Assessing Deduplication and Data Link age
Qualit y: What to Measure?
http://datamining.anu.edu  .au/ lin kage.html

Peter Christen? and Karl Goiser

Department of Computer Science,
Australian National Univ ersity,
Canberra ACT 0200, Australia

f peter.christen,karl.goiser g@anuedu. au

Abstract. Deduplicating one data set or linking sewral data sets are
increasingly important tasks in the data preparation stepsof many data
mining projects. The aim of such linkagesis to match all records relating
to the sameertit y. Researd interest in this area hasincreasedin recernt
years, with techniques originating from statistics, machine learning, in-
formation retrieval, and database researt being combined and applied
to improve the linkage quality, as well as to increase performance and
e ciency when deduplicating or linking very large data sets. Dieren t
measureshave beenusedto characterise the quality of data linkagealgo-
rithms. This paper preserts an overview of the issuesinvolved in measur-
ing deduplication and data linkagequality, and it is shown that measures
in the spaceof record pair comparisons can produce deceptive accuracy
results. Various measuresare discussedand recommendations are given
on how to assesgleduplication and data linkage quality.

Keyw ords: data or record linkage,data integration and matching, dedu-
plication, data mining pre-processing,quality measures.

1 Intro duction

With many businessesgovernmert organisationsand researt projects collect-
ing massive amourts of data, data mining hasin recert yearsattracted interest
both from academiaand industry. While there is much ongoingreseart in data
mining algorithms and techniques, it is well known that a large proportion of
the time and e ort in real-world data mining projectsis spent understanding the
data to be analysed,aswell asin the data preparation and pre-processingsteps
(which may well dominate the actual data mining activity). An increasingly im-
portant task in data pre-processingis detecting and remaving duplicate records
that relate to the sameertit y within onedata set. Similarly, linking or matching
records relating to the sameertity from seweral data setsis often required, as
information from multiple sourcesneedsto be integrated, combined or linked in
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order to allow more detailed data analysis or mining. The aim of suc linkages
is to match all recordsrelating to the sameertity, such asa patient, a customer,
a business,a consumerproduct, or a genomesequence.

Deduplication and data linkage can be usedto improve data quality and in-
tegrity, to allow re-use of existing data sourcesfor new studies, and to reduce
costsand e orts in data acquisition. In the health sector, for example, dedupli-
cation and data linkage have traditionally beenusedfor cleaningand compiling
data setsfor longitudinal or other epidemiologicalstudies[23]. Link ed data might
contain information that is neededto improve health policies, and which tradi-
tionally hasbeencollectedwith time consumingand expensive survey methods.
Statistical agenciesroutinely link censusdata [18,37] for further analysis. Busi-
nesseften deduplicate and link their data setsto compile mailing lists, while
within taxation o ces and departmernts of social security, data linkageand dedu-
plication can be usedto identify peoplewho register for bene ts multiple times
or who work and collect unemployment bene ts. Another application of current
interest is the useof data linkagein crime and terror detection. Security agencies
and crime investigatorsincreasingly rely on the ability to quickly accessles for
a particular individual, which may help to prevent crimesby early intervertion.

The problem of nding similar ertities doesn't only apply to recordswhich
refer to persons.In bioinformatics, data linkagehelpsto nd genomesequences
in large data collectionsthat are similar to a new, unknown sequencet hand. In-
creasinglyimportant is the removal of duplicatesin the results returned by Web
seard enginesand automatic text indexing systems,where copiesof documerts
{ for example bibliographic citations { have to be identied and Itered out be-
fore being preseried to the user. Comparing consumerproducts from di erent
online storesis another application of growing interest. As product descriptions
are often slightly di erent, comparing them becomesdi cult.

If unique entity identi ers (or keys) are available in all the data setsto be
linked, then the problem of linking at the ertity level becomestrivial: a simple
databasejoin is all that is required. However, in most casesno unique keys are
shared by all of the data sets, and more sophisticated data linkage techniques
needto be applied. An overview of such techniquesis preserted in Section2. The
notation usedin this paper, and a problem analysis are discussedin Section 3,
before a description of various quality measuresis given in Section 4. A real-
world exampleis usedin Section5 to illustrate the e ects of applying di erent
quality measures.Finally, seweral recommendationsare given in Section 6, and
the paper is concludedwith a short summary in Section 7.

