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ABSTRACT
Link ages among documents have a signi�cant impact on the

importance of documents, as it can be argued that impor-

tant documents are pointed to by many documents or by

other important documents. Metasearch engines can be

used to facilitate ordinary users for retrieving information

from m ultiplelocal sources (text databases). There is a

search engine associated with each database. In a large-

scale metasearch engine, the contents of each local database

is represented by a representative. Eac h user query is eval-

uated againstthe set of represen tativ es of all databases in

order to determine the appropriate databases (search en-

gines) to searc h (in vok e).In previous work, the linkage in-

formation betw een documents has not been utilized in de-

termining the appropriate databases to search. In this pa-

per, such information is employed to determine the degree

of relevance of a document with respect to a giv en query.

Speci�cally, the importance (rank) of each document as de-

termined by the linkages is in tegrated in each database rep-

resen tativ eto facilitate the selection of databases for each

giv en query . We establish a necessary and suÆcient con-

dition to rank databases optimally, while incorporating the

link age information. A method is provided to estimate the

desired quantities stated in the necessary and suÆcient con-

dition. The estimation method runs in time linearly propor-

tional to the number of query terms. Experimental results

are provided to demonstrate the high retrieval e�ectiv eness

of the method.
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1. INTRODUCTION
The Internet has become a vast information resource in re-

cent years. T o help ordinary users �nd desired data in this

environment, many search engines ha ve been created. Eac h

search engine has a text datab asethat is de�ned by the set of

documents that can be searched b y the search engine. Usu-

ally, an inverted �le index for all documents in the database

is created and stored in the search engine. For eachterm

whic h can represent a signi�cant word or a combination of

several (usually adjacent) signi�cant words, this index can

identify quic kly the documents that contain the term.

Frequently, the information needed by a user is stored in

the databases of m ultiple searc hengines. As an example,

consider the case when a user wan ts to �nd research papers

in some subject area. It is likely that the desired papers

are scattered in a number of publishers' and/or universities'

databases. Substantial e�ort would be needed for the user

to search each database and identify useful papers from the

retrieved papers. F rom a di�erent perspective, as more and

more data are put on the Web at faster paces, the coverage

of the Web by any single search engine has been steadily

decreasing. A solution to these problems is to implement a

metasearch engine on top of many local search engines. A

metasearch engine is just an interface. It does not main-

tain its own index on documents. However, a sophisticated

metasearch engine may maintain representatives which pro-

vide approximate contents of its underlying search engines

in order to provide better service. When a metasearch en-

gine receives a user query ,it �rst passes the query to the

appropriate local search engines, and then collects (some-

times, reorganizes) the results from its local search engines.

With such a metasearch engine, only one query is needed

from the above user to in voke multiple searc h engines.

A closer examination of the metasearch approach reveals the

following problems. If the number of local search engines in

a metasearch engine is large, then it is likely that for a given

query , only a small percentage of all search engines may con-

tain suÆciently useful documents to the query. In order to

avoid or reduce the possibility of invoking useless search en-

gines for a query, w eshould �rst identify those search en-

gines that are most likely to provide useful results to the

query and then pass the query to only the identi�ed search
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engines. Examples of systems that employ this approach

include WAIS [10], ALIWEB [14], gGlOSS [6], SavvySearch

[8], ProFusion [5] and D-WISE [34]. The problem of iden-

tifying potentially useful databases to search is known as

the database selection problem. Database selection is done

by comparing each query with all database representatives.

If a user only wants the m most desired documents across

all local databases, for some positive integer m, then the

m documents to be retrieved from the identi�ed databases

need to be speci�ed and retrieved. This is the collection

fusion problem.

In this paper, we present an integrated solution to the database

selection problem and the collection fusion problem, while

taking into consideration the linkages among documents. In

the Web environment, documents (web pages) are linked by

pointers. These linkages can indicate the degrees of impor-

tance of documents. It may be argued that an important

document is pointed to by many documents or by important

documents. For example, the home page of IBM is an im-

portant document, as there are numerous documents on the

Web pointing to it. Consider a query which consists of the

single term \IBM". There could be thousands of documents

in the Internet having this term. However, it is likely that

the user is interested in the home page of IBM. One way to

retrieve that home page is to recognize that among all the

documents containing the term \IBM", the home page of

IBM is the most important one due to the numerous links

pointing to it. This phenomenon has been utilized in [21,

13] for retrieving documents in a centralized environment.

The success of utilizing the linkage information has been

demonstrated by the Google commercial search engine. In

this paper, we generalize the use of linkages in distributed

text database environments to tackle the database selection

problem and the collection fusion problem. We believe that

this is the �rst time that the linkage information is utilized

in distributed database environments involving a metasearch

engine. Our techniques for retrieval in a distributed envi-

ronment yield retrieval performance that is essentially the

same as that of a centralized database containing all the

documents.

The rest of the paper is organized as follows. In Section 2,

we incorporate the linkage information into a similarity func-

tion so that the degree of relevance of a document to a query

is determined by both its similarity to the query as well as

its degree of importance. In Section 3, we sketch our solu-

tions to the database selection problem and the collection

fusion problem. In Section 4, we describe the construction

of the representative of a database, which indicates approxi-

mately the contents of the database. More importantly, the

representative permits the degree of relevance of the most

relevant document in the database to be estimated. This es-

timated quantity is central to the database selection problem

and the collection fusion problem. An estimation process is

presented. In Section 5, experimental results are provided.

Very good performance is obtained for the integrated solu-

tion of the database selection and the collection fusion prob-

lems. In Section 6, we describe how to obtain the value of

a parameter that represents the weight of the similarity of

a document to a query relative to the degree of importance

of the document in determining the degree of relevance of

the document to the query. In Section 7, we provide the ex-

perimental results obtained using a collection of documents

downloaded from the Internet. The results show that our

techniques for retrieving documents in a distributed envi-

ronment essentially yield the same retrieval e�ectiveness as

that of a centralized database containing the same set of

documents. The conclusion is given in Section 8.

