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Abstract Entity Resolution (also known as deduplicatioput records may contain ambiguous and not-fully specified
or merge-purge) is a process of identifying records that réata, and it may be impossible to capture all the application
fer to the same real-world entity and merging them togetheuances and subtleties in whatever logic is used to decide
In practice, ER results may contain “inconsistenciesliait when records match and how they should be merged. Thus,
due to mistakes by the match and merge function writersttie set of resolved records (after ER) may contain “errors”
changes in the application semantics. To remove the incohnat would be apparent to a domain specialist. For example,
sistencies, we introduce “negative rules” that disallogoim we may have a customer record with an address in a coun-
sistencies in the ER solution (ER-N). A consistent solutidny we do not do business with. Or two different company
is then derived based on the guidance from a domain egeords where the expert happens to know that one company
pert. The inconsistencies can be resolved in several wasegently acquired the other, so they are now the same entity.
leading to accurate solutions. We formalize ER-N, treating A common approach to handle “application errors” is to
the match, merge, and negative rules as black boxes, whiglfineintegrity constraintghat should be satisfied (locally
permits expressive and extensible ER-N solutions. We idesnd globally) by the data [18,12]. The constraints are typi-
tify important properties for the rules that, if satisfiedable cally written by people different from the application writ
much more efficient ER-N. We develop and evaluate two &jrs, to avoid making the same mistake twice. After (or while)
gorithms that find an ER-N solution based on guidance frome application runs, the constraints are independendghed,
the domain expert: the GNR algorithm that does not assuaed inconsistencies flagged. Of course, in an ideal wortd, th
the properties and the ENR algorithm that exploits the progpplication writers would enforce all integrity constrsin

erties. perfectly, and integrity checking would be unnecessaryHo
. _ L _ ever, we do not live in an ideal world and integrity checking
Keywords Generic entity resolution, inconsistency, represents a useful “sanity check.”

negative rule, data cleaning Integrity constraints tell us what data states are invalid

but do not tell us how to arrive at valid state. In this paper
- we study how to modify the ER process, in light of some
1 Introduction integrity constraints that we catlegative rulesso that we

) ] ) ) arrive at a set of resolved records that satisfy the comsrai
Entity resolution (ER) is the process of matching recorgsrthermore, since in general there can be more than one
that represent the same real-world entity and then mergiagid resolved set, we also discuss how a domain expert can
the matching records. For example, two companies that megggde” the ER process to arrive at a “desirable” and valid
may want to combine their customer records: for a givejet of records using various methods for resolving records.
customer that dealt with the two companies they creatap® also explore properties of the negative rules that make
composite record that combines the known information.  thjs directed ER process more efficient.

The process for matching and merging records is most For concreteness, in this paper we focus on a type of ER
often application-specific, complex, and error-prone. ifiRe processing calledeneric pair-wise In this case, a domain

: expert writes two functions, a match and a merge function.
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records. For example, the combined information(ins) Ngr‘qe 999%84’\11234 Gender
may match with a third recort] while neitherr nor s had :; Patﬁua — F
enough information to generate a match with T3 Pat | 999-04-1234] M

The alternative to pair-wise ER is generally some type )
of global “clustering” strategy that groups records that afi9- 1 A listof people
similar and are deemed to represent the same real-world en-
tity [23,5]. Both pair-wise and clustering ER are used

i .
practice [2], and each approach has its advantages (ancEL%negatlve rule) may be a complex computer program that

passionate supporters). Briefly (and open to debate), pair- sider“s many f?ctors in making a decision. It may have nu-
wise may be easier to implement (and debug) since the (ﬂé@rous patches” added over time by different people. Fur-

main expert only needs to consider two records at a tm,beermore, the match and negative rules are typllcglly writte
e[[#idn‘ferent people (as mentioned earlier), so it is not sur-

and pair-wise may be more amenable to incremental aptl_. o L
distributed processing [1]. Clustering approaches malyi ising that the rules can reach conflicting decisions.

more accurate results since decisions are global and havef 5?62(:13%(:0{;1% rneqaefog ;ﬁ?g rﬁ?: gt?g?r?ar\tiﬁgstt::)arlmgtrgﬁ igo“tﬁi?_
ceived much more attention in the academic literature. y 9 y

Note that both pair-wise and clustering approaches able”. In this application it may be acceptable to have a

rone to errors and both schemes can benefit from inte ?.record with two gendersuringthe resolution (as opposed to
P . ; YiiPthe final answer), because future merges may resolve the
checking. Indeed, there has been prior work on clusteri

, . v . ; B%nder. For example, say.3; were to merge with another
with constraints [3,6]. However, the integrity checkingtte ecord that indicated that Pat was Male. Then the merge

niques used in those works are not sufficient for integri{}jle may eliminate the Female gender because there is now
checking in pair-wise ER. For example, our framework co nore evidence that Pat is male. In this scenario it is OK to

siders record merges (which are not directly supported o porarily generate, o3 since it is useful in constructing a

clustering approache;) and impqses constraints on merggrﬁ}d final record. However, it is not OK to leave,s in the
records. A more detailed comparison between our and otlﬁﬁgl answer ' '

work can be found in Section 8. To resolve the gender inconsistency, say we unmerge
ri23 back into{ris, r3}. In our example, the sdtr12,r3}
may still not be a valid ER answer: We may have a negative
1.1 Motivating Example rules stating that no two final records should have the same
social security number. In our case, the problem occurred
We conclude our introduction with a motivating examplésecause; was initially merged withr, instead ofr;.
Consider the three people records shown in Figure 1, that areThe reader may wonder why the ER process did not first
to be resolved. We would like to merge records that actualiyerger; andr; since they are “clearly” a better match than
refer to the same person. Suppose the match rule compates, . First, our example is deceivingly simple, and in prac-
r1 andr; first and returns a match because they have simitae there may be no obvious ordering to the merges. Further-
names. Records andr; are thus merged into a new recorgnore, the person coding the match rule may not be aware of
T12! the SSN check that will be performed by the negative rule.
- Second, an inherent “feature” (some would say weakness) of
ri2 | Pat, Patricia] 999-04-1234| F pair-wise matching is that merge decisions are done without

Now suppose that;, matches withs since they have global analysis, a pair of records at a time. This feature is
similar names and an identical social security number. That makes the approach simple and appealing to some ap-
result is a New recorg os: plications, but is also the feature that can introduce pisl

like the one illustrated by our example. Our approach here

r123 | Pat, Patricig 999-04-1234| M, F will be to fix these problems via the definition of negative
rules.
In this casero3 is the answer of the ER process. In our simple example, we can arrive at two possible so-

However, it is easy to see there are “problems” with thigtions that satisfy the negative rules presented above. On
solution. These problems can be identified by “negativesgtilsolution occurs when we unmerge, and re-merge; and
i.e., constraints that define inconsistent states. In thtasne 3, resulting in{ry3, 2 }. The other is when we simply dis-
ple, say we have a rule that states that one person cargatrs, resulting in{r12}. Note that{r,, 2} is not a good
have two genders, and hence receorg; violates the con- solution because it is not “maximal,” i.e:;; andr, could
straint. The reader may of course wonder why this constralrdve been merged without problems. The precise definition
was not enforced by the merge function that combingd of a valid solution will be given in the next section.
with r3. There are two reasons. One reason is that the personinterestingly, many inconsistencies in real-world data ca
writing the merge rule may be unaware of this gender cobe captured with negative rules that examine one or two
straint or enforced it incorrectly. Keep in mind that the correcords at a time. For example, we can easily apply our
straints in practice will be much more complex than whatiles to hotel data saying that no hotel can have two differ-
our simple example shows. For instance, the merge rule émt street numbers on the same street and that no two hotels
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with different names can have the same street name, stréeinput: a set! of records ~
number, and phone number. 2: output: the merge closure af, I

