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Abstract
However, the use of such techniques for online record linkage 
could pose a tremendous communication bottleneck in a 
distributed environment (where entity heterogeneity problems 
are often encountered). In order to resolve this issue, we develop 
a matching tree, similar to a decision tree, and use it to propose 
techniques that reduce the communication overhead significantly, 
while providing matching decisions that are guaranteed to be the 
same as those obtained using the conventional linkage technique. 
These techniques have been implemented, and experiments with 
real-world and synthetic databases show significant reduction 
in communication overhead. The need to consolidate the 
information contained in heterogeneous data sources has been 
widely documented in recent years. In order to accomplish this 
goal, an organization must resolve several types of heterogeneity 
problems, especially the entity heterogeneity problem that arises 
when the same real-world entity type is represented using different 
identifiers in different data sources. Statistical record linkage 
techniques could be used for resolving this problem.
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I. Introduction
The last few decades have witnessed a tremendous increase in the 
use of computerized databases for supporting a variety of business 
decisions. The data needed to support these decisions are often 
scattered in heteroge- neous distributed databases. In such cases, it 
maybe necessary to link records in multiple databases so that one 
can consolidate and use the data pertaining to the same real- world 
entity. If the databases use the same set of design standards, this 
linking can easily be done using the primary key (or other common 
candidate keys). However, since these heterogeneous databases 
are usually designed and managed by different organizations (or 
different units within the same organization), there maybe no 
common candidate key for linking the records. 
The above problem—where a real-world entity type is represented 
by different identifiers in two databases—is quite common in the 
real world and is called the entity heterogeneity problem [13-14] 
or the common identifier problem [8, 12]. The key question here 
is one of record linkage: given a record in a local database (often 
called the enquiry record), how do we find records from a remote 
database that may match the enquiry record? 
Traditional record linkage techniques, however, are designed to 
link an enquiry record with a set of records in a local master file. 
If the similarity measure is above a certain threshold, the two 
records are said to satisfy the linkage rule. However, when the 
matching records reside at a remote site, existing techniques cannot 
be directly applied because they would involve transferring the 
entire remote relation, thereby incurring a huge communication 
overhead. As a result, record linkage techniques do not have an 
efficient implementation in an online, distributed environment 
and have mostly been confined to either local master files or to 
matching data from various sources in a batch processing mode. 
In order to fully appreciate the overall difficulty, two important 
characteristics of the problem context must be understood:

The databases exhibiting entity heterogeneity are dis- tributed, and 
it is not possible to create and maintain a central data repository 
or warehouse where precomputed linkage results can be stored. 
A centralized solution maybe impractical for several reasons. 
First, if the databases span several organizations, the ownership 
and cost allocation issues associated with the ware- house could 
be quite difficult to address. Second, even if the warehouse could 
be developed, it would be difficult to keep it up-to-date.
This staleness maybe unacceptable in many situations. For 
instance, in a criminal investigation, one maybe interested in the 
profile of crimes committed in the last 24 hours within a certain 
radius of the crime scene. In order to keep the warehouse current, 
the sites must agree to transmit incremental changes to the data 
warehouse on a real-time basis. Even if such an agreement is 
reached, it would be difficult to monitor and enforce it. This is 
because the warehouse must maintain a linkage table for each pair 
of sites, and must update them every time one of the associated 
databases changes.
In Section II, we provide two real-world examples of the online 
record linkage problem. These examples clearly demonstrate that 
the two problem characteristics discussed above are quite common 
and are likely to be present in many other practical situations, 
as well.
Since the early work by Fellegi and Sunter, Newcombe and 
Kennedy and Tepping, the issue of record linkage has received 
a lot of attention in statistics and computer science literature. 
However, most of the previous work has been in the context of 
record linkage accuracy: based on the structure of the data files, 
how can one make better (or more accurate) linkage decisions? 
For example, Jaro, in applying record linkage to census data, 
proposes the use of the EM algorithm for accurately estimating the 
probability parameters and applying them to obtain the matching 
probabilities that are later used in an assignment model. Copas and 
Hilton consider different statistical models for observed records 
and fit them to previously matched immigration record pairs; 
once a model is fitted, it can be used to make automated linkage 
decisions for unmatched record pairs. 
Belin and Rubin question the common assumption of conditional 
independence among matching patterns of attributes and develop 
a method for calibrating the false-match rate in record linkage 
by fitting mixtures of transformed normal distributions. In their 
scheme, some record pairs are directly classified as “links” 
and “nonlinks” based on the available information, while other 
record pairs are sent for clerical review. As the clerical review 
corrects some of the erroneous classifications, this information is 
used for a reestimation of the mixture models. Winkler extends 
the model of Fellegi and Sunter with fewer assumptions and 
develops a linkage model that is computationally more efficient 
and requires less human intervention. Baxter et al. show that two 
new blocking methods, which are used in record linkage systems 
to reduce the number of candidate record comparison pairs, can 
maintain or improve the record linkage accuracy. we normalize 
the communication overhead needed by our approach by the size 
of the remote database from where the matching records need to 
be extracted. An important issue associated with record linkage 
in distributed environments is that of schema integration. For 
record linkage techniques to work well, one should be able to 
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identify the common nonkey attributes between two databases. 
If the databases are designed and maintained independently—as 
is the case in most heterogeneous environments—it would be 
necessary to develop an integrated schema before the common 
attributes can be identified. Schema integration is not the focus 
of this paper; In this study, we assume that the attribute-level 
reconciliation has already been performed prior to employing the 
record linkage techniques discussed in this paper.
The rest of this paper is organized as follows: Section II, describes 
two illustrative examples to motivate the problem studied in this 
paper. Section III, develops the foundation for the proposed 
techniques, which are then analyzed in detail in Section IV. Results 
of detailed numerical experiments with real and synthetic data 
sets are reported in Section V. Section VI, concludes the paper 
and offers possible directions for future research.

II. Motivational Examples
In order to motivate the problem context and illustrate the usefulness 
of the sequential approaches presented in this paper, we provide 
two real-world examples: the first one is drawn from insurance 
claims processing, and the second from crime investigation.

A. Example: Insurance Claims Processing
Consider the following situation in a large city with four major 
health insurance companies, each with several million subscribers. 
Each insurance company processes more than 10,000 claims a day; 
manual handling of this huge volume could take significant human 
effort resulting in high personnel and error costs. A few years 
ago, the health insurance companies and the medical providers 
in the area agreed to automate the entire process of claims filing, 
handling, payment, and notification. In the auto- mated process, a 
medical service provider files health insurance claims electronically 
using information (about patients and services provided) stored 
in the provider database. A specialized computer program at the 
insurance company then processes each claim, issues payments 
to appropriate parties, and notifies the subscriber.
Although automated processing works well with most claims, 
it does not work with exceptions involving double coverage. 
A double coverage is defined as the situation where a person 
has primary coverage through his/her employer and secondary 
coverage through the employer of the spouse. Each service is paid 
according to a schedule of charges by the primary insurance; co-
payments and nonallowable amounts are billed to the secondary 
insur- ance. An exceptional claim is one where the insurance 
company is billed as the primary for the first time, whereas previous 
billings to this company have been as the secondary. Quite often, 
medical service providers submit the primary claims incorrectly 
(to the secondary carrier). Therefore, when an exceptional claim 
is received, the insurance company would like to verify that it is 
indeed the primary carrier for the subscriber. Since the system 
cannot currently verify this, all exceptional claims are routed for 
manual processing.
The insurance companies request that their subscribers inform 
them of the existence of (and changes in) secondary coverage. 
However, many subscribers forget to send the appropriate 
notification to update the subscriber database. To complicate 
things further, different employers use different calendars for 
open enrollment—some use the calendar year, others use the 
fiscal year, and many academic institutions use the academic year. 
Furthermore, subscribers often change jobs, and their insurance 
coverages change accordingly. With rapid economic growth and 
the prolifera- tion of double income families around the city, each 