1.1 Related Works
In the last several years, a large number of research papers

on issues related to metasearch engines or distributed col-

lections have been published. In this subsection, we �rst

identify the critical di�erence between our work here and

existing works. It is followed by other di�erences which are

individually identi�ed. Only the most closely related di�er-

ences are presented. Please see [20] for a more comprehen-

sive review of other work in this area.

1. We are not aware of any solution utilizing the linkage

information among documents in solving the database

selection problem and the collection fusion problem in

a metasearch engine environment, although such in-

formation has been utilized [21, 13] in determining the

importance of documents and in their retrieval in a sin-

gle search engine environment. Thus, this is the �rst

time that such information is utilized in a distributed

text database environment.

2. Our earlier work [33] utilizes the similarity of the most

similar document in each database to rank databases

optimally. This optimal way to rank databases is gen-

eralized in this paper to incorporate the linkage infor-

mation among documents. In order that the linkage

information is utilized properly, the database represen-

tatives as well as the procedure to estimate the simi-

larity of the most similar document in each database

need to be modi�ed.

3. The gGlOSS project [6] is similar in the sense that

it ranks databases according to some measure. How-

ever, there is no necessary and suÆcient condition for

optimal ranking of databases; there is no precise al-

gorithm for determining which documents from which

databases are to be returned.

4. A necessary and suÆcient condition for ranking databases

optimally was given in [11]. However, [11] considered

only the databases and queries that are for structured

data. In contrast, unstructured text data is consid-

ered in this paper. In [1], a theoretical framework was

provided for achieving optimal results in a distributed

environment. Recent experimental results reported in

[2] show that if the number of documents retrieved is

comparable to the number of databases, then good re-

trieval e�ectiveness can be achieved; otherwise, there

is substantial deterioration in performance. We show
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good experimental results in both situations [32]. Our

theory di�ers from that given in [1] substantially.

5. In [28], experimental results were given to demonstrate

that it was possible to retrieve documents in distributed

environments with essentially the same e�ectiveness as

if all data were in one site. However, the results de-

pended on the existence of a training collection which

have similar coverage of subject matters and terms

as the collection of databases to be searched. Upon

receiving a query, the training collection is searched,

terms are extracted and then added to the query be-

fore retrieval of documents from the actual collection

takes place. In the Internet environment where data

are highly heterogeneous, it is unclear whether such a

training collection can in fact be constructed. Even

if such a collection can be constructed, the storage

penalty could be very high in order to accommodate

the heterogeneity. In [29], it was shown that by prop-

erly clustering documents, it was possible to retrieve

documents in distributed environments with essentially

the same e�ectiveness as in a centralized environment.

However, in the Internet environment, it is not clear

whether it is feasible to cluster large collections and to

perform re-clustering for dynamic changes. Our tech-

nique does not require any clustering of documents. In

addition, linkage information was not utilized in [29,

28].

6. In a recent paper [22], it is argued that distributed

retrieval can yield better results than centralized re-

trieval. However, no algorithm is provided to perform

database selection. Our paper demonstrates that this

is possible using a practical database selection algo-

rithm.

2. INCORPORATING LINKAGE INFORMA-
TION INTO A SIMILARITY FUNCTION

A query in this paper is simply a set of words submitted by

a user. It is transformed into a vector of terms with weights

[23], where a term is essentially a content word and the

dimension of the vector is the number of all distinct terms.

When a term appears in a query, the component of the query

vector corresponding to the term, which is the term weight,

is positive; if it is absent, the corresponding term weight is

zero. The weight of a term usually depends on the number

of occurrences of the term in the query (relative to the total

number of occurrences of all terms in the query) [23, 30].

This is the term frequency weight. The weight of a term may

also depend on the number of documents having the term

relative to the total number of documents in the database.

The weight of a term based on such information is called the

inverse document frequency weight [23, 30]. A document

is similarly transformed into a vector with weights. The

similarity between a query and a document can be measured

by the dot product of their respective vectors. Often, the

dot product is divided by the product of the lengths of the

two vectors, where the length of a vector (x1; x2; :::; xn) ispP
n

i=1
x2
i
. This is to normalize the similarity between 0

and 1. The similarity function with such a normalization

is known as the Cosine function [23, 30]. For the sake of

concreteness, we shall use in this paper the version of the

Cosine function [26] where the query uses the product of the

inverse document frequency weight and the term frequency

weight and the document uses the term frequency weight

only. Other similarity functions, see for example [25], are

also possible.

We �rst de�ne a function R which assigns the degree of rel-

evance of a document d with respect to a query q based

on two factors: one based on the similarity between the

document d and the query q, and the other based on the

rank (degree of importance) of the document. The rank of

a document in a Web environment usually depends on the

linkages between the document and other documents. For

example, if a document d is linked to by many documents

and/or by important documents, then document d is an im-

portant document. Therefore, d will have a high rank. This

de�nition is recursive and an algorithm is given in [21] to

compute the ranks of documents. The following function

incorporates both similarity and rank.

R(q; d) =

8<
:

w � sim(q; d) + (1�w) �NRank(d);

if sim(q; d) > 0

0; otherwise

(1)

where sim() is a similarity function such as the Cosine func-

tion, NRank(d) is the normalized rank of document d and

w is a parameter between 0 and 1. If w is close to 1, then

similarities are more important than ranks. Note, however,

that there is a document with normalized rank = 1, but in

practice it is unlikely that a document has similarity that is

equal to 1 or close to 1. In order to avoid the retrieval of very

important documents (i.e., documents with high normalized

ranks) which are unrelated to the query, the degree of rele-

vance of a document is greater than zero only if its similarity

with the query is greater than zero. The normalized rank

of a document can be obtained from the rank computed in

[21] by dividing it by the maximum rank of all documents in

all databases, yielding a value between 0 and 1. The higher

the normalized rank a document has, the more important it

is. When it takes on the value 1, it is the most important

document. The intuition for incorporating rank is that if

two documents have the same or about the same similarity

with a query, then a user is likely to prefer the more impor-

tant document, i.e., the document with a higher rank. We

assume that the normalized ranks have been pre-computed

and we are interested in �nding the m most relevant doc-

uments, i.e., the m documents with the highest degrees of

relevance with respect to a given query as de�ned by for-

mula (1) in a distributed text database environment. This

involves determining the databases containing these m most

relevant documents and determining which documents from

these databases need to be retrieved and transmitted to the

user. In the next section, we shall present our solution to the

database selection problem and the collection fusion prob-

lem.
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3. TWO-LEVEL ARCHITECTURE OF
METASEARCH

