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Abstract

The field of Record Linkage is concerned with identi-
fying records from one or more datasets which refer
to the same underlying entities. Where entity-unique
identifiers are not available and errors occur, the pro-
cess is non-trivial. Many techniques developed in this
field require human intervention to set parameters,
manually classify possibly matched records, or pro-
vide examples of matched and non-matched records.
Whilst of great use and providing high quality re-
sults, the requirement of human input, besides being
costly, means that if the parameters or examples are
not produced or maintained properly, linkage quality
will be compromised. The contributions of this paper
are a critical discussion on the record linkage pro-
cess, arguing for a more restrictive use of blocking in
research, and evaluating and modifying the farthest-
first clustering technique to produce results close to a
supervised technique.

1 Introduction

Record Linkage is concerned with the process of iden-
tifying records from one or more datasets which re-
fer to the same entities (e.g. people, organisations or
objects) (Winkler 2006). Where applied to a single
dataset, the process is known as de-duplication. The
utility of Record Linkage lies in its ability to pro-
vide information that would otherwise be impossi-
ble or too costly to obtain. For example, a linkage
of hospital records with motor vehicle accident data
could provide information about the required proce-
dures and outcomes for different types and severities
of accidents (Christen & Goiser 2005, Winkler 2006).
Record linkage is often used in the initial, pre-
processing phase of data mining projects in order to
enrich data or remove duplicate records. This paper
is divided into three parts: this introduction, a crit-
ical discussion of the nature and some of the major
issues of Record Linkage, and an experimental part
which leverages the discussion and examines the pos-
sibility of conducting record linkage without human
intervention.

1.1 The Record Linkage Process

Historically, the process predates computers (Gill
2001), but it wasn’t until their advent and com-
mon use, together with increasing storage of infor-
mation, that significant advances were made. New-
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combe developed the basic idea of probabilistic link-
age in the 1950’s, and the mathematical foundation
was set down by Fellegi and Sunter in 1969 (Fellegi &
Sunter 1969).

Consider a population of entities (people, busi-
nesses, products, etc.) from which are drawn one or
more datasets, some of whose records may refer to the
same entities. The drawing down process may be the
entering of information relating to a patient’s hospital
visit, the result of a credit card transaction, adding a
new customer into a database, or recording a birth.
Each entity may appear more than once in a single
dataset (e.g. multiple credit card transactions, moth-
ers giving birth, etc.) and in more than one dataset.
The process of entering information about the entities
into a dataset may be subject to errors such as typ-
ing mistakes, miss-spellings, optical character recog-
nition errors, etc. There may also be differences due
to the use of abbreviation or varying amounts of de-
tail recorded. Thus finding the records which relate
to the same entities can be seen to be non-trivial in
the sense that no simple exact search, database join
or sort could find them (Christen & Goiser 2005).

This paper assumes the linkage of two datasets,
A and B, with neither dataset containing duplicate
records (Christen & Goiser 2005). There may be
some records in A which refer to the same entities
as records in B, and it is the task of Record Linkage
to find them. The linkage process involves two basic
steps, comparison and classification (Winkler 2006).
The comparison step takes pairs of records from
the cross-product of the datasets, A x B, and, for
each pair, produces a vector of one or more val-
ues indicating the level of similarity or difference
between attributes of the records which were com-
pared. The values can be categorical, ordinal or nu-
meric, but are generally real values in the range [0,1]
with increasing values representing increasing similar-
ity (Winkler 2006). The vectors place the comparison
of a record pair into a space whose dimension is equal
to the number of attributes compared. From these
vectors, the classification step determines the class of
each pair as either a match, or a non-match (Christen
& Goiser 2005) (the possible-match classification used
in the Fellegi and Sunter approach will be discussed
below). Classification techniques are generally either
supervised or unsupervised (Mitchell 1997). Super-
vised techniques use pre-classified data to generate a
classifier which is then used to determine the class.
Variations on these steps are possible, however, there
must be some form of comparison between the records
as well as a determination of the class.

Considering each attribute comparison, there are
two distributions, one each for the matches and non-
matches. Figure 1 shows this for a dataset used in the
experiments in Section 3. The normal process is to
select a threshold value which places as many matches
as possible above, and as many non-matches below it.

