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Keyword searching while very successful in narrowing 400,000
down the contents of the Web to the pertaining subset of in-
formation, has two primary drawbacks. First, the accuracy
of the search is closely coupled with the choice of keywords.
Second, keywords are limited in their expressibility. In-pa
ticular, they fail to adequately capture the “contextuat in
formation” implicit in most searches done by users. In this
paper we present an approach to efficiently address these
drawbacks of keyword searching over XML documents. In 100,000
particular, we present SUSAX a system for approximate 50,000
contextual querying over XML documents wherein queries —’»
are represented as simple XPaths. A key contribution of ° o1 Q2 Q2 o4
our work is the novel algorithm used to match the XPath- Query
like query with similar paths in the repository. The algo-
rithm is based on sequence alignment algorithms prevalent Figure 1. Keyword Search Using Google.
in life sciences domain for discovering the similarity be-
tween genome and protein sequences. In this paper, we
show an adaptation of the sequence alignment algorithm
for now discovering and cataloging the similarity between pertaining subset of information, it has two primary draw-
two paths. backs. First, the accuracy of the search is tightly coupled
to the choice of keywords. For example, to get all podo-
lications of Michael Stonebrakeve must choose the right

1 Introduction keywords for conducting the search. Figure 1 shows the
results obtained by using the keywords “published work

Over the past several years “google” has become part ofStonebraker”, “Stonebraker”, “articles Stonebraker” and
the common phraseology used by people of all ages. Coinedpublications Stonebraker”. Searches with these keywords
after the popular Google [7] search engine, the phrase isyielded different sets of results — in fact non-overlapping
more generally representative of tkeyword searchinga-  results in the first page. Only the keywords “publications
pabilities offered by search engines such as Google [7],Stonebraker" yielded the desired hits shown in Figure 2in
Yahoo [11], HotBot [9], and MSN [10]. In all cases the the first page of results. Second, keywords are limited in
user’s query, a single keyword or a set of multiple keywords their expressibility. In particular, they fail to adequgte
(and’ed or or'ed), is matcheskactlyagainst an inverted in- ~ capture thecontextual informatiommplicit in searches typ-
dex of keywords, and a ranked list of documents (by PageR-ically conducted by the users. For example, the qudiry
ank [7] for instance) containing the specified keyword are publications by Stonebraker in 1995 at best represented
returned to the user. by keywords “Stonebraker publications 1997” — a search

However, while keyword searching has indeed been verywhose first hit is completely irrelevant.
successful in narrowing down the contents of the Web tothe These drawbacks of keyword searching while
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[Top hit] 2 Background - Needleman Wunsch Algo-
StreamBase Systems Mike Stonebraker Selected Publications rlth m

StreamBase Systems Mike Stonebraker selected publications.

www.streambase.com/www/ about/publications_stenebraker.html - 10k -

[9th hit] Pairwise sequence alignments are fundamental to simi-

DBLP: Michael Stonebraker Michael Stonebraker. List of publications . . . . .

from the DBLP Bibliagraphy Server - FAQ ... 170, Spyros Potamianos, larity searches conducted in the life sciences domain. Two

mﬂ:?:;ﬁ::;ﬁfnﬁ_ﬂ:;ilf3:;{?;?‘255 Rules System ... basic classes of alignment algorithms have been developed
db/indices/a-tree/s/ Stonebraker:Michael html - 101k - Oct 26, 2005 - — global and local. Global alignment algorithms attempt to

Cached - Similar pages align sequences over their entire length, while local align

ment algorithms concentrate on discovering and aligning
only the conserved motifs. The global alignment algorithm
developed by Needleman and Wunsch [19] is one of the
more popular algorithms and is the foundation of many of
the other algorithms proposed in the bioinformatics litera
ture. In our work on path alignment, we adapt this global
alignment algorithm to align and discover the similarity be
tween simple XPaths. In this section, we briefly outline the
Needleman-Wunsch algorithm.
formidable to address in the general Web context, are The Needleman-Wunsch (NW) algorithm takes two in-
however tractable for a significant chunk of the Web put sequenceS1 andS2, and generates an alignment to-
that comprises of semi-structured XML documents. In gether with a score as an output. Figure 3 shows the global
this paper, we present an approach that extends schemalignment of two input sequenceS1 and S2 (shown at
matching techniques [4, 2, 3, 6, 15, 5] to efficiently the top of the figure), calculated using the Needleman-
address the drawbacks of keyword searching over XML Wunsch algorithm. The input sequences are represented as
documents. In particular, we propose SUSAX — a system FASTA [12] sequences — a popular format for sequence rep-
for approximate contextual querying over XML documents resentation. The output of the algorithm are the aligned se-
wherein queries are represented as simple XPaths of theguences — sequences that have potentially been modified by
form /publications/Stonebraker/1997 the introduction of gaps — together with an overall score for
the alignment.