insurance company receives several thousand updates per day to 
their subscriber database. 
However, since not all updates are propagated across the companies, 
stories of mishandled claims are quite common.
In order to overcome this problem, the insurance companies have 
recently agreed to partially share their subscriber databases with 
one another. Under this agreement, an insurance company would 
be able to see certain information (such as name, address, and 
employer) about all the subscribers in the other companies by using 
SQL queries. Of course, confidential information (such as social 
security number, existing diseases, and test results) would not be 
shared, nor would the processing of application programs or scripts 
from other companies be allowed. The companies have enhanced 
the existing claims processing software so that the subscriber 
information in all other databases can be consulted to determine 
the current state of coverage. Specifically, before processing an 
exceptional claim, one obtains the coverage information from 
the other companies, and checks for the existence of double 
coverage.
Unless an efficient technique is used, the communication burden 
needed for record linkage in the above environment maybe quite 
high. The databases are quite large—the average number of 
subscribers per company is more than a million. Each record 
contains many common attributes with a total size of about 500 
bytes per record. If a more efficient technique is not used, even 
with a dedicated T-1 connection, it would take in excess of 40 
minutes for downloading the common attribute values of all the 
records from a remote database (ignoring queuing delays and 
the framing overhead). Thus, the need for an efficient technique, 
such as the one we are about to propose here, is clearly indicated 
for this application.

B. Example: Crime Investigation
Consider the situation in a large metropolitan area consisting 
of about 40 municipal regions. Each municipality is equipped 
with (mostly incompatible) criminal data processing systems and 
their respective data models. Although, the municipalities share a 
significant portion of the stored criminal records among themselves, 
it has long been decided that it is not practical to create a central data 
warehouse that consolidates all the information. The justification 
for this decision was derived from the funda- mental failure of the 
US Government’s “Interstate Identification Index” (III) which is 
fed by the “State Criminal History Information System” (CHIS). 
An effort spanning more than a decade has consolidated only 
about 60 percent of the state criminal records. 
Currently, a police officer investigating a crime at the site makes 
a phone call to a backroom operator, who searches through the 
different databases to determine if certain offender types are 
known to be located in the call area of interest. The process is 
quite inefficient. First, it is often difficult for a police officer to 
relay the exact search requirements to the operator. Second, the 
police officer has to rely on the operator’s expertise and intuition 
in modifying the search criteria based on the results of a previous 
query. Third, when the search criteria are satisfied record r is 
denoted by r(Yk ). The comparison results between two records, 
a and b 2 R, and their common attributes can be expressed as the 
following random variables:
In order to address this problem, a proposal is currently, under 
consideration whereby the field personnel (such as investigating 
officers, certain social workers, and forensic experts) would be 
provided with handheld devices. The basic idea in this proposal 
is that a crime investigator should be able to quickly download 
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relevant information (appropriate to the crime profile of the case 
at hand) on these devices, instead of having to rely on a backroom 
operator to do the necessary research. 
Probability can be estimated using Bayes’ conditionalization 
formula:
Unfortunately, there are several challenges in implementing 
this proposal. First, since no centralized data warehouse exists, 
an investigating officer may have to send queries to Although 
Uk is represented as a binary-valued random variable here, it is 
straightforward to extend this idea to the case where Uk can assume 
more than two values. In that case, we would be able to express 
partial matches between attribute values as well.
The possible match between a and b is quantified by the conditional 
probability that the two records refer to the same real-world entity 
instance, given U = (U1 ; U2 ; ... ; UK), the matching pattern of 
their recorded attribute values.

III. Proposed Model
In this section, we draw upon the research in the area of sequential 
information acquisition [27-28] to provide an In practice, it 
is quite common to make the simplifying attributes of all the 
remote records are brought to the local site; instead, attributes are 
brought one at a time. After acquiring an attribute, the matching 
probability is revised based on the realization of that attribute, 
and a decision is made whether or not to acquire more attributes. 
By recursively acquiring attributes and stopping only when the 
matching probability cannot be revised sufficiently (to effect a 
change in the linkage decision), the sequential approach identifies, 
as possible matches, the same set of records as the traditional full-
information case (where all the attributes of all the remote records 
are downloaded). Before we discuss the sequential approach in 
more detail, some basic notation and an overview of traditional 
record linkage is necessary.

