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Abstract
In many data mining projects in the health sector information from multiple
data sourcesneedsto be cleaned,deduplicatedand linked in order to allow
moredetailed analysis. The aim of such linkagesis to mergeall recordsrelat-
ing to the sameentit y, such asa patient. Most of the time the linkageprocess
is challengedby the lack of a common unique entit y identi�er. Addition-
ally, personalinformation, like namesand addresses,are frequently recorded
with typographical errors, can be formatted di�erently, and parts can even
be missing or swapped, making the duplication or linkage task non-trivial.
A special caseof linkage is geocoding, the processof matching user records
with geocoded referencedata, allowing spatial data analysisand mining, for
exampleof diseaseoutbreaks,or correlationswith environmental factors.
In this paper we present an overview of the Febrl (Freely extensiblebiomed-
ical record linkage) project, which aims at developing improved algorithms
and techniquesfor large scaledata cleaningand standardisation,record link-
age, deduplication and geocoding. We discussnew probabilistic techniques
for data cleaningand standardisation, approximate geocode matching, par-
allelisation of blocking and linkagealgorithms, aswell asa probabilistic data
set generator.

Record Link age and Geocoding in Health
The health sector producesand collects massive amounts of data on a daily basis, in-
cluding administrative Medicareand PBS data, emergencyand hospital admissiondata,
clinical data, as well as data collected in special databaseslike cancer registries. The
mining of such data hasattracted interest both from academiaand governmental organ-
isation. Often data from various sourcesneedsto be integrated and linked in order to
allow more detailed analysis. In health surveillancesystemslinked data can alsohelp to
enrich data that is usedfor pattern detection in data mining systems.Linked data also
allows re-usingof existing data sourcesfor new studies,and to reducecostsand e�orts
in data acquisition for research studies. Linked data might contain information which is
neededto improve health policies,and which traditionally hasbeencollectedwith time
consumingand expensive survey methods.

Of increasinginterest in the health sectoris geocoding, the linking of a data sourcewith
geocoded referencedata (which is made of cleanedand standardisedrecordscontain-
ing addressinformation plus their geographicallocation). The US Federal Geographic
Data Committee estimatesthat geographiclocation is a key feature in 80% to 90% of



governmental data collections [29]. In many cases,addressesare the key to spatially
enabledata. The aim of geocoding is to generatea geographicallocation (longitude and
latitude) from street addressinformation in the userdata. Oncegeocoded, the data can
be usedfor further processing,in spatial data mining projects, and it can be visualised
and combined with other data using geographicalinformation systems(GIS). The ap-
plications of spatial data analysisand mining in the health sector are widespread. For
example, geocoded data can be used to �nd local clusters of disease. Environmental
health studies often rely on GIS and geocoding software to map areasof potential ex-
posureand to locate where people live in relation to theseareas. Geocoded data can
also help in the planning of new health resources,e.g. additional health care providers
can be allocated closeto where there is an increasedneedfor services.An overview of
geographicalhealth issuesis given in [4]. When combined with a street navigation sys-
tem, accurategeocodeddata canassistemergencyservices�nd the location of a reported
emergency.

In this paper we present an overview of the Febrl (Freely extensiblebiomedical record
linkage) project, and we discussour future research plans. Febrl is implemented in the
object-oriented open sourcelanguagePython1 (which is open sourceitself) and available
from the project web page. Due to the availabilit y of its sourcecode, Febrl is an ideal
platform for the rapid development, implementation, and testing of new and improved
record linkagealgorithms and techniques.

A Short Overview of Record Link age
If unique entit y identi�ers or keys are available in all the data sets to be linked, then
the problem of linking or deduplication at the entit y level becomestrivial, a simple join
operation in SQL or its equivalent is all that is required. However, in most casesno
unique identi�ers are sharedby all of the data sets,and moresophisticatedlinkagetech-
niquesneedto be applied. Thesetechniquescan be broadly classi�ed into deterministic
or rules-basedapproaches(in which setsof often very complexrules are usedto classify
pairs of recordsaslinks, i.e. relating to the sameentit y, or asnon-links), and probabilistic
approaches(in which statistical models are usedto classify record pairs). Probabilistic
methods can be further divided into those basedon classical probabilistic record link-
agetheory as developed by Fellegi & Sunter [11], and newer approachesusing machine
learning techniques[6, 9, 10, 13, 15, 19, 21, 28, 30].

