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Abstract: Background: Claims-based studies have become common during the past 15 years. The electronic records of
millions of transactions include information entered on bills (claims) submitted by healthcare providers to third-party
payers. They are an attractive data source to researchers; however, they contain many weaknesses that threaten the
integrity of many studies that utilize them.

Purpose: We wanted to learn: (1) how widespread are studies that utilize claims data; (2) in what healthcare areas are
claims data being used; (3) is the use of claims data increasing; and (4) do researchers inform readers of the weaknesses of
the data?

Data Sources: 1,956 original research studies, published during 2000-2005 in five healthcare journals, were reviewed to:
(1) determine their data sources, (2) establish their healthcare areas, and (3) if claims-based, to ascertain any discussion of
the data’s weaknesses.

Conclusions: Use of claims databases in research may have leveled. They are often used to study healthcare areas for
which they may be appropriate, but they are also used in areas where they might not be suitable. Less than half the authors

of claims-based research mentioned any weaknesses of the data.

INTRODUCTION

Hundreds of medical research studies published during
the past 25 years have relied on claims data. Claims data,
also called billing or sometimes administrative data, have
been used to study such diverse issues as the use of
comorbidity indices to predict risk of death [1], antiretroviral
therapy [2], psychotropic drug usage [3], children’s mental
health services [4], substance use disorders [5], the cost
effectiveness of lung-volume-reduction surgery [6], diabetes
preventive services [7], and numerous other areas [8-11].
Most recently, they have been used as data by health and life
insurance companies to reach decisions about whether to
cover specific individuals [12].

Claims databases, simply put, are electronic records of
millions of transactions that are purported to have occurred
between patients and healthcare providers. They include
information entered on bills (claims) submitted by hospitals,
clinics, nursing homes, pharmacies, individual providers, and
other medical professionals to public (e.g. Medicare and
Medicaid) and private (e.g. Blue Cross/Blue Shield)
insurance entities. The frequency and growth of such studies
may impact healthcare policies that rely on them. Claims
data may provide useful information, but they are not perfect
and the extent of weaknesses inherent in them brings into
question the validity of some studies that utilize them. The
research reported here was designed to help us understand
whether concern about the use of claims data in healthcare
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studies is ill placed or whether such concern is justified, or,
as with many things, that the answer lies somewhere in-
between the two poles.

The Advantages of Claims Data

Claims data are appealing to researchers because they
offer numerous advantages. They are anonymous, plentiful,
inexpensive, and widely available in electronic format [13].
This has made their use common in research studies,
particularly as a replacement for medical records.

The anonymity of claims data is a major advantage in
some studies. There use, for example, may be beneficial in
research that is attempting to learn sensitive information
about groups. Such information could be obtained directly
from patients by surveying or interviewing them, but studies
suggest that individuals may not accurately self-report; for
example, only 2% of syphilis sufferers reported the condition
in an early study [14]. Claims data also do not require patient
authorization for use and are free from non-response and
dropout, which are problems for studies that rely on surveys
or interviews for their data [15].

Claims databases are also particularly useful for finding
sizable groups of patients with rare conditions, such as
quadriplegia or aplastic anemia, who might be difficult to
locate by other means [16]. Claims data may also be good
for establishing the cost for certain diagnoses. The purpose
of a claim is to collect payment, so it is convenient for
researchers to consult fee schedules and reimbursement data
and perform cost-effectiveness analyses [e.g., see 17].
Coding errors and questionable billing practices may
contaminate the costs of a specific diagnosis, but the
financial outlays are nevertheless real.
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A major use of claims data is as a substitute for the
information contained in patients’ medical records. Medical
records are often not available in electronic format, which
makes them harder to access. Researchers must hire
professionals and train them to obtain from the medical
records the bits of information (such as age or presence of a
disease) that are pertinent to the research [18]. This process,
called abstracting, requires skilled individuals to pay close
attention to details and expertly interpret information in
medical records. Such individuals, often doctors or advanced
medical students, are expensive, especially in studies that
have multiple individuals abstract each file to ensure
accuracy. The result is that research that utilizes medical
records must minimize the number of sites that are studied,
which may weaken the validity and reliability of the
findings. Claims-based studies can be much more inclusive
at a greatly reduced cost.

Weaknesses of Claims Data

Problems with claims data stem from the fact that they
were fashioned to obtain reimbursement and were not
designed for the purposes of researchers. Institutional
providers, such as hospitals, bill using the diagnosis-related
group (DRG) prospective payment system, which classifies
patients into one of hundreds of groups based upon their
principal diagnoses and complications. Reimbursement is
based on the International Classification of Diseases,
Clinical Modification (ICD-9-CM) coding system and is
fixed at a certain rate; it is assumed that individuals with the
same diagnoses on average will require similar procedures
and treatments [19].

Information is included on claims forms primarily
because it is necessary for compensation and non-essential
data for billing is usually excluded. This fact impacts the
usefulness of claims data for researchers. Consider the recent
announcement from the Centers for Medicare and Medicaid
Services (CMS) that it would not pay for treating some
preventable conditions, including transfusions with the
wrong blood type, blood clots in the leg following knee or
hip-replacement and complications stemming from poor
control of blood sugar levels. CMS has tentative plans to
extend its do-not-pay list (commonly referred to as "never
events") to additional conditions that it believes are the result
of medical errors. The goal of the agency is to reduce such
events by providing a fiscal disincentive for their
occurrences [20]. The lack of reimbursement for these
preventable conditions, however, will likely result in
diminished reporting of them in claims, and make the data
problematic as a measure for errors. CMS has added some
quality measures to the existing list that hospitals are
mandated to report to maintain full reimbursement levels,
and this may, in part, offset the loss of information in the
claims data [20]. But their addition is unlikely to fully
correct the problem; billing clerks will likely not include
conditions for which the hospital cannot be reimbursed (and
which may reflect poorly on the quality of their employer).