A. Basic Notation
Let a be an enquiry record at the local site, and let R = fb1 ; b2 ; 
... ; bn g be a set of records at the remote site. We are interested 
in identifying the records in R that are possible matches of a. We 
consider a set of attributes Y = fY1 ; Y2 ; ... ; YK g common to both 
a and R. The Yk -value of a We make two important observations 
in this regard. First, we note that the condition L(U) 9 is equivalent 
to the probability condition: p U c, when 9 c(1—pj; ) . Second, we 
express the threshold c (and hence 9) as a parameter of an explicit 
cost-benefit trade-off. In order to do that, consider the case of 
evaluating a possible linkage between two records a and b having 
a matching pattern U. If a is the same as b (a ’ b) and the

Traditionally, the linkage rule is expressed in terms of the likelihood 
ratio L(U): any two records with the matching pattern U are not 
linked if L(U) < 9, and are linked as possible matches (perhaps 
requiring further clerical review) if L(U) 9, where 9 is a constant 
determined in order to minimize the total number of errors made 
in the linkage decision [16].

Fig. 1: A Sample Tree Showing Attribute Acquisition Order

easily obtained from (4). Now, if Yk is acquired at this point, the 
revised matching probability pjV [fYk g can be obtained from (5). 
This revised probability is likely to be different from the current 
probability 7r: If the actual realization of Uk is favorable toward 
matching, then the matching probability would increase  Based 
on this, the reduction in the error cost from acquiring Yk is given 
by To put it in another way, we continue expanding the tree as 
long as there is any chance that the matching probability can be 
revised sufficiently to change the matching decision. 
A distinct advantage of the tree-based sequential record linkage 
is that the matching tree can be precomputed and stored, thereby 
saving computational overhead at the time of answering a linkage 
query. Of course, in a real-world situation, one may need to store 
several matching trees, each for a different value of c. This is 
because the relative cost of a type-II error maybe different for 
different tasks within the same application. By identifying these 
tasks a priori and storing the matching trees for the appropriate 
values of c, one can avoid the extra computation at query time 
records are linked, or if a ’ b and the records are not linked, then 
there is no error. However, if a ’ b, and we fail to link We now 
discuss the reduction in error cost as a result ofacquiring Yk . First, 
we simplify the notation. Let the current value of the matching 
probability pjV be 7r; it is 

B. Sequential Record Linkage and Matching Tree
The sequential approach decides on the next “best” attribute to 
acquire, based upon the comparison results of the previously 
acquired attributes. The acquisition of attributes can be expressed 
in the form of a matching tree as shown in fig. 1. 
This tree can be used in the following manner: Starting at the root, 
we acquire attribute Y3 first. If there is a match on this attribute, 
we acquire attribute Y7; otherwise, we acquire Y2. Similarly, after 
acquiring Y7, if there is a match, we acquire Y1, and so on, till 
a “STOP” node is reached. In the end, we would have a set of 
probability numbers for each remote record, based only on a subset 
of attributes that would have been acquired along a path of the 
tree. We now discuss how one can induce a matching tree similar 
to the one shown in fig. 1.
There are two basic principles used in the induction of a matching 
tree: (1) input selection and (2) stopping. Before we describe 
these two principles, we would like to clarify an important point. 
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In inducing the tree, as well as in our attributes, Y— V. There 
are two possibilities for the Yk -value of a remote record b 2 
R: either b(Yk ) = a(Yk ) or b(Yk ) = a(Yk), i.e., Uk is either one 
or zero. Of course, once we know Yk, and hence Uk, we could 
revise the matching probability to the records, a type-I error (false 
negative) is committed; let At this point, we would be interested 
in finding the next best attribute Yk to be acquired from the set of 
remaining We can now characterize the different techniques that 
can be employed in the last step. Recall that, given a local enquiry 
record, the ultimate goal of any linkage technique is to identify 
and fetch all the records from the remote site that have a matching 
probability of c or more. In other words, one needs to partition 
the set of remote records into two subsets: (1) relevant records 
that have a matching probability of c or more, and (2) irrelevant 
records that have a matching probability of less than c. Our aim 
is to develop techniques that would achieve this objective while 
keeping the communication overhead as low as possible. The 
partitioning itself can be done in one of two possible ways:
(1) sequential, or (2) concurrent In sequential partitioning, the 
set of remote records is partitioned recursively, till we obtain 
the desired partition of all the relevant records. This recursive 
partitioning can be done in one of two ways: (1) by transferring 
the attributes of the remote records and comparing them locally, 
or (2) by sending a local attribute value, comparing it with the 
values of the remote records, and then transferring the identifiers 
of those remote records that match on the attribute value. As shown 
in fig. 3, we call the first one sequential attribute acquisition, and 
the second, sequential identifier acquisition.

