On Precision and Recall of M ulti-Attribute Data Extraction from
Semistructured Sources

Guizhen Yang

Department of Computer Science and Engineering

University at Buffalo
Buffalo, NY 14260-2000, USA
gzyang@cse.buffalo.edu

Abstract

Machine learning techniques for data extraction from
semistructured sources exhibit different precision and recall
characteristics. However to date the formal relationship be-
tween learning algorithms and their impact on these two
metrics remains unexplored. This paper proposes a formal-
ization of precision and recall of extraction and investigates
the complexity-theoretic aspects of learning algorithms for
multi-attribute data extraction based on this formalism. We
show that there is a tradeoff between precision/recall of ex-
traction and computational efficiency and present experi-
mental results to demonstrate the practical utility of these
concepts in designing scalable data extraction algorithms
for improving recall without compromising on precision.

1 Introduction

Numerous Web data sources, as illustrated in Figure 1,
present organized information about entities and their at-
tributes. For instance, each veterinarian service provider in
Figure 1 corresponds to an entity whose attributes include
the name of the service provider (e.g., “ABC Animal Hos-
pital”), the resident veterinarian who provides the service
(e.g., “John, DVM™), the address and phone number of the
service provider. Usually Web pages containing this kind of
information exhibit a consistent presentation style.

A common approach for extracting data from Web
sources is to build wrappers [1, 10, 20, 17, 13, 4]. Among
these assorted approaches learning-based extraction tech-
niques [13, 16, 4, 5] are becoming important since they ex-
hibit a high degree of automation and scalability. Extraction
based on learning techniques is a two step process. In the
first step, called labeling, examples of relevant data to be ex-
tracted from the source are supplied. This labeling step can
be either manual or completely automated. In the latter case
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Figure 1. A List of Services Web Page

an ontology, encoding knowledge of the data domain, ap-
plies an attribute identifier function (e.g., pattern matching,
keyword-based search) to locate an attribute’s occurrences
in the data source. In the second step the labeled examples
are used to automatically learn an extraction expression for
pulling out all the relevant data in the source.

1.1 Precision and Recall in Learning-Based Data
Extraction

Learning methods synthesize extraction expressions by
a process of generalization from the labeled examples and
so the set of attribute occurrences that they pull out will be
a superset of the labeled examples. Hence these methods
are said to increase recall*. But a problem here is that the
extraction expression may be too general and pull out incor-
rect attribute occurrences also, thereby losing precision?.

For illustration let us consider the following example:
Suppose “ABC Animal Hospital” and “XYZ Animal Hos-
pital” are supplied as two examples of the HospitalName

1Recall = —o7e X 100%, where ce is the number of entities extracted
correctly and te 1s the number of true entities not extracted.
2Precision = o X 100%, where ce is the number of entities ex-

tracted correctly and fe is the number of false entities extracted.
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Figure 2. DOM Fragment of Figure 1

attribute. In the DOM tree (see Figure 2) corresponding to
the Web page in Figure 1, the paths leading to the leaf nodes
containing these text strings are a-table-tr-td- font-b-p and
a-table-tr-td-p-b- font, respectively, where o represents the
path string from the root of the DOM tree to the table tag.
We can learn an extraction expression, specifically the regu-
lar expression Ey = a-table-tr-td- font*™ -p*-b-p*- font*,
from these two paths. If we execute E; as a path query
on the DOM tree, it will return the text string “Pets First”.
However, notice that the language® of E; also includes the
path string, « - table - tr - td - p - b, which terminates on
the leaf node “David, DVM”. But this is an occurrence of a
different attribute, DoctorName, in the schema. By extract-
ing such false positives an extraction expression’s increase
in recall can be compromised by a reduction in precision.

Observe that different extraction expressions can be
learned from the same set of examples. For instance, we
can learn another expression, s = « - table - tr - td - p* -
b* - font - b* - p*, from « - table - tr - td - font - b - p and
a-table-tr-td-p-b- font. The path string a-table-tr-td-p-b
is excluded from Es’s language. In fact none of the path
strings leading to the DoctorName attribute data will be rec-
ognized by F>. So E5 retains more precision than F;.

The above examples raises several interesting algorith-
mic questions: Can we design learning algorithms with-
out losing precision? What is the computational difficulty
of such algorithms? Are there tradeoffs between preci-
sion/recall and computational efficiency?