2 Data Link age Techniques

Computer-assisteddata linkagegoesbadk asfar asthe 1950s.At that time, most
linkageprojects werebasedon ad hac heuristic methods. The basicideasof prob-
abilistic data linkage were introduced by Newcombe and Kennedy [30] in 1962,
and the theoretical statistical foundation was provided by Fellegiand Surter [16]
in 1969. Similar techniques have independertly beendeveloped in the 1970sby



computer sciertists in the areaof documert indexing and retrieval [13]. However,
until recertly few cross-referencesould be found betweenthe statistical and the
computer sciencecommunity.

As most real-world data collections cortain noisy, incomplete and incorrectly
formatted information, data cleaning and standardisation are important pre-
processingsteps for successfuldeduplication and data linkage, and before data
canbeloadedinto data warehousesr usedfor further analysis[33]. Data may be
recordedor captured in various, possibly obsolete,formats and data items may
be missing, out of date, or contain errors. Namesand addressesan changeover
time, and namesare often reported di erently by the same person depending
upon the organisationthey arein contact with. Additionally , many proper names
have di erent written forms, for example "Gail' and "Gayle'. The main tasks of
data cleaning and standardisation are the corversion of the raw input data into
well de ned, consistert forms, and the resolution of inconsistencieq[7, 9].

If two data setsA and B areto belinked, the number of possiblerecord pairs
equalsthe product of the size of the two data setsjAj jBj. Similarly, when
deduplicating a data set A the number of possiblerecord pairs is jA] (jA]
1)=2. The performancebottleneck in a data linkage or deduplication systemis
usually the expensiwe detailed comparisonof elds (or attributes) betweenpairs
of records[1], making it unfeasibleto compareall record pairs whenthe data sets
are large. For example, linking two data setswith 100, 000 records each would
result in ten billion possiblerecord pair comparisons.On the other hand, the
maximum number of truly matched record pairs that are possible corresponds
to the number of recordsin the smaller data set (assuminga record can only be
linked to one other record). For deduplication, the number of duplicate records
will be smaller than the number of records in the data set. The number of
potential matches increaseslinearly when linking larger data sets, while the
computational e orts increasequadratically.

To reducethe large number of possiblerecord pair comparisons,data linkage
systemstherefore employ blocking [1,16,37], sorting [22], ltering [20], cluster-
ing [27], or indexing [1, 5] techniques. Collectively known as blacking, thesetech-
niguesaim at cheaply removing pairs of recordsthat are obviously not matches.
It is important, however, that no potential match is removed by blocking.

All record pairs producedin the blocking processare comparedusing a variety
of eld (or attribute) comparisonfunctions, eat applied to oneor a combination
of record attributes. These functions can be as simple as an exact string or a
numerical comparison,cantake into accourt typographical errors, or be ascom-
plex as a distance comparison basedon look-up tables of geographiclocations
(longitude and latitude). Each comparisonreturns a humerical value, often pos-
itiv e for agreeingvaluesand negative for disagreeingvalues. For each compared
record pair a weight vector is formed cortaining all the valuescalculated by the
dierent eld comparisonfunctions. Theseweight vectors are then usedto clas-
sify record pairs into matches non-matches and possible matches (depending
upon the decisionmodel used). In the following sectionsthe various techniques
employed for data linkage are discussedin more detail.



2.1 Deterministic  Link age

Deterministic linkage techniques can be applied if unique entity identi ers (or
keys) are available in all the data setsto belinked, or a combination of attributes
can be usedto create a linkage key, which is then usedto match records that
have the samekey value. Sudch linkage systemscan be deweloped basedon stan-
dard SQL queries.However, they only achieve good linkageresults if the ertity
identi ers or linkagekeysare of high quality. This meansthey haveto be precise,
stable over time, highly available, and robust with regardto errors (for example,
include a ched digit for detecting invalid or corrupted values).

Alternativ ely, a set of (often very complex) rules can be usedto classify pairs
of records.Sudh rule-basedsystemscan be more exible than using a simple link-
agekey, but their developmert is labour intensive and highly dependert upon the
data setsto belinked. The personor team dewveloping suc rules not only needs
to be pro cient with the rule system,but alsowith the data to be deduplicated
or linked. In practise, therefore, deterministic rule basedsystemsare limited to
ad-hoc linkagesof smaller data sets. In a recert study [19], an iterativ e deter-
ministic linkage systemwas comparedwith the commercial probabilistic system
AutoMatch [25], and empirical results showved that the probabilistic approac
achieved better linkages.