IV. Tree-Based Linkage Techniques
In this section, we develop efficient online record linkage 
techniques based on the matching tree induced in Section 3.2. 
The overall linkage process is summarized in fig. 2. The first two 
stages in this process are performed offline, using the training data. 
Once the matching tree has been built, the online linkage is done 
as the final step.In the concurrent partitioning scheme, the tree is 
used to formulate a database query that selects the relevant remote 
records directly, in one single step. Hence, there is no need for 
identifier transfer. Once the relevant records are identified, all their 
attribute values are transferred. We call this scheme concurrent 
attribute acquisition (see fig. 3).

Fig. 2: The Overall Process of Online Tree-Based Linkage

A. Sequential  Attribute Acquisition (SAA)
As mentioned earlier, in this technique, we acquire attribute from 
the remote records in a sequential fashion. Consider the matching 
tree in fig. 1. Working with this tree, we would first acquire attribute 
Y3 for all the remote records in R. When the Y3 -value of b 2 R 
is compared to that of the local enquiry record a, we would get 
either a match or a mismatch. Therefore, the set of remote records 
in R gets partitioned into two sets R1 and R2, where R1 is the set 
of records with matching Y3 -value, and R2 = R — R1. For all the 
records in R1, the next attribute to acquire should be Y7, where 

as Y2 should be acquired for all the records in R2. Although the 
above procedure is simple, its implementation requires one to 
maintain the indices of the partitioned sets, say R1 and R2. Since 
R is partitioned locally, a record In order to estimate the identifier 
overhead, we know that, at node x, nq(x) identifiers must be sent 
from the local to the remote site, except at the root node where all 
n identifiers are received from (and not sent to) the remote site. 
Therefore, the expected number of identifiers send the identifiers 
from only that subset of R1 which matches on Y7. Proceeding 
this way, we can eventually find We can use the tree effectively 
to identify these realizations. Any path in the tree that leads to 
a “STOP”.
At the root node, we receive the identifiers of all records,and do 
not have to resend these identifiers. The total can, therefore, be 
calculated as Given a matching tree, it is now quite easy to estimate 
s K . In our experiments with real and synthetic data sets, we have 
found, except in the extreme case of n = 1, s K to be much

C. Concurrent Attribute Acquisition (CAA)
The main drawback of the sequential schemes (SAA and SIA) 
is that the information pertaining to the remote records must 
be transferred back and forth between the sites; the resulting 
overhead could be substantial, especially when the number of 
remote records is large. When we consider the latency-related 
delays as well, this back-and-forth nature of the communication 
may make them particularly inappropriate in many situations. This 
section proposes another approach that completely eliminates the 
overhead that occurs in a recursive partitioning scheme embedded 
in SAA or SIA. In this approach, we make use of the matching tree 
developed earlier to formulate a database query which is posed to 
the remote site to acquire only the relevant records. Although such 
a query would usually be quite long and complex, conceptually 
it is easily constructed by using the matching tree and can be 
generated automatically.