1.2 Our Approach

To the best of our knowledge a study of the complexity-
theoretic aspects of precision and recall of extraction and
their impact on the efficiency of learning extraction expres-
sions has not been explored in the literature. In this pa-
per we undertake such a study within the context of multi-
attribute data extraction. We introduce a novel formaliza-
tion of precision and recall of extraction that will serve

3The language of a regular expression is the set of strings recognized
by this expression.

as the formal model for analyzing an algorithm’s preci-
sion/recall characteristics.

In our model, extraction expressions are regular expres-
sions built using the concatenation (“-”) and the Kleene clo-
sure (“x«”) operators only. We call them Path Abstraction
Expressions (PAEs). To handle multi-attribute entities, we
associate one PAE with each attribute. When a PAE is eval-
uated on the DOM tree of a Web page, the leaf nodes whose

path strings match this PAE will be extracted.

To learn a PAE for an attribute we generalize from both
its positive and negative examples. The labeling step pro-
vides positive examples for each attribute. The set of nega-
tive examples for an attribute comprises the positive exam-
ples of all the other attributes. Based on the extent to which
false positives can be excluded from a PAE’s language, we
ascribe different quality measures to the PAEs learned (see
Section 2). Better quality PAEs eliminate more false posi-
tives and will therefore possess higher precision.

Our theoretical analysis shows, however, that learning
good quality PAEs can be computationally intractable. Con-
sequently, PAEs learned by practical heuristics often give
rise to ambiguity when they are used to extract multi-
attribute data. To this end, we model ambiguity resolution
as an algorithmic problem over bipartite graphs and develop
efficient algorithms for learning PAEs and resolving ambi-
guity. By combining domain knowledge (possibly encoded
in an ontology) with these algorithms we can improve re-
call without much loss in precision. The experimental re-
sults, obtained from running our algorithms over 194 dif-
ferent Web pages listing veterinarian service providers and
product descriptions, show that the overall recall achieved
ranges from 58% to 100% with almost no loss in precision.

The rest of the paper is organized as follows. Section 2
formalizes different notions of PAEs with different quality
measures. Complexity results on learning these classes of
PAEs are presented in Section 3. Heuristics for learning
PAEs and the algorithm for resolving ambiguity are also
presented in Section 3. Experimental results appears in Sec-
tion 4 and related work in Section 5. Finally, Section 6 con-
cludes this paper with future work.



2 Problem Formalization

A path abstraction expression (abbr. PAE) is like a regu-
lar expression but with two restrictions: (1) it is free of the
union operator (“|”); and (2) the Kleene closure operator
(“x™) can only apply to single symbols. The set of strings
recognized by a PAE, F, is denoted as L(E).

By disallowing the union operator (“|”) in the syntax
of PAEs, we can force generalization in the learning algo-
rithms. Otherwise, one can just compose a regular expres-
sion by concatenating all the input strings using the union
operator. Such techniques do not really capture any regular-
ity in the paths within a DOM tree.

Although we require that the Kleene closure operator
(“+") be applied to single symbols only, this does not really
impose any extra technical difficulty. We make this simpli-
fication just for the Web domain, since in reality it is very
rare that a consecutive sequence of tags would repeat itself
in the root-to-leaf paths of a DOM tree.

Definition 1 (Nonredundancy) Let S be a set of strings
and F a PAE such that £L(F) 2 S. We say that E is nonre-
dundant w.r.t. S, iff we cannot perform either of the fol-
lowing operations on E to obtain a new PAE E’ such that
L(E") 2 S: (1) Remove a symbol together with its Kleene
closure operator; (2) Remove from a symbol the Kleene
closure operator.

When L(E) 2 S, we will normally say that £ covers
or generalizes S. However, if E overgeneralizes then it will
produce more false positives. Note that if we can perform
either of the two operations in Definition 1 on £ and obtain
anew E’, then L(E') C L(E). Thus E’ should produce
less false positives in general. Therefore we require that one
should learn a nonredundant PAE from examples.

Notice that nonredundant PAEs do not say anything
about negative examples. To deal with negative examples
we introduce the following definition.

Definition 2 (Consistency) Let £ be a PAE, POS and
N EG two sets of strings. We say that E is consistent w.r.t.
(POS, NEG), iff L(E) 2 POS and L(E) N NEG = {).