Figure 2. The Top 2 Desired Hits Using Key-
words.

A key contribution of our work is the novel algorithm
used to match the XPath-like query with similar paths in the | Score= 33
repository. The algorithm is based on sequence alignment S1: CTKQADCAEDECC
algorithms prevalent in life sciences domain for discavgri S2: CGRQASGRLCGNRLCC
the similarity between genome and protein sequences. We
show how a commonly used sequence alignment algorithm, Alignment:
the Needleman-Wunsch algorithm [19], can be adapted for
discovering and cataloging the similarity between two path | CTKQAD——CAEDECC
— providing a ranked set of results that takes both approx-| CGRQASGRLCGNRLCC
imate matching and contextual information into account.
Preliminary results indicate that for XML documents, ap-
proximate, path-augmented contextual searching yieldsbe  Figure 3. An Example Alignment Calculated
ter, more relevant results than keyword searching alone. Using the Needleman-Wunsch Algorithm.

Roadmap: The rest of the paper is organized as follows. The total f i ti lculated based on th
In Section 2 we briefly outline the Needleman-Wunsch al- e total score of an alignment s calculated based on the

gorithm. Section 3 presents the core of our approach and>4Mm of.terms for each pair of residues, provided by repyted
sets the context for the remainder of the paper. Section 43|m|lar_|ty matrices such as BLOSL.JM and PAM that provide
describes the linguistic algorithm that we employ as part of the affmlty_ between two given res_lduésplus_ the terms for

our overall SUSAX algorithm, while Section 5 outlines the each gap mtroduggd by the aIgonthm. Typically, each exact
adaptation of the Needleman-Wunsch algorithm for search-Tach gets a positive score, each mismatch gets a penalty of

ing and aligning simple XPaths. In Section 7, we present _° Wherzlgssﬁa S|m||:I>Zr'\|;y score retnzved fLom the sub-
some preliminary experimental results to show the feasibil stitution ( or ) matrix, and each gap repre-

ity of our approach. Section 8 reviews some relevantrelated 1ro example, BLOSUM gives the similarity betwednand C aso,
work and we conclude in Section 9. and betweerC and tt C a$.




context keyword [ [ SigmodRecord issue articles] article[ authors]

T Si gnod 0.667 0.0 | 0.0 0.0 0.0
Query: Sigmod/paper/publisher paper 0.167 0.25 | 05 0.5 0.143
Source Path: SigmodRecord/issue/articles/article/authors publ i sher | 0.061 0.167] 0.1 01 0.167
Figure 4. Query Representation in SUSAX. Figure 6. The Similarity Matrix Generated

from Step 2 - Approximate Matching.

senting an insertion or deletion in one of the two sequences g sigmod paper publisher
gets a penalty of-d. The Needleman-Wunsch algorithm S: SigmodRecord issue articles article authors
has a computational complexity 6f(nm), wheren andm

are the lengths of the two sequences. Score: 0.295

3 SUSAX - An Overview : ,
Figure 7. Alignment of the Query and the

) . . . . Source Paths.
In this section, we give a brief overview of the three key

steps that represent the core functionality of SUSAX, and

using which we can provide approximate contextual search- ) _ o

ing of XML documents. In SUSAX, a quer@ is repre- are gomputed using tHeabel Matchalgorithm detailed in

sented as a simple path as shown in Figure 4. Here, the leaP€ction 4.

node,publ i sher, represents theeywordfor the search,

while the path from the root to the ledj gnod/ paper Step 3 - Contextual Alignment: The similarity matrix

represents theontextfor the keyword search. XML doc- generated irStep 2is used in the final step to compute

uments are broken down into similarly represented set ofthe optimal alignment between the query and the source

source paths. The given queis compared against all paths. The contextual alignment is the adaptation of the

sources pathB in the repository, and a ranked list of doc- Needleman-Wunsch pairwise global alignment algorithm,

uments highlighted with matching source paths is returnedand aligns, as much as possible, each token in the query

to the user. The approximate contextual comparison of thepath to its best match in the source path. The output of this

gueryQwith a source patP is conducted via the three pri- step is the aligned sequence together with a total normal-

mary steps outlined in Figure 5 and briefly described below. ized score for the alignment. The normalized score for the
alignment provides an overall ranking of the query path to