2.2 Probabilistic Link age

As common unique entity identi ers are rarely available in all data setsto be
linked, the linkage processmust be basedon the existing common attributes.
These normally include personidenti ers (like namesand dates of birth), de-
mographic information (lik e addresses)nd other data speci ¢ information (like
medical details, or customer information). These attributes can contain typo-
graphical errors, they can be coded di erently, and parts can be out-of-date or
even be missing.

In the traditional probabilistic linkage approadc [16,37], pairs of recordsare
classi ed asmatchesif their commonattributes predominantly agree,or asnon-
matches if they predominartly disagree.If two data sets A and B are to be
linked, the setof recordpairs A B = f(a;b); a" A; b" Bgis the union of the
two disjoint setsof true matchesM and true non-matchesU.

M = f(a;b); a=b;a" A; b" Bg Q)
U=f(ab); a6 b;a" A; b" Bg (2)

Fellegi and Sunter [16] consideredratios of probabilities of the form

PC " M)
R= 5—— ®3)

P( jv)
where isan arbitrary agreemei pattern in a comparisonspace . For example,
might consist of six patterns represerting simple agreemei or disagreemen
on given name, surname, date of birth, street address, suburb and postcode.



Alternativ ely, someof the might additionally considertypographical errors, or
accourt for the relative frequencywith which speci ¢ valuesoccur. For example,
a surnamevalue "Mil ler' is much more commonin many western countries than
a value "Dijkstra’, resulting in a smaller agreemen value. The ratio R, or any
monotonically increasing function of it (such asits logarithm) is referred to as
a matching weight A decisionrule is then given by

if R > typper , then designatea record pair as match,

if tower R tupper , then designatea record pair as possiblematch,

if R < tiower, then designatea record pair as non-match.
The thresholdstiow er and typper are determined by a-priori error boundson false
matchesand falsenon-matches.If " for a certain record pair mainly consists
of agreemets, then the ratio R would be large and thus the pair would more
likely be designatedas a match. On the other hand for a "  that primarily

consistsof disagreemets the ratio R would be small.

The classof possible matches are those record pairs for which human over-
sight, alsoknown asclerical review is neededto decidetheir nal linkagestatus.
While in the past (when smaller data setswerelinked, for examplefor epidemio-
logical survey studies) clerical review was practically manageablein a reasonable
amount of time, linking today's large data collections{ with millions of records
{ make this processimpossible,astens or even hundreds of thousandsof record
pairs will be put asidefor review. Clearly, what is neededare more accurate and
automated decision models that will reduce { or even eliminate { the amount
of clerical review needed,while keepinga high linkage quality. Such approaches
are preserted in the following section.

2.3 Mo dern Approac hes

Improvemerts [38] upon the classicalprobabilistic linkage[16] approad include
the application of the expectation-maximisation (EM) algorithm for improved
parameter estimation [39], the use of approximate string comparisons[32] to
calculate partial agreemen weights when attribute values have typographical
errors, and the application of Bayesiannetworks [40].

In recert years,researhershave also started to explore the useof techniques
originating in machine learning, data mining, information retrieval and database
researd to improve the linkage process.Most of these approachesare basedon
supervised learning techniques and assumethat training data (i.e. record pairs
with known deduplication or linkage status) is available.

Oneapproac basedon ideasfrom information retrieval is to represen records
asdocumert vectorsand compute the cosine distance [10] betweensudh vectors.
Another possibility is to use an SQL like language [17] that allows approxi-
mate joins and cluster building of similar records, as well as decision functions
that decideif two recordsrepresen the sameerntity. A genericknowledge-based
framework basedon rules and an expert systemis presened in [24], and a hy-
brid system which utilises both unsupervised and supervised machine learning



techniques is described in [14]. That paper also introduces metrics for deter-
mining the quality of thesetechniques. The authors nd that machine learning
outperforms probabilistic techniques,and providesa lower proportion of possible
matches.

The authors of [35] apply active learning to the problem of lack of training
instancesin real-world data. Their systempreseris a represenativ e (di cult to
classify) exampleto a userfor manual classi cation. They report that manually
classifying lessthan 100 training examplesprovided better results than a fully
supervised approac that used7,000randomly selectedexamples.A similar ap-
proach is preseried in [36], where a committee of decisiontreesis usedto learn
mapping rules (i.e. rules describing linkages).