Fig. 3: Possible Tree-Based Linkage Techniques

The total communication overhead of the SAA technique is 
composed of three elements: 1) the transfer of attribute values 
from the remote to the local site, 2) the transfer of all the identifiers 
between the remote and the local sites, and 3) the transfer of 
those records that have a matching probability greater than c. It 
is possible to estimate the expected size of each of these three 
overheads from the matching tree. Let X be the set of nonleaf nodes 
in the matching tree, and let q(x) be the probability of visiting node 
x 2 X. Since there are n remote records, the expected number of 
remote records visiting node x should be nq(x).
In order  to see how  SIA performs compared to SAA, compare 
(7) and  (8) and  observe that  SIA results in a lower overhead than  
SAA if  database  are   often   much   larger   than   an   identifier 
(typically 2 or 4 bytes  long).  If the  attribute transfer could be 
replaced by identifier transfer, the  total  communication maybe   
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reduced.  Therefore, in  this  approach, we  do  not transfer the 
attribute values  from the remote site.
The right-hand side of the above expression depends on n, 
the number of remote records, and is some what node with a 
matching probability greater than c provides us with a favorable 
To understand how  this  can  be done,  first  consider the vector    
U = (U1 ; U2 ; ... ; UK ).  Certain  realizations  of  this vector  leads  
to a matching probability greater than  c;  call these the favorable 
realizations. We are only interested in those remote records that 
lead to the favorable realizations of U . 
Since many paths may lead to different favorable realizations, 
the overall query condition should be a disjunction of all the 
acceptance paths starting at the root. In other words, if there are 
m acceptance paths out of the root, a nd if ej denotes the condition 
o f path j, j = 1; 2; ... ; m, then the overall query condition can be 
written as: e1 _ e2 _ _ em . This query condition, however, is quite 
cumbersome (with many of the nodes repeated several times) and 
can be compressed further.
Since we assumed that a match on Y (x) is a favorable realization, 
the matching probability of the above condition must be greater 
than the matching probability associated with the condition (Y (x) 
= a(Y (x))) ^ E(r(x)). However, the latter condition corresponds 
to an acceptance path in the tree and has a matching probability 
greater than c, so b has a matching probability greater than c. This 
is a contradiction to the assumption that b is irrelevant. Therefore, 
by the acceptance path  (Y3 ; Y7 ; Y5 ; Y9 ) in fig. 1. This path  can 
be expressed as a query  condition:

In order to explain how that can be done, denote by E(x) the complete 
query condition rooted at node x. Because of the completeness 
property of the matching tree (as discussed in Section 3.2), every 
relevant record (a record with matching probability above c) must 
satisfy E(x), and every irrelevant record (a record with matching 
probability below c) must satisfy :E(x), the negation of E(x). Let 
l(x) and r(x) be the left and right children of node x, respectively. 
Denoting the attribute at node x as Y (x), E(x) can be expressed 
as a recursion:

Assume, without loss of generality, that a match on Y (x) is a 
favorable realization. Now consider the revised query condition 
rewriting the expression of E(x) as E0 (x) and using it recursively 
starting at the root, we can ensure each node is included in the query 
exactly once, thereby reducing the size of the query significantly. 
The size of the compressed query is, therefore, the size of tree 
and is equal to P s(x). In this case, there is no identifier overhead, 
and the included record overhead is still npj; sR. Therefore, the 
normalized overhead in this case is given by (R92 ) and a 1996 
version (R96) We designate the 1992 version as the “local” database 
and the 1996 version as the “remote” database. For training the 
model, we only use subsets of these databases with faculty records 
from the following randomly selected states: Alabama (AL), 
District of Colum- bia (DC), Maine (ME), Pennsylvania (PA), 
Illinois (IL), Oklahoma (OK), and New Jersey (NJ). There are 280 
and 304 records in the 1992 (local) and 1996 (remote) subsets, 
respectively. There are two reasons as to why we consider records 
from a randomly selected subset of states, instead of randomly 
picking individual faculty records. First, this choice better mimics 
our problem context where the two databases have a significant 

overlap. If the individual faculty records were chosen randomly, 
the overlap would be much smaller (in fact, none in some cases). 
There is a secondary benefit as well—this choice yields much 
more accurate estimates of the probability parameters Pr½Uk jM 
= 1], k = 1; 2; ... ; K. This is because, when records from the two 
databases are compared, only a few comparisons would result in 
a match (M = 1) if the overlap is small. However, if the overlap 
is large, there will be enough comparisons with M = 1, providing 
ample data points to estimate Pr½Uk jM =1] accurately.