In this paper we address precisely the identification angt L0
handling of inconsistent ER We start b . while [ 2 0 do
iandling of inconsistent ER answers. We start by summa: ™ ,."_ J/1ecord fromr
rizing the ER model of this paper (Section 2.1), which has:  remover from7
been introduced in our previous work [2], but does not ysé:  for all recordsr” in I do
negative rules to handle inconsistencies. We then define tgje ifr~r Ctlhe”< N

i i H . mergea «— (r,r

colncerp])t o:;negat_lve rulels (Sectl_on 2.2_), bur_h?](y negative %10: it merged & 1 U TU {r} then
rulesthat detect internal inconsistencies within one recorgh. T < 1U{merged}
andbinary negative ruleshat detect problems involving a12: end if
pair of records (as in our example). We formally define whas: end if
is the correct ER answer in the presence of such negatife ?ﬁd f%ru
rules (Section 2.3). We define simple properties of the matt%lg: end V‘ﬁme {r}
merge, and negative rules that make it easier to find the £of- return 1
rect solutions (Section 4), and we present algorithms that
find a solution based on guidance from a domain expert (Sec-
tions 3, 5). We experimentally evaluate our algorithmsgisin
actual comparison shopping data from Yahoo! Shopping - : .
hotel information data from Yahoo! Travel (Sections 6,7). erge ClosureA merge closurd contains all the possible

We discuss related work in Section 8 and conclude in S g_cords th_at_ can be_generated frdnusing M and .. The
ormal definition is given below.

Algorithm 1: Computing the merge closuré)(

tion 9.
Definition 2.1 Themerge closuré of I satisfies the follow-
ing conditions:

2 ER-N Model B
1.1¢1 )

21 ER 2. Vri,ro € IStory & 1o, (ry,m2) € 1.

3. No strict subset of satisfies conditions 1,2.
We start with an instanceé= {r4, ... ,7, }, which is a set of ~
records. We present an algorithm for computifign Algorithm 1.

(Itis shown in [2] that Algorithm 1 is optimal in a sense that
Match and Merge Ruleé\ match ruleM determines if two no algorithm makes fewer record comparisons in the worst
recordsr; andr, refer to the same real-world entity. If thecase.) Note that the merge closure can possibly be infinite
records match)/ (r,, r2) = true. We denote this ag ~ r,. if a chain of merges produces new records indefinitely. In
Otherwise M (ry, r2) = false (r1 # r2). Section 4, we will present some additional propertiesior

A merge rulep merges two records into one. The funcandy that prevent this case.
tion is only defined for matching records. The resultf;

o) is denoted agry, ro). o _ . _

We assume two basic properties faf andu — idempo- Domination Recordr, is dominated byr; if both records
tence and commutativity. [dempotence says that any recéder to the same entity, buj’s information “includes” that
matches itself, and merging a record with itself yields tHf 71- Thatis,r, is redundant information and should be sub-
same record. Commutativity says that;jfmatches-,, then Sumed byr,. What records dominate others is application
r» matches; . Additionally, the merged results of andr, dependent. We can assume that for a given application there

should be identical regardless of the merge ordering. IS Some partial order relation (i.e., a reflexive, transitand
anti-symmetric binary relation) that tells us when domina-

— Idempotenceyr, r ~ rand(r,r) =r. _ tion exists. The domination @f by r, is denoted as; < 7.
— Commutativity:vry, ra, 1 & r2 iff r2 & 71, and ifri & For example, in some application where merges simply col-

r2, then(ry, ra) = (ra,m1). lect all information in records, we may hawve < r» when-

We believe that most match and merge rules will nat§ver2 = (r1, ) (for somer”). We will use this domination
rally satisfy these properties. Even if they do not, they c&h OUr examples unless stated otherwise. In Section 4, we
easily be modified to satisfy the properties. To illustréie t Présent a canonical domination order that holds when some
second point, suppose that idempotence does not hold gditional properties foi/ andy. are satisfied. _
cause the records have very little information (e.g., a per- Domination on records can be naturally extended to in-
son named John isn’t necessarily identical to another persgances as follows:
named John when no other data is available). In that case, we
can be more strict in determining if two records are the sarR¢finition 2.2 Given two instance$, I, we say thatl; is
by conducting a bitwise comparison between the recordsdsiminated by, (denoted ady < ) if Vry € I1,3ry € I
comparing the sources from which the records originateds.t.r1 = 72.
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2.2 Negative Rules Intuitively, J is a maximal consistent subset bf{The
first three conditions of Definition 2.3 imply thdtis con-
A negative rule is a predicate that takes an arbitrary numtséstent; the proof can be done by contradiction). The second
of records and returns eitheésnsistent Orinconsistent. condition ensures the maximality by saying that any record
Negative rules can be categorized according to their nusnb&om I that is not inJ is either dominated by a record jhor
of arguments. In our work, we consider unary and binaigtroduces an inconsistencyfo The third condition ensures
negative rules. thatJ is consistent and has ho dominated records. Lastly, the
A unary negative ruléV; checks if a record is valid by fourth condition filters out “undesirable” solutions thakea
itself. If r is internally inconsistent¥; (r) = inconsistent dominated by other solutions. Returning to our example in
(denoted as < r). Otherwise,N;(r) = consistent (de- Figure 1, suppose that every pair of records match and that
noted as~ < ). An internally inconsistent record shouldthe merge closuré is {r1, ro, 3, 712, 713, 723, 7123 }. The
not exist in an ER solution. instance{rys, 72 } is a valid ER-N solution because {33,
A binary negative ruléV, checks if two different records r,} is a subset of ; 2) any other record frond (i.e.,ry, 73,
r1 andre can coexist. We requir@ andrs to be differentin rio, ro3, r123) is either dominated by a record {13, 72}
order to make a clean distinction between unary and bingryf =< ri3, r3 =< r13) or introduces an inconsistency (unary:
negative rules. Ifr; andry are inconsistentNa(r1, 72) = 123 = rag, r123 <= T123; binary:ria s r13); 3) {ri3, r2}
inconsistent (denoted ag, < rg). Otherwise,Na(r;, is consistent, so no records can be dropped; ade4) >}
r9) = consistent (denoted as; < ry). Two inconsistent is not dominated by the only other solutiofr;»}. The in-
records cannot coexist in an ER solution. stance{r;»} is also a valid solution for the same reasoning.
Neither type of negative rules can be incorporated infi clarify the role of the fourth condition (i.e., the firsrée
the match and merge rules. As we illustrated in Section 1cnditions do not imply the fourth condition), notice thaét
a unary negative rule cannot be supported by simply disaistancedr, o} and{rs, r3} satisfy the first three condi-
lowing two records to merge into an internally inconsistemibns, but are dominated by the solutiém s, 2 }. Hence,
record because inconsistencies could be fixed in the futufe,, »o} and{rs, 3} are not valid solutions.
Binary negative rules also do not fit in the match and merge
rules for the same reason. Moreover, a match rule only has a
local view of two records and cannot tell whether the merg@# Resolving Inconsistencies
record will generate any new binary inconsistencies with
other records “outside.” Thus, negative rules cannot be éfhere are two general approaches for resolving records in
forced by modifying the match and merge rules. the presence of negative rules:

We say that a set of records is inconsistent if there exists | . ApproachThe merge and match rules are used to

?eig]r?jlsevri?)(l:;tri?]gvg)Eﬂg?yigggtri{enreu?gwe rule or a pair of generate a sét (1), which is after-the-fact checked for
We assume the basic commutativify property for nega- inconsistencies. As inconsistencies are discovered, ap-
. les. That is. ifr is inconsistent with-. thenr is propriate "fIXGS". (see below) are tqken, W|t_h the guid-
g}/:orilli(?c?r.lsistent v,vit;l z "2 ance of a domain expert. We call this domain expert the
1 solver, to differentiate this person from that ones writing
— Commutativity (Negative Rul&):;, ro S.t.r; «» ro, then match, merge and negative rules.
T & T1. — Early ApproachWith the help of a solver, we start iden-

Finally, the negative rules are black-box functions that lifying records that we want to be in the final answer

can be implemented in any way as long as they satisfy com- Even before the final answer is known, we start “fixing”
mutativity. problems between the selected records/iand other

records not yet selected.