High-dimensional overlapping clustering (as alternativ e to traditional block-
ing) is usedby [27]in order to reducethe number of record pair comparisonsto
be made, while [21] explore the use of simple k-means clustering together with
a user tunable fuzzy region for the class of possible matches. Methods based
on nearestneighbours are explored by [6], with the idea to capture local struc-
tural properties instead of a single global distance approach. An unsupervised
approach basedon graphical models [34] aims to usethe structural information
available in the data to build hierarchical probabilistic models. Results which
are better than the onesachieved by supervised techniques are preseried.

Another approad is to train distance measuresusedfor approximate string
comparisons.[3] presens a framework for improving duplicate detection using
trainable measuresof textual similarity. The authors argue that both at the
character and word level there are di erences in importance of certain character
or word modi cations, and accurate similarity computations require adapting
string similarity metrics for all attributes in a data set with respect to the par-
ticular data domain. Related approachesare presened in [5,12,29,41], with [29]
using support vector machines for the binary classi cation task of record pairs.
As shown in [12], combining di erent learned string comparisonmethods canre-
sult in improved linkageclassi cation. An overview of other methods{ including
statistical outlier identi cation, pattern matching, and assaiation rules based
approaches{ is givenin [26].

3 Notation and Problem Analysis

The notation usedin this paper is preseried here. It follows the traditional data
linkage literature [16,37,38]. The number of elemens in a set X is denoted
jXj. A generalllinkage situation is assumed,where the aim is to link two sets
of ertities. For example, the rst set could be patients of a hospital, and the
secondset peoplewho had a car accidert. Someof the car acciderts resulted in
people being admitted into the hospital, somedid not. The two setsof ertities
are denoted as A and B.. M = A\ B is the intersection set of matched
ertities that appear in both A, and B¢, and Ug = (Ae[ Be) NMg is the set
of non-matched ertities that appear in either A, or B, but not in both. This
spaceof ertities is illustrated in Figure 1, and called the entity space.
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Fig. 1. General linkagesituation with two setsof ertities A ¢ and B¢, their intersection
M ¢ (the ertities that appear in both sets), and the set U which contains the ertities
that appear in either A¢ or B¢, but not in both

The maximum possible number of matched ertities correspondsto the size
of the smaller set of Ae or Be. This is the situation when the smaller setis a
proper subset of the larger one, which also results in the minimum number of
non-matched entities. The minimum number of matched ertities is zero, which
is the situation when no ertities appear in both sets. The maximum number of
non-matched ertities in this situation correspondsto the sum of the ertities in
both sets. The following equations show this in a more formal way.

0 Mej  min(jAej;jBej) 4
absjAej [Bej)  jUel  jAelt [Be ®)

In a simple example, assumethe set A, corntains 5 million ertities (e.g.
hospital patients), and set B cortains 1 million ertities (e.g. peopleinvolvedin
car acciderts), with 700,000ertities presert in both sets(i.e. jM ¢j = 700, 000).
The number of non-matched ertities in this situation is jU ¢j = 4; 600, 000, which
is the sum of the entities in both sets (6 millions) minus twice the number of
matched ertities (asthey appearin both setsA¢ and B¢). This simple example
will be usedasa running examplein the discussionbelow.

Recordsfor the ertities in A and B, are now stored in two data sets (or
databasesor les), denotedby A and B, sudh that there is exactly one record
in A for eadh entity in A, (i.e. the data set contains no duplicate records), and
ead record in A correspondsto an ertity in A¢. The sameholds for B, and B.
The aim of a data linkage processis to classify pairs of records as matches or
non-matchesin the product spaceA B = M [ U of true matchesM and true
non-matchesU [16,37] as given in Equations 1 and 2.

It is assumedthat no blocking (as discussedin Section 2) is applied, and
that all possiblepairs of recordsare compared. The total number of comparisons
equalsjAj jBj, which is much larger than the number of ertities availablein A
and B together. In caseof the deduplication of a single data set A, the number
of record pair comparisonsequalsjAj (jAj 1)=2, asead record in the data
set must be comparedwith all others, but not to itself. The spaceof record pair
comparisonsis illustrated in Figure 2 and called the comparison space.
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Fig. 2. General record pair comparison spacewith 25 records in data set A arbitrar-
ily numbered on the horizontal axis and 20 records in data set B arbitrarily num-
bered on the vertical axis. The full rectangular area corresponds to all possiblerecord
pair comparisons. Assume that record pairs (A1;B1), (A2;B2) up to (A12;B12) are
true matches. The linkage algorithm has wrongly classied (A10;B11), (A11;B13),
(A12,B17), (A13;B10), (A14;B14), (A1l5;B15), and (A16; B 16) as matches(false pos-
itiv es), but missed (A10; B 10), (A11; B11), and (A12; B 12) (false negatives)

