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Abstract

Patient medical records are often fragmented across disparate
healthcare databases, potentially resulting in duplicate re-
cords that may be detrimental to health care services. These
duplicate records can be found through a process called re-
cord linkage. This paper describes a set of duplicate records
in a medical data warehouse found by linking to an external
resource containing family history and vital records. Our ob-
Jective was to investigate the impact database characteristics
and linkage methods have on identifying duplicate records
using an external resource. Frequency counts were made for
demographic field values and compared between the set of
duplicate records, the data warehouse, and the external re-
source. Considerations for understanding the relationship that
records labeled as duplicates have with dataset characteris-
tics and linkage methods were identified. Several noticeable
patterns were identified where frequency counts between sets
deviated from what was expected including how the growth of
a minority population affected which records were identified
as duplicates. Record linkage is a complex process where re-
sults can be affected by subtleties in data characteristics,
changes in data trends, and reliance on external data sources.
These changes should be taken into account to ensure any
anomalies in results describe real effects and are not artifacts
caused by datasets or linkage methods. This paper describes
how firequency count analysis can be an effective way to detect
and resolve anomalies in linkage results and how external
resources that provide additional contextual information can
prove useful in discovering duplicate records.
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Introduction

It is common in large healthcare databases for information to
be collected at different times in different places by different
people. The disparate and sometimes inconsistent manner in

which information is collected can lead to fragmented pieces
of a person’s medical information being persisted. Multiple
records belonging to the same person, but mistakenly thought
to belong to different people are called duplicate records. Hav-
ing a single person’s medical information spread across multi-
ple records increases the time it takes to retrieve information,
increases the risk of providing an incomplete patient history,
and ultimately can impact patient care [1]. It therefore is im-
portant to find and eliminate duplicate records. Duplicate re-
cords are found by comparing pairs of records in a process
called record linkage. The dominant method for linkage is the
probabilistic approach formalized by Fellegi and Sunter [2].
This method is used in the non-trivial case where record iden-
tifiers do not match perfectly, but are close enough that they
may be identified as duplicates.

Duplicate records are often found by comparing pairs of re-
cords within a single database. This paper describes an alterna-
tive situation where a second, external database exists which
can be used to help identify duplicates. The enterprise data
warehouse (EDW) of the University of Utah Health Sciences
Center is an aggregate of medical records generated from inpa-
tient and outpatient settings. It is routinely examined internally
for duplicate records and is also linked to the Utah Population
Database (UPDB), an external resource containing family his-
tory and vital records. In this second comparison, when two or
more records in the EDW link to the same UPDB record, they
are marked as potential duplicates. The EDW staff is notified
of potential duplicates, verifies and resolves them if needed.
All records, even known duplicates, are linked to the UPDB as
an additional check to EDW internal deduplication processes.

In this study, we compared the frequency of name values in
records in the duplicate subset with records in the full EDW
and UPDB and describe instances where records in the dupli-
cate subset are not typical of the database at large. We provide
considerations for others looking at duplicate records in
healthcare databases that help detect and resolve anomalies in



S.L. DuVall et al. / The Impact of a Growing Minority Population on Identification of Duplicate Records in an EDW 1123

linkage results with population characteristics and linkage me-
thods that are applied.

Materials and Methods

Data Sources

The University of Utah Health Sciences Center maintains an
EDW that contains records for more than 1.8 million people
resulting from all inpatient and outpatient visits to its hospitals
and clinics since 1993. The demographic data in the EDW
comes from both patient administration systems and physician
billing systems. The EDW maintains a demographic record for
each patient that contains fields describing a person’s names,
date of birth, sex, Social Security Number, addresses, phone
numbers, and information about spouse and next of kin.

The UPDB is a research resource administered by the Utah
Resource for Genetic and Epidemiologic Research. It was cre-
ated in the mid-1970’s using family histories from the Utah
Genealogical Society containing the genealogy of the descen-
dents of the Utah Pioneers [3]. The UPDB has since added
records of Utah births, marriages, divorces, and deaths along
with diagnosed cancers and driver license records. Each of
these data sources gives extra information that can aid in the
matching process. Records for each individual are grouped
together into a person record - the composite of the best in-
formation available about a single person from one or more
UPDB records. The more than 7 million person records in the
UPDB contain demographic and family history information
about individuals. Because of the scale and diversity of
sources used to create the UPDB, most families living in Utah
are represented in it. Birth and marriage certificates are used to
expand the genealogy records and some families span as many
as eleven generations. These data can only be used for bio-
medical and health-related research; the privacy of individuals
represented in these records and confidentiality of the data is
strictly protected [4]. The ability to correlate genealogy, medi-
cal, and demographic information makes the UPDB a valuable
resource that has been used in many research studies [5]. For
example, the UPDB was instrumental in discovering genes
related to breast cancer [6,7], melanoma [8], colon cancer [9],
and several other diseases.

Linkage Methods

In the interest of investigating the heritability of disease, the
medical records available in the EDW are regularly linked
with UPDB person records. The staff that manages the UPDB
complete this activity using software that implements probabil-
istic record linkage.