23



CRPIT Volume 61

24

Table 1: Confusion matrix of record pair classification

Actual Classifications
Match Non-match
Match True match False non-match
True positive (TP) False negative (FN)
Non-match False match True non-match

False positive (FP)

True negative (TN)

Errors occur where comparisons of matches fall below
the threshold, or non-matches above it. The confu-
sion matrix in Table 1 describes the types of errors
than can be produced (Christen & Goiser 2005).

It can be noted that, if the cost of making a false
match is different from the cost of making a false non-
match, it could be possible to find threshold values
which, while increasing the number of false classifi-
cations, could decrease the overall costs. For exam-
ple, in a cancer screening test, lowering the thresh-
old value could decrease the number of undetected
cancers (false negatives) at the expense of a higher
number of erroneous detections (false positives), thus
increasing the cancer detection rate.

In the traditional Fellegi and Sunter approach a
third class is allowed: possible-matches (Fellegi &
Sunter 1969). Compared record pairs are assigned to
this class where the criteria are not strong enough to
make a definitive match or non-match decision. The
resulting pairs are referred to manual clerical review
— where human judgement, with possible reference to
more information, can allow a determination to be
made. However, this can be problematic, as compar-
ing even medium-sized datasets with only a few thou-
sand records results in millions of comparisons, and a
possible-match rate of only 1% will require thousands
of manual classifications. These will take time — de-
laying the project — and adding to costs. Also, human
decision-making has an inherent bias and error rate.
As the motivation of this paper is to work towards an
automated record linkage process, this class will not
be considered further.

1.2 Blocking

Comparing the cross-product of A x B results in
quadratic complexity, and is thus difficult or impos-
sible for large datasets. Different blocking techniques
such as standard blocking, sorted-neighbourhood, bi-
gram indexing and canopy clustering have been de-
veloped to ameliorate this problem (Baxter, Chris-
ten & Churches 2003, Elfeky, Verykios & Elmagarmid
2002). The idea is to cheaply filter out obvious non-
matches before executing the more detailed and time-
consuming comparisons.

As an example of the process, standard blocking
criteria uses record attributes such as postal/zip code
to create blocks of similar records, with the compar-
isons then only being between records in the same
block. A problem with this approach is that inaccu-
racy in the criteria can lead to records being placed
in the wrong blocks, thus removing them from be-
ing compared with any potential matches. This can
be solved by conducting several passes using different
criteria each time (Winkler 2006). In (Winkler 2005),
it is suggested that a 10-pass blocking strategy will
reduce the number of record pair comparisons re-
quired for the linkage of two datasets with one million
records each from 10'2 to around 107 — 108.

1.3 Modern Approaches

In recent years, researchers have started to incorpo-
rate techniques from Machine Learning, Data Min-
ing, Information Retrieval, and Artificial Intelligence
research to improve the linkage process. A popu-
lar approach (Bilenko & Mooney 2003, Chaudhuri,
Ganjam, Ganti & Motwani 2003, Cohen, Raviku-
mar & Fienberg 2003, Yancey 2004, Zhu & Ungar
2000) has been to learn distance measures (like edit-
distance) that are used for approximate string com-
parisons (Christen 2006). As shown in (Cohen et al.
2003), combining different learned string comparison
methods can result in improved linkage classification.
An Information Retrieval-based approach (Cohen
1998) is to represent records as document vectors
and to compute the cosine distance between such vec-
tors, while (Nahm, Bilenko & Mooney 2002) explore
the use of support vector machines to classify record
pairs.

Active learning is wused in (Sarawagi &
Bhamidipaty 2002) and (Tejada, Knoblock &
Minton 2002) to address the problem of lack of
training data. The basic idea is to iteratively select
for human determination, a comparison which is the
hardest for the technique to classify, then learn from
that and build a better classifier. This has the effect
of significantly reducing the number of manual de-
terminations required. A hybrid system is described
in (Elfeky et al. 2002) which utilises both unsuper-
vised (clustering) and supervised (instance-based
learning and decision trees) machine learning tech-
niques. Active learning is also used in (Michalowski,
Thakkar & Knoblock 2004), however, secondary
data sources are used in place of human input, thus
making their approach unsupervised. This work is
part of an increasing interest in the application of
record linkage to web-based data and technologies.