In this architecture, the highest level (the root node) con-

tains the representative for the \global database". The

global database which logically contains all documents from

all local databases does not exist physically. (Recall that

all documents searchable by a search engine form a local

database. Although we call it a \local" database, it may

contain documents from multiple locations.) The repre-

sentative for the global database contains all terms which

appear in any of the databases and for each such term, it

stores the number of documents containing the term (i.e.,

the global document frequency). This permits the global

inverse document frequency weight of each query term to

be computed. There is only one additional level in the hi-

erarchy. This level contains a representative for each local

database. The representative of each local database will be

de�ned precisely in the next section. When a user query

is submitted, it is processed �rst by the metasearch engine

against all these database representatives. The databases

are then ranked. Finally, the metasearch engine invokes a

subset of the search engines and co-ordinates the retrieval

and merging of documents from individual selected search

engines.

3.1 Optimal Ranking of Databases
We assume that a user is interested in retrieving them most

relevant documents to his/her query for a given m.

Definition 1. A set of databases is said to be optimally

ranked in the order [D1; D2; :::; Dp] with respect to a given

query q if for every positive integer m, there exists a k such

that D1; D2; :::; Dk contain the m most relevant documents

and each Di, 1 � i � k, contains at least one of the m most

relevant documents.

A necessary and suÆcient condition to rank databases opti-

mally is as follows (please see [32] for the proof). For ease of

presentation, we shall assume that all degrees of relevance

of the documents with the query are distinct so that the set

of the m most relevant documents to the query is unique.

Proposition 1. Databases [D1; D2; : : : ; Dp] are ranked

optimally if and only if the degree of relevance of the most

relevant document in Di is larger than that of the most rel-

evant document in Dj , if i < j.

Example 1. Suppose there are 4 databases. For a query

q, suppose the degrees of relevance of the most relevant doc-

uments in databases D1; D2; D3 and D4 are 0.8, 0.5, 0.7

and 0.2, respectively. Then the databases should be ranked

[D1; D3; D2; D4].

This result applies to any similarity function as well as any

function which assigns degrees of importance to documents.

It is also independent of data types. Thus, it can be applied

to any type of databases, including text databases, image

databases, video databases and audio databases. The nec-

essary and suÆcient condition to rank databases optimally

is also independent of the number of documents desired by

the user.

In [33], we ranked databases in descending order of the sim-

ilarity of the most similar document in each database. The

result turns out to be generalizable to capture the degrees

of relevance of documents.

3.2 Estimation of the Degree of Relevance
of the Most Relevant Document in Each
Database

In the last subsection, we showed that the best way to rank

databases is based on the degree of relevance of the most

relevant document in each database. Unfortunately, it is not

practical to retrieve the most relevant document from each

database, obtain its degree of relevance and then perform the

ranking of the databases. However, it is possible to estimate

the degree of relevance of the most relevant document in

each database, using an appropriate choice of a database

representative. This will be given in Section 4.

3.3 Coordinate the Retrieval of Documents
from Different Search Engines

Suppose the databases have been ranked in the order [D1; : : : ;

Dp], we now brie
y review an algorithm [31] which deter-

mines (1) the value of k such that the �rst k databases are

searched, and (2) which documents from these k databases

should be used to form the list of m documents to be re-

turned to the user. Suppose the �rst s databases have been

invoked from the metasearch engine. Each of these search

engines returns the degree of relevance of its most relevant

document to the metasearch engine which then computes

the minimum of these s values. Each of the s search engines

returns documents to the metasearch engine whose degrees

of relevance are greater than or equal to the minimum. (If

the number of documents in a single search engine whose de-

grees of relevance are greater than or equal to the minimum

value is greater than m, then that search engine returns

the m documents with the largest degrees of relevance. The

remaining ones will not be useful as the user wants only

m documents with the largest degrees of relevance.) If an

accumulative total of m + add doc, where add doc is some

constant which can be used as a tradeo� between e�ective-

ness and eÆciency of retrieval, or more documents have been

returned from multiple search engines to the metasearch en-

gine, then these documents are sorted in descending order of

degree of relevance and the �rst m documents are returned

to the user. Otherwise, the next database in the order will

be invoked and the process is repeated until m + add doc

documents are returned to the metasearch engine. It can

be shown that if the databases have been ranked optimally

(with the databases containing the desired documents ahead

of other databases) for a given query, then this algorithm will

retrieve all the m most relevant documents with respect to
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the query. (The proof is essentially the same as that given

in [31], except we replace the similarity of a document by its

degree of relevance.) When add doc > 0, more documents

will be received by the metasearch engine (in comparison to

the case add doc =0). As a result, it can select the m best

documents from a larger set of retrieved documents, result-

ing in better retrieval e�ectiveness. However, eÆciency will

decrease.

4. ESTIMATE THE DEGREE OF
RELEVANCE OF THE MOST RELEVANT
DOCUMENT IN EACH DATABASE

We �rst de�ne the representative of a database so that the

degree of relevance of the most relevant document can be

estimated. It consists of all terms which appear in any

document in the database. For each term, three quanti-

ties are kept. They are the maximum integrated normalized

weight, the average normalized weight and the normalized

rank of the document where the maximum integrated nor-

malized weight is attained. They are de�ned as follows.

The normalized weight of the ith term of a document d =

(g1; :::; gi; :::; gn) is di = gi=jdj, where jdj =
p
q2
1
+ ::: + g2n is

the length of document vector d. The average normalized

weight of the ith term, awi, is simply the average value of

the normalized weights over all documents in the database,

including documents not containing the term. The inte-

grated normalized weight of the ith term in the document

d is w � di + (1 � w) � r, if di is positive; otherwise (i.e.,

if di = 0), the integrated normalized weight is de�ned to

be 0. In the above expression, r is the normalized rank of

document d (its rank divided by the maximum of the ranks

of all documents) and w is the weight of similarity relative

to normalized rank in determining the degree of relevance

of a document (see Formula (1)). The maximum integrated

normalized weight of the term, miwi, is the maximum value

of the integrated normalized weights over all documents in

the database. Suppose the maximum value is attained by a

document with normalized rank ri. Then, for term ti, the

three quantities (miwi; awi; ri) are kept.

