matching:There has been signi�cant research, including learning-based techniques [24, 26], in schema integration
for querying heterogeneous XML data sources (see survey [60]) However, our technique works on HTML documents where
access to the underlying schema is not provided. Consequently, an important focus of our technique isdiscovering the
structureof the page which is fundamentally different from schema matching.

To sum, in contrast to most work, our framework uniquely combines structural analysis, feature extraction, and statis-
tical concept detection to assign semantic labels to HTML documents with a high degree of precision and scalability.

6 Discussions

We presented a learning-based technique for bootstrappinga process to semantically annotate schematic Web pages using
a set of labeled examples. The process is based upon discovering the logical organization of the content followed by
extracting salient features of semantic concepts and theiruse in a Bayesian setting to identify concept instances. In contrast
to ontology-based methods, our technique facilitates a more scalable and automated approach to semantic understanding of
content-rich Web pages.

Note that the use of content semantics for learning concept models is necessary even when the schema or template
of the document is provided. In the presence of knowledge of the schema, it is relatively straightforward to organize the
content of the page and will not require special algorithms for logical structure discovery. However, this organization is
purelysyntacticand is based upon the schema of the page. Thesemanticannotation of structured content still requires the
help of ontological domain knowledge or learning-based semantics.

Our framework allows different kinds of features to be used while modeling semantic concepts. Currently, we have
used unstructured, visual, and synthetic features as part of the framework. It would be interesting to investigate the use of
other kinds of features while evaluating the effectivenessof the technique on domains which are less structured than the
ones we have worked with. In particular, developing more relaxed notions of feature equivalence would help in coping with
differences in content presentation across sites in the same domain.
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