High-dimensional overlapping clustering is applied
in (McCallum, Nigam & Ungar 2000) as an alter-
native to traditional blocking (in order to reduce
the number of record pair comparisons to be made),
while in (Gu & Baxter 2004a), the use of simple K-
means clustering together with a user-tunable fuzzy
region for the class of possible-matches is investigated.
Methods based on nearest neighbours are explored
in (Chaudhuri, Ganti & Motwani 2005), with the idea
being to capture local structural properties instead of
a single global distance approach. Graphical mod-
els (Ravikumar & Cohen 2004) are another unsuper-
vised technique that aims at using the structural in-
formation available in the data to build hierarchical
probabilistic models for record pair classification.

Many of these new approaches are based on su-
pervised learning techniques and require training data
which is often not available in real world situations, or
only obtainable via manual preparation (a costly pro-
cess similar to manual clerical review). Additionally,
many of the recent publications in this area present
experimental studies that are based on small datasets
of up to a couple of thousand records (Christen 2005).



2 Critical Discussion

This section discusses some problematic issues affect-
ing the record linkage process: task complexity, pa-
rameter freedom, the availability of training data, and
blocking - all affecting the ability to automate the
linkage process.

2.1 Task Complexity but Match Rarity

With at most one true match between each record in
A and B (assuming no duplicates), the largest pos-
sible number of matches is the smaller of the size of
A and B, n = min(|A[,|B|), with | - | denoting the
number of records in a dataset. Where n = |A| = |B|,
there can be no more than n matches: every record
in A is linked to a different record in B (Christen &
Goiser 2005). However, as every record in A poten-
tially needs to be compared against every record in
B, the number of comparisons required is |A| x |B|
which is n? for n = |A| = |B|. Thus, while the
number of matches increases linearly with the size
of the data, the number of comparisons required in-
creases quadratically. When de-duplicating a dataset,
all records potentially need to be compared with all
others, thus requiring n(n — 1)/2 comparisons.

This result has significant ramifications for Record
Linkage. For example, in many areas such as social
security, health, tax, corporate customer information,
a dataset of one million records is considered to be
small, yet conducting a million times a million, 10'2,
complicated comparisons would not be considered vi-
able due to the time it would take. For example, if
a comparison requires 0.1 milliseconds per attribute
and there are 10 attributes to compare, the linkage
of two datasets with one-million records each (assum-
ing no blocking) would require 10° seconds which is
nearly 32 years!

The other aspect of the linear increase in matches
versus the quadratic increase in the problem size is
that the matches become rare. In the above exam-
ple, while 10'? comparisons are potentially required,
the maximum number of matches is 10°. The rate
of matches to comparisons — the ‘hit’ rate — for these
datasets is one-in-a-million.

Figure 1 shows density plots of a real-world
sampled dataset (n = 996,166, comprising 353
matches and 995,813 non-matches, a match rate of
1/2,822) (Centre for Epidemiology and Research,
NSW Department of Health 2001). It can be seen
that, while matches form a distinct grouping with
their own modal peak, they hardly register in compar-
ison to the large number of non-matches. This must
be considered when selecting and using classification
methods. Even when blocking is applied, the num-
ber of matches to non-matches is often very different.
Thus, while the complexity of the task becomes diffi-
cult for medium- to large-sized datasets, the matches
themselves become increasingly rare.

2.2 Parameter Freedom

Many comparison and classification techniques allow
tuning in order to increase their accuracy, or to al-
low trading off one benefit in order to increase an-
other. For example, in the Fellegi and Sunter model,
the threshold values between non-matches, possible-
matches and matches are user-adjustable — changing
the values will alter the linkage quality as well as
the number of record pairs set aside for clerical re-
view (Fellegi & Sunter 1969).

Accurate setting of parameters requires a high de-
gree of knowledge of the techniques used as well as
of the characteristics of the data in question, and can
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Figure 1: Density plots of one of the sampled datasets
for: (a) the whole dataset, (b) just the matches, (c) a
20x y-axis magnification of (a) showing the peak for
the matches.

take a significant amount of time and effort to deter-
mine properly. Once set, the parameters can only be
re-used in further linkages with confidence if the char-
acteristics of the new data were such that the same
values would be generated. This paper addresses this
problem by choosing to research methods which do
not require parameters to be set.