V. Testing and Validation
In order to study the actual performance of the above approaches, 
we implement and test them on real-world and synthetic data sets. 
Before we describe the implementation and discuss the results, 
two aspects of the numerical study should be discussed.

The expected communication overhead for the sequential • 
approach (normalized by the size of the remote database) can 
be calculated exactly based on the matching tree, as shown 
in (7), (8), and (9). Hence, we need not resort to simulation 
(using actual data sets) to estimate the expected commu- 
nication overhead.
The only role of the data set in this study is to estimate • 
the conditional probabilities required for constructing the 
matching tree. As can be seen from (4), the probabilities 
necessary to construct the tree are: pj; , Pr½Uk jM = 1], and 
Pr½Uk jM = 0], k = 1; 2; ... ; K. Once these probabilities 
are estimated from the data set and stored, the matching 
tree can be easily constructed for different values of c. The 
communication overhead for each value of c can then be 
calculated.

A. Numerical Results
The first data set used in this study is a real-world database 
consisting of two versions of the MIS faculty directory maintained 
by the University of Minnesota—a 1992 version. A related issue 
is that of the size of the training data set, which is always an 
important consideration in any empirical validation. In order to 
address this issue, we verify that the size of the data set used in 
our experiments is well above what is required to obtain accurate 
and stable estimates of the required probability parameters. This 
verification is done using the well-known x2 test—we find that 
the probability distribution remains unchanged even with data 
sets that are much smaller than the one used.

B. Additional Validation
In addition to the numerical testing performed with the faculty 
directory database, we also test the tree-based approaches on a 
synthetic data set, to obtain additional insights and to strengthen the 
empirical validation. More specifically, we perform numerical tests 
using the Freely Extensible Biomedical Record Linkage (FEBRL) 
database—it is a large data repository containing synthetic census 
data and has been used in prior studies in record linkage [9, 18]. 
We use two synthetic data sets from FEBRL—the first data set 
contains 6,000 original records, and the second contains 4,000 
synthetically generated duplicate records.
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Fig. 4: Normalized Overhead as a Function of n in the Three Approaches

error-prone. In order to circumvent this problem, we implement 
fuzzy matching for all the string-valued attributes. We first define 
a similarity measure between any two character strings, T1 and 
T2, based on a character-by- character comparison of these two 
strings where IT1 ½i]=T2 ½i] is 1 only if the ith characters of both 
the strings are the same, and it is zero otherwise; is the length of 
the shorter of the two strings. Now, given a string-valued attribute 
Yk , and two records a and b, we redefine the matching pattern of 
Yk as We run the three approaches on this data set; the results are 
shown in fig. 5. Comparing fig. 5 with fig. 4, we find that, in terms 

of how the tree-based approaches contribute toward reducing 
the communication overhead, the results show similar trends. As 
before, SIA works better when the remote database is relatively 
small, and CAA, when the remote database is large. This provides 
additional validation of the efficacy of our approaches and their 
applicability in practice.

C. Matching  Results
The focus so far has been the efficiency or the performance of 
the approaches in terms of reduction in communication overhead. 
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We do not directly address the issue of the effectiveness or the 
performance of the approaches in terms of matching accuracy. 
Although we know from the completeness property of the tree that 
the matching performance of our approaches should be exactly 
the same as the full-information case, it would be nice to see how 
the tree-based approaches perform on real data.

To that end, we run two additional sets of experiments with our 
data sets. We first use the MIS faculty database. There, we select 
all the faculty records from the two versions (R92  and  R96) for the 
following states:  Georgia  (GA), Idaho (ID), Michigan (MI), New  
Hampshire (NH),  Virginia  (VA), Washington (WA), Wisconsin 
(WI), and California (CA).

Fig. 5: Normalized Overhead in the Three Approaches for the FEBRL Data Set1996 version with 497 records is designated as the 
remote database. We then run four trials with 50 queries each. Each query uses a randomly picked enquiry record (without substitution) 
from the local database. The results are provided in Table 1, in terms of the recall and precision measures. As can be clearly seen 
from this table, the tree- based approaches work very well in identifying the possible matches.