Step 1 - Tokenization: In the first step, a given quefyis all relevant source paths in the repository. Figure 7 shows

converted into a set of tokens, where each token is separateH1e alignment of t.he query and the source path given in Fig-
from the next by the '/". For example, the tokenization step ure 3, together with the alignment score. Note here that two

generates the tokeri§i gnod, paper , publ i sher } for gaps (aligning with the token’ssgue andarticlesin _
the queryQgiven in Figure 4. A similar tokenization step the source path) are introduced in tr_\e guery path to provide
is carried out for the source paths, one at a time, result-the Pest match for each query tokei gnod, paper and

ing for example in the tokengSi gnodRecor d, i ssue publ i sher). Details on the contextual alignment step are

articles,article,authors} for the source patP presented in Section 5.
shown in Figure 4.
4 Approximate Matching — The Label Simi-

Step 2 - Approximate Matching: Once tokenized, sim- larity Algorithm

ilarity measure is computed for each possible query-source

token pair. The similarity between the query and source to-  Approximate matching computes the similarity for ev-
kens provides a measure of the approximate match betweeery query-source token pair for a given query and source
the two tokens . 0 if the two tokens match exactly, and path, and dynamically generates as output a similarity ma-
a value betwee®. 0 and0. 9 for approximate matches. trix (shown in Figure 6) with similarity scores for all pos-
The output of this step is similarity matrixthat provides  sible query-source token pairs. To compute the similarity
the similarity score for every token pair in the query and scores, and hence the similarity matrix, we empldgtzel
source paths. Figure 6 depicts a similarity matrix gendrate match[23] algorithm that semantically compares two labels
for the query and source sequences given in Figure 3. Theusing a dictionary and other auxiliary information.

similarity measure and the corresponding similarity nxatri Atoken, typically representative of natural language, can



Path . L
QUEL, T e R Approm_mate Similarity
Matching
Contextual
Source Path L Approximate Alignment
— » Tokenization > Matching

Figure 5. The Primary Steps in Performing the Approximate Co ntextual Comparison of a Query with
a Source Path.

be classified as either (i) an atomic token - composed of atokens using a domain-specific, local dictionary that define

single word; or (ii) a composite token - composed of multi- the common set of abbreviations, acronyms, and commonly

ple words, where the start of each word is distinguished gen-used substring/short hand notations for a given domain. If

erally by punctuations (for examplpurchase-ordey, case such a match can't be determined, we invoke the linguistic

distinction (for examplepurchaseOrder, or numeric dig-  similarity algorithm to determine the similarity distanoe-

its (for examplestreet). Typically, no restrictions are ap- tween the two tokens. We use thathlinguistic similarity

plied on the words themselves — they can be a fully-definedmeasure — a similarity measure based on the path lengths

dictionary word, an abbreviation, an acronym, or a sub- between concepts, and equal to the inverse of the shortest

string. For examplegty is an abbreviation ofjuantity, uom path length between two concepts. To determinepthit

an acronym ofinitOfMeasureandaddr a substring ofd- similarity of two words, we use Wordnet::Similarity [21], a

dress freely available tool that measures the semantic simylarit
The similarity measure between two toker, and and the relatedness between a pair of concepts. The tool

Ts, is determined as follows. The two given tokens are provides six measures of similarity including thathmea-

first parsed into subtokens. The similarity between the sure, and three measures of relatedness, all of which are

qguery and source subtokens is then measured using existoased on the WordNet [16] lexical database. We ran an in-

ing linguistic similarity measures such as lin [14], patidan dependent set of experiments [23] and found that the path

wup [24]. Finally, the similarity between the two tokens, similarity measure had the highest precision and recall for

query and source tokerig, and7’, is computed as the av- the domains tested.

