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Abstract

Real-world data is virtually never noise-free. Current moets for handling noise do so either
by removing noisy instances or by trying to clean noisy ltes. Neither of these deal directly
with the issue of noise and in fact removing a noisy instaisceot a viable option in many
real systems. In this paper, we consider the problem of rinitlee context of record linkage,
a frequent problem in text mining. We present a new methodiéaling with data sources that
have noisy attributes which reflect the pedigree of thatmubur method, which assumes that
training data is clean and that noise is only present in ttest, is an extension of decision trees
which directly handles noise at classification time by chiagdpow it walks through the tree at
the various nodes, similar to how current trees handle misglues. We test the efficacy of our
method on the IMDb movie database where we classify whetiies pf records refer to the same
person. Our results clearly show that we dramatically impgerformance by handling pedigree
directly at classification time.

1 Motivation

Real-world data is virtually never perfect and studies hehvawvn that field level error
rates aroun@d% or more are not uncommon [9]. In this paper, we consider tbblpm
of noise in the context ofecord linkage applications that identify matching records
that refer to the same entity but come from different datacssi In this scenario, we
are given pairs of data records from one or more sources (@éndatabases) and are
tasked with deciding whether they refer to the same entity.,(given two database
person records, classify whether they refer to the same@perslachine learning can
be used to create rules for classifying matching entitighérface of spelling mistakes,
nicknames, abbreviation, missing words, etc. For exanaplecord linkage application
should indicate that “Fetch Technologies” at “2041 Rosesva/enue, Suite 245" in “El
Segundo” is highly likely to be the same company as “Fetch2@41 Rosecrans Av” in
“El Segundo, CA’". However, some cases, the individual laibes may be completely
incorrect or out of date. This may occur, for example, if a pamy moves. In our
experience, this type of noise, where one attribute is cetafyl incorrect, is likely to
occur in text processing applications, because the problenoise is aggravated by
natural language extraction mistakes. In this paper weidengroblems that occur
when individual attributes are completely incorrect.

There is a large body of literature studying the problem afriéng in the presence
of noise [10, 7, 3, 1]. Data pre-processing has been propasedway to handle such
noisy data, where two recently proposed ways of pre-praugssich noisy instances



have been to either remove them [17] or clean them [5, 16]r& hee problems with
both of these. In the former, we are losing potentially goathcgs presumably most of
the instance is good. In the latter we will still have a noisstance unless we have an
oracle that can clean up the instance. This paper proposas way of handling noisy
attributes by dealing with them directly in the classifioatunder the assumption that
the training phase consists of clean data and that noisyiglatdy an issue during clas-
sification time. This is a reasonable assumption when thitigaset is small enough
to clean by human inspection but there is too much data agifitagion time to clean
by inspection. Attribute noise can be quantified during mieg of the training set.

As mentioned above, there are many problems in the real wdnkte it is to be
expected that some attributes in fact have been misrecovdedefer to the accuracy
of the records for a given data source with respect to aceuemtording of the data
as thepedigree of that source. Some databases may have been populatedduwoes
that were unreliable. If we know the nature of these souroblpms, then we could
incorporate this knowledge into the classification procEss example, we may know
that some of the data records come from mining a text sourmeighot very good
at recording the birth date and that this field is wrong everpften—i.e., the source
pedigree is less thatD0%. Current ways of handling such a case involves identifying
when the attribute is wrong and then either cleaning thébater by “correcting” it,
or ignoring the instance all together. Another possibiliyto completely ignore this
attribute during training [13]. None of these deal direatligh the attribute, however.
The method proposed in this paper is to recognize the fatthkeairth date is wrong
every so often and use the uncertainty of the correctnegsgciassification time. We
show, in a case study on record linkage, that our method ivegrperformance over
not taking this uncertainty into account.

This paper formally presents the problemsotirce pedigree (attribute noise) and
enumerates the ways in which a classification system haattkéisute noise in a more
direct manner than what has previously been suggested. Yéndxon one of these
methods, namely having a learned classifier model changdassification based on
the likelihood that each attribute may be wrongly reporté@. make the simplifying
assumption that data is clean during training and thabatginoise is present only at
classification time.