In this paper, we follow an early approach because the
late approach involves backtracking (i.e., unmerging ey
which can be very expensive. There are several ways incon-
Sistencies can be “fixed” with the help of the solver:
Definition 2.3 Given an instance | and the merge closure,
I, an ER-N of | is a consistent set of records J that satisfies
the following conditions:

2.3 ER-N
We now formally define entity resolution with negative rule
Discard Data.When an inconsistency is detected, the

solver may decide to drop one of the records causing the
problem. The dropped record will not be in the final an-

1. JCl, swer.

2. ¥r € I —J, either — Forced MergeThe solver decides that two inconsistent
- I eJstr =1 or records should have been merged and manually forces
— J U {r} isinconsistent, a merge. That is, it is deemed that the match rule made

3. No strict subset of satisfies conditions 1 and 2. a mistake. For example, if two hotels Comfort Inn and

4. No other instances satisfying conditions 1,2, and 3 dom- Comfort Inn Milton are the same hotels but mistakenly
inate J. not matched by the match rule, the negative rule could
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flag aninconsistency (because the names are suspiciouslynput: a set! of records

similar), and the solver could merge them. 2: output: J=ER-NC) _ i
— Override Negative Rul&he solver decides that the flag g%d § - é [ Computed with Algorithm 1 */
record(s) are consistent after all, i.e., the negative rul§ while s # ¢ do
was incorrect in flagging an error. For example, Comforé:  ndS — the non-dominated records

Inn and Comfort Inn Milton, which were flagged by the7: 7 < arecord fronnd.S chosen by the solver

negative rule to be suspiciously similar, might be diffe r-gf ;?fwsqn\tég continue (next iteration of loop)
ent hotels after all. The records(s) are then allowed inthg. ;. ;) P
final answer. 11: forall 7' € Sdo

12: if ¥’ «» ror v’ < rthen
When we present our algorithms (Sections 3 and 5), W& S — N\{r'}

will use a Discard technique. However, after each algorjthf: end if
we summarize the changes that are necessary to handle}@n%ngr\}shfi?er
other two approaches. In our experimental sections (38¢- returnJ
tions 6 and 7) we will address the accuracy and performance

of the three approaches.

Note incidentally that with the Forced Merge and the
Override NR approaches, we should also modify Definitioreh@ discarding-s (sincerss is internally inconsistent) re-
slightly, so that overridden negative rules do not count aaslts in our final solutioqr;3, r» }. Notice that, if the solver
inconsistencies, and so that forced merges are consideiad chosem;, during the second iteration, the final solution
valid. would have beefri2}.

Proposition 3.1 The GNR algorithm returns a valid ER-N
solution.

Algorithm 2: The GNR Algorithm

3 The GNR Algorithm Proof The solution.J should satisfy the four conditions in
The GNR algorithm (General algorithm for Negative Rule§r igrt]ilgonaﬁ&nelz\llxr/srtg]ccl)? dassggi%tnzf g:gﬁurze we ja;ﬁargot
assumes the basic properties in Section 2 andittetfinite. . g any ; '

We also assume that a solver makes decisions when th'gr otinJ was discarded (step 9) due to an internal incon-

s s choce (o be made The solber ooksat h records, g1 CEIe0 o (6 1) becauseus sver
selects one that is “more desirable” to have in the final aﬁ- . . y e 9
to J. Third, no stricter subset of satisfies the second

swer. If no solver is available, the algorithm could make tHe

choice at random or based on heuristics (e.g., a record %ndltlon %epn?]use anyrﬁrr:joved fr?m{ 'SdHOt dommated_
more data fields is preferable to one with fewer). With h ya retcoJr ! \é.r} ﬁm oe?hno |n| rc; ucg an mrt:g;sm—
man intervention, the algorithm will be guided to one of th ency to.J\{r}. nafly, no o eru%og lon omlr/1a .
possible solutions that is acceptable to the solver; with uppose there EX',{S;S such 3 SOBU g("e'a{) = ‘{1)' I_t(het
such guidance, the algorithm will still find a valid ER-N sok’s1 "2 éé'ré"”] be Ale re.cr?r ;OL OL.ere y w el? ey
lution, but the solution may not be the “most desirable.” were added to by Algorithm 2. Looking atr, , we know

In our alaorithm. the solver starts by choosing the notr_latrSl must also exist iV’ because, is a non-dominated
. 9 P y >Ing th Pacord inT (ignoring internally inconsistent records), and
dominated records fromh. The management of inconsistens, - icts 3 record il that dominates,, (i.e., the record

, (e,

cies and domination are done by the algorithm. The al at dominates.,, can only ber,,). Next, defines; as the

rlhr;g]dli:izowxl II:)ﬁtlr?%mlthgfir;rer]?hr;teﬁeeccgﬁsiﬁ;g?éal records inl that are neither dominated by nor inconsistent
P 9Adg ) ith rs,. (Note thatS; is what remains of the originad,

choose recor_ds that are non-do_mlnated and consistent WH&r the first iteration of Algorithm 2.) According to the
every record inS because they will eventually be chosen bgecond condition of ER-N. no record outsile can be in

the solver. :
. .  IN{rs, } or J'\{rs, }. Now looking atr,,, we can see that
To illustrate how the GNR algorithm works, we again. " st also exist inJ’ because-,, is a non-dominated

e I : ,
refer to our motivating example in Figure 1. Again, fr’lssumrécord inSy (ignoring internally inconsistent records) and
that/ (and thusS)is {r1, 72, 3, 712, 113, 723, 7123} SINCe yoore ayicts a record i {r,, } that dominates.,. After
we assume that; < r; wheneverr; was used to gener- iterating through all the records dfin a similar fashion, we
ater;, there is onI_y one non—dom_mated record/imamely can see thafl is a subset of/’. Moreover..J' cannot have
r123. Thus, there is really no choice for the solver but to Sgy. o e cords thar according to the third ER-N condition.

lect r103 for the first iteration. Howeven; o3 is internally Thus. we conclude thaf = J’. which contradicts the as-

inconsistent and is disca_rded (step 9). For the second ite§3mption that the two instances are different. In conchusio
tion, the solver has a choice amofigz, i3, 23 }. SUPPOSE yho GNR algorithm returns a valid ER-N solution.

the solver choosess. At step 10413 is included inJ. Then
the records that are dominated by or inconsistent with While the GNR algorithm discards records to resolve in-
are removed front, leaving S = {rq, ro3}. Choosingr, consistencies (see Section 2.4), it can also use alteenativ
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strategies for resolving records. First, the algorithm ban all the ten records i$0 + 9 + ... + 2 = 54. Notice that we
extended to support forced merges. Once the solver choodesot count the effort for choosing the last record.

a record (step 7), that record is compared with every record We caution that the human effort values we present, by
in the setS for new inconsistencies. The solver can thethemselves, are not very useful. The actual human effort
view all the inconsistent pairs detected in step 12 and mamitl vary depending on the strategies we use for resolving
ally merge the records that should have been merged. Afileconsistencies. For example, the Discard Data and Forced
the merges, we can re-run the merge closure to identify aderged strategies can be run automatically and save most
ditional matches that occur. While this step guarantees-acof the human effort while using a combination of strategies
racy, it can be very expensive. An alternative approach isrtght require a significant amount of human effort (see Sec-
simply continue after the forced merge without re-runningon 6.3). However, we believe the human effort values can
the merge closure. be helpful in comparisons. For instance, if in Scenatithe

Second, the GNR algorithm can also support overridost is 10 times that in Scenar®, then we can infer that
ing of negative rules using a similar process as for forcelde solver will be significantly more loaded in Scena#io
merges. Looking at the new inconsistencies in steps 9 and
12, the solver can manually override the inconsistencigs th
are considered incorrect. The decisions of the solver can p
stored in a hash table along with the records involved. (Thus
two records are inconsistent only if the binary inconsisyen
rule says they are, and the pair of records is not in the ov
ride hash table.)