erage of the best similarity measure of each query subtoken

gﬁ(;5?3ﬁ2 ;\J/gtr‘])';? Formally, the similarity measure, 5 o ntextual Alignment: Adaptation of the
v ' Needleman Wunsch Algorithm
SM(Tq,TS) — M (1) . o
Tyl + [T5] The tokens generated in tHekenization step together
where with the similarity matrix produced by thApproximate
Matching step (see Section 3) are the main inputs for this
last and final step ofontextual Alignment that produces
S, = Z [mazs,cr, lingMatch(ty, ts)] (2) the alignments as shown in Figure 7. In this section, we de-
scribe the Contextual Alignment algorithm — an adaptation

tquq
of the popular pairwise global alignment algorithm from the
Ss = Z [max,, e, lingMatch(ts, tq)] (3 life sciences domain.
ts€Ts Based on the Needleman-Wunsch algorithm, we split our
Here ¢, is a query subtoken of the query tokdh, Contextual Alignment algorithm into three phases: itlie

lingMatch is the linguistic similarity measure (lin [14], tialization phase, théill phase, and theace backphase.
path, or wup [24]) for a pair of token&l, | is the number of In the initialization phase, a matri¥ indexed by the
query subtokens for the query token. The variables’s two paths, query patfr, and source patl, is constructed.
and|T%| are similarly defined for the source token. The initial value for the matrix is set as:

Figure 8 gives the pseudo-code for the algorithm. For
each token pair, we first check if there is an identity, F'(0, 0) =0,
acronym, abbreviation, or substring match between the twoF'(0, i) = —i x d, and



| SignodRecord | issue [ articles [article [authors |

0.0 -0.15 -0.3 -0.45 -0.6 -0.75

Si gnod -0.15 0.667 0.517 0.367 0.217 0.067
paper -0.3 0.517 0.917 1.017 0.867 0.717
publ i sher | -0.45 0.367 0.767 1.017 1.117 1.034

Figure 9. The Alignment Matrix F Generated Based

Figure 4. The values were computed using a gap penalty value

doublelabelMatch (String: L, String: L¢)
{
tokery = tokenizen(L;)
token =tokenizen(L;)
for eacht, € token,
for eacht, € token
if isldentical(ts, t+)
matchf;][t:] = 1.0
else ifisSubstring(ts, t+)
matchfs][t:] = 0.9
else ifisAbbreviation(ts, t+)
matchf;][t:] = 0.9
else ifisSimilarinDomain(ts, t:)
matchf;][t:] = 0.7
else
matchfs][¢:] = linguisticMatch(t, t+)
totalWeight =computeMaxMatclimatch)
QoM. = totalWeight + {token, | + |[token |)
returnQoMp,
}

Figure 8. The Label Match Algorithm.

whered represents the gap penalty — that is the penalty
incurred if there is no possible match between the two
tokens?. Typically, the gap penalty is a tunable parameter

and can be adjusted automatically by the system or set by

the user. Heré andj represent the indices for the matrix
F.

In the next phase, tHdl phase, the algorithm proceeds to
fill the matrix, starting at the top left corner and procegdin
down to the bottom right corner, with the best schie, ;).
The best score aF (¢, j) of two tokensT, T is given as:

2The gap penalty corresponds to the terrd given in Section 2.

on Equation 4 for Query and Source Paths in

d =0. 15.
F(Zflajfl) + SM(TquS)
F(i, j)=max F(i-1,7) — d
Fli,j—1) — d
(4)

where the valué™(i — 1, j — 1) + SM(T,, T;) is obtained

if T, aligns withT}; F(: — 1,j) — d is obtained ifT is

aligned to a gap; andéi'(i,j — 1) — d if T, is aligned to a

gap. HereSM(Ty,T;) is the similarity measure obtained

from the similarity matrix generated i&tep 2of the over-

all SUSAX process. This term corresponds to sheerm

in the original Needleman-Wunsch algorithm described in

Section 2. Figure 9 depicts the matiix as computed by

Equation 4 for the query and source paths given in Figure 4.
As the matrixF is filled, a back pointer is kept in each

cell specifying the link to the cell from which thE(z, j)

value was derived. The value in the last célln, m), of

the matrix £ is by definition the best score for the global

alignment between the query pakt) and the source path

Ps. Figure 10 depicts the alignment matfixwith the back-

pointers for the query, and the source patt; given in

Figure 4.