We next describe related work, followed by the formal dgdmn of the source
pedigree problem. We then describe the plausible solutmasour specific method,
followed by an empirical case study in the domain of recarlldge, and conclude with
a discussion of the results.

2 Related Work

The literature on learning in the presence of noise is quitensive, both in the stan-
dard propositional setting [11, 1] as well as in relationettiags [3]). As is usual in

machine learning, all of these cases assume that the fadlata is drawn from the
same distribution as the test set and that the both exhibisdme type of noise. In
these cases, the best performance an optimal learner cevadhto match the class



noise. Various techniques and proofs have shown under \ifigatiestances the learner
can get arbitrarily close to this optimum [2].

A different view of attribute noise is that the attributeras little or no information—
i.e., that it is irrelevant, but through random chance thatay appear relevant to the
prediction task [7, 6]. In this case, the task is to identifig ghen ignore these irrelevant
attributes.

One alternative approach to learning in the presence o€nsito pre-process the
data and clean it up before learning from it [5, 4, 17]. A rec@mprehensive study on
on how to handle attribute noise is the most directly relepéece of work to this paper
[16]. In this comprehensive work, Zhu and Wu perform an eroglstudy on the effects
of attribute noise as well as the effect of cleaning up eithertraining data and/or the
test data. It was found that having a dirty test set univigrehdl worse than having a
clean test data set, where cleaning the test set would petetter with a dirty training
set than vice versa. One main focus of Zhu and Wu is to propags of handling noise.
In this particular work, they focus on handling attributdsgoand describe an overall
design framework in which this can be done. This design isegetowards predicting
whether an attribute is noisy and then “correcting” its edhy inference or other means.
Recent work, however, seem to indicate that when you hawsy mtiributes, it may be
better to ignore them altogether over trying to “correcgrni[13].

3 Classification with Pedigree

Formally, our domain is the general classification probleradified by the addition of
pedigree information.

As in standard supervised learning, we are given a trains@frecords, each of
which is a vector of attribute values, either numeric orréiteFor each record =
(x1,...,2,) in the training set we are given a lahele {—1,1}. After training, for
a recordz the classifier will produce a value € [0, 1] which is the probability that
y(z) = 1.

In addition to the normally available information, wishurce pedigree each record
x = (x1,...,z,) for both training and classification also has an associatetbv of
pedigreesp = (p1, ..., pn) Wherep; € [0, 1] is the pedigree of théh attribute value.

A pedigreep, for an attribute value means we believe the attribute vadueetaccurate
with probabilityp;, otherwise it is inaccuratéccurate means that it is the correct value
for that attribute in that record andaccurate means the value is essentially randomly
drawn from the set of possible values for that attribute. W&ime that the distribution
of inaccurate values will be approximated by a uniform disition over all the values
for that attribute in the training set.

If all pedigree vectors aré, ... ., 1) the problem reduces to the usual classification
problem. If all pedigree vectors afe, . . . , 0) the classifier cannot trust any of the values
and will have to predict based on the class prior.

Although our setting allows each record to have a differeligree vector for gen-
erality, in practice we anticipate that blocks of recordsildasshare the same pedigree
vector. The records in a typical classification problem walérive from different data
sources, with pedigree specified per data source. In oups#tthe problem we do not



explicitly model different data sources, but records froasticular data source may
be thought of as a block of records in the training or clas#ifin sets.

The goal is to find a way to use partially reliable attributéuea at classification
time to the extent permitted by the pedigrees.

4 Plausible Solutions to Handling Pedigree

We assume that for training we have available a set of reasittisperfect reliability,
meaning the associated pedigree vectorgare . , 1). We have not yet explored formal
solutions using training data with imperfect reliabilibyt we plan to address this in a
future study.

In this setting, we need to have the classifier be able to bamoiky test data at
classification time. Plausible solutions fall into two tgpéhose where the records are
modified by the pedigrees before the classifier runs and tiwbege the records and
pedigrees are combined within the classifier.