Consider a query q = (q1; :::; qi; :::; qn), where both term

frequency information and inverse document frequency in-

formation have been integrated into the query vector and

the components have been normalized.

Consider a document d = (d1; :::; di; :::; dn), where di is the

normalized weight of term ti and r is the normalized rank

of d. Its degree of relevance with respect to query q is w �

sim(q; d)+ (1�w) � r = w �d1 � q1+w �
P

n

k=2
dk � qk+(1�

w) � r = w � d1 � q1 + q1 � (1� w) � r + w �
P

n

k=2
dk � qk +

(1 � w) � r � q1 � (1� w) � r = q1 � (w � d1 + (1� w) � r) +

w �
P

n

k=2
dk � qk + (1� w) � r � (1� q1).

This document d may have the maximum integrated nor-

malized weight for the term t1 and the average normalized

weights for the other terms. In that case, the above expres-

sion becomes q1�miw1+w�
P

n

k=2
awk�qk+(1�w)�r�(1�q1).

Finally, the rank of d is the normalized rank of the document

where the maximum integrated normalized weight (miw1)

for the term t1 is attained. As described earlier, this rank is

stored in the database representative. Let it be denoted by

r1 as it is associated with term t1.

In general, we estimate the degree of relevance of the most

relevant document in the database by assuming that the doc-

ument contains one of the query terms having the maximum

integrated normalized weight. Thus, its degree of relevance

may be estimated by the following expression

max
i

fqi�miwi+w�

nX
k=1;k 6=i

awk�qk+(1�w)�ri�(1�qi)g (2)

where the maximum is over all query terms. It is easy to

see that the estimation takes time linearly proportional to

the number of query terms.

One important property of this method is that it guarantees

optimal retrieval for single term queries which are submit-

ted frequently in the Internet environment. (A study in [9]

indicates that single-term queries account for about 30% of

all Internet queries.) The reason is that this method esti-

mates the degree of relevance of the most relevant document

for any given single-term query exactly. As a result, the

necessary and suÆcient condition for ranking the databases

optimally is satis�ed. For optimally ranked databases, the

algorithm to co-ordinate the retrieval of documents from

multiple databases guarantees optimal retrieval.

Lemma 1. For any single term query, the estimate given

by the above estimation method for the degree of relevance

of the most relevant document in a database is exact.

Proof: For a single term query, say q = (1; 0; :::; 0), the

estimate given by the above method = miw1. This can be

obtained by setting i = 1; qi = 1 and qk = 0 for k 6= 1

in expression (2). A document d = (d1; :::; dn) having that

term has degree of relevance f = w � d1+ (1�w) � r, where

r is the rank of the document d. By the de�nition of the

maximum integrated normalized rank of term t1, f � miw1.

Thus, since miw1 is actually achieved by a document in the

database, it is the degree of relevance of the most relevant

document in the database.

Proposition 2. For any single term query, optimal re-

trieval of documents for the query using this method and the

co-ordination algorithm is guaranteed.

Proof: By Lemma 1, the degree of relevance of the most

relevant document in each database is estimated exactly.

Using these estimates for each database guarantees opti-

mal ranking of databases, since the necessary and suÆcient

condition for optimal ranking is satis�ed. Finally, the co-

ordination algorithm guarantees optimal retrieval of docu-

ments, if databases are optimally ranked.
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Our estimation process essentially assumes that terms are

distributedly independently in the documents in each database.

Word combinations, for example phrases usually do not sat-

isfy the independent distribution assumption. In order to

avoid the use of independence assumptions for certain word

combinations, we construct combined terms from individual

terms and store the statistics associated with the combined

terms in addition to those associated with individual terms.

Suppose the ith term and the jth term are combined into a

term. We can then de�ne the integrated normalized weight

of the combined term to be w � (idfi � di + idfj � dj)=idfij +

(1 � w) � r, if di and dj are positive; otherwise, the inte-

grated normalized weight of the combined term is 0. (In

practice, we assume that that there is a precise process to

recognize phrases. See for example [15].) In the above ex-

pression idfi is the inverse document frequency weight of the

ith-term, while idfi;j is
q
idf2

i
+ idf2

j
. The maximum inte-

grated normalized weight of the combined-term, miwij , is

the maximum value of the integrated normalized weight of

the combined term over all documents in the database. In

the database representative, in addition to the three quan-

tities associated with each individual term, we store the

same three quantities (the maximum integrated normalized

weight, the normalized rank of the document which achieves

the maximum integrated normalized weight and the average

normalized weight) for each combined term. It is easy to see

that for a two term query containing both term i and term

j, the document having the maximum integrated normalized

weight in a database is the one having the largest degree of

relevance with the query in that database. Since the maxi-

mum integrated normalized weight is stored in the database

representative, the degree of relevance of the most relevant

document in the database will be obtained exactly. This al-

lows two-term queries to be processed optimally. Together

with Proposition 4.1, a query involving a single word or two

words can be processed optimally. Since on the average each

Internet query has 2.2 terms [12], this implies for vast major-

ity of Internet queries, our method can achieve the optimal

retrieval.