Finally, the solver can use a combination of all thre,
strategies to resolve inconsistencies. For unary inctarsis
ciesin step 9, the solver can either discard the record ar ov
ride the negative rule. For binary inconsistencies in s&p
the solver can use one of the three strategies. If the bin
rule is incorrect, the solver overrides the negative ruie.

%roperties for the rules

Entity resolution is an inherently expensive operatiopées
‘Erélly with negative rules) regardless of the solution used
eneral, practitioners use two types of techniques to educ
e cost: semantic partitioning and exploiting properties
With partitioning, the initial data set is divided into in-
ependent blocks using semantic knowledge. For example,
roduct records can be partitioned using a “category” field
ok, CD, camera, ...). The assumption is that records in
ifferent blocks do not match, so an expensive algorithe lik
ur GNR algorithm only needs to be run within each much
ever, if the merging does not introduce an inconsistencr}ythg}(na-”-er bIock. Of course, '-f some records do match across
the siolver uses the forced merge technique _Sartmons, thls app_roach. will miss thoge matches. Su‘ml.ar
| inter-block inconsistencies will be missed. This partitio
ing technique is commonly known as “blocking” [20, 21]. If
Human Effort An important metric for the GNR algorithm the resulting blocks are relatively small, the GNR algarith
is the “human effort” made by the solver. Of course, hwill be feasible. Also, note that the GNR algorithm becomes
man effort is very hard to model and is seldom quantifiedore attractive in scenarios where there are relatively few
in our database community. Nevertheless, because the matches. (The more matches, the larheecomes.)
man solver plays a key role in entity resolution with negativ. A second general approach to reducing cost is to exploit
rules, we feel it is important to analyze human effort, efenproperties of the match and merge rules to make it possible
our metric is far from perfect. to find the correct solution with less effort. In this sectioa
There are three ways the solver can be involved in tipeesent such desirable properties: two for match and merge
algorithm. First, the solver must choose records from theles, and one for negative rules. In Section 5 we then use
setndS (step 7). Second, the solver must check whetheitleese properties to make the ER process significantly more
record is internally inconsistent during step 9 (but only #fficient.
the unary negative rule returifconsistent). Third, the Of course, note that the properties we propose will not
solver must check a pair of records for inconsistencies diweld in all applications. If the properties do hold, then one
ing step 12 (only if the binary negative rule returns the iteswvill be able to achieve the improved performance. If the
inconsistent). The effort made for each type of effort will properties do not naturally hold, the solver may want to mod-
vary depending on the strategy used by the solver. ify the rule so that the properties hold (e.g., by keepingemor
Since it is difficult to predict the behavior of the solverinformation in a merged record, one may be able to achieve
we use the following simple model as a surrogate of the hilne representativity property defined below). Finally,hét
man effort. For checking unary rules, we simply count thgroperties below definitely do not hold in a given applica-
number of checked records. For binary rules, we count ttien, the solver may nevertheless still want to use the effi-
number of pairs checked. For choosing records, the costoi#nt algorithm of Section 5, in order to get an answer in a
selecting one record from a set of recordsS (step 7 in reasonable time. The answer wilbt be correct because of
Algorithm 2) is |ndS|. The total human cost for choosingthe “wrong” algorithm we used for this case, but the answer
records is then the sum of costs for all such selections. Foay be “relatively close” to the correct answer.
example, given a set of ten records with no inconsistencies o The bound of incorrectness depends on the portion of
domination relationships, the total human effort for chings “problematic” records that do not make the rules satisfy the
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properties. For example, the initial set of recoidsould Beyond the Union Class, there are other rules that while
conceptually be divided into two sef§ = {x;,x2,...,2,} notstrictly in this class, also record in some way all the val
andY = {y1,v2, ..., ym} Where the properties are satisues they have encountered. For example, a record may rep-
fied when resolving the records i while not necessarily resent the range of prices that have been seen. If the record
so when resolving the records ¥n. That is,Y includes all is merged with another record with a price outside the range,
the records that could possibly generate inconsistendies. the range is expanded to cover the new value. Thus, the
suspect that the “incorrectness” of the ER solution wouldnge covers all previously encountered values. Instead of
then be bounded by the fractigpi—y of the total records in checking if the prices in the records match exactly, the matc
the ER solution. In practice, the problematic record¥sés function checks if price ranges overlap. It can be shown that
only a small fraction of the entire set of records (see Seamatch and merge functions that keep all values explicitly or
tion 7.3). Further research is required to refine this iitait in ranges also satisfy the ICAR properties.
“incorrectness” bound.

Merge Dominationlf the ICAR properties are satisfied, we

can use a natural domination order called merge domination.
4.1 Match and Merge Rules

Definition 4.1 r, is merge dominated by, (denotedr; <
Two desirable properties fav/ and i are associativity and r2), if 1 &~ ro and (r1, r2) = ro.
representativity. Associativity says that the merge oider

: o Reference [2] shows that merge domination is a partial
irrelevant. Representativity says that a merged reconere . . .
P y say 9 F?jp[gier on records given the ICAR properties. Merge domi-

nation is a natural way of ordering records and will be our

with the base records. default domination order when the ICAR properties hold.

— Associativity¥ry, 19, r3 such thatry, (rq, r3)) and({ry,
T‘2>, ’r‘3> exist, <T‘1, <T‘2, T3>> = <<T1, T‘2>, T3>.

— Representativitylf r3 = (ry,r2) then for anyr, such 4.2 Negative Rules
thatr; ~ r4, we also haves ~ r,.

gpe desirable property for negative rules is called persis-

Associativity and representativity together are somewrt | licati . i<tencies tend to feld
strict, but powerful properties. Combined with the two leas ence. In many applications, inconsistencies tend to r
gardless of future merges. Persistence is defined for both

properties, idempotence and commutativity, they are dall dbi i |
the ICAR properties. It is shown in [2] that, given the |IcARNary and binary negative ruies. .
Unary persistence is defined on unary negative rules. The

properties, the merge closure is always finite. property states that an internally inconsistent regosthys

d inconsistent regardless of its merging with other records.
Binary persistence is defined on binary negative rules.
is time, two inconsistent recorads andr, stay inconsis-
dent regardless of their merging with other records. Thg onl
aﬁﬁgeption iswhemn; andr, merge together, either directly or
indirectly. In that case, the binary inconsistency is resdl

Union Class of Match and Merge Rul@here is a broa

class of match and merge rules that satisfy the ICAR prop-

erties because they are based on union of values. We

this class théJnion Class The key idea is that each recor

maintains all the values seen in its base records. For ex
le, if a record with namgJohn Doé is merged with a

rpecord with namgJ. Doé, Et{he result \?Qould ha?/e the nameP€Cause the two records no longer coexist,(2) could be

{John Doe, J. Dok Unioning values is convenient in prac-nternally inconsistent).

tice since we record all the variants seen for a person’s name ynary Persistencelf r1 < r; andrs = (r1, r2), then

a hotel's name, a company’s phone number, and so on. Keep-., ., ...

ing the “lineage” of our records is important in many appli-_ Binary Persistencelf r; « ry and(ry,rs) # rs, then

cations, and furthermore ensures we do not miss future po- (., ..} s r,.

tential matches. Notice that the actual presentation &f thi

merged record to theserdoes not have to be a set, but can We believe persistence holds in many applications. Unary

be any string operation result on the possible values (elggrsistence mostly holds if the merge rule is in the Union

{John Doe)_ Such a strategy is perfectly fine as long as tHelass. For example, a hotel having two addresses will still

records only use the “underlying” set values for matchirigave at least two addresses after merging with other records

and merging. Two records match if there exists a pair of vadinary persistence is also reasonable — two hotels having th

ues from the records that match. In our example, say th@me address will still have the same address regardless of

match function compares a third record with nafdehnny their merging with other hotels.

