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Abstract—Improving and maintaining data quality has become breeds organizational mistrust, and makes it more difficult to
a critical issue for many companies and organizations because align the enterprise” [15]. The reader is referred to [2], [3],

poor data degrades organizational performance whereas quality 1g] for further discussion of the impact of poor data and issues
data results in cost saving and customer satisfaction. Activities . .
concerning data quality management.

such as identifying and removing "duplicate” database records ) ) :
from a single database, and correlating records, which identify ~ Most companies have realized the importance of data qual-

the same real world "entity”, from different databases are used ity. According to a survey in 2000, by InformationWeek
routinely to improve data quality. Due to the large size of Research, of 300 IT executives, over 80% agreed improving
g?e. data sources having several hundred millions to several o \omer data quality was their top priority [9]. The market
illions records, and continuously growing, efficient techniques . . : o
and algorithms are needed. One approach to speed up the for database cleansing service has been growing, up to 20%
processing is to use a two-step process, where potential candidateannual growth rate through 2008 [1]. However, the cost of
records are grouped together in step one and each group is cleansing data is also very high, in addition to the complexity
further processed and analyzed in step two. The record grouping of implementing such task. The reported cost ranges from
problem is a formal formulation of what needs to be done in step "$100,000 and $500,000, depending on company size and the
one. This paper introduces a record grouping problem called ! ! ' \

transitive closure problem, and proposes algorithms to solve @mount of data you need to clean.” [1].

the problem. The proposed algorithms have been implemented Among the four categories of data quality, this paper
efficiently in several ways. The paper reports on the empirical address the second category, which measures data quality in
study of the implementations of the proposed algorithms. terms of dataccuracy, redundancy, consistency, curreaog

Key Words:_ Record grguping,_d_ata quglity, transiti_VG C|0'completenessTo illustrate some of the issues, let us consider
sure, record linkage, sorting, disjoint set find and union.  ha four records shown in Table .

I. INTRODUCTION

] ) ] ] ] ] Record | Name Address Phone SSN
Data quality directly influences information quality. The 1 PegMSmitrf: 123 Main St. Apt. 3| 870-123-4567] 220-43-1234
: . : : . : 2 Peggy Smitl 123 Main St. 870-123-4567 | 220-34-1234
impact of information quality upon organizations has beerg Peg R Smith | 213 Main St Apt. 3| 870-321-4567| 220-43-1233
indicated via use and user satisfaction [7]. A categorization Robert P Smith| 213 Main Street 870-321-4566 | 220-43-1233
of data quality problems is provided in [16] and listed below: TABLE |
1) Data "views”: how is the real world captured in the data, A SAMPLE RECORD SET OF SIMILAR RECORDS

such as relevancy, granularity and level of detail.
2) Data values: data accuracy, redundancy, consistency,

currency and cgmpleteness_. The reader should have no difficulty in observing the
3) Data presentation: appropriateness of the data formgmilarities among the records in Table I. Further analysis of
ease of interpretation. this record set might reveal that all four records belong to

4) Other data issues: data privacy, security and ownershife same household. This realization might lead to another
Poor information quality directly impacts on organizationgbrocess in which the discrepancy in the address field can be
performance. According to the study by Data Warehousimgsolved. Hence, datccuracyandconsistencyare improved.
Institute, an estimated annual loss of $600 billion is due fthe same idea might be used to correct the typos or errors in
poor data [1]. Another study estimates that the cost assbhe telephone field in the example. Now, let us imagine that
ciated with poor data quality is 8-12% of the revenue of the addresses are all quite different in this example, reflecting
typical organization, and informally speculated, 40-60% of the old and new addresses resulted from moves or change of
service organization’s expense [16]. The effect of poor dasadresses. By realizing that all four records belong to the same
quality is summarized as: "customer dissatisfaction, increasedusehold, we might initiate another process that identifies
operational cost, less effective decision-making, and a redudbd current address of the household. Hence, datgencyis
ability to make and execute strategy, hurts employee morateaintained.