Computer-assistedrecord linkage goes back as far as the 1950s, when most linkage
projects werebasedon ad hoc heuristic methods. The basicideasof probabilistic record
linkagewereintroducedby Newcombe & Kennedy [22] in 1962while the theoretical foun-
dation was provided by Fellegi & Sunter [11] in 1969. The basic idea is to link records
by comparingcommonattributes, which include personidenti�ers (like namesand dates
of birth) and demographicinformation. Pairs of recordsare classi�ed as links if their
commonattributes predominantly agree,or asnon-links if they predominantly disagree.
If two data setsA and B are to be linked, record pairs are classi�ed in a product space
A � B into M , the set of true matches,and U, the set of true non-matches. Fellegi &

1 See: http://www.python.org



Sunter [11] consideredratios of probabilities of the form

R =
P(
 " � jM )
P(
 " � jU)

where 
 is an arbitrary agreement pattern in a comparisonspace�. For example, �
might consistof six patterns representing simpleagreement or disagreement on (1) given
name, (2) surname,(3) date of birth, (4) street address,(5) suburb and (6) postcode.
Alternativ ely, someof the 
 might additionally considertypographicalerrors,or account
for the relative frequencywith which speci�c valuesoccur. For example,a surnamevalue
‘Miller’ is much more common in Australia than a value ‘Dijkstra’, resulting in a
smaller agreement value. The ratio R or any monotonically increasingfunction of it
(such as its logarithm) is referredto asa matching weight. A decisionrule is then given
by

if R > tupper, then designatea record pair as link
if t lower � R � tupper, then designatea record pair as possiblelink
if R < t lower, then designatea record pair as non-link

The thresholds t lower and tupper are determined by a-priori error bounds on false links
and falsenon-links. The classof possiblelinks are those record pairs for which human
oversight, alsoknown asclerical review, is neededto decidetheir �nal linkagestatus (as
often no additional information is available the clerical review processbecomesone of
applying human intuition, experienceor commonsenseto the decisionbasedon available
data).

Probabilistic Data Cleaning and Standardisation
The cleaningand standardisation of raw input data is important for record linkage,as
data can be encoded in di�erent ways in the various data sources.Most real world data
can contain noisy, incomplete,out-of-date and incorrectly formatted information. Data
cleaning and standardisation are important preprocessingsteps for successfulrecord
linkage, and before such data can be loaded into data warehousesor used for further
analysis[27].

The main task of data cleaningand standardisation is the conversion of the raw input
data into well de�ned, consistent forms, and the resolution of inconsistenciesin the way
namesand addressesare represented or encoded. Febrl includes a probabilistic data
standardisation technique [8] basedon hidden Markov models(HMMs) [26]. A HMM is
a probabilistic �nite-state machine consistingof a set of observation or output symbols,
a �nite set of discrete, hidden (unobserved) states, a matrix of transition probabilities
betweenthosehidden states,and a matrix of probabilities with which each hidden state
emits an observation symbol. WeuseoneHMM for namesand onefor addresses,and the
hidden states of the HMMs correspond to the output �elds of the standardisednames
and addresses.

Our approach to data cleaningand standardisation for namesand addressesconsist of
the following three steps2.

2 Febrl also contains rules-based standardisation methods for dates and telephone numbers.



Wayfare
Number

Wayfare
Type Territory

Start End

Wayfare
Name Name

Locality

5%

90%

8%

2%

3%

95% 95%

3%

80%

18%

90%

2%

40%

2%

2%

40%
10%

20%

95%

code
Post-

Figure 1: Simple example address hidden Mark ov model.

1. The user input recordsare cleaned. This involves converting all letters to lower-
case,removing certain characters(like punctuations), and converting various sub-
strings into their canonicalform, for example‘c/-’, ‘c/o’ and ‘c.of’ would all
be replacedwith ‘care of’. Thesereplacements are basedon user-speci�ed and
domain speci�c substitution tables, which can also contain commonmisspellings
of namesand addresswords, and thus help to increasethe linkagequality.

2. The cleanedinput strings are split into a list of words, numbers and characters,
using whitespacemarks as delimiters. Look-up tables and somehard-coded rules
are then usedto assignone or more tags to the elements in this list. Thesetags
will be the observation symbols in the HMMs usedin the next step.

3. The list of tagsis givento a HMM (either nameor address),andassumingthat each
tag (observation symbol) hasbeenemitted by oneof the hidden states,the Viterbi
algorithm [26]will �nd the most likely path through the HMM. The corresponding
sequenceof hidden stateswill give the assignment of the elements from the input
list to the output �elds.