2.3 Availability of Example Data

In order to set parameters, some knowledge of
the data must be obtained, whether through data
analysis, or supervised Machine Learning tech-
niques (Mitchell 1997). This requires the availability
of example or training data - that is, data for which
the match/non-match state is known in advance.
One way of generating such example data is to
randomly sample pairs of records and manually clas-
sify them. However, considering the size of datasets
and the rarity of matches within them, many thou-
sands of record pairs may need to be examined in
order to obtain a few examples of matched records,
and it may not be known if they form a represen-
tative sample of all the matches. A solution to this
is to use a technique like active learning to bias the
sampling of examples in order to increase the repre-
sentation of matches (Sarawagi & Bhamidipaty 2002).
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Sampling bias and representation must be considered
when making use of the example data.

Example data are thus subject to the same sorts of
problems as associated with parameters (as discussed
in Section 2.2). Further, given that example cases are
provided as input to generate parameters, they can be
seen as parameters in themselves - different examples
will generate different parameter values.

2.4 Blocking

To the extent that blocking removes comparisons in a
consistent fashion, it becomes a source of bias - a con-
founding factor - which, in fact, is its intent: to consis-
tently remove obvious non-matches. However, it must
be recognised that biased data will have an effect on
the results of classification methods which adapt to or
learn from that data. Where blocking removes true
matches, it can be seen as a failing, and the extent to
which this occurs with consistency is, again, a source
of bias. As an example, (Gu & Baxter 2004a) block
four small datasets and show that between 8% and
30% of the true matches are removed by blocking.

Other issues with blocking include the question
of the amount of time saved: from the above, does
the reduction from 102 to 108 (or similar amounts)
merely change the problem from impossible to unfea-
sible? Also, errors in the data or the blocking criteria
may mean that no matter how many passes are con-
ducted, some true matches won’t be passed through
(e.g., where they aren’t assigned to the same block in
standard blocking). Thus, setting up the blocking cri-
teria requires knowledge of the data and the blocking
technique used. As an example, standard blocking
works optimally when the data is evenly distributed
into a moderate number of blocks. However, if only
a single block is too large (e.g. a block with sur-
name value of “Smith”), the quadratic issue returns.
See (Gu & Baxter 2004b) for further discussion, and a
potential solution. Note that blocking criteria, again,
are parameters - see the discussion on parameter free-
dom above.

To the extent that different blocking methods and
blocking criteria (including not blocking) result in dif-
ferent data, they produce different biases. Thus com-
parisons between classification methods become in-
valid or difficult if different blocking methods or cri-
teria are used. The important question to ask about
the results of research which uses blocking then be-
comes: if different blocking methods or criteria were
used, can it be shown that the results would be the
same? If not, blocking can be regarded as integral to
the process, and cannot be divorced from it.

Given these problems, it is strongly recommended
that researchers only block their data if it is too large
to feasibly conduct a linkage on, or if the research is
into blocking techniques. With the ready availability
of relatively fast personal computers with large main
memory, it cannot be seen how it could be justified
to use blocking in research which would require fewer
than one million comparisons.

It is noted, however, that without blocking, the
linkage or de-duplication of large datasets could not
be accomplished. It is thus necessary but problem-
atic, and careful attention must be paid to its use. In
using blocking, it must be understood that potential
matches will be removed, and that the data will be
biased which may affect the results of further proce-
dures.

3 Experiments

Given the above discussion, it was decided to examine
the feasibility of parameter-free techniques for record

linkage - that is, investigate if techniques which don’t
require parameters can produce results comparable to
those which do. All the presented experiments were
conducted without using blocking.

3.1 Experimental Setup

Three comparison and three classification methods
were chosen. The Febrl (Freely Extensible Biomedi-
cal Record Linkage) (Christen, Churches & Hegland
2004) open source record linkage system was used
for the comparison step, while the Weka (Witten &
Frank 2005) open source data mining package was
used for the classification step.

3.1.1 String Comparison Methods

Of the three methods, the first two were chosen be-
cause they are commonly used in record linkage, and
the third because it is novel in this field and could
prove to be potentially useful. None of these meth-
ods require parameters.

In the Jaro-Winkler (JW) comparison
method (Winkler 1990, Winkler 2006, Yancey 2006)
a similarity score based on the number of common
characters, character transpositions, and string
lengths, as well as giving a higher score for having
a common prefix of length up to 4 characters, is
calculated.