For the simple example given earlier, the comparisonspaceconsistsof jA
jBj = 5,000,000 1;000,000= 5 10 record pairs, with jMj = 700,000 and
juj=5 10% 700,000= 4:9999993 10'? record pairs.

A linkage algorithm comparespairs of records and classi es them into Nr
(record pairs consideredto be a match by the algorithm) and U (record pairs
consideredto be a non-match). To keepthis analysis simple, it is assumedhere
that the linkagealgorithm doesnot classify record pairs as possiblematches(as
discussedin Section 2.2). Both records of a truly matched pair correspond to
the sameentity in M . Un-matched record pairs, on the other hand, correspond
to dierent ertities in A and B¢, with the possibility of both recordsof such a
pair corresponding to di erent ertities in M . As eat record relatesto exactly
one et y, and there are no duplicates in the data sets,a record in A can only
be correctly matched to a maximum of one record in B, and vice versa. For
ead record pair, the binary classi cation into M and U results in one of four
possible outcomes[15] as shown in Table 1. As can be seen,M = TP + FN,
U=TN+FP,M=TP+FP,andU=TN + FN.

When assessinghe quality of a linkage algorithm, the generalinterest is in
how many truly matched entities and how many truly non-matched ertities have
beenclassi ed correctly as matchesand non-matches, respectively. However, the
outcome of the classi cation is measuredin the comparison space(as number



Table 1. Confusion matrix of record pair classi cation

Actual Classi cation
Match (Nr) Non-match (O)
Match (M) True match False non-match
True positive (TP) False negative (FN)
Non-match (U) False match True non-match

False positive (FP) True negative (TN)

of classi ed record pairs). While the number of truly matched record pairs is
the sameas the number of truly matched ertities, M j = jM ¢ (as ead truly
matched record pair correspondsto one ertity), there is however no correspon-
dencebetweenthe number of truly non-matched record pairs and non-matched
ertities. Each non-matched record pair contains two records that correspond
to two di erent ertities, and soit not possibleto easily calculate a number of
non-matched ertities.

The maximum number of truly matched ertities is given by Equation 4.
From this follows the maximum number of record pairs a linkage algorithm
should classify as matchesis jMj  jMj min (jA¢j; jBej). As the number
of classi ed matchesM = TP + FP, it followsthat jTP + FPj jMj. And
with M = TP + FN, it alsofollows that both the numbers of FP and FN will
be small comparedto the number of TN, and they will not be in uenced by
the multiplicativ e increasebetween the ertity and the comparison space.The
number of TN will dominate, however, as, in the comparisonspace,the following
equation holds:

JTNj=jAj Bj |TPj JENj jFPj (6)

This is alsoillustrated in Figure 2. Therefore, any quality measureusedin dedu-
plication or data linkagethat usesthe number of TN will give deceptive results,
aswill beillustrated and discussedfurther in Sections4 and 5.

The above discussionassumeso duplicates in the data setsA and B. Thus,
arecordin onedata set can only be matchedto a maximum of onerecord in the
other data set (often called one-to-one assignmei restriction). In practise, how-
ever, one-to-many and many-to-many linkagesor deduplications are possible.
Examplesinclude longitudinal studies of administrativ e health data, where sev-
eral recordsmight correspond to a certain patient over time, or businessmailing
lists where se\eral records can relate to the samecustomer (this happenswhen
data setshave not beenproperly deduplicated). While the above analysiswould
becomemore complicated, the issueof having a very large number of TN stills
hold in one-to-mary and many-to-many linkage situations, as the number of
matchesfor a single record will be small comparedto the full number of record
pair comparisons.