Another analysis of the same record set might also revealThe transitive closure problem is formally introduced in
that record 1 and record 2 refer to the same individual. Ake next section. Algorithms for solving the transitive closure
a result, we might have duplicate records if both records goeoblem are developed in section 3. Experimental results are
from the same database. Such information is useful to addrgagen in section 4. Future work and related work are discussed
the dataredundancyissue. Now, let us imagine that recordchext before the acknowledgement section.

1 and record 2 are from different databases. In addition to
the four fields shown, record 1 has an email address field
and record 2 has a cell phone field. Knowing record 1 andDefinition 1: A record is a n-tuple, (V1,Va,...,V,), Vi
record 2 refer to the same individual, we might fill in the cell < i < n, denotes the value of ith key and denotes the
phone information for record 1 if this field is blank or enhanceumber of keys.

the database of record 1 by adding a cell phone column.In the example of Table I, the first record may be viewed
Likewise, record 2 might be made more complete by havirag (V1, Vs, Vs, Va) whereVy, Vs, Vs, andV, are respectively
an email address. We might even build and develop a nédeg M Smith, 123 Main St. Apt. 3, 870-123-4567, and 222-
more completedatabase, which "combines” the two database&3-1234.

II. PROBLEM DESCRIPTION

with enhancement. Notice that the relational operator “joint” Definition 2: Two records(V4,...,V,) and (Us,...,U,)
may not be performed due to the lack of common key fromre relatedif there existsi, 1 < i < n, such thatV; = Us.
different data sources. In other words, two records anelated if for some key

The proceeding discussion demonstrates the importancef$t two records share the same value. Notice that from the
the analysis tools for achieving data quality in terms of da@Pove definition, all keys are treated the same. As long as one
accuracy, redundancy, consistency, currency and completenk8¥, value is identical, two records arelated This may be
Usually such analysis tools are nontrivial and demand a 1@€sirable in the preprocessing step that intends to capture all
of computing time. The run time of these tools is at leafossibly related information.
quadratically related to the number of records given and hagPefinition 3: Two recordsV = (V3,...,V,) and U =
large coefficients for the polynomial. Such tools might sperdd1; - - -, Un) aretransitively relatedif either the two records

days and weeks if not months or years when they are giver@§ related or there exists recorfts, Ra, ..., Ry, for k > 1
data source having billions of records [11]. such thatVand R, Ry andU, andR; and R, are related,

<i<k.
In the example of Table I, records 3 and 4 are related
cause the value of their 4th key, 220-43-1233, is the same.

Depending on which analysis tools are to be used, the prep Ippose we only use first name and last name to test the value
cessing step partitions the input records into many smalfr th?. name field. Th.erj.records 1 and 3 are related.. From
groups with similar records ending up in the same grouggnsnwely related definition, records 1 and 4 are transitively
Only those records within a group might lead to further®
improvement of the data quality when they are analyzed 69
additional processes. We can think of the records of Tabl
as one of the groups produced by a preprocessing step.
preprocessing step makes all "related” records into a singﬂ
group. Typically, the relation ofelatednesds an equivalent
relationt, and the relation partitions the input records into
equivalent classes. Another view of these groups is that all thednput: A set ,O,f record;. i
records in a group are "related” to one another. As a result QfOutput: Partitions of mput record _get such that all transi-
grouping more relations might be added. For example, suppd¥&'y related records are in one partition.

we are given two relations (R1, R2) and (R2, R3). Due to 1. ALGORITHMS

transitivity, we conclude that (R1, R3). Therefore the grouping ) .

process may be viewed as a process of computing the transitivé‘ny algorithm that solves the wansitive clogure problem
closuré. This paper uses the term "transitive closure” to ref ust address two fundamental problems. One is to determine