4.1 Pre-processed Pedigrees

Pre-processing the records with pedigree informatiomallthe classifier to be treated
as a “black box”, so any existing classifier could be usedautimodification. In this
scenario, we tell the classifier what the source pedigreedslet the classifier itself
learn the appropriate model. A disadvantage of this is tiapedigree vector for each
block of records (equivalently, each data source) must logvhrat training time and
represented in the training set such that the classifierezmm from them. One added
complexity is that we also need to introduce noise into thmiing set according to the
pedigree vector (remember that we assume our training skgds).

For completeness, we present here one possible pre-pirgessthod, although
this is not the method of choice nor what we will be using in case study. For each
unigue pedigree vectgr we assign a unique literal identifié?. Given a recordr in
either the training or classification sets with associatedigree vectop we augment
the record with an additional attribute with vali® The augmented record becomes
(x1,...,zn, P). The additional attribute lets the classifier learn a diffeérsub-model
(distribution, tree, etc.) for each unique pedigree.

We explicitly incorporate pedigree information into thaitring set as follows. We
oversample the training data by some multiple that dependsaprecision of pedigree
training desired. For each record with pedigree vegtr the training set, we modify
the augmented similarity vectdt, . .., z,, P) as follows. For each attribute with
probability1 — p; we replacer; with a random value from the set of possible values for
that attribute. Ideally, the random value should be chosem fall of theith values in
the training set to match as well as possible the distributifcall correct values for the
ith attribute.

The modified records, incorporating random substitutimeseding to pedigree and
augmented with pedigree identifiers, are used to train tesifler. The labea} provided
for training has the same value for a given record whetheobrandom substitutions
have been made in the attribute values—i.e., we do not camsaisy labels.



4.2 Pedigrees Used at Classification Time

Designing a classifier to use pedigrees only at classificdiine, rather than as a pre-
processing step for training and classification, has a eoppiential advantages. First,
the new data sources with new pedigrees could be used aificktisn time without
retraining. Second, oversampling of the training data israquired, with potentially
large savings of time and space.

We chose to design our own decision tree classifier (DTP)chaseC4.5 [12] and
J48 [15] that uses pedigree vectors at classification tineeaBse training data is as-
sumed to have perfect reliability, and pedigree vectorsiateised during training, the
decision trees produced during training are the same asipeddoy the original C4.5
and J48 programs.

At classification time, DTP uses the input records and theca®d pedigree vec-
tors to determine the paths to take through the decision Breeng the search of the
decision tree, when a node condition refers to an attribitte partial reliability, each
of the direct branches from the node are traversed. The falaés produced for each
branch are combined in a proportion dependent on the pedajrihe attribute value.
The following section will describe the details of this.

5 Decision Tree Classifier Using Pedigree

The Decision Tree classifier using pedigree (DTP) algoritased on C4.5 and J48
works as follows. The decision tree is generated from theitrg set of records without
using pedigrees, exactly following C4.5 and J48.

At classification time, each input recardand associated pedigree vecgas given
to the classifier.

Classification proceeds as a hormal decision tree with @lsedithe tree from the
root. A decision is made at each node as to which of the brartotfellow based on the
result of comparisons of an attribute value with one or morestants. For a given node
with a condition involvingz;, if p;, = 1 then DTP does as C4.5 and follows only one
branch, eventually producing the final probability thag(z) = 1. However, ifp; < 1,
all m direct branches are taken, givingfinal probabilities{si, ..., s, }. In that case,
we want to combind sy, .. ., s,,, } together in some way to produse

As a by-product of the generation of the tree during trainthgm direct branches
have weightw, ..., w,, } with Z w; = 1, wherewy; is the ratio of training exam-
ples at that node that went down branich

Let’s consider the case whepe < 1 and thekth branch is the “correct” branch,
meaning the branch for which the condition involvingis true—i.e., based on the given
value ofz;, that is the branch that should be followed. Then we combine. . ., s, }
according to their weights;, weighing the correct branch more heavily in proportion
top;:

s = sp(pi(1—wp) +wi) + (1 —p;) > 55w (1)
ik
As mentioned above, if theth branch is correct angl = 1, the equation fok reduces
to s = s, which is the normal evaluation for the node. Similarlypif= 0 thens =



Z s;w; which is the expected value fergiven that nothing is known about the true
value ofz;.