Doe} to the merged record obtained earlier. If the function

compares hames, then it would declare a match if Johnny

Doe matches either one of the two names. The match @dhe ENR Algorithm

merge functions in this Union Class satisfy the ICAR prop-

erties as long as the match function is reflexive and comnithe ENR algorithm (Enhanced algorithm for Negative Rules;

tative (two properties that most functions have) shown in Algorithm 3) exploits the properties in Section 4
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1. input: a setl of records We next connect inconsistent packages together, form-
%f chDutputE: F{(;) If*R(;N(I )usin R-Swoosh */ ing connected components of inconsistent packages. We say
4: C « the set of cgr;nectgd components of inconsistent packageé%o packageg andp’ are |r_lconS|s_tent if their representln_g
P records,r(p) andr(p’), are inconsistent. In our example in
5: forall ¢; € C' do Figure 2, packages. andps are inconsistent because;
6:  Ji < GNRU,¢., b(p)) andrg are inconsistent (dotted line). As a result, package
r end for forms one component by itself while packaggsandps to-
g; Lr]et:utr]r:(]u U Jic| gether form another component. To give an illustration why
i i p2 andpsz should be connected althougly andrg do not
Algorithm 3: The ENR Algorithm match, it could be the case that the name of the same hotel
was written in different languages fex; andrg. While the
() match rule might have considered the two records different
because of the different names, the negative rule could help
() i ; Y
ix that error by connecting, andps. Proposition 5.1 shows
OO OO © that no two records generated from two consistent packages
Y 7T are inconsistent. Thus, there are no inconsistencies batwe
Fig. 2 Package formation records generated from different components.

Proposition 5.1 Consider two consistent packagey’, i.e.,
(i.e., the ICAR and Persistence properties) to make the GMR) « »(p’). Thenvr; € c(p), 72 € c(®'), r1 < 7.
algorithm efficient. Rather than looking at the entire merge
closure of/, we would like to partition/ and look at the proof Suppose that; «» 7. By the definition of pack-
merge closure of each partition. Note that the partitions h%ﬁes,rl andr, can each merge with other records intp)

are different from the components produced by blockingtegRd;(,'), respectively. Then according to binary persistence,
niques (see Section 4). Specifically, we do not assume aqy) ., »(,'), which is a contradiction.

semantic knowledge, as exploited by blocking techniques.
The partitioning can be done in two steps. First, we partitio Finally, we run the GNR algorithm on the records of each
I into “packages” (introduced in [22] in another contex}onnected component of packages. Returning to our exam-
where two records generated from different packages do p@t i Figure 2, the first component contains the package
match. _Next, we deal vv_ith inconsistencies by connecti . Thus, we run the GNR algorithm dip;) = {r1,72,3 }.
‘inconsistent packages” into connected components [26] R@ice that the solver only has to look at the merge closure
that two records generated from different components &finree records instead of the original six. Next, we run the
always consistent with each other. GNR algorithm on the records of the second component con-
Packages partitiof such that no two records generateehining package- andps. In this case, we start with the set
from different packages match. (The two generated recougs,) U b(ps) = {r4,r5,76 }. Combining the results of running
may be inconsistent.) The (base) records of packagee the GNR algorithm on the two components gives us the final
denoted a$(p), and the entire set of generated records (i.sR-N solution.
the merge closure) g is denoted asg(p). All the records
in p can merge into a single representing record, which Wwgoposition 5.2 The ENR algorithm returns a valid ER-N
denote as(p). solution.
Packages are generated by running Algorithm 1, except
that when we merge two recorasandr’ (step 9), we re- Proof It is sufficient to prove that running the ENR algo-
mover and+’ from further consideration. (Because of theithm on I is equivalent to running the GNR algorithm on
ICAR properties any future record that would have matchgd Adding all the merge closures of the partitionsIgpro-
r or " will now match the merged record.) Furthermore, wguced by the ENR algorithm results inbecause records
do not explicitly remove dominated records at the end; th@nerated from different components are independent, i.e.
above optimization takes care of that. These two optimizgwey are consistent with each other and never match. Thus,
tions (plus a few other improvements) yield what is calleghe solver is looking at the sanidor both algorithms. In the
the R-Swoosh Algorithm, which is studied in detail in [2JENR algorithm, however, the solver is handling one subset
From our point of view, the important point is that packagest I at a time.
can be computed efficiently, given the ICAR properties and
an algorithm like R-Swoosh. While the ENR algorithm assumes the Discard approach,
Figure 2 illustrates the package formation step (ignoiecan also support alternative strategies for resolviegres.
the dotted line for now). The bottom records are the inp&ince the ENR algorithm only plays arole in isolating incon-
records, and the arrows show the merges that occur. In thistencies, the actual algorithmic changes are all donbeon t
example, three packages result. For instance, the leftm@MNR algorithm. Hence, the ENR algorithm does not change
package has record.; as representative. regardless of the strategy used.
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6 Precision and Recall pairwise comparisons between all the possible attribute va
ues from each record and look for a match. The names and

To evaluate our GNR and ENR algorithms, there are two sétéeet addresses are first compared using the Jaro-Winkler
of issues to consider: accuracy and performance. In this sgignilarity measureé [20], to which a threshold, from 0 to

tion we consider accuracy, i.e., how and by how much caris applied to get a yes/no answer. We use the same thresh-
precision and recall of a solution be improved by using negld 7 for comparing names and addresses because they
ative rules and our algorithms. In the following section weave similar string lengths. If the names and street adelsess
address the performance, i_e_, the human effort and Sysﬂéﬁ}‘tCh,]\/f returnstrue if at least one of the fOIlOWIng holds:

runtime needed for resolving records with negative rules. the cities, states, and countries are exactly the same.

— the zip codes and countries are exactly the same.
) ) — the latitude and longitude values do not differ more than
6.1 Experimental Setting 0.1 degree (which corresponds to approximately 11.1km).

We ran our experiments on a hotel dataset provided by Ya- It is easy to show that the union operation for merging
hoo! Travel. In this application, hundreds of thousands ahd existential comparison for matching guarantee the ICAR
records arrive from different travel sources (e.g., Ortbim), properties.
and must be resolved before they are shown to the users. Be+or our experiments we used two types of negative rules.
cause of the volume of data, we used blocking technigudere we describe the first type, and the second type is dis-
(see Section 4) to partition the data into independent Isloatussed later on in this section. Our initial negative rules a
and then applied our algorithms on each block. In our expddased on the phone number attribute. This attribute is not as
iments, we used a partition containing hotels in the Unitedbust as say hotel name or city and zip code for determining
States; we will call these U.S. hotels from now on. matches, but is useful for detecting anomalies that shaaild b

To evaluate accuracy, we used a “Gold Standatdilso checked by the solver.
provided by Yahoo. Gold standa€dis a set of record pairs.  In particular, our initial unary negative rul&y; flags a
If a pair (A, B) is in G, then input recordsd and B are hotel with different phone numbers. In order to precisely
considered by a domain expert to be the same hotel. If a patmpare phone numbers, we first remove non-numeric char-
A, Bis notinG, thenA andB represent different hotels. Setacters (e.g., ‘(,")’, and ‘-’). We then compare each digit
G turns out to be transitive, i.e., {4, B) and(B, C) are in starting from the last position until we have compared all
G, then(4, C) is also inG. the digits of either one of the phone numbers. We compare

To evaluate an ER-N solution we proceed as followfiom the last digit because some phone numbers include
We consider all the input records that merged into an outpgwea codes while others do not. For example, we consider
record to be identical to each other. For instance, if hotels*(650)123-4567” and “1234567” to be equal by trimming
andB merged inta A, B) and then merged witt, all three the first phone number into “6501234567” and then com-
hotels are considered to be the same.$.&e the set of all paring the last seven digits. This strategy works very well i
pairs found to be equal. In our examplél, B), (B,C) and our dataset.
(4, C) are allinS. Then the precisio®r is IGQS\ while the Our initial binary negative ruléV, checks if two hotels

- ans] . 151 have the same phone number. ThatNs, does a pairwise

recall Re is Szr- . In addition, we also used thg -measure, phone number comparison between all the possible phones
which is defined a%%, as a single metric for precisionof the two records, looking for existing matchg, uses the
and recall. same phone number comparison functioriVas

The GNR and ENR algorithms were implemented in Java,
and our experiments were run on a 2.0GHz Intel Xeon pro-
cessor with 6GB of memory. Though our server had multipfe3 Strategies
processors, we did not exploit parallelism.