to the problem that is addressed in the preprocessing step. Thiyo records are re_Iatedhor not fc;r any tlwc_) recor_ds. ghf|s .te.‘Sk
grouping process is referred to as "blocking method” in [ mgr?ntst:]o cprr:putm%t.t N tc;}omp etedrestlondusmtgh € |In|:!on
where related approaches are discussed. - 'he other s 1o partition the records based on he reiation.
Consider the sample data file shown in Fig. 1 and the same
information and the corresponding solution depicted in Fig.
1A relation that is reflexive, symmetric, and transitive is said to be af- Fig- 2 shows 2 transitive closures for the 12 records shown
equivalent relation [12] Fig. 1. The first cluster includes R1, R2, R3, R5, R6, R9, R10,
2R is a relation. The transitive closure &, denoted byR*, is defined R11. and R12. The second one includes R4, R7 and RS. Fig.
by 1) if (a,b) is in R, then(a,b) is in R; 2) if (a,b) is in RT and (b, ¢) > |, hows which k rk mak ir ,fr rds related
is in RT, then(a, c) is in R*; and 3) Nothing is inR* unless it so follows < @ISO SNOWS Ch key or keys make a pair or records relate
from (1) and (2) [12]. to one and another. For example, R4 and R7 are related to one

To use these analysis tools more effectively and efficient
for dealing input records that are in the range of hundred
millions or even billions, a fast preprocessing step is need

lated because record 1 relates to record 3, and record 3
lates to record 4.

e IDefinition 4: Let S be a setPy, P, ..., P, are partitions
ﬁ,’gsters, transitive closure®)f S iff S = P, U PU, ..., UP

pd Pin Pj =0,i#51<i,j<k.

Transitive Closure Problem



another by Key 2, which means their second keys are identiddle first problem and at the same time performing disjoint

Similarly, R9 and R10 are related to one another by Key 1 asdt find and union to solve the second problem. The overall

Key 3, indicating not only their first keys are identical, but théme complexity of the algorithm i®)(nlogn). The reader is

third keys as well. In this example, computing all the edges oéferred to [18] for more details of both algorithms and their

the graph in Fig. 2 corresponds to the first problem. Circlinghplementations.

the nodes of the graph corresponds to the second problem. In the current paper, the second algorithm is investigated
further due to its superior performance over the other one.

RecordNo. | Key Kev2 Key3 Kevd Set Number Based on the idea of solving the problem in two steps, another
RI CIKIV4 CIK2V10 CIK3U30 CIK4U31 1 algorithm and approach is pl’OpOSGd.
R CIKIV4 CIK2U2 CIKGU CIKav2 2 For ease of reference and illustration, the pseudo code of

the second algorithm in [18] is given in Fig. 3.

R3 CIK1V4 CIK2V5s CIK3U8 CIK4V5s 3 ) i
The algorithm passes through the recordisétnes, where

R4 C2K1U18 C2K2V3 C2K3V3 C2K4V3 4 . . .

k is the number of keys. In each pass, it considers a new key
R5 CIK1IVS CIK2V7 C1K3U21 CIK4V7 5 .

and uses that key to further the transitive closure computed
Ré CIKIVS cliave CIRus ClRava 6 thus far using earlier keys. The refinement is carried out very
R7 C2K1V9 C2K2V3 C2K3US C2K4V4 7 efficiently using disjoint set find and union data structures. Due
R8 CKIVIE | C2K2V3 C2K3U6 C2K4Vs 8 to definition 2, sorting of a given key can be used to derive
R9 CIKIVT CIK2U13 CIK3U14 CIK4UIS 9 all record relations due to that key. If a perfect hashing is
R10 KV cxavar | cuauie | cikava 0 available, the same information may be derived using hashing,
]l CIKIves ClKave s CIkave I which is much more efﬂqent than sorting. I—_|ow¢ver, for

non-perfect hashing, collisions may happen, which introduces
R12 CIK1V23 CIK2V1 CIK3U14 CIK4V5 12

fictitious relatedness between records. These new relations
might lead to fewer transitive closures with bigger sizes.
Nonetheless, the idea of using hashing is very interesting
and will be investigated further. Sorting and disjoint set find
and union are the two key ideas used to solve the problem.

Fig. 1. An example of a transitive closure instance

Both topics are covered in details in [6]. Taking advantage
of definition 2, we use sorting to speed up the process of

identifying related information, and avoid conducting a pair-
wise comparison for all the records. Disjoint set find and union
is used to derive the transitive closures. The disjoint set data
structures maintain a group of sets that are pair wise disjoint.
Given an element find returns the set in which the element
belongs. Given two elements from two disjoint sets, union
combines the two sets into a single one.