Table 2. Quality measuresusedin recent deduplication and data linkage publications

Measure Formula / Description Usedin
Accuracy acc= ——brIN [21,35,36]
Precision prec= P [1,2,10,11,14,27]
Recall rec= spew [1,11,14,21,27]
F-measure f measure= 2(’;’r e [1,11,27]

False positive rate fpr= 2= [2]
Precision-Recall graph ~ Plot precision on vertical and  [3,6, 28]

recall on horizontal axis

4 Qualit y Measures

Given that deduplication and data linkage are classi cation problems, vari-
ous quality measuresare available to the data linkage researder and practi-
tioner [15]. With many recert approachesbeing basedon supervised learning,
no clerical review process(i.e. no possible matches) is often assumedand the
problem becomesa binary classi cation, with record pairs being classi ed as
either matches or non-matches, as showvn in Table 1. A summary of the qual-
ity measuresused in recert publications is given in Table 2 (a more detailed
discussioncan be found in [8]).

As preserted in Section2.2, a linkagealgorithm is assumedto have a thresh-
old parameter t (with no possible matches tiower = tupper ), Which determines
the cut-o between classifying record pairs as matches (with matching weight
R t) or as non-matches (R < t). Increasing the value of t results in an in-
creasednumber of TN and FP and in a reduction in the number of TP and FN,
while lowering t reducesthe number of TN and FP and increasesthe number of
TP and FN. Most of the quality measurespreseried here can be calculated for
di erent valuesof suc a threshold (often only the quality measurevaluesfor an
optimal threshold are reported in empirical studies). Alternativ ely, quality mea-
surescan be visualisedin a graph over a range of threshold values, asillustrated
by the examplesin Section 5.

Taking the example from Section 3, assumethat for a given threshold a
linkage algorithm has classi ed jMj = 900, 000 record pairs as matchesand the
rest (jUj = 5 10 900,000) as non-matches. Of these 900, 000 classi ed
matches650, 000weretrue matches(TP), and 250, 000were false matches(FP).
The number of falsenon-matched record pairs (FN) was50; 000,and the number
of true non-matched record pairs (TN) was5 10 950 000. When looking at
the entity space,the number of non-matched ertities is 4; 600,000 250 000=
4;350,000. Table 3 shaws the resulting quality measuresfor this example in
both the comparisonand the ertity spaces,and as discussed,any measurethat
includes the number of TN depends upon whether ertities or record pairs are
courted. As can be seen,the results for accuracy and the false positive rate



Table 3. Quality results for the simple example

Measure Entity space Comparison space
Accuracy 94.340% 99.999994%
Precision 72.222% 72.222000%
Recall 92.857% 92.857000%
F-measure 81.250% 81.250000%
False positive rate 5.435% 0.000005%

all showv misleading results when based on record pairs (i.e. measuredin the
comparisonspace). This issuewill beillustrated further in Sections5 and 6.

The authors of [4] discussthe topic of ewvaluating deduplication and data
linkagesystems.They advocate the use of precision-recallgraphs over the useof
single value measuredik e accuracyor maximum F-measure,on the groundsthat
such single value measuresassumethat an optimal threshold hasbeenfound. A
single value can also hide the fact that one classi er might perform better for
lower threshold values, while another better for higher thresholds.

5 Exp erimental Examples

In this sectionthe previously discussedssueson quality measuresare illustrated
using areal-world administrativ e health data set, the New South Wales Midwives
Data Collection (MDC) [31].175 211recordsfrom the years1999and 2000were
extracted, containing names, addressesand dates of birth of mothers giving
birth in thesetwo years. This data set has previously been deduplicated (and
manually clerically reviewed) using the commercial probabilistic data linkage
system AutoMatch [25]. According to this deduplication, the data set contains
166, 555 unique mothers, with 158, 081 having one, 8; 295 having two, 176 having
three, and 3 having four records(births). The AutoMatch deduplication decision
was used as the true match (or deduplication) status for this example

A deduplication wasthen performedusingthe Febrl (Freely extensiblebiomed-
ical recordlinkage)[7] data linkagesystem. Fourteen attributes in the MDC were
comparedusing various comparisonfunctions (lik e exact and approximate string
comparisons),and the resulting comparisonvalueswere summedinto a match-
ing weight (as discussedin Section 2.2) ranging from 43 (disagreemen on all
fourteen comparisons)to 115 (agreemen on all comparisons). As can be seen
in the density plot in Figure 3, almost all true matches (record pairs classi ed
as true duplicates) have positive matching weights, while the majority of non-
matches have negative weights. There are, however, non-matches with rather
large positive matching weights, which is due to the di erences in calculating
the weights between AutoMatch and Febrl.