We first resolved the records without using the negativestule

using onlyM andy (i.e., just step 3 of the ENR Algorithm).
6.2 Rules We used as input 5,000 U.S. hotel records, and we used var-

ious thresholds fof's;. The solid line in Figure 3 shows the

Since we did not have access to the proprietary code in Y4€cIsion and recall curve for each threshold we used (gnor
hoo’s match and merge rules, we developed our own rulé3€ other data points for now). Among them, the threshold
based on our understanding of how hotel records are hi#at produces the highesi-measure is 0.74, and the point
dled. Our rules are union rules, as described in Section 4/$ing that threshold is marked as the “Best Point.” To give
That is, our merge rulg retains all the distinct values of the@" idéa on how many records actually merged together in
base records. the Best Point result, we show in Figure 4 the distribution of
The match ruleM compares two hotel records using 1 The Jaro-Winkler similarity measure returns a similaritpr® in

eight attributes: name, street address, city, state, @ipitty, the 0 to 1 range base on many factors, including the numbdrastc-
latitude, and longitude. When comparing two records, we @os in common and the longest common substring.
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base records per output record. While most input records didtomatic Forced Merge Strategin alternative to fixing

not merge with any other record, a significant portion of thaconsistencies by discarding records is to force the merge
output records were formed by a merge of two input records. records that violate the binary negative rule. When we
run ENR in this fashion (everything else unchanged) we get
the Forced Merge data point in Figure 3. We see that the

® * Forced Merge strategy decreases the precision while isicrea
ing the recall of the Best Point. Forcing inconsistent rdsor
08 Best Point ] to merge may create internally inconsistent records (@esere
- ing the precision) and also find correct matches (increasing
06 | i the recall).

The Forced Merge strategy is effective when there are
many record matches that were not identified by the match
and merge rules. Since we are merging inconsistent records
Match and Merge Rules —— automatically without solver intervention, the solver cost is

Phone (Discard) .
02| Phone (Forced Merge) T the same as for the Discard strategy.

Phone (Solver)
Match Rule using Phone

0 1 1 1 1

Precision

04 - -

ox > »

0 02 04 06 08 1 Solver StrategyFinally, we tested a strategy where all neg-
Recall ative rule violations are examined by the human solver, and
Fig. 3 Precision and recall for different strategies he decides in each case whether it is best to force a merge,

ignore the negative rule firing, or to discard a record. To em-
ulate what a solver would do, we rely on the Gold Standard
G. When a unary inconsistency is detected in regofstep
9 of GNR), we check if any pair of base records fds not

Record size] Number of records| . . . . .
T 3477 in G. If all pairs are inG, then we ignore the negative rule.
2 725 When a binary rule violation is detected (step 12), we check
3 21 if the records can be safely merged. If the merged record
4 0 would only contain base record pairs@h then we go ahead
5 2 and force a merge. Using to drive the algorithm is fair
Fig. 4 Distribution of base records per output record since we expect the human solver to make decisions that are

consistent with those made by the domain expert who cre-
ated the gold standard.
The accuracy of the solver strategy is shown in Figure 3.
Discard StrategyNext we ran the ENR Algorithm, using theWe can see that the Solver strategy significantly outpegorm
negative rules and the thresholf,{ = 0.74) for the match any strategy both in precision and recall. However, note tha
rule that yielded the Best Point. Recall that with the Didcathe solution is still not 100% correct. The reason is that the
strategy, the solver only has to select records for the firmdlver can only fix problems flagged by the negative rules.
result. Any negative rule violations are simply correctgd Hf an incorrect merge or a missing merge is not detected by
removing records. When choosing records during step 7the negative rules, then the problem is not brought to the
Algorithm 2, we emulated the solver’s decisions by alwaysolver’s attention. Of course, the Solver strategy is mare e
selecting the record containing the largest number of bgsensive for the solver, as he has to manually examine and
records from the setdsS. resolve all records flagged by the negative rules. Thus, it is
The resulting precision and recall of the Discard straitmportant to design negative rules that do not generate too
egy is shown in Figure 3. (Note that the dark triangle for theany unnecessary checks.
Discard strategy overlaps with the square for a scheme thatAt this point the reader may wonder, if checking phone
is described below. Both schemes have approximately tmembers is so effective in detecting problems, why were
same performance.) Compared to the Best Point, the pregitione numbers not checked by the match rule? As we ar-
sion has increased while the recall has decreased. Irtlyitivgued in the introduction, negative rules are integrity éisec
discarding records reduces incorrectly merged records (often developed after the match and merge rules are imple-
creasing the precision of merging), but may also mistakentyented. It is often safer not to embed integrity checks in the
remove correct merges (decreasing the recall). same code that is being checked. Furthermore, the match
The advantage of the Discard strategy is that the hand merge rules may be legacy code that is hard to modify,
man effort is relatively small compared to the Solver stypte developed by programmers that did not have perfect knowl-
(see below) because the human solver only needs to choedge.
records and does not need to do any manual unary or binarylt is also important to notice that adding phone number
checks. As a matter of fact, if records are selected basedabrecks to our original match functialoes nogive the same
size (as we did for our emulation), then the solver does nesults as the Solver Strategy. For example, we could modify
actual work. our match rule so that hotels with different phone numbers
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do not match (effectively incorporating our unary negative
rule into the match function). Figure 3 (point labeled “Matc
Rule using Phone”) shows the result of using the new match 08 |
rule with the Best Point threshold’(; = 0.74). Compared

to the Best Point, the precision increased to 0.944 while the
recall dropped to 0.646. (Incidentally, the result is varg-s

ilar to that of the Discard strategy.) Hence, accuracy ishmuc
better with the solver where hotels with questionable phone
numbers are being examined by an expert, so opposed to

Best Point

Precision

Match and Merge Rules —+—

simply not merged. 02 Phone (Solver) ~ x -
NameAddr (Solver) =
NameAddr+Phone (Solver) o
O 1 1 1 1
0 0.2 0.4 0.6 0.8 1

6.4 Other Negative Rules

Recall

. . Fig. 5 Precision and recall for various negative rules
To better understand how negative rules impact accuracy, W g

implemented a second type of rule. These rules, sometimes

used in practice, flag “borderline cases” as suspiciouseso th .

solver checks them out. For instance, say two hotelsds number of pairs of records manually checked by the solver

have very similar names and addresses, but not quite simffirPinary inconsistencies, and the bottom curve shows the

enough that the match function fires (or perhaps other Bdmber of records checked for unary inconsistencies. We

tributes indicate a mismatch). Then we may want the solve&n clearly see that achieving the higher recall comes at a

to look atr ands to decide what to do. price, as the solver needs to examine more records. Note that
In particular, our binary negative rule states two recordige record selection cost can be eliminated if we automate

are inconsistent if there exists a pair of names, one in edff record selection process, choosing the largest resord a
record, that have a string similarity ov@l, and a pair of We did for our experiments here. The analogous precision-

street addresses also have a similarity diigr Our unary COSt graph (not presented here) shows that, unlike recall,
negative rule checks if the possible names and street 4ghieving a higher precision does not significantly inceeas
dresses in a record are “too far apart” to be in the sarii Solver cost.
record. Specifically, given a unary threshdlg, a record
is internally inconsistent if two possible names differ mor 164007
thanTy and two possible street addresses differ more than ' ' ——
Ty . We used the Jaro-Winkler similarity measure for all string
comparisons. We call these rules the NameAddr negative
rules.