Considerfor examplethe address‘73 Miller St, NORTH SYDENY 2060’, which will be
cleaned(‘SYDENY’ correctedto ‘sydney’), split into a list of words and numbers, and
taggedin steps1 and 2. The resulting lists of words/numbers and tags looks as follows.

[‘73’, ‘miller’, ‘street’, ‘north sydney’, ‘2060’]

[‘NU’, ‘UN’, ‘WT’, ‘LN’ , ‘PC’ ]

with ‘NU’ being the tag for numbers, ‘UN’ the tag for unknown words (not found in
any look-up table or coveredby any rule), ‘WT’ the tag for a word found in the wayfare
(street) type look-up table, ‘LN’ the tag for a sequenceof words found to be a locality
name,and ‘PC’ the tag for a known postcode. In step 3 the tag list is given to a HMM
(like the simple example shown in �gure 1), which has previously been trained using
similar addresstraining data. The Viterbi algorithm will then return the most likely
path through the HMM which will correspond to the following sequenceof output �elds.

‘wayfare number’: ‘73’

‘wayfare name’: ‘miller’

‘wayfare type’: ‘street’

‘locality name’: ‘north sydney’

‘postcode’: ‘2060’

Details about how to e�cien tly train the HMMs, and experiments with real-world data
are given in [8]. Training of the HMMs is quick and does not require any specialised
skills. For addresses,our HMM approach producedequalor better standardisationaccu-
raciesthan a popular commercialrules-basedsystem. However, accuracieswereslightly
worsewhen usedwith simpler namedata [8].



We are planning to investigate the use of the Baum-Welch forward-backward algo-
rithm [26] to re-estimatethe probabilities in the HMMs, and to exploretechniquesthat
can be usedfor developing HMMs without explicitly specifying the hidden states. We
are also planning to modify our addressstandardisation so the sameoutput �elds as
usedby G-NAF [7, 23] are created,which should result in improved geocode matching
accuracy(seesectionon geocoding below).

Blo cking
If two data setsA and B are to be linked, the number of possiblecomparisonsequals
the product of the number of recordsin the two data setsjA j � jB j. As the performance
bottleneck in a recordlinkagesystemis usually the expensive evaluation of the similarity
measuresbetweenrecordpairs [1], it is computationally not feasibleto considerall pairs
when the data sets are large. Linking two data sets with 100; 000 recordseach would
result in ten billion possiblecomparisons.On the other hand, the maximum number of
linked recordpairs that arepossiblecorrespondsto min (jA j; jB j), assuminga recordcan
only be linked to one other record. Thus, the spaceof potential links becomessparser
when linking larger data sets,while the computational e�orts increaseexponentially .

To reducethe large amount of possiblerecord pair comparisons,traditional record link-
age techniques [11, 30] work in a blocking fashion, i.e. they use one or a combination
of record attributes to split the data sets into blocks. Only recordshaving the same
value in such a blocking variable are then compared(as they will be in the sameblock).
This techniquebecomesproblematic if a value in a blocking variable is recordedwrongly,
as the corresponding record is inserted into a di�erent block. To overcomethis prob-
lem, several passes(iterations) with di�erent blocking variablesare normally performed.
While the aim of blocking is to reduce the number of comparisonsmade as much as
possible(by eliminating comparisonsbetweenrecordsthat obviously are not links), it is
important that no potential link is overlooked becauseof the blocking process.There is
a trade-o� betweenthe reduction in number of recordpair comparisonsand the number
of missedtrue matches(accuracy) [1].

Febrl currently contains three di�erent blocking methods, with more to be included in
the future. The �rst method is the standard blocking [11, 30] applied in traditional
record linkagesystems. The secondmethod is basedon the sorted neighbourhood [15]
approach, whererecordsaresortedalphabetically accordingto the valuesof the blocking
variable, then a sliding window is moved over the sorted records,and record pairs are
formedusingall recordswithin the window. The third method usesbigrams (sub-strings
of length 2) and allows for fuzzy blocking. The valuesin the blocking variable are con-
verted into lists of bigrams,and permutations of bigram sub-lists are usedaskeysin an
inverted index, which is then usedto retrieve the recordsin a block [1].