5. EXPERIMENTAL RESULTS
In this section, we report some experimental results. Two

sets of data and queries with di�erent characteristics are

utilized. The �rst set of data consists of 15 databases. These

databases are formed from articles posted to 52 di�erent

newsgroups in the Internet. These articles were collected

at Stanford University [6]. Each newsgroup that contains

more than 500 articles forms a separate database. Smaller

newsgroups are merged to produce larger databases. Table

1 shows the number of documents in each database in the

�rst data set. There are altogether 6,597 queries submitted

by real users. Both the data and the queries were used in

the gGlOSS project [6]. From these 6,597 queries, we obtain

two subsets of queries. The �rst subset consists of the �rst

1,000 queries, each having no more than 6 words. They will

be referred later as short queries. The second subset consists

all queries having 7 or more words. These are long queries.

database 1 2 3 4 5 6 7 8

#docs 761 1014 705 682 661 622 526 555

database 9 10 11 12 13 14 15

#docs 629 588 558 526 607 648 564

Table 1: Databases in Data Set 1 Used in Experi-

ments

The second set of data consists of a subset of TREC (Text

REtrieval Conference) data which were collected by NIST

(National Institute of Standards & Technology of the United

States). We use the �rst 30 databases (20 from FBIS |

Foreign Broadcast Information Service and 10 from CR |

Congressional Record) and all of the 400 queries used in the

�rst 8 TREC conferences. There are approximately 57,000

documents in these 30 databases. A typical TREC query

consists of three parts (i.e., topic, description and narrative).

Since real user queries are typically short, we only used the

topic part of each query in our experiments. They are on the

average longer than the Stanford queries. Speci�cally, the

average numbers of words in a short query (no more than 6

words each) and in a long query (more than 6 words each)

in the TREC query set are 3.29 and 12.62, respectively; the

corresponding numbers for the Stanford query set are 2.3

and 10.3, respectively. Studies show that a typical Internet

queries has 2.2 terms [12]. Thus, the Stanford short queries

resemble typical Internet queries better.

One problem we have is that the documents in these two

sets do not have linkages among themselves. In order to

simulate the e�ect of linkages among documents on their

degrees of importance, we assign normalized ranks to docu-

ments based on some distribution. We note that if normal-

ized ranks were randomly assigned to documents, then since

each database has quite a few documents, then the maxi-

mum normalized rank and the average normalized rank of

each database would be close to 1 and 0.5, respectively. This

would not re
ect reality. Instead, for each database, we ran-

domly generate a number, say x. Then the normalized ranks

of the documents in that database will be randomly assigned

in the range between 0 and x. In this way, some databases

have much higher maximum normalized rank than others.

The performance measures of an algorithm to search for

the m most relevant documents in a set of databases are

given as follows. The �rst two measures provide e�ectiveness

(quality) of retrieval while the last two measures provide

eÆciency of retrieval.

1. The percentage of correctly identi�ed documents, that

is, the ratio of the number of documents retrieved

among the m most relevant documents over m. This

percentage is denoted by cor iden doc.

2. The percentage of the sum of the degrees of relevance

of the m most relevant documents retrieved, that is,

the ratio of the sum of the degrees of relevance of the

m retrieved documents over the sum of the degrees
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of relevance of the m most relevant documents. This

percentage is denoted by per rel doc. This repre-

sents the percentage of the expected number of rele-

vant documents retrieved.

Suppose a user is interested in retrieving the most rel-

evant document which has degree of relevance 0.95.

If the retrieval system retrieves the second most rel-

evant document with degree of relevance 0.9 but not

the most relevant document. According to the mea-

sure cor iden doc, the percentage is 0, as none of

the m (m = 1 in this example) most relevant docu-

ments is retrieved. Using the measure per rel doc,

the percentage is 0.9/0.95. Thus, this measure is more

lenient than the measure cor iden doc. In informa-

tion retrieval, the standard recall and precision mea-

sures are related with the number of retrieved relevant

documents. They are not concerned with speci�c doc-

uments. In other words, if k relevant documents out

of m retrieved documents are replaced by k other rele-

vant documents, then both recall and precision remain

unchanged. Thus, the measure per rel doc is more

indicative of the standard recall and precision measure

than the measure cor iden doc.

3. The database search e�ort is the ratio of the number

of databases searched by the algorithm over the num-

ber of databases which contain one or more of the m

most relevant documents. This ratio is denoted by

db e�ort. The ratio is usually more than 1.

4. The document search e�ort is the ratio of the number

of documents received by the metasearch engine (see

Section 3.3) over m. This is a measure of the trans-

mission cost. This ratio is denoted by doc e�ort.

The experimental results for short and long querieswithout

the use of combined terms for the Stanford data when

the parameter w in formula (1) is 0.8 are presented in Tables

2 and 3, respectively. Those for the TREC data are given in

Tables 4 and 5, respectively. The reasons for choosing w >

0:5 are as follows: (i) the similarity between a document and

a query should play a more important role in determining

its degree of relevance between the document and the query;

(ii) the way the normalized ranks of documents are assigned

makes it possible for the normalized rank of a document to

be close to 1, while in most cases, the similarity between a

similar document and a query is usually no higher than 0.3

(since a document has many more terms than the number

of terms in common between the document and a query).

m cor iden doc db e�ort doc e�ort per rel doc

5 96.1% 122.0% 135.7% 99.7%

10 97.6% 116.2% 132.2% 99.8%

20 98.2% 111.0% 123.2% 99.8%

30 98.5% 108.2% 118.9% 99.9%

Table 2: Short queries with w = 0:8 for Stanford data

m cor iden doc db e�ort doc e�ort per rel doc

5 94.7% 132.5% 150.8% 99.6%

10 95.4% 121.5% 156.0% 99.7%

20 96.7% 114.5% 163.7% 99.8%

30 97.5% 111.8% 165.3% 99.8%

Table 3: Long queries with w = 0:8 for Stanford data

m cor iden doc db e�ort doc e�ort per rel doc

5 87.8% 107.8% 123.5% 98.8%

10 91.0% 104.3% 129.7% 99.2%

20 94.0% 101.5% 123.8% 99.5%

30 96.0% 101.7% 126.0% 99.7%

Table 4: Short queries with w = 0:8 for TREC data

A summary of the results from Tables 2 to 5 are given as

follows.

1. The method gives very good retrieval e�ectiveness for

short queries. For the Stanford data, the percentages

of themmost relevant documents retrieved range from

96% to 98%; the corresponding �gures for the TREC

data are from 88% to 96%. Recall that the short

queries and in particular the Stanford queries resem-

ble the Internet queries. The percentage of the num-

ber of relevant documents retrieved is more impressive;

it ranges from 99.7% to 99.9% for the Stanford data;

the range is from 98.8% to 99.7% for the TREC data.