In the edit-distance (ED) method, a similarity
score is calculated using the normalisation of the min-
imal number of single-letter insertions, deletions and
substitutions required to transform one string into the
other (Winkler 2006, Yancey 2006).

Compression comparison (CC) (Cilibrasi &
Vitanyi 2005, Keogh, Lonardi & Ratanamahatana
2004) uses the fact that the compression of the con-
catenation of two similar strings is shorter than that
of dissimilar ones. The normalised compression dis-
tance was used:

C(xy) —min(C(x),C(y))
maz(C(x), C(y))

NCD(z,y) =

where C() is a compression algorithm such as zlib
or GZip, and zy is the concatenation of the strings, x
and y.

3.1.2 Classification Methods

One supervised and two unsupervised classification
methods were chosen. The supervised method re-
quires training data, and, being partitioning cluster-
ing techniques, the unsupervised methods require the
specification of the number of clusters. As the aim
is to have a cluster of matches and a cluster of non-
matches, this value is fixed at two. Being fixed, the
value doesn’t change meaning it is not supplied as a
parameter.

Decision trees (DT) are one of the major Ma-
chine Learning techniques (Mitchell 1997). The nor-
mal procedure is to use training data to build a clas-
sifter, which is then used to classify further data. For
this work, they are used as a base line — to compare
the results of the unsupervised methods against. As
such, to give the best possible results, all the data
in the dataset under investigation is used for both
training and testing.

K-means (KM) is a commonly used simple unsu-
pervised clustering technique (Han & Kamber 2001).
Previous papers which have looked at K-means in the
context of record linkage include (Elfeky et al. 2002,
Gu & Baxter 2004a).



The farthest-first (FF) clustering technique was
first presented in (Gonzalez 1985). It is a very sim-
ple algorithm and very fast: assign the centroid for
the first cluster to a random point. For the second
centroid, choose the point which is farthest from it.
For all following centroids, choose the point which is
farthest from all the centroids chosen so far.

It is interesting in that, unlike KM which can halt
at local minima, it is guaranteed to provide a solution
within two times the optimal solution value of the
objective function used to choose the clusters - the
2-approximation problem (Gonzalez 1985).

3.2 Data Sources

Three data sources were used in the experiments, two
synthetically generated, and one real-world dataset.

3.2.1 Synthetic Data

Synthetic data was generated using the dataset gen-
erator from Febrl (Christen et al. 2004), which al-
lows probabilistic creation of records, as well as
simulation of common types of errors at specifiable
rates (Christen 2005). Two groups of datasets were
generated, one with a maximum of one error per
record, and a second with up to 3 errors in any
attribute. The generated attributes were: given-
name, surname, street-number, street-type, street-
value, suburb, postcode, state, date-of-birth, age,
phone-number, and social security identifier. For each
group, seven pairs of datasets were generated with
0%, 10%, 20%, 50%, 80%, 90% and 100% overlap —
the amount of duplication between the datasets, with
0% being no common record, and 100% being dupli-
cate datasets. Each of the pairs of datasets contained
one thousand records, thus requiring one million com-
parisons. From these datasets, variations were gener-
ated using different concatenations of the original at-
tributes: one: the attributes were concatenated into
a single attribute; three: the attributes were concate-
nated into ‘name’, ‘address’, and ‘other’ attributes;
all: all attributes were kept. That is, generating the
variation involved taking the attributes to use and
joining them together, delimited by a space, into a
new attribute.

The total number of linkages on synthetic datasets
were thus: 2 different numbers of errors per record,
7 types of overlap, 3 combinations of attributes, 3
comparison methods, 3 classification methods, giving
a total of 378 discreet record linkages of a million
comparisons each.

3.2.2 Real-World Data

Access was available to a confidential dataset in
which extensive effort had previously been made to
correctly classify record duplicates. This dataset,
the New South Wales Midwives Data Collection
(MDC) (Centre for Epidemiology and Research,
NSW Department of Health 2001), was provided by
the New South Wales Department of Health. It
contains 175,211 records relating to births in the
years 1999 and 2000 and had been de-duplicated
using the commercial probabilistic software, Au-
toMatch (MatchWare Technologies 1998), including
post-linkage manual clerical review. Of the 175,211
records, it had been determined that 158, 081 mothers
appeared once, 8,295 appeared twice, 176 appeared
three times, and 3 appeared four times in the dataset.