This procedure is repeated at every node during the pandiadtsal of the decision
tree. Ifp; < 1 for all 7, then every node in the tree will be traversed.

6 Empirical Study

We here present an empirical study on the efficacy of our ndetfibe study is in the
domain of record linkage as this method was developed irr ¢odeandle source pedi-
gree in this setting. We will therefore present enough tetdiout the record linkage
problem such that the reader can appreciate the resulsnees

6.1 Source Data

Our empirical study of the DTP algorithm is based on a recoitdage problem involv-
ing the Internet Movie Database (IMDB).

We have a set of records of people from the IMDb: actors, tbre¢ etc. Each
person record is a vector of ten fields, although only threeewattimately used by
the classifier(Name, DateO f Birth, Spouse). For simplicity, we will describe the
records as if they were composed of only those three fields.

We simulated imperfect source pedigree by introducinganioi® theSpouse field.

In 25% of the records used for testing (not training) tHeouse value was replaced by
the Spouse value of another random recorflpouse is normally a strongly identifying
field, meaning two records with the sarmpouse value are very likely to refer to the
same person.

Some people in the IMDb have multipféame values (nicknames, screen names,
etc.) and some have multipEpouse values (presumably from consecutive marriages).
A person withn names andn spouses is represented by m records in our set.

Not all people in the IMDb hadateO f Birth or Spouse values, in which case
those fields have a null value.

6.2 Classifier Input Vectors

Given two records from a set of person records, our recokédja system generates a
vector of attribute similarity scores using a learned sanity metric [8]. The similar-
ity metric involves several types of transformations betwihe tokenized field values
including Equal, Misspelling, Synonym, ConcatenationpAdviation, Prefix, Suffix,
Acronym, Soundex, and Missing. The numbers of each typeao&formation are com-
bined according to learned weights.

The vectors of attribute similarity scores for pairs of netsobecome inputs to the
DTP classifier to classify the pair as referring to the samegeor not. Since consid-
ering all possible pairs of records is not tractable in a se#ting, during both training
and testing, pairs of records first pass through a simpl&bigestage to eliminate likely
mismatches, as in [14]. Once pairs have made it past blockiedr similarity vectors
are produced. These then make up the training and test sets.

Yhttp://ww. i mdb. com
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Fig. 1. Decision tree built on training set. The darker boxes detifenon-match classification
and the lighter boxes a match classification.

6.3 Training

For training we chose a set of 1111 person records, randorifjed into two subsets
of 550 and 561 records. Pairs of records composed of onedréwon each subset were
drawn randomly. Of those pairs that made it through blockirg07 were negative
examples, i.e., pairs of records referring to differentgdepand 1079 were positive
examples. Training produced a decision tree with 6 nodesiwtorrectly classified all
but 60 negative and 10 positive examples. The resultingdrsleown in Figure 1.

6.4 Testing

Our test set consisted of 476 person records, represerting 86 people. Noise was
added to theéSpouse field for 25% of the records by substituting thpouse value of
another random record.

Our record linkage system progressively builds a “persdtetaby adding each
test record as they are presented to the system. The peldensnitially empty. We
ordered the 476 records randomly and added them one at aRomeach such record
r, all pairs consisting of and one of the records in the growing person table are sent
through blocking. Similarity score vectors for those recpairs that survive blocking
are sent to the classifier to determine the probability thaptir is a match, i.e. refers to
the same person. If the best fitting recqrith the person table has likelihood 90% of
being a match with, thenr is added to the person table as an outer join on the person



ID of ¢. Otherwisey is added to the person table with a new, unique person ID.ighis
a subtle issue, but if we have a match on an existing recoed, tthis results in multiple
records being added to the person table as each possiblénadiob of attributes need
to be recorded. This is done so that subsequent incomingd®od the same person
will have a better chance of finding a highly similar recordtie person table.