SigmodRecord | issue article | article | authors
(u. <u- (.‘. (u. (‘"
0.0 -0.15 -03 -045 | -06 -0.75
A £~ - ¥ <«
Sigmod | L0.15 | 0.667 ™ 0.517 | 0.367 | 0217 | 0.067
'y - €
paper Los 0.517 7‘ 'qfl.gl? Rl.Ol? 0.867 | 0.717
A A (S
publisher | L0.45 | 0367 0 767 ﬁ,on ki,m 1034
Figure 10. The Alignment Matrix F Shown

with Back Pointers.

In thetracebaclphase, the actual alignment between the
pathsP, and P, is constructed. The traceback phase is ini-
tiated at the last celF(n,m) in the matrix. At each step
the algorithm backtracks from the current cgll;) to one
ofthecells(i—1,5—1),(i—1,4)or(i,j—1) dependenton



empty tokens and making the queries case-independent.
_ Raked Rl The user queryis passed on to thMatch unit, the core
Sorting and Ranking Unit ————— B 15 the User . .
component of SUSAX. The Match unit performs three pri-
mary tasks. First, the Match unit retrieves the set of paths
/ auey merace =7 from the XML Path Repository against which the query
/ path must be compared. Second, for every query and source
path pair it follows the three key steps outlined in Figure 5
ey - Match Unit — namely theTokenization, Approximate Matching and
. ; Contextual Alignment. Tokenization generates a set of to-
/ Local kens corresponding to the query and source paths as out-
feseston lined in Section 3. The Approximate Matching unit uses
XML - . K R .

e O the Label Match Algorithm outlined in Section 4 to produce
the similarity matrix. Finally, the Contextual Alignment
unit uses the similarity matrix as input and produces the fi-

Figure 11. The Architectural Overview of nal alignment between the query and source paths. Last,
SUSAX ' the Match unit performs book-keeping and updatéa

' cal Similarity Cache of similarity values for a token pair.
The Local Similarity Cache maintains the similarity values
between two given tokens, and is used primarily as a faster

. o i alternative to the Label Match algorithm. Thus, if a pair of
the cell from which the valug'(i, j) was derived. Based on  oyens exists in the Local Similarity Cache, the similarity

the backtracking, a pair of tokens is added onto the front of 5,e is used for the similarity matrix generation and the
the current alignment. The tokefisandt; are added if the | 53pe| Match algorithm is not invoked.
the backtraceistoi — 1, —1); a gap character *-" is added The last unit of the SUSAX is th8orting andRanking
att, if the backtrace is t¢i — 1, j); and *-"is added at po-  component. The Sorting and Ranking unit takes the pairs of
sition, if the backtrace is t¢i, j — 1). When the firstcell 5y query and source paths, their alignments and alignment
of the matrix is reached, the traceback step terminates. Thecqres as input. As a first step, it normalizes the alignment
output of this step is an alignment between the two given gcqres by dividing the alignment score with the total number
sequences. Figure 7 illustrates the final alignment pradiuce s query tokens. The source (aligned) paths are then sorted
by the traceback phase for the example query and sourc§,zseq on the normalized score. Documents corresponding
paths shown in Figure 4. to the ranked list of source (aligned) paths are displayed in
decreasing order of scores to the user.

Architecture of SUSAX

6 Architectural Overview of SUSAX
7 Experimental Evaluation

Figure 11 gives an architectural overview of the SUSAX
system used for the preliminary experimental results pre- We have conducted a preliminary set of experiments to
sented in this paper. THecal Repositoryis the data store  evaluate the effectiveness of our approach in terms of &) th
of XML documents collected from various sources on the overall precision and recall of the approximate, conteixtua
Web. We do not consider, for this version of SUSAX, is- alignment; and (2) the accuracy of the SUSAX results when
sues pertaining to web crawling and refreshing of the doc- compared to local Google search performed on the same
uments in the repository in event of updates. PaghGen XML repository (Local Repository).
component generates all unique paths from the XML docu-
ments in the Local Repository. The PathGen unit, executed7.1 Experimental Setup and Methodology
only when the Local Repository is updated, also embeds
useful information, such as the source document for each The SUSAX system was implemented in Java (J2SE
path. The XML paths generated by the PathGen are storedRuntime Environment Version 5.0) and evaluated on a Dell
in the XML Path Repository. While currently the XML 2.8 GHz Pentium 4 workstation with 512 Mb of RAM. The
Path Repository is represented by a single XML document,Local Repository for this set of experiments was setup
we plan on adding an XML indexing facility to speed up the using XML documents obtained from the University of
approximate contextual search outlined in this paper. Washington’s XML Repository [22], and included XML
Users input simple path queries into the system via the documents from321gone, ebay, book, cust oner,
Query Interface. The Query Interface both captures the Si gnodRecor d, ubi d andyahoo. All unique XML
user query as well as pre-processes the query removingaths were generated from these documents resulting in a



total of 306 paths in the XML Path Repository. Queries, 'h
while targeted towards these domains, were variants, in
length and token labels, on the paths in the repository. [——precsion — recar |