Next, we run basically the same experiment using the FEBRL data 
set. For this part of the experiment, the remote databases has 1,384 
randomly picked records. The enquiry records are also picked 
randomly and a linkage query is run for each enquiry record. As 
before, we again run four trials, but this time with 100 queries 

each. The results are provided in Table 2. As can be seen from 
this table, the linkage performance is quite good, although not as 
good as the performance with the MIS faculty database (Table 1). 
This is not surprising. As mentioned earlier, the FEBRL database 
has a lot of attribute value modifications inten- tionally introduced 
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to mimic typographical and other data entry and transformational 
errors that often creep into real- world databases. In fact, it is 
quite surprising that the linkage performance is this good, both 
in terms of recall and precision, despite all these errors. Overall, 
this shows the robustness of our approach and its flexibility to be 
adapted in different practical situations.

IV. Conclusion
The matching probability is computed based on common attribute 
values. This, of course, requires that common attribute values of all 
the remote records be transferred to the local site. In this paper, we 

develop efficient techniques to facilitate record linkage decisions 
in a distributed, online setting. Record linkage is an important issue 
in heterogeneous database systems where the records representing 
the same real-world entity type are identified using different identi- 
fiers in different databases. In the absence of a common identifier, 
it is often difficult to find records in a remote database that are 
similar to a local enquiry record. Traditional record linkage uses a 
probability-based model to identify the closeness between records. 
The communication overhead is significantly large for such an 
operation. We propose techniques for record linkage that

Table 1: Matching Performance of Tree-Based Approaches (MIS Faculty Database)

Table 2: Matching Performance of Tree-Based Approaches (FEBRL Database)
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draw upon previous work in sequential decision making. More 
specifically, we develop a matching tree for attribute acquisition 
and propose three different schemes of using this tree for record 
linkage.
The three techniques proposed in this study were tested on real-
world and synthetic data sets and were found to significantly 
reduce the communication overhead needed to perform record 
linkage. The worst of the three techniques still provided matching 
at a normalized overhead of about 40-50 percent (relative to the 
size of the remote database), whereas the other two provided 
the same results at a much lower overhead (less than 5 percent 
in most cases). Of these two, SIA did consistently well for all 
values of n, the number of remote records. CAA did not do well 
for low values of n, but at high values of n, it outperformed the 
other two techniques by a large margin. Based on these results, 
the appropriate technique could be adopted given a real-world 
application. Further, given the compelling nature of the results 
from our experiments, we expect our approach to work well in 
other real-world applications, too. It is necessary to point out 
that the proposed techniques reduce the communication overhead 
considerably, yet the linkage performance is assured to be at the 
same level as the traditional approach.
There are several other directions for future research. For example, 
one could study how to extend the sequential model to cases 
where there are several enquiry records at the local site. In that 
case, the matching must be performed in a manner so that no local 
record is paired with more than one remote record and vice versa. 
The resulting sequential decision model would be different, and 
it may not be possible to build a decision tree a priori. Another 
avenue for future research is to perform an explicit cost-benefit 
trade- off between error cost and communication overhead. In 
this study, we were able to reduce the communication overhead 
significantly while keeping the error cost at the level of traditional 
techniques. It may, however, be possible to further reduce the 
communication overhead at the expense of incurring higher costs 
of linkage errors. One could also apply sequential decision-making 
techniques to the record linkage problem using nonprobabilistic 
similarity measures such as the distance-based measures used in 
clustering; this maybe useful in situations where the training data 
(to estimate the probabilities) are not readily available.
While discussing the efficiency of the tree-based techniques, 
we did not consider the extra computational load placed on the 
remote server. For SAA and SIA, the remote server would have 
to respond to a series of queries sent in a sequential manner. 

Especially for SIA, many of these queries would involve selecting 
records by comparing values of attributes for which a secondary 
index may not exist. The resulting load on the remote server may 
not always be insignificant. We did not consider this issue because 
the reduction of communication overhead is the major focus here. 
However, it would be interesting to study how the approaches can 
be implemented in a more efficient manner with respect to the 
load on the remote server.
Finally, an emerging area of research in record linkage concerns 
the preservation of privacy associated with the individual records 
shared across organizational boundaries.
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