Experiments [1] showed that innovative blocking methods can improve upon the tradi-
tional method usedin record linkage,but further research needsto be conducted. The
exploration of improved blocking methods is one of our major research areas. We aim
to further explorealternatives, in terms of their applicability as well as their scalability
both in data size and parallelism. Techniques include, for example, high-dimensional
approximate distance metrics to form overlapping clusters [19], inverted indices, and
improved fuzzy n-gram indices[1, 6].



Table 1: Av ailable �eld comparison functions.

Exact string (either field value strings are the same or not)
Truncated string (only consider beginning of strings)
Approximate string (using Jaro, Winkler, Edit distance, Bigram etc. algorithm [25])
Encoded string (using Soundex, NYSIIS, Phonex etc. algorithm [17])
Keying difference (allow a certain number of different characters)
Numeric percentage (allowing percentage tolerance)
Numeric absolute (allow absolute tolerance)
Date (allow day tolerance)
Age (allow percentage tolerance)
Time (allow minute tolerance)
Distance (allow kilometre tolerance, for example for postcode centroids)

Record Pair Classi�cation and Assignmen t Restrictions
Each record pair produced in the blocking processis comparedusing a variety of �eld
(or attribute) comparisonfunctions (which are shown in table 1), resulting in a vector
of matching weights. Frequencybasedweight calculation is currently supported for all
string and the keying di�erence comparisonfunctions. The weight vectorsare then used
to classifyrecordpairs aseither a link, non-link, or possiblelink (in which casethe deci-
sion should be doneby a human review). Classi�ers currently implemented in Febrl are
the classicalFellegi & Sunter [11] classi�er (which sumsall weights in a vector into one
�nal matching weight), and a 
exible classi�er that allows the calculation of the �nal
matching weight using various functions.

The original Fellegi & Sunter approach is closely related to a Naive Bayes classi�er,
and it assumesindependenceof the attributes. The conditional independent assumption
e�cien tly dealswith the curseof dimensionality, which becomesa major computational
challengewhen conditional dependenciesare considered. In real world data, attributes
areoften dependent on each other (e.g.a changeof addressoften resultsin changedstreet
name,street number, postcodeand suburb name). We aim to improve upon the classical
probabilistic linkagemethod by combining them with deterministic and, in particular,
machine learning and data mining techniques. Improvements in the linkagequality are
paramount in order to reducethe time consumingand labour intensive clerical review
processfor possiblelinks. Techniques like clustering [13] and active learning [28] have
shown to be promising for this task.

In many linkageprojects oneis often only interestedin the best linked recordpairs, and
one-to-oneassignments needto be enforced. The simplest way to do this would be to
usea greedyalgorithm working on the sorted linked record pairs, but this would result
in someassignments being not optimal due to the transitive closureproblem. A linear
sum assignment procedurebasedon the Auction algorithm [2] is thus usedin Febrl to
producean optimal one-to-oneassignment of linked record pairs.

Geocoding
Many commercialGIS software packagesprovide for street level geocoding. As a recent
study shows [5], substantial di�erences in positional error exist betweenaddresseswhich
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Figure 2: Example geocoding using prop ert y parcel centres (n umbers 1 to 7)
and street reference �le centreline (dashed line and numbers 8 to 13, with
the dotted lines corresp onding to a global street o�set).

are geocoded using street reference�les (containing geographiccentreline coordinates,
street numbers and names,and postcodes) and the corresponding true locations. The
use of point property parcel coordinates (i.e. the centres or centroids of properties),
derived from cadastral data, is expected to signi�cantly reducethesepositional errors.
Figure 2 givesan illustrativ e example. Even small discrepanciesin geocoding can result
in addressesbeing assignedto, for example,di�erent censuscollection districts, which
can have huge implications when doing small areaanalysis.

A comprehensive property baseddatabaseis now available for Australia: the Geocoded
National Address File (G-NAF) [23]. Approximately 32 million addressrecords from
13 organisationswere usedin a �v e-phasecleaningand integration process,resulting in
a databaseconsistingof 22 normalised �les. G-NAF is basedon a hierarchical model,
which stores information about addresssites separatelyfrom locations and streets. It
is possibleto have multiple geocoded locations for a singleaddress,and vice versa,and
aliasesare available at various levels. Three geocode �les contain location (longitude
and latitude) information for di�erent levels (address,street and locality).