Thus, there is essentially little or no loss of the num-

ber of useful documents using the retrieval algorithm

in the distributed environment versus the environment

in which all documents are placed in one site. As the

number of documents to be retrieved increases, it is

usually the case that both the percentage of the most

relevant documents retrieved and the percentage of the

number of relevant documents retrieved increase. The

reason is that as the number of databases accessed in-

creases, the chance of missing desired databases will

be reduced.

2. For long queries, the retrieval performance of the method

is still very good, although there is a degradation in

performance. The degradation in the percentage of

the most relevant documents varies from less than 1%

to 2.2% for the Stanford data; it is less than 5% for

the TREC data. As the number of terms in a query

m cor iden doc db e�ort doc e�ort per rel doc

5 84.3% 106.9% 132.4% 98.4%

10 86.8% 101.0% 156.8% 99.0%

20 90.0% 96.6% 150.1% 99.3%

30 92.3% 95.5% 153.6% 99.5%

Table 5: Long queries with w = 0:8 for TREC data
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increases, the estimation accuracy decreases, causing

the degradation. The degradation is higher for the

TREC data, because TREC queries are longer. When

the percentage of the number of relevant documents

retrieved is considered, there is essentially no change

for the Stanford data; for the TREC data, the percent-

age varies from 98.4% to 99.5%, essentially giving the

same performance as if all data were in one location.

3. The number of databases accessed by the methods is

on the average at most 32.5% more than the ideal sit-

uation in which only databases containing the desired

documents are accessed. In the tables, there are a few

cases where the number of databases accessed is less

than the ideal situation. The reason is that when an

undesired database is accessed, the degree of relevance,

say d, of the most relevant document in that database

is obtained. If d is signi�cantly less than the degree of

relevance of the most relevant document in a desired

database D, it will cause substantial number of doc-

uments, including some undesired documents, to be

retrieved from D. When the total number of retrieved

documents is m or higher, the co-ordination algorithm

terminates without accessing some desired databases.

4. The number of documents transmitted from the databases

to the metasearch engine by the method can on the

average be up to 165.3% times the number of docu-

ments desired by the user. The reason for this be-

havior is, based on thoroughly analyzing the results

for several queries, as follows. Suppose for a query

q, the databases containing the desired documents are

fD1; D2; D3g and m documents are to be retrieved.

Suppose the ranking of the databases isD1; D2; D3; D4; :::.

This gives optimal retrieval, guaranteeing that all the

m most relevant documents to be retrieved. However,

the number of documents retrieved can be very sub-

stantial, because after accessing the �rst 3 databases,

�nding the degrees of the most relevant documents

in these databases, taking the minimum of these de-

grees and then retrieving all documents from these

databases with degrees of relevance larger than or equal

to the minimum, it is possible that fewer thanm docu-

ments are retrieved. As a consequence, after accessing

database D4, obtaining the degree of relevance of the

most similar document in D4 and using it to retrieve

more documents from the �rst three databases, then a

lot more documents are retrieved from these databases.

However, it should be noted that in practice, the actual

documents are not transmitted from the databases to

the metasearch engine. Instead, only the titles of the

documents and their URLs are transmitted. Thus, the

transmission costs would not be high.

There is a tradeo� between eÆciency and e�ectiveness of

retrieval which can be achieved using the co-ordination al-

gorithm given in Section 3.3. The results in Tables 2 to

5 were produced when the metasearch engine received at

least m documents. If the number of documents received by

the metasearch engine is at least m + add doc with the m

most relevant documents being returned to the user, then

higher e�ectiveness will be achieved at the expense of more

retrieved documents and more accessed databases. Tables 6

to 9 show the results when add doc is 5, i.e., 5 more docu-

ments are to be received at the metasearch engine. It is ob-

served from these tables that as far as measure per rel doc

is concerned, close to optimal retrieval (at least 99.1% of the

number of relevant documents) is achieved. If the measure

to retrieve the m most relevant documents is used, close to

optimal retrieval results are obtained for both the short and

the long queries for the Stanford data, but there is some

room for improvement for the long queries for the TREC

data. The number of databases accessed is on the average

at most 93.4% beyond what are required and the number

of documents transmitted is on the average at most 164.3%

beyond what are required. These excess high values are ob-

tained when the method is used on long queries and m = 5.

When add doc = 5, at least 10 documents are to be retrieved

by the metasearch engine and thus doc effort is at least

200%. As m increases and add doc stays constant, the per-

centage of additional documents received at the metasearch

engine decreases and thus doc effort decreases. Although

doc effort is still reasonably high for m = 30, the transmis-

sion cost should not be excessive, as usually only document

titles and URLs are transmitted. The number of databases

accessed on the average varies from 19.5% to 93.4% higher

than the ideal situation.

m cor iden doc db e�ort doc e�ort per rel doc

5 99.0% 171.2% 220.6% 99.9%

10 99.0% 138.2% 175.3% 99.9%

20 98.9% 121.4% 145.8% 99.9%

30 99.0% 114.8% 134.4% 99.9%

Table 6: Short queries with w = 0:8 for Stanford

data, with 5 additional documents retrieved

m cor iden doc db e�ort doc e�ort per rel doc

5 98.4% 193.4% 257.2% 99.9%

10 98.4% 154.8% 220.3% 99.9%

20 98.3% 128.5% 192.4% 99.9%

30 98.3% 119.5% 183.1% 99.9%

Table 7: Long queries with w = 0:8 for Stanford data,

with 5 additional documents retrieved

m cor iden doc db e�ort doc e�ort per rel doc

5 93.4% 169.7% 240.4% 99.5%

10 93.4% 129.5% 184.7% 99.5%

20 95.4% 114.1% 158.0% 99.6%

30 96.7% 108.3% 147.3% 99.7%

Table 8: Short queries with w = 0:8 for TREC data,

with 5 additional documents retrieved

The �nal set of results involves the use of combined terms

(but with at most two terms combined into one) and for each
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m cor iden doc db e�ort doc e�ort per rel doc