The Label Match algorithm used the Perl interface to the 120 1
WordNet-Similarity, version 0.15, that internally utiid i
1.00 et
WordNet 2.1.
o 080

7.2 Preliminary Results s 060 / \ \

To evaluate the quality of our approach, we compared  °* / \\\ —t |
the manually determined real matché&y for a given match 020
task with the matche#® returned by the match algorithm. \
We determined the true positives, that is the correctlytiden e - i g o8 0s 1‘

fied matched; the false positives, that is the false matches,
F = P\ I, and the false negatives, that is the missed
matchesM = R\ I. Based on the cardinalities of these
sets, thePrecisionandRecallof the SUSAX algorithm was
computed.

Figure 12. Average Precision and Recall for
Varying d Values.

. I
e Precision = ”—“ =

of the results;

1]

7 estimates the reliability

expert manually determine the matches she would expect

from the Local XML Path Repository, and then used that

e Recall = % Specifies the share of real matches (the to compare the results of the SUSAX algorithm. Figure 12
real source paths) that is discovered by the algorithm: shows the average precision ar_1d_reca|| of the three _queries
and for differentd values. Thex-axis is thed value ranging

from 0. 0 to 1. 0, and they-axis is the normalized pre-

e OverallAccuracy = 1 — 'F“Q‘M‘ = '”@F‘ cision and recall value and ranges frén0 to 1. 0. We
Recall = (2 — 5———) represents a combined mea- found that for the queries tested the optimal range ofthe
sure of quality, taking into account the post-match Value is betwee0. 1 and0. 2. For all subsequent experi-
effort needed for both removing false matches and Ments we set the value to bed. 15.

adding the missed matches.

What is a Match? Computing the Threshold. The
Computing Optimal * d’ Value. The gap penalty in- SUSAX algorithm returns the_ aligned query and source
troduced in Section 5 plays an important role in determining Paths together with a normalized score value that ranges
the quality — the precision and recall — of the matched sourceffom 0. 0 to 1. 0. Typically, a higher score value is repre-
paths returned to the user. Recall tHas the cost of intro- ~ S€ntative of a better (approximate) fit with the user’s query
ducing agapin the source or the query path — to indicate the While a really low score is indicative of a poor approxima-
lack of a match for a given query tokep with respect to tion to the user’s query. To minimize the noise in the final

the source tokens, and vice versa. Thus, lower values results presented to the user, we ran a set of experiments to
enable a query tokety in thei " position to match with a determine the optimal threshold. A normalized score above

source tokert , in thej " position,i #j , by introducing the threshold is shown to the user, while results with scores

gaps to align the tokens. We hypothesize (1) the recall of °€low the threshold may be discarded.

the SUSAX algorithm is inversely proportional to the gap  For this experiment we set the gap penalty- 0. 15.

penaltyd; and (2) the precision of the SUSAX algorithm, We_measured the_ precision and recall of the SUSAX al-

while dependent on multiple factors, also has a loose pro-g°rithm for a varying number of thresholds for four inde-

portionality relationship with the gap penalty. pendent queries. Figure 13 depicts 'Fhe average precision
We ran an experiment to test our hypothesis as well as to@nd recalllmeasured for the four queries. As can bg seen a

determine the optimal range of tievalue for high preci- ~ threshold in the rangé. 50 - 0. 6 provides the optimal

sion and recall. For this experiment, we ran three different Précision and recall. For the remainder of the experiments,

queries against our Local XML Path Repository, and com- We Set the threshold of the SUSAX algorithm tohes.

puted the precision and recall of the SUSAX algorithm for

varying values of the gap penaltyl’ . To compute the pre-  Precision and Recall. To validate the previous results

cision and recall for each query, we apriori had a domain (Figure 12) as well as to validate the choice of thealue,
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Figure 13. Computing the Threshold of the
SUSAX Algorithm for a Fixed d Value. Here d
= 0. 15.