The geocoding processcan be split into the preprocessingof the referencedata �les and
the matching with user-suppliedaddresses.The preprocessingstep takes the G-NAF
data �les and usesthe Febrl addresscleaning and standardisation routines to convert
the detailed addressvaluesinto a form which makesthem consistent with the userdata
after Febrl standardisation. The cleanedand standardisedreferencerecordsare inserted
into a number of inverted index data structures. Positional n-gram indicescan be built
for attributes like street and locality names,allowing for approximate matching when
the userdata contains typographicalerrors(which are commonin health data sets). Us-
ing auxiliary data with postcode and suburb boundary information, look-up tables with
neighbouring region are built for suburbsand postcodes,allowing to search for addresses
in adjacent regionsif no exact match can be found. Experienceshows that peopleoften
recorda neighbouring postcode or suburb value if it hasa higher perceived social status
(e.g.‘Double Bay’ and ‘Edgecliff’), or if they live closeto the border of such regions.

The Febrl geocode matching engine [7] is based on the G-NAF inverted index data
and takes a rule-basedapproach. It tries to �nd an exact match �rst. If none can be
found it usesapproximate matching, and if still no match can be found it extends its
search to neighbouring suburb and postcode regions. First direct neighbouring regions
are searched, then direct and indirect neighbouring regions,until either an exact match
or a set of approximate matchescan beenfound. In the latter case,either a weighted



Table 2: Geocoding results for 1,000 NSW LPI addresses.

Match type Number of matches Percentage

Exact address 759 75.9%
Average address 19 1.9%
Many address 11 1.1%
Exact street 125 12.5%
Many street 9 0.9%
Exact locality 68 6.8%
Many locality 9 0.9%

averagelocation (if the matches are within a small area) is returned, or a ranked (ac-
cording to a matching weight) list of the found matches. User input recordsare cleaned
and standardisedbeforegeocoding is attempted. Table 2 shows somematching results
for addressesfrom a NSW Land and Property Information data set. Our future e�orts
will be directed towards the re�nement of the geocode matching engineto achieve more
accuratematching results.

Parallelisation
Although computing power has increasedtremendously in the last few decades,large-
scaledata cleaning, standardisation and record linkageare still resource-intensive pro-
cesses.In order to be able to processmassive data sets, parallel processingbecomes
essential. Issuesthat have to be addressedare e�cien t data distribution, fault tolerance,
dynamic load balancing, portabilit y and scalability (both with the data size and the
number of processorsused).

Con�dentialit y and privacy have to be consideredasrecord linkageoften dealswith par-
tially identi�ed data, and accessrestrictions are required. The useof high-performance
computing centres (which traditionally are multi-user environments) or grid computing
becomesproblematic. An attractiv e alternative are networked personalcomputers or
workstations which are available in largenumbersin many businessesand organisations.
Such o�ce basedclusters can be used as virtual parallel computing platforms to run
large scalelinkagetasks over night or on weekends.

Parallelism within Febrl is currently implemented basedon the MessagePassingInter-
face (MPI) [20] standard. Cleaning and standardisation, as well as geocoding is em-
barrassinglyparallel (assumingthe data is available distributed), as each record can be
processedindependently. The main parallel bottleneck is the blocking processwhich is
not scalablein the number of processors,asaccessto the completedata setsis neededto
build the blocking indices. The comparisonof record pairs (which is the most compute
intensive step) and classi�cation stepsare again scalable.

As an example,deduplication of 200; 000 recordsfrom a real world health data set on
a SUN Enterprise 450 sharedmemory (SMP) server with four 480 MHz Ultra-SPARC
II processorsand 4 Giga Bytes of main memory resulted in run times of 106 hours on
oneand 29 hours on four processors(speedupof 3:66). More than 95%of the time was
spent in the comparisonof record pairs. Communication times for this experiment were
lessthan 0:35%of the total run times.



We will continue to improve upon the parallel processingfunctionalities of Febrl with
an emphasison running large linkageprocesseson clustersof personalcomputers(PCs)
and workstations. Con�dentialit y and privacy aspectswill needto be consideredaswell,
as record linkagein many casesdealswith identi�ed data.

Probabilistic Data Generation
As recordlinkageand deduplication is often dealingwith data setsthat contain partially
identi�ed data (like namesand addresses)it can be di�cult to acquiredata for testing
and evaluation of new linkagealgorithms and techniques. It is alsohard to learn how to
useand customiserecord linkagesystemse�ectively without data setswherethe linkage
or deduplication status of record pairs is known.