In the above Definition 2, the strings in POS serve as
positive examples while those in NEG serve as negative
examples. Intuitively, a consistent PAE generalizes all pos-
itive examples but excludes all negative examples. There-
fore, extraction using consistent PAEs will have higher pre-
cision than nonredundant PAEs.

In practice we often need to extract multiple attributes
of an entity. Our goal is to learn a list of PAEs, one for
each attribute. Note that for any given attribute, the pos-
itive examples from other attributes will serve as negative
examples for this attribute. If for each attribute, we can

learn a consistent PAE that covers the positive examples of
this attribute but excludes all the positive examples of other
attributes combined, then we say that this list of PAES is
unambiguous w.r.t. the given list of sets of examples.

Definition 3 (Unambiguity) Given a list of sets of strings,
(S1,...,Sn), and alist of PAEs, (F4, ..., E,), we say that
(E4,...,E,) is unambiguous w.r.t. (Si,...,Sy), iff E; is
consistent w.r.t. (.S;, U#i S;)yforl <i<n.

However, even when a list of PAESs is unambiguous w.r.t.
examples, the languages recognized by these PAEs may still
overlap. Therefore, a more desirable, better quality is that
these languages are pairwise disjoint. If so, then we say the
list of PAEs is inherently unambiguous. Clearly, inherently
unambiguous PAEs are able to retain more precision than
those that are only unambiguous w.r.t. the given examples.

Definition 4 (Inherent Unambiguity) Let (Sq,...,S,)
be a list of sets of strings and (E4,...,E,) a list of
PAEs. We say that (E4, . .., E,,) is inherently unambiguous
w.rt. (S1,...,5,), iff L(E;) D S;for1 < i < n and
L(E)NL(Ej)=0for1<i<n,1<j<mn,andi# j.

We formally state our learning problems as follows.

Problem 1 (Consistent PAE) Given two sets of strings
POS and NEG, is there a PAE that is consistent w.r.t.
(POS, NEG)?

Problem 2 (Unambiguous PAEs) Given a list of sets of
strings, (S1,...,Sy,), isthere a list of PAEs, (E1, ..., E,),
that is unambiguous w.rt. (Sy,...,S,)?

Problem 3 (Inherently Unambiguous PAEs) Given a list
of sets of strings, (Si,...,S5,), is there a list of
PAEs, (E4,...,E,), that is inherently unambiguous w.r.t.
(S1,...,50)?

3 Computational Aspectsof Learning PAEs

3.1 Learning Nonredundant PAEs

Algorithm LearnPAE takes as input a set of strings (ST)
and returns as output a nonredundant PAE (F) which gen-
eralizes this set. In Line 2, variable E' is initialized with
the first positive example. In Line 3, the shortest com-
mon supersequence (SCS)* of the string stored in E and
the next positive example is computed and then assigned to
E. When the loop in Line 3 terminates, F stores a com-
mon supersequence for all the strings in S*. In Line 4, the
string stored in E is generalized to a PAE that covers S by
adding * on all the symbols in E.

4Supersequences of a string can be obtained by inserting zero or more
symbols into this string.




Algorithm LearnPAE(S ™)
input

ST : anonempty set of strings
output

E : anonredundant PAE which covers S+
begi
1. Leta; (1 <i<m)beastringinS+.
2. E= (51
3. for2<i<ndoFE=SCS(FE,«;)endfor
4. Puta = onall the symbols of E.
5. E = MakeNonredundant(F, St)
6. return E
end

Algorithm MakeNonredundant takes as input a PAE, F,
and a set, ST, of positive examples that E covers. Upon
termination it makes £ nonredundant w.r.t. ST. First, for
every symbol with a x in F, it is checked whether dropping
the symbol together with = results in a new PAE that still
covers ST. If so, then the symbol together with * is dropped
from E (Lines 4-7). If not, then it is checked whether drop-
ping only * from this symbol produces a new PAE that cov-
ers S*. If it does, then the x is dropped from the symbol
(Lines 9-10).