Keyl, Key3

Keyl, Key3

Algorithm 1: computing the transitive closures or partitions

Assume n records from 1 to n and k keys from 1 to k. Each record also
has a record number field for identification purpose. djs is the data structures
for disjoint set find and union. It is assumed that djs is initialized with each
record forming a set of its own

Fig. 2. A graph representation of transitive closure Ofor(i=19<kitt)
1 sort all records based on key

, . 2 Key = r{1].key[];
The algorithms that solve the transitive closure problen, fgipoez ,[ﬁ[_r]gcﬁyj}'

therefore, may be classified into two groups. One group 4s for (j=2;j <njtt)

to solve both problems at the same time, and the other is%o  if (preKey == rfjl.key[i] and djs.find(recNoj* djs.find(r[j].recNo) )
solve the two problems one after another in two steps. The prevgj(gs)}ugl(r)u‘r}.(li?a;’[\il]?’ et

output of the first step will be used as the input for the secord recNo = r[jl.recNo;

step. In an earlier preliminary paper [18], we proposed afdor (i=1;i<nit*)

studied two algorithms that solve both problems at the sarhe i-partition = dis.find(rfil.recNo):
time. One algorithm uses pairwise comparison to solve the
first problem and at the same time performing breadth ﬁrﬁb. 3
search to solve the second problem by computing connectgsh.
components. The overall time complexity of the algorithm is
O(n?) due to pairwise comparison, wheneis the number of  Note from the pseudo code, that after the current keys are

records. The other algorithm uses sorting of each key to sobkmrted the first test of the if statement of line 5 tells us the

An algorithm finding transitive closures from a record file in one



current record and the previous record are related. The second IV. EXPERIMENTAL RESULTS
test of the if statement tells us that both records are currently . . . .
L . All algorithms are implemented in C++ and empirically
in different clusters and the corresponding clusters should be . ) . .
) . . tudied. The record files used in the experiment are generated

combined. As can be seen, the related information and the .
a synthetic data generator, called Ruby data generator [17].

transitive closure are derived almost simultaneously. Somg- . .
. . e example of Fig. 1 is also generated by the Ruby data
times the two may be computed independently. Conceptual Y\ erator

as shown above, the first test may be used to generate a pair
of records or a pair of keys if the two records are relate

X Cluster | Total Sorted Sorted Random Random

Therefore, a set of key pairs may be used to represent thgze | records | Algol Algo2 Algol Algo2

; : ; : Time in sec | Time in sec | Time in sec | Time in sec
related |nfprmat|0n a_nd get computed in the first _step of a two—, 100,000 568 3 £ 3
step algorithm . Again the 12-record example will be used tnedian [ 100,000 | 610 3 610 3
demonstrate how this may work. In the example, key 1 is usefirge | 100,000 | 612 3 612 3
to relate different records and the set of key pairs are key 1 TABLE I
pairs. EXPERIMENTAL RESULTS FORRUBY DATA FILES.

Observe key 2 of the example of Fig 1 and that R8, R7 and

R4 have identical key 2 value. For these records the following . )

related information or key 1 pairs: (C2K1V16, C2K1V9), The expenmentallresults for Rupy Data Flle_s are shpwn
(C2K1V9, C2K1U18) are derived. Applying the same Iogién Table .II.. Mgny files are useq in the experiment. Files
to key 3 and key 4, the following pairs: (C1K1V7, C1K1V7) are classified into three categories based on the number of
(CIK1V7 ClKlvéS) (C1K1V23, C1K1V23) for R9 R10 records in the final clusters or transitive closures. For small
R11 R12 (C1K1V4 ,ClKlVS) for R2 and R6. and (C,1K1V£,15ize distribution (second row of the table), cluster sizes are
C1K1Vv23) for R3 and R12 are derived respectively. The the range of _10 to 100. For median size d|str|but|on,
key 1 pairs: (C2K1V16, C2K1V9), (C2K1V9, C2K1U18) cluster sizes are in the range of 200 to 2000. For large size
(CIK1V7, C1K1V7) (élK1V7 é1K1V23) ’ (CIK1V23 "distribution, cluster sizes are in the range of 10,000 to 100,000.
ClKlVZé) (C1K1V4y C1K1V5) ’(C1K1V4 C’1K1V23) cap’- The run time is the average time of processing all the files
ture the exact related information. Now if we apply disjoint set' that_ category. _Column 2 lists the number of records in
find and union on these key pairs, we will obtain 2 partition&aCh file. In th? files generated by R_uby data generator, all
C2K1V16, C2K1V9, C2K1U18 and C1K1V7, C1K1\/Zs’records belonging to the same transitive closure (cluster) are