First, middle, and last names of a patient are compared directly
to the first, middle, and last name fields in a UPDB person
record. Names for spouse and next of kin are compared to
records linked through genealogy with the respective relation-
ship to a particular person record. Because the EDW contains
the patient’s mother’s maiden name, it is compared with the
record linked through genealogy that is the mother of a par-
ticular person record. Both addresses in the EDW are com-
pared with the address histories in the UPDB. Although the
UPDB does not contain a history of phone numbers, the home

does not contain a history of phone numbers, the home and
work phone numbers in the EDW are included since phone
numbers are common identifiers used in linking at other insti-
tutions. Both the EDW and the UPDB contain more than Male
and Female values for sex, including Unknown and a few oth-
er medical classifications.

Statistical Analysis

The top 2,500 most common last name values in the EDW
were empirically categorized as Founder for Northern and
Western European names; as Traditionally Hispanic for names
typical of Latin and South America; or as Other Ethnicities as
a collective group of Asian, Middle Eastern, and Native Amer-
ican names. Categorization of ethnicity based on last name was
determined based using lists of names common in countries
and by searching the origin of the name.

We compare frequency counts of demographic field values in
the set of records identified as duplicates with the EDW gen-
erally. If duplicates occur at random within the EDW we
would expect that values in these two sets would have the
same relative frequencies. Comparisons that reveal notable
deviations from this expectation may indicate possible areas
where the matching process can be improved. Regression lines
were calculated for each category comparing frequencies in
the duplicate set with the EDW and the EDW with the UPDB.

Results

Of the 1,850,683 demographic records in the EDW, 1,375,704
were linked to UPDB person records. Of those, 209,852 EDW
records linked to UPDB records that were simultaneously
linked to by other EDW records; these were marked as poten-
tial duplicates and were used in this analysis.

Figure 1 shows the frequency of the 2,500 most common last
name values in the EDW and duplicate set.
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Figure 1 - Comparative frequency of ethnicity
in the EDW and duplicate set
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The name values are separated by assigned ethnicity with lin-
ear regression trend lines for each showing that Traditionally
Hispanic names and names of Other Ethnicities are overrepre-
sented in the duplicate set.

Figure 2 shows the frequency of the same 2,500 most common
last name values in the EDW and UPDB.
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Figure 2 - Comparative frequency of ethnicity
in the EDW and UPDB

The separation between Traditionally Hispanic names and
those common among Founders in this comparison is even
greater.

Discussion

An interesting artifact revealed in the linkage process was a
division between names common among Utah founders and
those common in the state today. First identified with the value
Maria, a first name common in the overall population that is
even more common among Hispanics, it became apparent that
many of the names overrepresented in the duplicate set were
traditionally Hispanic. Although less pronounced because
much less frequent in the population, common Vietnamese,
Korean, Chinese, Navajo, and Arabic names exhibited the
same overrepresentation in the duplicate set. It was important
to understand whether the higher proportion of Hispanic
names existed in the duplicate record as an artifact of the link-
age process or a real effect of the changing population.

The UPDB historically contains information that reflects the
mostly North and West European background of the initial
settlers of Utah [10,11]. The cultural face of Utah is changing,
however, including a recent increase in the Hispanic popula-
tion of Utah. In 1970, 95% of the Utah population was white
and non-Hispanic compared to 85% in 2000 [10]. During the

decade between 1990 and 2000, the Hispanic Population in
Utah increased by 138% while the overall population in-
creased by only 30% [12,13] This trend has continued since
2000 as the Hispanic population in Utah has increased at least
three times faster annually than the overall population of Utah
[13]. In addition to the recent increase, more than half of the
Hispanic population lives in Salt Lake County, the area ser-
viced by the University of Utah and thus represented in the
EDW [14]. The recent demographic changes may not be ade-
quately reflected in the UPDB. Temporary migrants who re-
ceive care at a hospital or clinic, but do not remain in Utah
long enough to have a life event recorded in the UPDB will
not have a person record created.

It is possible that by performing a single linkage with records
of persons from all ethnicities, that a record linking process
may not appropriately weight name frequencies. For instance,
Martinez is the most common Hispanic last name in the dupli-
cates, but only the 5th most common last name overall in the
EDW and only the 19th most common name in the UPDB;
Torres is the 10th most common Hispanic name in the dupli-
cates, 59th in the EDW, and 203rd in the UPDB; and so on.
As many of the common names in the EDW are found much
less frequently in the UPDB, the likelihood of records being
classified as duplicates when values match may artificially be
inflated. Performing linkage on individual subpopulations may
produce a more accurate result set, though it may be difficult
to correctly decide how to classify records, particularly in
cosmopolitan populations with diverse and inter-marrying eth-
nic populations. Other work suggests that it is not the ethnicity
of an individual that causes linkage issues but the characteris-
tics of names of certain origins that follow different naming
conventions and phonetic rules than linkage tools are designed
to consider [15]. Our work suggests that the uneven distribu-
tion of names between the datasets also affects linkage. Link-
age artifacts caused by such a discrepancy may be less of an
issue when values in both datasets are more balanced.