Algorithm MakeNonredundant(E, ST)
input
E : a PAE which covers S+
ST : anonempty set of strings
output
Q : anonredundant PAE which covers S+
egin
n = the number of symbols in E excluding =
Let z; (1 <1 < n) be the ¢-th symbol in E.
for 1 <i<ndo
if a * is attached to =; then
R = drop z; together with = from E
if R covers ST then
E=R
else
R = drop x* that is attached to z; from E

COoONoO~ONED

10. if R covers ST then E = R endif
11. endif

12.  endif

13. endfor

14. Q=FE

15. return @

end

We can show that the PAE, @, returned by algorithm
MakeNonredundant is nonredundant w.r.t. S*. Moreover,
the complexity of algorithm LearnPAE is polynomial time.

3.2 Learning Consistent and Unambiguous PAEs

Recall that a consistent PAE covers all positive exam-
ples but excludes all negative examples. Since algorithm
LearnPAE learns from positive examples only, the PAE that
it produces may not be consistent. It turns out that the com-
plexity of learning PAEs runs up very quickly once negative
examples must be taken into account.

Theorem 1 The consistent PAE problem is NP-complete.

Therefore, one has to resort to heuristics for learning
consistent PAEs. A simple heuristic is to first find a
distinguishing subsequence® of symbols which is present in
all positive examples but not in any negative example. If
such a distinguishing subsequence exists, then a consistent
PAE can be easily constructed. Here we omit details of this
heuristic due to want of space.

Our goal is to extract data values for multiple attributes
associated with a concept. This requires learning a list of
PAEs, one per attribute. The positive and negative exam-
ples used for learning a list of PAEs are obtained in the
same way as for learning consistent PAEs. To extract data
values from a source with high precision and recall, it is
desirable that this list of PAESs be unambiguous w.r.t. ex-
amples. However, this different learning problem also turns
out to be intractable in general.

Theorem 2 The
NP-complete.

unambiguous PAEs  problem s

From a computational viewpoint learning a list of PAEs
that is unambiguous w.r.t. examples amounts to requiring
that each PAE in this list be consistent. Therefore in prac-
tice we can repeatedly applying heuristics for learning con-
sistent PAEs to learn an unambiguous list of PAEs.

Finally, for an inherently unambiguous list of PAEs we
require that their languages be pair-wise disjoint. Such a
list of PAESs has the best precision and recall properties. Al-
though the computational complexity of this problem re-
mains open at this time, it can be shown that it is decidable.

Theorem 3 The inherently unambiguous PAEs problem is
decidable.

3.3 Resolving Ambiguity

Because learning an unambiguous list of PAEs is com-
putationally difficult, one has to resort to heuristics. Since
heuristics may not guarantee that all the PAEs learned are
consistent, ambiguity can occur when these PAEs are used
for extracting multi-attribute data. We now describe an al-
gorithm based on bipartite graphs that uses domain knowl-
edge to resolve ambiguity as much as possible thereby im-
proving recall while retaining high precision.

For simplicity we assume that record boundaries are al-
ready identified and so PAEs are applied to each entity block
in a DOM tree (see Section 4.1 for more details). In ad-
dition, for expositional convenience we also assume that
the attributes are single-valued. Extending the techniques
in this section to multivalued attributes is straightforward.

We say that a PAE matches an attribute value whenever
it accepts the path string terminating on the leaf node in a

5Subsequences of a string can be obtained by deleting zero or more
symbols from this string.



DOM tree which is labeled with this value. The ambiguity
resolution algorithm takes as input a list of PAEs (E) and a
set of data values (D) in an entity block and returns a set of
1-1 associations between attributes and data values. Each
data value consists of a text string and the path string in the
DOM tree that leads to this text string.

Our ambiguity resolution algorithm works in two steps.
First domain knowledge is used to resolve ambiguity. If a
data value D; has been identified by the ontology as the
value for an attribute A;, then the pair (A4,, D;) is added to
the set of associations for that record. The data value and
the corresponding PAE are deleted from D and E (note that
we assume all attributes are single-valued), respectively.