C1K1V4, C1K1V5. Based on key 1, the records are partitionéﬁcated together. In other words, records in a file are "sorted”
into R4. R7. R8 and R1. R2. R3. R5. R6. R9. R10. R11 Rlaccording to their transitive closures. The "sorted” property
which ié idéntical to the, res[JIt o,f Fig’. 2_’ ’ ' " “might affect the evaluation and produce bias results. A tool,

developed in house, is used to randomize the output files

The set of key pairs can be derived very efficiently througf,, the Ruby data generator. Both the "sorted” files and the
massive parallel computing in propriety grid computer archis, resnonding randomized files are used in the experiment.

tecture [17]. Therefore, in addition to files that conceptually o) ;mns 3 and 4 list the run times for sorted files, and columns
similar to that of Fig. 1, a set of key pairs such as those shO\gnand 6 for unsorted files.

earlier could be another form of input to the transitive closure Algol and Algo2 are two implementations of the same

problem, Algorithms that take a set of key pairs as input aﬁ?gorithm proposed earlier (see Fig. 3), which solves the

flekv elt?]pefd and $rtr;]p|r|cally devaludatedr.] The PI’OFPOSfd algorlthla‘) nsitive closure problem directly from the record data files.
axe the form of he pseudo code shown in g 4 . The only difference between the two is the implementation of
disjoint set find and union data structures. Algol uses C++
Algorithm 2: computing the transitive closures or partitions template class design 'E.O implement dl§]0|nt set to allow set
Assume first key is used for key pairs and each line of input has two keyglement to be of any object. Algo2 restricts set elements to be
djs is the data structures for disjoint set find and union. It is assumed that Fﬁﬁegers from 1 tor and takes advantage of such restrictions
is initialized with each key forming a set of its own. Two files are processefio optimize the design and implementation of disjoint set. The
experiment shows that the implementation with integer set
runs 200 times faster than that with an object set. Regardless

0 while more input to read in the pair file
1 read the two keys, keyl and key?2;

2 if (djs.find(keyl)# djs.find(key2) ) the input files are "sorted” or not, the performance of the
3 djs.union(keyl, key2); _ algorithms remains the same. The program ran on a single
4 while more input to read in the record file I ith 512 MB . .

5  read next record: 1.3 GHz Dell computer wit main memory running
10 ri].partition = djs.find(r[i].key[1]); Windows XP.

Based on the experimental results of Table Il, to better the
performance, integers should be used as keys.
Fig. 4. An algorithm finding transitive closures from a key pair file. The The proposed algorithm (see Fig 4) of taking in a file
second step of a two-step approach. .. . ) L .
containing key pairs to compute the transitive closure is
implemented. The implementation uses integer disjoint set as




Distinct Total Text Binar: Text Binar’ . . .
Keys pairs File F”Z File Fi,g because both solutions must have an internal processing com-
Time sec | Time sec | Size mb | Size mb ponent.

30,728,760 | 110,664,705 222 96 2019 844

61,457,520 | 221,329,410 502 138 4205 1688

92,186,280 | 331,004,115 755 153 6225 | 2532 V. CONCLUSION

122,915,040] 442,658820] 1257 184] 8490 ] S376 In the paper, the importance of data quality is considered.
TABLE 1l Why analysis tools could improve data quality in terms of data