Query 1: root/listing/auction_info
Query 2: item.info/cpu

Query 3: signmod/issuel/ nunber

Query 4: book/ person/ age

Figure 15. Four Queries Used for the Compar-
ison Between SUSAX and Desktop Google.

= SUSAX ®m Google Desktop P - Precision R - Recall
Query 1 Query 2 Query 3 Query 4

1 4 — — —

03

08
07
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04 7
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02 1
01 1

0
P R P R P R P R

Figure 16. Comparing the Precision and Re-

we ran an independent set of experiments to evaluate the call of SUSAX with Keyword Searching on

precision and recall of SUSAX for a fixed value @f For

Google Desktop.

this experiment, we selected three queries and used the

SUSAX algorithm to determine matching source paths from

the Local XML Path Repository. Thevalue for this exper-
iment was set t®. 15, and the threshold was kept@t6.

The manual matches were determined apriori by a domainComparison with Keyword Searching. To compare and
expert. Figure 14 depicts the precision and recall that wascontrast our approach with the popular keyword searching

obtained for the three different queries. Thaxis shows
the queries, while thg-axis depicts the normalized value
for precision and recall.

@ Precision B Recall

0.9 T

0.8 T

07 T

0.6 T

0.5 T

04 T

0.3 T

0.2 T

0.1 T

Query 1 Query 2 Query 3

Figure 14. The Precision and Recall for Three
Different Queries. The d value here was fixed
at 0. 15 and threshold was setto 0. 6.

algorithms, we ran experiments to compare the precision
and recall of the SUSAX algorithm with the precision and
recall of keyword searching. For this experiment we setup
the Beta version of the Google Desktop [8], and used it to
search the Local XML Path Repository. We selected four
gueries, shown in Figure 15. Each of the queries was exe-
cuted using both the Google Desktop as well as the SUSAX
algorithm, and the precision and recall was computed for
both methods. As before, we had a domain expert who apri-
ori determined the expected set of results. For the SUSAX
algorithm, we setl = 0. 15, and threshole= 0. 6.

Figure 16 depicts the results that were obtained. The
x-axis shows the queries that were executed, whileythe
axis depicts the normalized values for precision and re-
call ranging from0. 0 to 1. 0. As can be seen, in gen-
eral the SUSAX algorithm provided higher precision and
recall than the Google Desktop. We attribute this to (1)
the approximate matching. For compound words such as
aucti on.i nf o, while the SUSAX algorithm was able
to compute a similarity match (an approximate match) for
the compound word as a whole, Google Desktop broke the
search down to keyword searchf o orauct i on. Simi-
larly, Google Desktop was unable to magihgrnod in the
qguery withSi gnodRecor d in the XML Path Repository,



= SUSAX ® Google Desktop P - Precision R - Recall a structural similarity between pairs of elements, and the

| Quent Query 2 Query 3 Query 4 third phase providing a weighted match based on the lin-
05 guistic and structural similarity of pairs of elementsan-
o Scm [17], on the other hand, performs schema matching at
o | the granularity of elements using a set of predefined rules to
0s match node by node on the graph representation of the input
o4 ] N schemasSKAT [18] focuses on identifying the articulation
o | ] | over two ontologies by comparing input schemas based on

| their ontological knowledge sources and user defined rules
r R P R P R P R which are utilized to increase precision. Two nodes are once
again matched based on their labels. Structural similarity
Figure 17. Comparison of SUSAX with Google is established based on the similarity of their hierardhica
Desktop. The threshold in this case was set structure. Neirman et. al [20], on the other hand, have pro-
to 0. 8 and the d value was 0. 15. posed a structure-based similarity algorithm for XML docu-
ments, based on measuring the edit distance for rooted trees
No linguistic match algorithms are employed as part of their
match algorithm.
while SUSAX was able to perform a similarity match be- ~ Other systems such dsSD [1] and SemInt [13] use
tween the two tokens; and (2) the contextual information. machine learning and neural networks frameworks respec-
SUSAX was able to provide a higher precision by utiliz- tively as an approach for combining different match tech-
ing the context information implicit in the path query. For niques and user feedback to ultimately improve the accu-
example, while Google Desktop returned results that con-racy of schema matching. LSD employs and extends cur-

tained the keywordsi gnod, i ssue or nunber or all rent machine learning techniques to semi-automaticaldy fin
three, SUSAX was able to return the paths that matched themappings between input schemas. LSD uses user-supplied
contextsi gnod/ i ssue and the keyworaunber . semantic mappings for a small set of data sources together