As an exhaustive de-duplication would require
15,349, 359, 655 comparisons, it was decided to sam-
ple the data, and have about the same number of
comparisons as the synthetic data. A sample size
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Figure 2: Errors by classification method for (a) the
combined synthetic data, and (b) the MDC data.

of n = 1,412, resulting in n(n — 1)/2 = 996,166
comparisons was decided on. Each sample comprised
353 randomly selected matched pairs and 706 ran-
domly selected non-matched records. Fifty samples
were drawn, the three attribute combinations were
generated, and the CC comparison method was used
with all three classification methods. For the MDC
data, there were thus a total of 450 discrete record
linkages of 996, 166 comparisons each.

3.3 Results

Note that unless described as density plots (where the
area under the curve is 1), the graphs all use boxplots.
A boxplot is a concise graphical device showing the
upper and lower quartile (the box), the median (the
line crossing the box), and the range (the ends of the
lines extending from the box, often called whiskers).
Where a data point is suspected to be an outlier, it is
plotted as a point, and the whisker is then set at 1.5
times the inter-quartile range. Where the median is
offset within the box, it is an indication of skewness
in the data.

How does the choice of classification method
affect the results?

The boxplots in Figure 2 describe the errors produced
by the classification techniques used for the synthetic
datasets (combined), and the MDC data. It can be
seen that KM performs worse than the other two. In
fact, for KM, the mean number of false positives for
all the linkages in the synthetic data is 509, 064. Since
there were one million comparisons, this means that
the method does slightly worse than chance. (For
brevity, KM will not be further discussed when com-
paring classifiers.) Otherwise, it is of interest that FF
has comparable results with DT.
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Why does K-means do so badly?

Han and Kamber point out that, “the K-means
method is not suitable for discovering clusters with
non-convex shapes or clusters of very different
size” (Han & Kamber 2001) (p. 350). For a link-
age without blocking as in these experiments, there
is an overwhelming number of non-matches (for the
synthetic data: 106 — (10 x overlap%/100), and for
the sampled MDC data: 996,166 — 353). These dif-
ferent cluster sizes can be seen to be the cause of why
KM does so badly.

The reason that KM has been used successfully
in record linkage, e.g. (Gu & Baxter 2004a), is that
it has been preceded by blocking which has had the
effect of evening-up the class sizes. Thus, for KM
to be successful in record linkage, blocking must have
been previously used — and had the effect of evening
up the class sizes.

How does the choice of comparison method af-
fect the results?

Figure 3 shows boxplots of the error counts for the
combined synthetic experiments. For the false neg-
atives, it can be seen that FF performs comparably
with DT except for two cases of JW comparisons
(which may be due to FF randomly selecting cen-
troids which are not be near the mode of the true
negatives). With the false positives, the errors ap-
pear larger, increasingly for ED and JW. As most
of these errors are also associated with the all con-
catenation group, it can be seen that JW does not
provide good discrimination for FF when provided
with a larger number of comparisons. Note that the
median number of false positive errors is 1.5 and 1.0
for CC and ED comparisons respectively, while the
median false negative values are 0, so the results are
actually very good for most of the datasets.

Density plots of the results of the different compar-
ison methods are shown in Figure 4. The modes of
the distributions of the two classes are closest together
for JW. As FF uses a threshold midway between the
centroids to determine the class, it can be seen that
the more the overlap between the modes, the more
errors would be generated. Other aspects that can be
seen to affect accuracy are the skewness of the distri-
butions, and the combination of spread and distance
between centroids. For example, the larger the spread
and the closer the centroids the more the overlap, so
the greater the number of errors. Thus, it can be seen
that FF performs better in conjunction with CC or
ED.

Can a reasonable result be obtained with
parameter-less techniques?

Linking synthetic datasets with some overlap, using
ED for comparisons of the attributes concatenated
together and FF for classification, resulted in 0 false
positives and a mean of 6.833 (median 0.5) false neg-
ative errors. For the MDC dataset, use of CC on
the three attribute datasets with FF classification
resulted in a mean of 4.68 (median 3.00) false posi-
tives and a mean of 9.76 (median 9.00) false negatives.
Regularly having less than ten errors in around one
million comparisons is a very small error rate. This is
a strong indication that a linkage of reasonable qual-
ity can be obtained without requiring parameters.