Figure 5 shows the result of testing the NameAddr nega-
tive rules on severdly andTs thresholds using the Solver
strategy. The nine points (black squares) are produced-by as

1e+006 | Unary checks ------

100000 ¢ E

10000 F 4

Human Effort

signingTy the values 0.8, 0.9, and 0.99 while assigring 1000 F ]
the values 0.75, 0.7, and 0.65. A% increases, precision

increases, and @8z decreases, recall increases. For exam- 100 F 4
ple, the leftmost 3 points correspondi® = 0.75, while Koo Koo *
the bottom 3 points correspondTe = 0.8. The top, right- 10 : : : : :

most point is forTy = 0.99 andl's = 0.65. These trends are
as one would expect: the unary rule detects more inconsis-
tencies ag}; increases while the binary negative rule doddd- 8 Human effort versus recall
so asTy decreases. And the more inconsistencies that are
flagged, the more opportunities the solver has to fix things
(and of course, the more work for the solver). We also combined the NameAddr negative rules with
Because our negative rules have parameters that letthus phone number negative rules presented earlier. The com-
vary how stringent they are, we can visualize the tradediffned unary (binary) negative rule returns inconsistergnvh
between accuracy and solver cost. For example, Figureither one of the two unary (binary) negative rules returns
shows how recall and cost relate. The horizontal axis is threonsistent. (In this case we dgt andT'z to 0.99 and 0.65,
recall achieved as we varyp (keepingTy at its lowest respectively.) Figure 5 shows that the combined methodsgive
value), and the vertical axis shows the solver cost. For exathe highest precision and recall. Intuitively, the comkine
ple, the rightmost points are obtained witlk = 0.65 and rules identify the largest number of inconsistencies far th
we get a recall of about 0.806. The top most curve shows @alver to check. However, as a result, the solver does the
estimate for the selection cost; the middle curve shows timost work.
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In summary, the precision and recall of an ER-N solutiamatch and merge rules. Carefully thought-out negativesrule
depends on the strategy used for resolving records as wel(lde the Phone negative rules) will be able to find most of
the negative rules. However, in general: the real inconsistencies of the match and merge rules with

— The Discard strategy increases precision, but decrealigl¢ human effort. Other negative rules may either fail to
recall. find many inconsistencies or end up increasing the human
— The Forced Merge strategy increases recall, but decrefit too much.

precision.

— The Solver strategy lets a human decide how to fix in-
consistencies on a case by case basis. The accuracyin®erformance

provement depends on how effectively the negative rules

find actual inconsistencies. In this section, we address the performances of the GNR

and ENR algorithms. First, we compare the human efforts

) . of the two algorithms and show that the ENR algorithm per-

6.5 Choosing Negative Rules forms significantly better than the GNR algorithm except for
) ) ) cases where binary inconsistencies occur frequently. ,Next

In general, choosing the right number of negative rules thgt compare the system runtimes of the algorithms by ana-

maximize the precision and recall with a rsasonable SO'W?ﬂEing the major runtime factors and conducting scalapilit

cost requires application knowledge about COMmMON errorssts” We also ran our experiments on a comparison shop-
of the match and merge rules. If the negative rules do rlﬂhg dataset provided by Yahoo! Shopping, and the results

properly point out the errors, then the solver might end Ue analogous to those of the hotel dataset (see [30] for de-
checking unnecessary records without improving the Pregiils).

sion or recall much.

Figure 7 shows several negative rules including the Phone
and NameAddr negative rules defined in the previous S€L1 Human Effort
tions. Figure 8 shows the precision, recall, and human ef-

fort results for various combinations of the negative ruleg .o q selection Cost and Rule Cheaks measured the
(We experimented on the 5,000 U.S. hotel records using an efforts for the two algorithms on 1,000 to 5,000 U.S.
Solver strategy.) Adding the City negative rule to the Namedyio| records using the phone number negative rules and the

dress negative rules slightly increases the recall Withals”}hresholdrﬂf — (.74. We used the Solver strategy from Sec-
additional human effort. The Latitude negative rule, on thg) e . ré’solviﬁg r.ecords

other hand, significantly increases the precision, but@@so Figure 9 shows that the ENR algorithm requires much

quires a much larger human effort because many differ . P
Rollscanb wihin 1 1km (Rt of cach ther T @i <01 o han he GNR sgori, The sgrifcardy
negative rule alone already gives a better precision araive¢, o £NR algorithm is due to the highly redundant records
(Wh'l.e requiring a fT‘“Ch smaller h_uman e_ffort) c_omp_ared Rﬂews, which can be illustrated by the following example.
previous combinations because it effectively pinpoines tréuppose that a set of initial records has a merge closure size
errors of the match and merge rules. of 100. Moreover, suppose that the initial records form ten
connected components where each component has a merge

Negative Rule(s)]| Description closure size of 10. For simplicity, we ignore the inconsis-
C No hotel can have two different cities tency and domination relationships among records. For the
L No two hotels can have latitudes that differ . 100
less than 0.01 degree (i.e., 1.1km) GNR algorithm, the solver must vieW" i= 5499 records;
NA The NameAddr negative rules defined in Sec- i=2 10
tion 6.4 wherel,=0.8 andl’5=0.75 for the ENR algorithm, the solver only needs to viehw S i=
P The Phone negative rules defined in Sec- =
tion 6.2 540 records, which is about one-tenth the effort of the GNR

algorithm effort. Although the merge closure is the same for

Fig. 7 List of ti | ; .
9 ISt otnegative ries both algorithms, the ENR algorithm saves a lot of redun-

Combination | Precision/Recall [ Human Effort dant views because it partitions the merge closure into many
NA 0.7/0.89 5968 smaller independent components.
NA+C 0.7/0.91 6017
NA+L 0.87/0.91 4692245 _ _ _
NA+C+L 0.87/0.93 4722335 Binary Density ImpactHowever, the ENR algorithm does
P 0.94/0.95 934 not always perform better than the GNR algorithm. In the

case where many binary inconsistencies occur, the ENR al-
gorithm loses the advantage of dividing the merge closure
into many smaller components and handling one component

The experiments show that finding the best negative rulgsa time. To capture the degree of binary inconsistencies,
requires a good understanding of the application and twe define the binary density measure as the ratio between

Fig. 8 Results for various combinations of negative rules
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Human Effort

Fig. 9 Human effort

the number of inconsistent record pairsfirand the num-
ber of all the possible record pairs inFor example, if five
records are inconsistent with each other among ten records
of I, the binary density i$3) /(',) = 10/45~ 0.202. For our

experiments, we used the NameAddr negative rules on 5,00
U.S. hotel records and varied the binary density by chang-
ing the binary threshol@’z. A lower Tg results in a higher

binary density because a pair of records is more likely to be ’ P

inconsistent. L ' :;;;g;ﬁ - |
Figure 10 shows how human effort and binary density ///:;;@::::;/’/@/f;i I

relate. For small binary densities, the ENR algorithm has oM oty ! .

a much lower record selection cost than GNR because the
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7.2 System Runtime

Runtime decompositiofigure 11 shows the runtime de-
composition of the GNR and ENR algorithms using the phone
number negative rules on 5,000 U.S. hotel records. We show
the total runtimes and major runtime factors for each algo-
rithm. The majority of the GNR runtime is used for man-
aging the domination relationships between records in the
merge closure in order to find the non-dominated records in
S (step 6 of GNR). The next longest task for GNR is in-
voking the binary negative rule. The major runtime factors
for the ENR algorithm are running the R-Swoosh algorithm
and connecting the inconsistent components. Comparing the
total runtimes, the ENR algorithm is 2.2 to 2.5 times faster
than GNR.

1.2 T T T T

T T
GNR total —=—,
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GNR binary ------
ENR total &
ENR connect components/~-&-
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component sizes are small, minimizing the time for run-

ning the GNR algorithm on each component. As the binaﬁip'

11 Runtime decomposition

density increases, however, the components get larger, and
running the GNR algorithm on them takes longer. For high

binary densities, the benefits of the ENR algorithm disagcalapility We conducted scalability tests for the GNR and
pear because the merge closure is no longer partitioned iB{QR algorithms using the phone number negative rules on

smaller components, and the selection cost of ENR becomegoo to 27,000 records randomly selected (regardless of
close to that of the GNR algorithm.