In recent recordlinkageliterature, a variety of data setswereusedfor experimental stud-
ies, somepublicly available [3, 9, 19, 28], others proprietary [3, 10, 28]. This makes it
di�cult to validate the presented results, aswell as to comparenewly developed linkage
algorithms.

What is neededis a collection of publicly available real test data setsfor deduplication
and recordlinkage,which canbe usedasa standard test bed for developingand compar-
ing algorithms (similar to standard data sets used in information retrieval or machine
learning). However, due to privacy and con�dentialit y issuesit is unlikely that such data
will ever becomepublicly available. De-identi�ed data unfortunately cannot be usedas
the real values of namesand addresses,for example, are at the core of many linkage
algorithms.

An alternative is the useof arti�cially generateddata sets. They have the advantages
that the amount of errors introduced, as well as the linkagestatus of record pairs, are
known. Controlled experiments can be performed and replicated easily. A �rst such
data set generator (DBGen) was presented by [14] and has been used by others in a
number of studies. This generatorallows the creation of databasescontaining duplicates
records. It useslists of names,cities, states, and postcodes (all from the USA), and
provides a large number of parameters,including sizeof the databaseto be generated,
percentageanddistribution of duplicates,and the amount and typesof errorsintroduced.

We have improved upon DBGen by using frequencytables for name and addressval-
uestaken from Australian telephonedirectories,and dictionary look-up tables with real
world spelling variations of a largenumber of words, aswell asusercontrolled maximum
number of errors introduced per attribute and per record. User provided parameters
also include the number of original and duplicate recordsto be created, the maximum
number of duplicatesfor oneoriginal record,and the probabilities for introducingvarious
errors to createthe duplicate records(like inserting, deleting, transposingand substitut-
ing characters; swapping an attribute value with another value from the samelook-up
table; inserting or deleting spaces;setting an attribute value to missing; or swapping
the valuesof two attributes). The position of where errors are introduced, as well as
the typesof errors introduced,are modelled accordingto studieson typographical and
related errors [16, 24]. Each createdrecord is given a unique identi�er, which allows the
evaluation of error rates (false linked non-duplicatesand non-linked true duplicates).



Related Work
The processesof data cleaning,standardisation and record linkagehave various names
in di�erent user communities. While statisticians and epidemiologistsspeak of record
or data linkage [11], the sameprocessis often referred to as data or �eld matching,
data scrubbing, data cleaning, preprocessing, or asthe object identity problem[12,18, 27]
by computer scientists and in the databasecommunity, whereasit is sometimescalled
merge/purgeprocessing[14], data integration [9], list washingor ETL (extraction, trans-
formation and loading) in commercialprocessingof customerdatabasesor businessmail-
ing lists. Historically, the statistical and the computersciencecommunity havedeveloped
their own techniques,and until recently few cross-referencescould be found.

Improvements [30] upon the classicalFellegi & Sunter [11] approach include the appli-
cation of the expectation-maximisation (EM) algorithm for improved parameterestima-
tion [31], and the useof approximate string comparisons[25] to calculate partial agree-
ments when attribute valueshave typographical errors. Fuzzy techniquesand methods
from information retrieval have recently beenusedto addressthe record linkageprob-
lem [6]. One approach is to represent records as document vectors and to compute
the cosine distance [9] betweensuch vectors. Another possibility is to usean SQL like
language[12] that allows approximate joins and cluster building of similar records,as
well as decisionfunctions that decide if two records represent the sameentit y. Other
methods [18] include statistical outlier identi�cation, pattern matching, clustering and
association rules basedapproaches.

In recent years,researchershave alsostarted to explorethe useof machine learning and
data mining techniques to improve the linkageprocess. The authors of [10] describe a
hybrid systemthat in a �rst step usesunsupervisedclustering on a small sampledata
set to createdata that can be usedin the secondstep to classify record pairs into links
or non-links. Learning �eld speci�c string-edit distanceweights [21] and using a binary
classi�er basedon support vector machines (SVM) is another approach. A systemthat
is capableto link very largedata setswith hundredsof millions of records{ usingspecial
sorting and preprocessingtechniques{ is presented in [32].

Conclusions and Future Work
Written in an object-oriented open sourcescripting language,the Febrl record linkage
systemis an ideal experimental platform for researchersto develop, implement and eval-
uate new record linkage algorithms and techniques. While the current system can be
usedto perform smallerdata cleaning,standardisation, linkageand geocoding tasks(up
to several thousand records), further work needsto be done to allow the e�cien t pro-
cessingof very large data sets.
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