EXPERIMENTAL RESULTS FOR INTEGER PAIRFILES. accuracy, redundancy, consistency, curreaogcompleteness

is articulated and illustrated through an example. To improve

the performance of the analysis tools, transitive closure prob-

lem is introduced and formulated. Transitive closure process-
Algo2 does. Hence, in the experiment the key pair files contajiyy reduces the number of records fed to the analysis tools by
a sequence of integer pairs. Assuming that 32-bit integers gf@uping related records into groups. The size of each group is
used, two ways of storing a pair of integers are possible. Oggnost always much smaller than the size of the original data
way is to store an integer as a string of digits in a text file angburce, where the groups are derived. The analysis tools gain
an integer key pair is stored as two character strings separgiggformance by being applied to the records within each group
by white space. The other way is to store an integer using jstead of the total records in the data source. Algorithms
machine image in a binary file and an integer key pair is storgge proposed to solve the transitive closure problem, based
as eight bytes data corresponding to its machine images. on the ideas of sorting and disjoint set find and union. The

The experimental results are shown in Table Ill. The keylgorithms are programmed and the implementations are stud-
pair files are derived from the first keys of the originaled empirically. The experimental results strongly favor using
ruby data files. All the ruby data files have the same clust@iegers for disjoint set, using integers as record identifiers, and
distribution: 52.5% of the clusters have 5 records, 42.5% hasing binary or machine representation for storing integer pairs
20 records, 4% has 5,000 records and 1% has 50,000 recoiitlsa file. Hence, whenever possible integers should be used
The following test statistics are shown in Table IIl: the numbexs record identifiers. Using integer pairs as record identifiers
of distinct first keys (column 1), the number of key pairs ipairs should improve the performance of transitive closure
the input file (column 2), the run time for the text file (columrcomputation.
3), the run time for the binary file (column 4), the text file size The related work is briefly discussed in the following.
in disk (column 5), and the binary file size in disk (column 6)For the analysis tools mentioned in the introduction, two
The results show substantial improve in run time when binafyndamental questions that need to be answered are: 1) Does
file is used. It is believed that the saving is due to more efficietite two records refer to the same real-world entity of interest?
I/O in binary file and elimination of date type conversions. Ag) Are two fields similar, same, or approximately same? To
we can see, it takes about 1.5 minutes to finish the transitigee how two records compare, we select the same set of fields
closure computation for an input file having about 100 millionom both records and base the results of the field comparison
key pairs (110,664,705 to be exact). The largest file sizetis determine the outcome of the record comparison [11], [14],
about 8GB with 442 million pairs in the experiment. For thi§4]. Approximate string match technique and its variations
size, the main memory used is no more than 500MB. Thge typically applied to address the field comparison question
memory usage depends on the number of distinct keys gnd], [10]. Several commercial products (for example, Acxiom,
does not depend on the number of pairs. The program rafillium, Vality) have proprietary algorithms, which might
on a single 2.8 GHz Dell computer with 1 GB main memorjeverage characteristics peculiar to a particular domain, such
running Windows XP. as address, for matching addresses and individual or business
In all implementations of the proposed algorithms, that thecords.

processing can be done internally is assumed, meaning alWWe are currently investigating how to further speed-up,
the needed information can be stored in main memory scale-up the proposed algorithm by parallel and distributed
virtual memory. However, the assumption is invalid for fileprocessing using grid computers, and developing a prototype
with billions of records and each record takes hundreds of a distributed algorithm [5] to evaluate the performance of
bytes. For example, for many 32-bit systems, the maximutine algorithm empirically. Another idea that requires further
virtual memory an application can have is either 2GB or 4GBtudy is to use hashing for obtaining relations and the impact
To overcome the problems caused by the huge data sia&fictitious relations on the final transitive closure result. Other
single machine solutions may have to use external processaognpeting definitions of relatedness and other parameters that
and external files and multi-machine solutions, combininmight affect the effectiveness of transitive closure computa-
memory of each machine into a large memory, may have tion need to be investigated, for example, applying different
use distributed processing. Due to space limitation, the readerights to different keys. Last, but not the least, we need
is referred to [5] for our preliminary results of distributedo improve the analysis tools, which process the records in a
algorithm for the transitive closure problem. In any event, thteansitive closure, so that ultimate data quality can be achieved.
proposed sequential algorithms may be applied to impro@ne technique could be to use clustering analysis techniques
the performance of both single and multi-machine solutioris subdivide the over-group records in a transitive closure.
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