In general, we found that the approximate match in With the sources to train a set of learners. Each learner ex-
SUSAX has a tendency to lower the precision of the over- ploits differentinformation in the input schemas. Onceythe
all results, while raising the recall. On the other hand, the are trained, LSD finds semantic mappings for a new schema
context matching tends to improve both the precision and by applying the learners and then combining their predic-
recall of the algorithm. For example, the results for query tions using a meta-learneBemint trains neural networks
Query 4 suggests the precision of SUSAX is hampered to find matches between two input schem&smint pro-
by the approximate matching. To affirm these results, we Vides a match procedure using a classifier to categorize at-
ran another experiment where we set a higher threshold. wadributes according to their field specifications and data val
set the threshold to & 8, thereby raising the approximate Ues and, then trains a neural network to recognize similar
matching to a near-exact match. Ttie/alue was fixed at  attributes. It does not support any linguistic matchingr Ou
0. 15 as before. Figure 17 presents the results of this ex-work now investigates the possibility of applying schema
periment. As can be seen, with a near exact match SUSAXmatching techniques to provide approximate and context
provides higher precision — confirming our hypothesis. specific keyword searching.

8 Related Work 9 Conclusions and Future Work

Many schema matching algorithms [4, 2, 3, 6, 15, 5] Paper Summary. As the Web moves progressively to-
have been proposed in literature to address the problem ofvards more semi-structured information and as the number
schema integration. Many of the algorithms developed thusof XML documents on the Web increase, we have at our
far [3, 15, 1, 6, 4, 2, 5] rely on two primary factors to detect disposal more information that can be harnessed to provide
similarities between the schema entities: Ideel and the more effective and accurate searching (than pure keyword
structureof the involved entities. For example, Madhavan searching), for these documents. We propose in this paper
et al. have propose@UPID [15] that combines linguis- SUSAX — an algorithm forapproximate context-specific
tic and structural matching to establish correspondenees b searching over XML documents. The SUSAX algorithm
tween the schema entities. MatchingGPID is carried is a unique blend of linguistic similarity techniques preva
out in three different phases, with the first phase a linguis- lent in information retrieval and schema matching domains
tic match based on a domain-specific dictionary, the sec-with global sequence alignment techniques, in partichilar t
ond phase, a bottom up structural matching, resulting in Needleman-Wunsch global alignment algorithm, that are



indispensable in the life sciences domain. Our preliminary [4] M. Bright, A. Hurson, and S. H. Pakzad. Automated Reso-
results suggest there is great potential for such simjlarit

searching techniques and that they provide both higher pre-

cision and recall than keyword searching. While approxi-

mate searching does have the potential to lower the preci-

sion of the results, we found that context-specific seagchin
more than compensated for this drop in precision — in fact
raising the overall precision.

Future Work.

While our experiments have shown the po-

tential of our approach, our experiments are preliminary.
Our immediate future work includes validation of our ex-

perimental findings against larger repositories and larger [10]

guery sets that represent realistic query workloads.

. . [11

In this paper our concentration has been on the develop-r;,

ment of the approximate, context-specific search algotithm [13
SUSAX. There are, however, two components to the overall

SUSAX approach. The first, is the pairwise comparison of [14]

the queryQwith a source patPR. This pairwise comparison
is potentially repeated for all possible pairings of the
query Q with source pathtP;, ¥V P; € Repository. The
second step is thenking of all the source paths with the

highest scoring source path ranked as the top hit and the
lowest scoring source path as the lowest hit. While we had [17]

anticipated using the normalized score of the algorithm

to produce the ranked list of source paths, we found that [18]

this basic assumption did not hold. Many paths with more

accurate keyword matches but a lower context match were[19]
ranked lower than source paths with lower, in some cases

no, keyword match but higher contextual match. For
example, for the quensi gnod/ paper/ publ i sher
the source pathSi gnodRecor d/ i ssue/arti cl es

/articlelauthors was

on

ranked
than the

lower (based

normalized score) source path

/ Si gnodRecord/ i ssue/articles/article.

This result was counter-intuitive to what we expected. As [22]

part of the future work, our goal is to explore heuristics

for the ranking of the source paths and hence the XML [23]

documents containing the relevant information.
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