Why does farthest-first do so well?

Examining the FF algorithm and considering Fig-
ure 1, it can be seen that a random choice of item
will almost always make a selection near the mode
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Figure 3: Errors by comparison methods (¢c=CC,
e=ED, w=JW) for DT and FF classification meth-
ods using the combined synthetic datasets.

of the true-negatives for the first centroid, and for
the second, it follows that the farthest from it will be
the item with the maximum value - the pair with the
highest similarity results. As the threshold value is
midway between these two centroids, and since both
ED and CC fulfil triangle inequality (Cilibrasi &
Vitanyi 2005, Marzal & Vidal 1993), it can be seen
that all results on one side of the threshold will be
closer to its centroid than any on the other side. Thus,
by not conducting blocking, an important character-
istic of the data has been retained — one which allows
FF to return very positive results.

3.4 Attempt to Improve Farthest-First

An improvement would be to remove the random
choice for the first centroid, thus removing the chance
of choosing an item away from the mode of the true
negatives. To examine this, the original Weka FF
algorithm was translated into the Python program-
ming language®, and four alternatives for picking the
centroids were implemented:

e Default: the normal selection process for FF.

e Mode: for each attribute, bin the values, then
choose the largest bin as the first centroid. This
is equivalent to producing a histogram plot and
selecting the longest bar — a crude density-based
selection process. One thousand bins were used
across the range of the data values.

e 0-1: choose the values, 0 and 1 as the centroids.
The idea here is that the comparison routines

1www.python.org
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(c): Winkler
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Figure 4: Density plots of the results for the different
comparison methods when applied to the dataset with
100% overlap, and up to 3 errors in any attribute. The
left peak is that of the non-matches, and the right is
that of the matches. Note that each graph contains
two separate density plots superimposed (as denoted
by the solid and dashed lines).

return values in the range, 0..1. Thus, no pro-
cessing is required to discover these centroids.

e Range: use the minimum and maximum values
of the data as the centroids. This can be seen
to be the same as normalising the comparison
results and choosing the 0-1 modification.

Figure 5 shows the results of applying these mod-
ifications to the combined synthetic datasets. Note
that Default differs slightly from the Weka version
in that the latter normalises the attributes, but the
Python implementation doesn’t since the input data
is already in the range 0..1. Also, as both Weka and
Default use random selection, there is inherent vari-
ation in the results.

It can be seen that false positive rates for modifica-
tions 0-1 and Range appear higher than the others,
while their false negative rates are very low. This
indicates that the threshold values are set too low.
However, the ED results for modification 0-1 show
little or no errors. This modification uses 0 and 1
for the centroids, and earlier discussion has shown
that ED separates the modal peaks more than the
other methods. Mode does appear to show advan-
tages over Default in that the three outliers in the
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false negative graph have been removed. However,
differences are very minor as would be expected - ex-
cept that possible selection of centroids away from the
mode had been eliminated. These results were similar
for the MDC dataset.

4 Conclusion and Future Work

Record Linkage was introduced and some characteris-
tics and challenges to the field were presented. Block-
ing was discussed and it was noted that it can bias
results unless controlled-for in experiments. This can
also compromise the comparison of record linkage
techniques. It was therefore recommended that block-
ing not be used in research unless necessary.

Experiments using unsupervised techniques in the
linkage process were conducted and it was found that
the K-means clustering technique was not suitable
for the linkage of data which had not previously been
blocked. The use of the farthest-first classification
technique on non-blocked data was found to produce
very promising results.

In terms of further research, the complexity of the
edit-distance comparison method is the product of the
lengths of the strings being compared, which is costly
where the strings are long. An improvement would
be to use other versions of the technique, such as
those used in genetics (Christen 2006). Given the pos-
itive results for edit-distance with the modification to
farthest-first classification on the synthetic datasets,
further examination using real-world datasets will be
conducted. The Expectation Maximisation (EM) al-
gorithm (Winkler 1988) provides a method whereby
parameters such as the thresholds in the Fellegi and
Sunter model (Fellegi & Sunter 1969) can be esti-
mated. Further work will include comparing EM
against the farthest-first classification method.

Copies of this paper, the Febrl record linkage sys-
tem, and other publications can be obtained from:
http://datamining.anu.edu.au/linkage.html.
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