5 90.6% 157.0% 264.3% 99.1%

10 89.7% 118.5% 213.5% 99.1%

20 92.3% 106.1% 183.5% 99.5%

30 92.9% 100.7% 174.3% 99.5%

Table 9: Long queries with w = 0:8 for TREC data,

with 5 additional documents retrieved

query, 5 additional documents are retrieved (as described in

the last set of experiments.) Since close to optimal results

have been obtained for the Stanford data, we perform the

new experiments for the TREC data only. As seen in the

Tables 10 and 11, close to optimal results are also obtained

for TREC data. In order to retrieve the 10 most similar

documents, the percentages of additional databases and ad-

ditional documents to be accessed are on the average 35.6%

and 80.1%, respectively. The corresponding numbers are

24.8% and 107.1% for the long queries.

m cor iden doc db e�ort doc e�ort per rel doc

5 97.4% 177.3% 236.1% 99.89%

10 97.2% 135.6% 180.1% 99.85%

20 98.2% 118.6% 156.1% 99.90%

30 98.6% 112.7% 143.9% 99.93%

Table 10: Short queries for TREC data with com-

bined terms, w = 0:8, 5 additional documents re-

trieved

m cor iden doc db e�ort doc e�ort per rel doc

5 94.6% 162.0% 256.3% 99.54%

10 93.3% 124.8% 207.1% 99.50%

20 94.7% 110.8% 167.9% 99.70%

30 95.6% 106.5% 171.0% 99.73%

Table 11: Long queries for TREC data with com-

bined terms, w = 0:8, 5 additional documents re-

trieved

6. DETERMINATION OF W , THE WEIGHT
OF THE SIMILARITY RELATIVE TO
NORMALIZED RANK

In Equation (1), the degree of relevance of a document d to

a query q is de�ned to be

w � sim(q; d) + (1 �w) �NRank(d)

if sim(q; d) > 0, where sim(q; d) is the similarity of d

to q, NRank(d) is the normalized rank of d and w is

a parameter between 0 and 1 that represents the weight

of the similarity sim(q; d) relative to the normalized rank

NRank(d). We now sketch how this relative weight w can

be estimated in practice.

We assume that for each query Qj , in a set of training

queries Q, the 100 most similar documents are retrieved.

Among these 100 documents, the relevant documents are

identi�ed. Let di be the ith retrieved document. If di

is relevant, then its degree of relevance to Qj should be

high, i.e., its degree of relevance should be bigger than some

threshold Tj . Thus, the following inequality should be sat-

is�ed.

w � sim(Qj; di) + (1�w) �NRank(di) > Tj (3)

On the other hand, if di is an irrelevant document, then its

degree of relevance should be smaller than or equal to the

threshold Tj . The corresponding inequality is as follows.

w � sim(Qj; di) + (1�w) �NRank(di) � Tj (4)

From the 100 documents most similar to Qj , 100 inequalities

of the above form (3) or (4) are constructed. This is repeated

for all queries in the set of training queries Q. Altogether

there are 100�jQj inequalities. Ideally all these inequalities

are satis�ed for some w and thresholds Tj , Qj 2 Q. In

practice, this may not be possible. Consider, for example,

the following possible scenario in which for a query, the sim-

ilarity and normalized rank of an irrelevant document are

higher than the similarity and normalized rank of a relevant

document, respectively. (Note that in practice this situa-

tion occurs, because representing documents and queries by

vectors are imprecise and users' intentions are diÆcult to

capture precisely.) It is clear that the degree of relevance of

the irrelevant document to the query must be always higher

than that of the relevant document for any value of w. Thus,

the equalities associated with these two documents can never

be satis�ed at the same time. As a consequence, we aim to

�nd the w and the threshold values which will maximize

the number of satis�ed inequalities.

In general, in the retrieval result of a query, if the number

of documents relevant to the query is small, much more em-

phasis is placed on retrieving all these relevant documents

than rejecting the irrelevant documents. Hence, we consider

a satis�ed inequality associated with a relevant document

(100 � r)=r times as important as a satis�ed inequality as-

sociated with an irrelevant document, where r is the num-

ber of relevant documents. As an example, if there are 5

relevant documents for a query, then a satis�ed inequality

associated with a relevant document is 19 times as impor-

tant as a satis�ed inequality associated with an irrelevant

document. (Note that if the number of relevant documents

is high, the importance placed on a relevant document will

be lower than that of an irrelevant document. However, this

is rare. The number of retrieved documents relevant to a

query is usually much lower than the number of retrieved

irrelevant documents.)

Based on the above discussion, we will seek the relative

weight w that will maximize the following weighted sum

of the numbers of satis�ed inequalities:

X
Qj2Q

�100� rj

rj
�Rj + Ij

�

where Rj is the number of satis�ed inequalities among those
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inequalities associated with the rj relevant documents for

query Qj and Ij is the number of satis�ed inequalities

among those inequalities associated with the (100 � rj) ir-

relevant documents.

To determine the optimal relative weight w, the following

heuristics is used. We begin with the interval from 0 to 1.

For each value of w = 0; 0:1; : : : ; 1, the weighted sum of the

numbers of satis�ed inequalities is computed. Among these

11 numbers, the largest sum is noted. Suppose it occurs at

w = t. Consider the two adjacent points t�0:1 and t+0:1.

If the weighted sum of the numbers of satis�ed inequalities

at w = (t+0:1) is larger than that at w = (t�0:1), then we

seek the optimal w in the subinterval from t to (t+ 0:1)

by repeating the above process with the computation of the

weighted sums at w = t; t+0:01; : : : ; t+0:1; else, the process

is applied to �nd w in the subinterval from (t � 0:1) to

t. The iteration is terminated when a subinterval width is

suÆciently small. Although the value of w thus obtained

may not be the optimal w, experimental results in the next

Section indicates that essentially ideal retrieval performance

is attained when the degrees of relevance are computed using

this value of w.