Algorithm BipartiteResolution(E, D)
input
E': alist of PAEs representing attributes
D : aset of strings representing data values in an entity block
output
A : aset of pairs in the form of (attribute,value)
egin
A=0
Let E; € E (1 <1 < n) be the PAE for attribute A;.
Leta; € D (1 < j < m) represent the data value D ;.
Create a bipartite graph G between E;’s and o;’s.
do
M=0
for 1 <7 <ndo
if degree(E ) =1 (edge(E;, o) € G for some a) then
={E;|j #i,edge(Ej, o) € G,degree(E;) = 1}
10. |fX—(Z)thenM—MU{E}end|f
11. endif
12.  endfor
13.  for each E; € M (there is only one edge(FE;, ay) € G) do
14, AZAU(Ai,Dk)
15. Remove all edges in G that are incident on a.
16.  endfor
17. while M #
18. return A
end

©COoONOORWONEDT

In the second step we derive more 1-1 associations be-
tween the remaining unresolved data values and PAEs us-
ing the algorithm BipartiteResolution. This algorithm first
constructs a bipartite graph in which the two disjoint sets
of vertices are E and D, respectively, and there is an edge
between E; € Fand «; € D if E; matches «; (Line 4).
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Figure 3. Bipartite Resolution

For instance, given the three records of the DOM tree in
Figure 2 with the first two records as examples, suppose for
HospitalName, DoctorName, and PhoneNumber the PAEs
learned are £y = table - tr - td - p* - font* - b- font™ - p*,

Ey = table - tr -td - b* - p- b*, and E3 = table - tr - td - p,
respectively. Let Dy, Dy, and D3 represent the data val-
ues (including their path strings) “Pets First”, “Tom”, and
“(123)555-3000" in the third record of the DOM tree, re-
spectively. Then E; matches D, and Dy, E5 matches Do
and Ds, and E3 matches D3 only. The bipartite graph cor-
responding to these matchings is illustrated in Figure 3(a).

If a PAE E; uniquely matches a data value «j and no
other PAE uniquely matches «, then we place a high confi-
dence on this matching and make a 1-1 association between
E; and oy, (Lines 7-12). We also remove all edges that
point to o, (Line 15). For example, in Figure 3(a), since F3
uniquely matches D3 the attribute PhoneNumber is associ-
ated with D3 and all edges leading into D3 are deleted. The
residual bipartite graph is shown in Figure 3(b).

The computation is repeated until it cannot derive more
1-1 associations. Continuing with the above example in
Figure 3(b), E> now uniquely matches Dy. Therefore, the
attribute DoctorName can be associated with D, and all
edges leading into Dy removed. In the final residual graph
there is only one edge between E; and D;. Hence the at-
tribute HospitalName can be associated with D;.

However, algorithm BipartiteResolution may not always
derive new associations. For example, given Figure 3(c),
the algorithm terminates without any new association.

4 Experimental Results

Here we describe our experimental evaluation of our the-
ories and techniques for extracting multi-attribute data. For
simplicity we assume that all records are flat (i.e., without
nested structures) and an attribute occurrence does not span
multiple leaf nodes in a DOM tree. In Section 6 we discuss
relaxing these two assumptions.

4.1 Experimental Setup

The following sequence of steps were carried out in our
experiments: (1) generating data sets; (2) labeling exam-
ples; (3) learning PAEs from examples and using PAEs to
extract data from Web pages; (4) manually verifying preci-
sion and recall metrics on extracted data.

Domains and Data Sets. We chose two different domains:
veterinarian service providers and lighting products. For the
former we focused on referral pages such as the one shown
in Figure 1. We used a keyword-based Web search engine
to retrieve a large collection of veterinarian service provider
Web pages. From this collection we randomly selected 170
referral pages from different service provider Web sites. For
the product domain we randomly collected 24 Web pages
pertaining to lighting products. Each such page lists several
product descriptions. These pages were downloaded from
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Figure 4. Aggregated Extraction Results for Veterinarian Sites

Attribute PAE | Actual | Ontology | Consistent | Recall | Precision Attribute Consistent | Recall | Precision
Name # Present | Identified PAEs % % Name PAEs # % %
Hospital Name 47 338 287 294 86.98 97.35 Hospital Name 47 92.38 97.74
Phone Number 18 111 47 100 90.09 100 Phone Number 18 68.22 100
Doctor Name 7 39 26 32 82.05 100 Doctor Name 7 58.65 100
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Figure 5. Extraction Results for Consistent PAEs in the Veterinarian Domain

4 different Web sites: 2 from Kmart, 3 from OfficeMax, 13
from Staples, and 6 from Target.

The task of data extraction is considerably simplified by
identifying the boundaries of individual entities in a Web
page. For instance, in Figure 2, every subtree rooted at ¢r
encapsulates a service provider entity. The problem of lo-
cating such entity blocks, referred to as record-boundary
discovery in the literature, has been addressed in a number
of previous works [1, 17, 20, 13, 4, 8]. Prior to applying our
data extraction algorithms we identified the boundaries of
entities in a Web page.