6.5 Results

We ran the record linkage system twice on the test set, ontteanpedigree vector of
(1,1,1) for each similarity score vector, and once with a pedigrexoref (1, 1,0.75),
meaning theSpouse similarity score had a pedigree ©f75, corresponding to thgs%
noise we added to th&pouse field of the test set.

For the purpose of illuminating the behavior of the DTP dféess we examine the
likelihood scores produced by the classifier on all recoidsgeassing through blocking,
rather than examining the final person tables. In both caseigree=1 and 0.75, over
21000 record pairs passed through blocking to be evalugtéuttclassifier.

We report the results of classification using a precisiaalteurve. The precision-
recall curve is generated by considering, for each potdiki&dihood score produced by
the classifier, how well using that score as a definitive tholbwould do with respect
to precision and recall. For example, if we consider thdiliked score of 0.8, we can
consider all the record pairs that got a score above 0.8 dnldoas many of those were
true positives—this is the precision at score=0.8. We can ask out of all the record
pairs that are true positives how many of those got a score@®8e-this is the recall
at score=0.8. If we plot the precision and recall at evertirdisscore and join the dots
we get a precision-recall curve.

Figure 2 shows the precision-recall curve for the two runse-with pedigree=1
and one with pedigree=0.75. As we can see, their performaneey different even up
to a high level of recall (0.95), where using pedigree we getugh higher precision
than the run that does not use pedigree. It is obvious thgtileboth have the same
precision at recall=0 and that they will converge to the spoiat at recall=1, but their
performance in between is the interesting part. Their difiees are the highest at recall
= 0.2486 (about 25% of all the true positives have been adeduior). In this case,
using pedigree we get a precision near 1 whereas not usirigrpechas a precision
of 70%. This difference is very large, when we consider thathad over 21000 total
pairs of records, where about 15% of them were true matchesrécall of 25% (800
records), using pedigree only about 10 extra records weaogriectly classified, whereas
not using pedigree about 1150 records were incorrectlysified.

To shed some light on records where not using pedigree hdruaimg pedigree
generated proper scores, we identified the pairs of recongsaerthe two runs had dif-
ferent predictions. Table 1 shows two such pairs. Remenmbigure 1 that one node
split on theSpouse attribute with one leaf being a match and another a non-méich
the pairs shown in the Table, we see that they wrongly sh&ieddame spouse and in
both cases they would have gone down the wrong branch frorfijihese node in the
tree. Using pedigree, however, was enough to cast into delioh branch to take and
DTP therefore combined scores from both branches, enoughsio the match score
low.
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Fig. 2. Precision-recall curve comparing record linkage with antheut pedigree. As we can
see, using pedigree can dramatically improve performaspecially at low levels of recall.

7 Discussion and Limitations

We presented a new methodology for handling attribute raieetly rather than through
the current standard of either removing noisy instanceteaning noisy attributes, nei-
ther of which are viable options in a real world system.

Our proposed method uses a decision tree which changesadsifdation score
based on a specified source pedigree. We tested DTP (Dediggenwith Pedigree)
in a real world scenario to perform record linkage on peopdenfthe online movie
database IMDb. We deliberately introduced noise to teseffieacy of DTP and the
results clearly show that using pedigree information dtéably improved the results
when viewed on a precision-recall curve.

We do note that our current method has two significant linoitest First, we assume
that the training data is clean. This is appropriate for sap@ications, but for those
applications where only noisy training data is availabl& neethods are needed, which
we will address in a future study. Second, we assume that satsi&le oracle will pro-
vide us with pedigree scores either for a complete data sauron a per-record basis.
Again, this assumption is not likely to be the case although @ould assume that the
user has some idea about the noise of the data sources. Bbseflimitations define
clear open research questions which we hope will be addiéssthe community.
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