Human Effort
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Fig. 10 Binary density impact on human effort

the country) from the entire hotel dataset provided by Ya-
hoo!. (The entire dataset size was 27,049 records.) We used
a slightly higher match threshold than usual{ = 0.8) in
order to properly match non-U.S. hotels. For example, us-
ing the threshold,; = 0.74 on the French hotels resulted

in many different hotels incorrectly merging with each athe
Figure 12 shows that the GNR algorithm cannot handle more
than 17,000 records in a reasonable time while the ENR al-
gorithm shows a quadratic growth in runtime. As the dataset
gets larger, ENR outperforms GNR by up to 3.89 times.

In summary, although the ENR algorithm outperforms
the GNR algorithm both in human effort and scalability, ER-
N is an inherently expensive process and thus only relgtivel
small sets of records can be handled. Thus, large data sets
need to be partitioned into smaller sets (e.g., using biagki
techniques) that can be resolved in detail. How large a data
set can be exhaustively resolved depends on the application
For example, in our recent work on scaling ER on 2 mil-
lion Yahoo! Shopping records [31], the average block size
was 124 records while the maximum block size was 6082
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12 ' ' ' " GNR —— possible threshold pair, we show the total number of records
ENR -5 for each result (columns 2 and 3) and the Jaccard similarity
or i between the two results (column 4). Given a GNR solution
ol 1 G and ENR solution®, the Jaccard similarity between the
A e two results is defined Dg{ . The average Jaccard similar-
é 6| /er’ 4 ity is 99.41%, making the ENR result almost identical to the
E e GNR result.
24 2
4+ X 4
,X)(
TelTy GNR | ENR [ Jaccard Similarity
2r o T 0.65/0.8 | 4445 | 4445 100.0
e 0.65/0.9 | 4445 | 4445 100.0
0 =5 S : : : 0.65/0.99| 4445 | 4445 100.0
0 5000 10000 15000 20000 25000 30000 0.70/0.8 | 4478 | 4454 99.38
Number of records 0.70/0.9 | 4478 | 4454 99.38
Fig. 12 Scalability 0.70/0.99| 4478 | 4454 99.38
0.75/0.8 | 4525 | 4475 98.85
0.75/0.9 | 4525 | 4475 98.85
records. It is also possible to distribute the ER-N computa- 0.75/0.99] 4525 | 4475 98.85

tions across multiple processors, in order to handle largeg. 13 Result sizes and similarities

data sets. We can use techniques similar to the ones in [1]

to distribute the data and computation among processors.

There are also applications that do not require an exhaustiv In summary, the ENR algorithm is a reasonable way to
comparison on the entire data set. For example, a technigaépute an ER-N result even when the properties for the
called Data Dipping compares a given record only with regative rules do not hold. The experimental results show
small subset of candidate records that are likely to mateh tfat the incorrectness of the ENR result is very small inprac

record. tice.

7.3 Without the Properties 8 Related Work

So far, we have only studied scenarios where the prop&mtity Resolution has been studied under various hames in-
ties for the negative rules (Section 4.2) hold. We now cooluding record linkage [24], merge/purge [19], deduplica-
sider a scenario where the properties do not hold. (We stitin [27], reference reconciliation [10], object identét®on
assume the ICAR properties hold for the match and merf#9], and others (see [11,33,17] for recent surveys). Mbst o
rules. See reference [2] for an extensive study on using these works focus on exploiting positive rules to improwe th
R-Swoosh algorithm without the ICAR properties.) In thisaccuracy of record matching. In contrast, our ER-N model
case, we need to run the GNR algorithm for a correct ERrovides a general framework for both positive and negative
N answer. From our previous results, however, GNR caunles where the match, merge, and negative rules are black-
be very expensive in runtime. The alternatives are to eithawx functions.
modify the negative rules to satisfy the properties or run Several works [8,9,28,3,10] have addressed the use of
ENR even though we might not get the correct ER-N amegative rules. Doan et al. [8,9] introduced constraints to
swer. In this section, we consider the second alternatitle grerform sanity checks for object matching. Dong et al. [10]
investigate how similar the ENR result is to the GNR resulised dependency graphs while Bhattacharya and Getoor [3]
We use a modified version of the NameAddress negased negative relational evidence to improve the accuracy o
tive rules (defined in Section 6.4) where we only compatke constraints. Shen et al. [28] provided a probabilistic i
the longest strings. Specifically, the binary negative nal& terpretation of constraints and categorized them accgtadin
compares the longest names and addresses of the two recibreis semantics. However, the constraints used in the works
while the unary negative rule compares the two longest namigsve are local in a sense that they only prevent two records
and two longest addresses of a single record. Although tinem incorrectly matching. To the best of our knowledge, our
Commutativity property is satisfied, the Unary and Binanyork is the first to introduce binary negative rules, which re
Persistence properties are not guaranteed because tlestiorgiire a global view of records for detecting inconsistescie
name and address of a record could change after a recordA recent work [6] uses aggregate constraints to improve
merge, possibly making a previously inconsistent record cthe accuracy of record clustering. Their goal is to pamitio
sistent. the initial set of records such that the number of constraint
Figure 13 shows a comparison of the GNR and ENR reiolations is minimized. The textual similarity between tu
sults when we use the modified NameAddress negative rupdss is used to restrict the search space of partitions. Our
and vary thel'; andT's thresholds. We experimented on thevork complements the above work in several ways. First,
5,000 U.S. hotel records using the Solver strategy. For eagh guarantee a correct and maximal solution as opposed to



Generic Entity Resolution with Negative Rules 15

using the constraints as a search heuristic. Second, watakeal-world data. Our algorithms demonstrate how a human
pair-wise approach, which is an alternative to their cliste “solver” can guide the resolution process. One of our algo-
approach. Finally, we consider record merges, which a clughms (GNR) represents a generic way to solve ER-N while
tering approach does not directly support, and do integritye the other (ENR) makes the GNR algorithm efficient by
checks on the merged records. Record merges are importexloiting additional properties for the match, merge, and
for our pair-wise approach because they naturally providegative rules.
the lineage for each record in the ER result, making it easy Neither of our solutions is perfect: the GNR algorithm
to view intermediate states of the ER process. Although negn be expensive unless used for small data sets or when
ative rules could also be used in clustering approaches, there are few matching records. The ENR algorithm is only
would need to define the notion of intermediate states fguaranteed to return a correct solution if certain properti
clusters. hold, and these properties may not hold in some applica-
A related topic to our work is maintaining integrity contions. However, the algorithms can be used if one is willing
straints in relational databases [18,12]. Active datalsgise to tolerate some loss in accuracy: As we discussed, one can
tems [32] use triggers and rules to provide mechanisms faartition the input data set and only run ER-N on a parti-
integrity constraints. More recently, a line of researcH]7 tion (bucket) at a time. Also, one can run the ENR algo-
shows how to “repair” an inconsistent database into a caithm when the properties do not hold, which introduces
sistent one while minimizing the difference. The possibledditional inaccuracies. Evaluating such inaccuraciégis
repair actions are deleting, inserting, and modifying éspl yond the scope of this paper.
While the motivations of providing integrity constraintea There may of course be applications where negative rules
similar to ours, the works above do not address the additiosémply introduce too much cost, even when shortcuts are
complexity of iteratively matching and merging records.ristdaken. Entity resolution with negative rules is inheremtky
over, their focus is on specific constraints such as funatiopensive, but we believe it is important to understand the op-
dependencies and inclusion dependencies. tions and their costs, so that application developers c&ema
Another related line of work is called statistical data ediinformed decisions.
ing [13,34, 14] where missing or contradictory data is atlite
and imputed for intended analytic purposes. While statisti
cal data editing is focused on fixing the data itself, our woReferences
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