Labeling. We used two ontologies (using ontologies for
data extraction is a known idea [7]) for labeling exam-
ples: one for veterinarian services and the other for light-
ing products. The attributes for veterinarian services com-
prised HospitalName, PhoneNumber, and DoctorName,
while Name and Price were used for lighting products.

Two keywords, hospital and clinic, were used to iden-
tify examples of the HospitalName attribute while one key-
word, DVM, was used for the DoctorName attribute . For
the PhoneNumber attribute we used the regular expression
(in Perl syntax), [0-9]{3}-[0-9]{3}-[0-9]1{4}, as the identi-
fier function. We used the keywords, lamp, bulb, and tube,
for the Name attribute of lighting products and searched the
symbol $ to label examples of the Price attribute.

Extraction Process. Our experiments were conducted on
1GHz Pentium 4 machines each with 256 MB memory. All
algorithms were programmed in Java. All Web pages were
parsed into DOM trees and the entity blocks identified.
Note that using DOM trees for data extraction is a known
idea (e.g., [19]). Next the identifier functions associated
with the attributes in the ontology were used to generate
training examples. Based on these examples nonredundant

PAEs were learned and then used to extract attribute data
from each entity block. The two-step ambiguity resolution
procedure described in Section 3 was applied to make 1-1
associations. This amounts to a strong bias towards high-
precision rules [5]. Finally, precision and recall metrics
were manually calculated from the extracted data.

4.2 Analysis of Experimental Results

Nonredundant PAEs and Ambiguity Resolution. Fig-
ure 4 summarizes the recall and precision performance of
extraction using nonredundant PAEs and the effect of ambi-
guity resolution. These results were aggregated over 170
veterinarian Web pages. In Figure 4(a), Column 2 lists
the number of actual occurrences of each attribute in these
pages. Column 3 shows the number of attribute values that
were identified by the ontology. For example, search on the
keywords, hospital and clinic, identified 1667 occurrences
of the HospitalName attribute. Column 4 is the number of
1-1 associations between a nonredundant PAE and an at-
tribute data value. For example, there were 420 such as-
sociations for the HospitalName attribute. Column 5 is the
number of 1-1 associations that were made by the ambi-
guity resolution procedure. For instance, it resolved 1903
hospital names uniquely. Correctness of an association was
manually verified over all the pages.

Figure 4(b) summarizes as bar charts the recall (shaded
bars) and precision (checkered bars) performance of nonre-
dundant PAEs, both before (illustrated by the bar on the left)
and after (illustrated by the bar on the right) ambiguity res-
olution. Observe that there is a significant increase in recall
with no loss in precision for all the three attributes after am-
biguity resolution. This illustrates the effectiveness of our
ambiguity resolution procedure.



Site Attribute | Actual | Ontology | Consistent

Name Present | Identified PAEs
KMart Name 18 5 18
Price 18 18 18
OfficeMax Name 25 7 25
Price 25 25 25
Staples Name 112 31 99
Price 112 112 99
Target Name 63 19 63
Price 63 63 63
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Figure 6. Extraction Results for Individual Product Sites

Consistent PAEs. Sometimes the PAEs generated by algo-
rithm LearnPAE turned out to be consistent. We counted
the number of consistent PAEs generated by algorithm
LearnPAE and collected the recall and precision numbers
only for those Web pages that generated such PAEs. In the
table of Figure 5(a), Column 2 is the total number of Web
pages where the nonredundant PAE for an attribute was con-
sistent w.r.t. positive and negative examples. Columns 3
and 4 show the actual number of instances of that attribute
in these pages and the number of instances identified by
the ontology, respectively. Column 5 is the count of cor-
rect (manually ascertained) attribute data values extracted
by these consistent PAEs. Columns 6 and 7 are the recall
and precision numbers based on the 1-1 associations made
prior to ambiguity resolution. In contrast observe the rela-
tively low recall of nonredundant PAEs prior to ambiguity
resolution (see the bars on the left in Figure 4(b)). This
experimentally validates that consistent PAES have superior
recall and precision than nonredundant PAEs.