On the other hand, it is possible that a group may be legiti-
mately overrepresented in the duplicate set. It is likely that
names unfamiliar to registration clerks and other hospital staff
would have an increased occurrence of misspellings. This
could happen either during transcription, when a clerk enters
information into a computer record from a paper sheet the pa-
tient filled out, or dictation, when a clerk writes or types in-
formation that a patient speaks. It may be the case for persons
who do not speak English as their first language that informa-
tion presented at different times and places may contain incon-
sistencies because of confusion, miscommunication, different
traditions and feelings about record keeping, or the possible
use of translation services.

Additionally, many database designs, including the EDW and
the UPDB, hold that a person’s name consists of a first name,
a middle name, and a last name. In many cultures, this is not
the case. Hispanic names often include more than one first or
middle name, and it may be appropriate to use different last
names in different situations. Asian names often have the last
or family name presented before the first or given name. While
these format variations may fool a hospital system in initially
creating duplicate records, many commercial linkage systems
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contain algorithms to recognize and correct these name differ-
ences. The ability of the EDW-UPDB linkage to classify these
types of records as duplicates may account for their overrepre-
sentation.

The overrepresented Hispanic names do not necessarily mean
that the entire Hispanic population is overrepresented, but
could be restricted to further subpopulations. The undocu-
mented Hispanic population of Utah was estimated at between
55,000 and 85,000 in 2005 [16]. It may be less common that
this group discloses complete and consistent demographic de-
tail during medical visits [17]. Undocumented workers are
more likely to be uninsured than either Hispanic or non-
Hispanic legal residents and may receive care at the University
of Utah which, as a state funded hospital, may have more flex-
ibility to fund care for individuals who do not qualify for ei-
ther federal or private reimbursement [18]. Care at the Univer-
sity of Utah indicates inclusion of records in the EDW and
inconsistent information increases the likelihood of creating
duplicate records. Recent immigrants are another subpopula-
tion that may be less settled or more mobile. This may result in
records being created at a number of different clinics that are
later resolved as duplicates.

We found that the use of an external resource for discovering
duplicate records in a healthcare database did affect which
records were identified. We present the strengths and limita-
tions of such a process along with considerations for those
attempting such a linkage.

Strengths

Duplicate records are usually found by comparing sets of re-
cords within a single database and both the EDW and the
UPDB undergo internal de-duplication as new records are
added. Additionally, a linkage is made where the EDW is used
as a database of interest and the UPDB as an external refer-
ence standard. Mistakes are made in de-duplication when dis-
similar records are not matched, but are actually duplicates
and when similar records are matched when they are not really
duplicates. Using an external resource representing the popula-
tion in the target dataset can provide the extra information and
context needed to distinguish pairs that are truly duplicates and
those that are not. The UPDB is such a resource that contains
the majority of the population that receives healthcare from the
University of Utah.

The additional information provided in links to family mem-
bers and demographic field histories found in the UPDB al-
lows duplicate records to be identified in the EDW that may
not be found by other methods. For example, twins often have
similar names, share a birth date, have the same parents, and
may have the same address. Despite how similar these records
are, the UPDB would show multiple births on each person’s
birth certificate and the two records could match properly to
siblings instead of each other. As a further example, a woman
who has recently married may have different last names and
addresses on two records. Despite the records being dissimilar,
UPDB person records would list her maiden name, her new
last name and her husband’s identity — obtained from a mar-
riage license — a history of her known addresses, and a history

of addresses for her husband. The two records could then be
matched to the same person.

Limitations

Using an external reference for de-duplication may not elimi-
nate the need for other methods of de-duplication. Duplicate
records in the EDW cannot be found for individuals who do
not have a record in the UPDB or where duplicates exist in the
UDPB itself. Although the UPDB represents the population
served by the University of Utah, it is not a true super-set. As a
large academic research hospital, individuals may be referred
from other states for specialized care. Others may receive care
while visiting, but not living in the state. In addition, even for
persons living in Utah to be included in the UPDB, they must
have a life event that triggers the creation of a record.

Conclusion

The EDW and UPDB have different record characteristics and
forces acting on them. Information is collected independently
and for different purposes. When two different datasets are
used for linkage, especially when they are collected at differ-
ent times and for different purposes, a portion of the results
may be explained by dataset differences. It is important to
know when anomalies occur and if they describe real effects or
artifacts caused by the datasets.

The changing face of the population represented in these data-
sets shows how subpopulations and changes in demographic
trends may affect linkage. It is possible that segmenting data
into homogenous demographic groups may lessen the impact
that minority populations have on linkage results.

Understanding the impact of dataset characteristics and record
linkage methods is a first step in improving duplicate record
detection. We suggest the use of frequency count analyses as
an effective way to detect anomalies in linkage results and as a
tool for validating records identified as duplicates.
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