The full comparison spacefor this data set with 175,211 recordswould re-
sult in 175211 175,210=2 = 15; 349 359, 655 record pairs, which is infeasible
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Fig. 3. The density plot of the matching weights for a real-world administrativ e health
data set. This plot is basedon record pair comparison weights in a blocked comparison
space.The lowest weight is -43 (disagreemert on all comparisons), and the highest 115
(agreemen on all comparisons). Note that the vertical axis with frequency counts is
on a logarithmic scale

to processeven with today's powerful computers. Standard blocking was used
to reduce the number of comparisons,resulting in 759, 773 record pairs (this
corresponds to only around 0:005% of all record pairs in the full comparison
space).The total number of truly classi ed matches(duplicates) was 8; 841 (for
all the duplicates as described above), with 8;808 of the 759 773 record pairs
in the blocked comparisonspacecorresponding to true duplicates (thus, 33 true
matcheswere removed by blocking).

The quality measuresdiscussedin Section 4 applied to this real-world dedu-
plication procedureare shown in Figure 4 for avarying threshold 43 t 115.
The aim of this gure is to illustrate how the di erent measuredook for a dedu-
plication example taken from the real world. The measuremets were done in
the blocked comparisonsspaceas described above. The full comparison space
(15; 349 359 655record pairs) wassimulated by assumingthat blocking removed
mainly record pairs with negative comparisonweights (normally distributed be-
tween-43 and -10). As discussedpreviously, this resulted in di erent numbers
of TN betweenthe blocked and the (simulated) full comparison spaces.As can
be seen,the precision-recall graph is not a ected by the blocking process,and
the F-measuredi ers only slightly. The two other measures,however, resulted
in graphs of di erent shape.
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Fig. 4. Quality measuremers of a real-world administrativ e health data set

6 Recommendations

Based on the above discussions,se\eral recommendationsfor measuring dedu-
plication and data linkage quality can be given. Their aim is to provide both
researders and practitioners with guidelineson how to perform empirical stud-
ies on di erent algorithms, or production deduplication or linkage projects, as
well ason how to properly assessand describe the outcome of sud linkages.

Record Pair Classication Due to the problem of the number of true nega-
tivesin any comparison, quality measureswhich usethat number (for example
accuracy or the false positive rate) should not be used. The variation in the
quality of a technique against particular typesof data meansthat results should
be reported for particular data sets. Also, given that the nature of somedata
setsmay not be known in advance,the averagequality acrossall data setsused
in a certain study should be reported. When comparing techniques, precision-
recall or F-measuregraphs provide an additional dimensionto the results. For
example, if a small number of highly accurate links is required, the technique
with higher precision for low recall would be chosen[4].



Blo cking The aim of blocking is to cheaply remove obvious non-matches be-
fore the more detailed, expensive record pair comparisonsare made. Working
perfectly, blocking would only remove record pairs that are true non-matches,
thus a ecting the number of true negatives, and possibly the number of false
positives. To the extent that, in reality, blocking alsoremovesrecord pairs from
the set of true matches, it will alsoa ect the number of true positivesand false
negatives.Blocking can thus be seento be a confounding factor in quality mea-
suremen { the types of blocking proceduresand the parameters chosen will
potentially a ect the results obtained for a given linkage procedure. If compu-
tationally feasible,for examplein an empirical study using small data sets, it is
strongly recommendedthat all quality measuremen results be obtained without
the use of blocking. It is recognisedthat it may not be possibleto do this with
larger data sets. A compromisewould be to publish the blocking approach and
resulting number of removed pairs of records, and to make the blacked data set
available for analysis and comparison by other researders. At the very least,
the blocking procedure and parameters should be speci ed in a form that can
enable other researtersto repeat it.

7 Conclusions

Deduplication and data linkageare important tasksin the pre-processingstep of
many data mining projects, and alsoimportant for improving data quality before
data is loadedinto data warehousesAn overview of data linkagetechniqueshas
beenpresered, and the issuesnvolvedin measuringthe quality of deduplication
and data linkage algorithms have beendiscussed.lt is recommendedthat data
linkagequality be measuredusing the precision-recallor F-measuregraphsrather
than single numerical values, and measuresthat include the number of true
negative matches should not be useddue to their large number in the spaceof
record pair comparisons.When publishing empirical studies, researders should
aim to use non-blocked data sets if possible, or otherwise at least detail the
blocking approach taken, and report on the number of record pairs being removed
by the blocking process.
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