For yet another evidence of the superiority of consistent
PAEs, observe in Figure 4(b) that after ambiguity resolu-
tion the overall recall of the HospitalName attribute is bet-
ter than the PhoneNumber attribute which in turn is better
than that of the DoctorName attribute. The reason can be
readily explained by the number of consistent PAEs gen-
erated for the corresponding attributes, which have a high
impact on the effectiveness of the bipartite graph resolution
procedure. Observe in Figure 5(b) that this number is the
highest for the HospitalName attribute and is the lowest for
the DoctorName attribute.

Unambiguous PAEs. We ran algorithm LearnPAE to gen-
erate a pair of PAEs for extracting the Name and Price at-
tributes from the lighting products pages of four different
Web sites. These pages were all “well-structured” in the
sense that the pair of PAESs produced by LearnPAE for each
page turned out to be almost always unambiguous w.r.t.
the examples identified by the ontology. The statistics for
both attributes are shown in Figure 6(a), which can be in-
terpreted the same way as those in the table of Figure 4(a).
In Figure 6(b), we compare the recall (shaded) and preci-

sion (checkered) numbers of the identifier functions in the
ontology (the left bar) and the unambiguous PAEs (the right
bar). The statistics in Figure 6(b) are collected on the Name
attribute only. Observe that precision is 100% while recall
is almost close to 100% which experimentally demonstrates
the superior quality of unambiguous PAEs.

5 Reated Work

We model the notion of precision and recall that arises in
wrapper building as a grammar inference problem. There-
fore, to put our work in perspective we now review re-
search in related areas, namely, grammar inference, se-
guence learning, and wrapper construction.

Grammar Inference.  This well-known problem was
first addressed in the seminal works of Gold and Angluin.
Gold [9] showed that the problem of inferring a DFA of min-
imum size from positive examples is NP-complete. In [2]
Angluin showed that the problem of learning a regular ex-
pression of minimum size from positive and negative ex-
amples is NP-complete. In our problem, however, we do
not impose any constraint on the size of the PAEs learned.
Our problems of learning consistent PAEs and unambigu-
ous lists of PAEs (the problems considered in this paper)
do not have equivalent counterparts in the classical works
on grammar inference. Hence none of the known results is
applicable.

Sequence Learning.  There is a large body of work
on learning subsequences and supersequences from a set
of strings. The following problems are all NP-complete:
(1) finding the shortest common supersequence (SCS)
or the longest common subsequence (LCS) of an arbi-
trary number of strings over a binary alphabet [14, 18];
(2) finding a sequence which is a common subse-
guence/supersequence of a set of positive examples but not
a subsequence/supersequence of any string in a set of nega-
tive examples [12, 15]. The semantics of PAEs differs sub-
stantially from string matching and hence their results are
not applicable. Besides our problem of learning an unam-
biguous list of PAEs has no counterpart in these works.



Wrapper Construction. Research on wrapper construc-
tion for Web sources has made a transition from its early
focus on manual [10, 19] and semi-automatic [1, 17] ap-
proaches to fully automated techniques based on machine
learning [13, 16, 4, 5, 11, 6]. But the notion of ascribing a
precision/recall metric to the learning of extraction expres-
sions and its impact on algorithmic efficiency has not been
explored in these works.

The issue of ambiguity resolution can also commonly
arise in learning-based approaches to schema inference
and data extraction from Web documents [6, 3] but has
not been explored in the literature. Exponential-time and
polynomial-time heuristics were proposed in [6, 3], respec-
tively, to infer schemas from unlabeled Web documents for
the purpose of automated data extraction. Recently we ex-
tended the results in this paper and showed that the prob-
lem of inferring good quality schemas from Web pages is
NP-complete [21], even when the examples are labeled.
Moreover, a collection of pages, generated from the same
template, is required to learn a schema in [6, 3], but our
learning techniques can apply to individual documents.

6 Conclusion and Future Work

Although we assumed that an attribute value resides in
a single leaf node of a DOM tree, our results can be read-
ily extended to those cases where an attribute value spans
multiple leaf nodes — we will learn a list of PAEs per at-
tribute. However, to deal with nested data types we will
need to learn more expressive tree patterns. This will be an
important and useful extension to our current work.

In our experimental setup, we made the simplifying as-
sumption that record-boundary detection is able to elimi-
nate “bad” examples. In practice the problem of “noise” in
training examples cannot be ignored. We plan to address
this issue and test our techniques on larger benchmark data
in our future work.
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