7. FURTHER EXPERIMENTAL RESULTS
We are not aware of a document collection with linkage in-

formation and a query collection which resembles typical

Internet queries (having an average of 2.2 terms per query)

and having relevance judgments of documents against the

queries. (The new Web TREC collection VLC2 may satisfy

the above criterion, but it is not made available to us.) As a

result, we created a collection of documents and user queries

as follows. Real users were asked to submit queries. A total

of 71 queries were obtained. The average number of terms

per query is 2.3. For each query, the top 50 documents re-

trieved by Yahoo were downloaded. For each such retrieved

document, all documents to which it was linked were also

downloaded. Relevant documents among the downloaded

documents were identi�ed. Altogether, the collection has

29222 documents. This collection was arbitrarily divided

into 30 databases. For each query, the relevant documents

were randomly distributed into 4 to 10 randomly chosen

databases. This forms our test collection.

From the linkage information in the downloaded documents,

we computed the normalized rank of each document [21].

Then, we determined the value of the relative weight w as

described in the previous section. The value we obtained for

w is 0.77 (fairly close to 0.8, the value of w we chose for the

experiments with the Stanford and TREC data). This value

of w, 0.77, was then used to perform distributed information

retrieval in the 30 databases.

The results are given in Table 12. The columns db e�ort,

doc e�ort and per rel doc have the same semantics as those

used in the tables presented in section 5. The second column

rel doc ratio represents the ratio of the total number of

relevant documents retrieved by the metasearch engine for

the 71 queries to the total number of relevant documents

retrieved by a single search engine containing the same set of

documents. In the row for m = 5, for example, the number

0.993 means that the total number of relevant documents

found among the top 5 documents of the retrieval results

from the metasearch engine is 0.993 times the total number

of relevant documents found among the top 5 documents of

the retrieval results from a single search engine containing

the same set of documents.

m rel doc ratio db e�ort doc e�ort per rel doc

5 0.993 173.9% 218.9% 99.6%

10 1.0077 136.9% 161.5% 99.6%

20 1.0042 117.5% 134.5% 99.6%

30 0.9969 109.9% 125.4% 99.7%

Table 12: Experimental results for a collection of

Web pages

It can be seen that essentially the same retrieval e�ective-

ness as if all documents were placed in a single database

is obtained. In fact, when the numbers of documents re-

trieved are 10 and 20, the distributed retrieval yields even

better results than centralized retrieval. The reason is that

databases which have quite a few documents with very high

degrees of relevance have a higher concentration of relevant

documents than databases which have a small number of

documents with high degrees of relevance. The database

selection algorithm we supply tends to retrieve more docu-

ments from the former databases, thus yielding more rele-

vant documents than the centralized retrieval. Consider, for

example, the query \Traditional Chinese herbal medicine".

Table 13 shows the centralized retrieval result, that is the

retrieval result that would be obtained if all data from the

distributed database were placed in a centralized database.

The column m represents the number of top documents in

the retrieval result. Each of the other columns represents a

local database. A non-empty entry in these columns con-

tains two numbers. The number enclosed by a pair of brack-

ets is the number of relevant documents retrieved from the

corresponding local database and the other number is the

number of documents retrieved from the local database. The

pair 10 (9) under column db12 and in the row of m = 20, for

example, means that among the top 20 documents for the

query, 10 were retrieved from local database db12 and 9 of

these 10 retrieved documents are relevant. Table 14 is a sim-

ilar table. It represents the actual retrieval result from the

metasearch engine. From these two tables, note that for the

top 20 documents retrieved in the centralized case, three of

them came from the databases db6, db13 and db19 and all

these three are irrelevant. However, in the actual retrieval,

these 3 databases were not picked by our metasearch engine;

instead, the search e�ort was focused on db28, db9 and db12,

those databases with higher proportions of relevant docu-

ments. It should be noted that the measure rel doc ratio is

essentially \precision" as measured with respect to retrieval

from a centralized environment. The measure \recall" is

not used since in the Internet environment users are often

not interested in �nding all potentially useful documents as
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there may be too many such documents.

m db28 db9 db12 db23 db8 db6 db13 db19

5 1 (1) 2 (2) 1 (1) 1 (0)

10 2 (2) 2 (2) 4 (4) 1 (0) 1 (0)

20 2 (2) 3 (3) 10 (9) 1 (0) 1 (0) 1 (0) 1 (0) 1 (0)

Table 13: Centralized Retrieval for the query \Tra-

ditional Chinese herbal medicine"

m db28 db9 db12 db23 db8

5 1 (1) 2 (2) 1 (1) 1 (0)

10 2 (2) 2 (2) 5 (5) 1 (0)

20 3 (3) 3 (3) 12 (11) 1 (0) 1 (0)

Table 14: Actual Retrieval for the query \Tradi-

tional Chinese herbal medicine"

8. CONCLUDING REMARKS
We have shown that linkage information between documents

can be utilized in their retrieval from distributed databases

in a metasearch engine. This is the �rst time the informa-

tion is employed in a metasearch engine. Our experimental

results show that the techniques we provide yield retrieval

e�ectiveness essentially the same as that of a centralized

database containing all the documents. The strengths of

our techniques are their simplicity (the necessary and suf-

�cient conditions for optimal ranking of databases, the co-

ordination algorithm which guarantees optimal retrieval if

the databases are optimally ranked) and 
exibility (the es-

timation algorithms to rank databases, while taking into

consideration the linkage information between documents).

The techniques given here are readily generalizable to the

situation where there are numerous databases. In that case,

it may be desirable to place database representatives in a hi-

erarchy and search the hierarchy so that most database rep-

resentatives need not be searched and yet the same retrieval

e�ectiveness is achieved as if all database representatives

were searched [33]. An alternative to improve the scalabil-

ity is to create an integrated representative for all databases

instead of having a separate representative for each database

[27].

Centralized general-purpose search engine technology faces

several problems. For example, many pages cannot be in-

dexed due to robot exclusion, the lack of proper links and

the unavailability of special document collections. As an-

other example, the index database cannot be updated in

a timely manner. In addition, such a search engine needs

huge hardware support and is very expensive to build and

maintain. A metasearch engine on top of numerous special-

purpose search engines has the potential to overcome the

above problems. Our goal is to develop techniques that

enable the construction of eÆcient and e�ective large-scale

metasearch engines.
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