Some information are missing from claims because the
medical procedures are commonly bundled into claims for
office visits [21], or medical providers may not bother to bill
some procedures because the reimbursements are perceived
to not be worth the effort [22]. Recognition that bundling is a
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problem in some claims-based studies has limited their use.
Pediatric immunizations and prenatal care visits are
illustrative; they have often been bundled with regular office
visits for billing purposes, causing them to be vastly
underreported in claims data [21].

Comparatively minor tests or routine hospital procedures
that are normally associated with specific diagnoses are less
likely to be recorded on a claims form because they are
unlikely to receive additional reimbursement if billed
separately [23]. Chronic diseases are often underreported in
claims for outpatient visits because often only one diagnosis
will suffice for reimbursement. Underlying causes for
patients’ current visit are unlikely to be recorded [24].
Information on medications is regularly absent from hospital
claims [25]. Non-operating room activities are often not
noted because guidelines only require recording procedures
that are surgical in nature, require specialized training, or
carry a procedural or anesthetic risk [26]. Conditions and
procedures that do not need to be listed for reimbursement
purposes are omitted [27]. Comorbidities, for example, are
underreported and this may lead to inaccurate research
results. Mistaken expected death rates in one study were in
part attributed to underreporting of comorbidities in the
hospital data [28].

Part of the problem for underreporting on claims is the
result of the form that has been used for billing. It restricted
information by providing space for a limited number of
procedures and diagnoses. The form has been expanded in
response to this recognized limitation, but this does not
address the underlying weakness; there is a financial
disincentive for the additional information to be recorded.
Extra time spent by billing clerks on the forms will be lost
income to the institution. It does not receive additional
compensation as a result of the labor. It should not be
surprising that hospital personnel, who are taught to
expeditiously complete the forms, are unlikely to risk the
wrath of supervisors in order to satisfy external desires for
additional information.

Clerks introduce additional drawbacks while abstracting
the medical records to produce the bills/claims. Coders
commonly enter incorrect information, as the result of faulty
decisions about what to code, misreading of the medical
record, and typographical errors [29, 30]. The more
ambiguous the decision (gray areas), the more likely the
coder is to provide inaccurate information [31-33]. This
result is not always by accident, but the outcome of systemic
efforts.

Claims exist for the purpose of generating income for
individual and institutional providers and those who produce
them are primarily guided by this function. Billing staff
receive special training in classes taught in vocational
schools or online classes. They learn how to interpret
information in medical records to determine diagnoses or
procedures and to match this information to a DRG and
translate it into ICD-9-CM codes. They receive instruction
on how to handle ambiguous information in the medical
record and this leads to inaccuracies in claims data. They
learn to bill for what is “reasonable,” which their instructors
teach is the code that will provide the highest reimbursement
that can plausibly be supported by the medical record.
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Consultants who are hired by physicians and healthcare
institutions to advise them on government reimbursement
add to inaccuracies in the claims data. A United States
General Accounting Office report on the subject noted that
when it came to billing, the consultants’ “emphasis was not
that the code selection be correct or even that the services be
performed, but rather that it is important to create a
documentary basis for the codes billed in the event of an
audit. . . the documentation created is the support for billing
for services at higher code levels than warranted [34]".
Moreover, consultants encouraged medically unnecessary
tests and procedures to create documentation for higher
levels of reimbursement [34]. Such efforts to increase
income weaken the usefulness of claims data as measures of
healthcare and the problem is extensive. A government
report, based on a sample of Medicare recipients, estimated
about $2 billion per year in overpayments to FFS Medicare
providers as a result of coding errors and an additional $5 to
$8 billion as the result of medically unnecessary services
[35].

Fraud may be a common cause for inaccuracies in claims
data [36]. There is substantial evidence that illegal billing
practices occur in the healthcare industry, and that these
practices affect billing data [37-40]. lllegal billing practices
range from the idiosyncratic — kickbacks, billing for services
not provided, ordering unnecessary tests and treatments [41]
— to more industry-wide behaviors, such as upcoding [42].
Upcoding, in particular, can negatively impact claims data.

Upcoding undermines the usefulness of claims data as
measures of healthcare because patients appear to be sicker
in the claims data than they actually were [43]. Upcoding in
hospitals (also known as “code creep” or “DRG creep”) is
common [38, 44-50]. The practice involves charging for a
more expensive DRG than the legitimate one. Bruce Psaty
and his colleagues [48] reviewed the charts of patients with a
Medicare discharge diagnosis of heart failure. The
researchers found that in more than one-third of the cases
they reviewed, there was no evidence to support the hospitals
billing claims that the cases were worthy of a higher fee. In
another study of cerebrovascular disorders, hospitals
typically billed for the incorrect, higher-reimbursed DRG
[51].

There are other illegal industry-wide practices that have
undermined the legitimacy of claims data for use in policy
studies [52]. Patients, in one scheme, are moved from
hospitals to outpatient or other settings in order to maximize
payments from the insurer. The patients’ movements are
guided by profit and not by medical decisions. Information
submitted in claims to the insurers in order to justify
payments, however, will fraudulently reflect medical reasons
for the moves. The effect of this and other illegal schemes is
to undermine the legitimacy of the claims data as an accurate
reflection of the health of the patients or the care that was
delivered to them.

The weaknesses of claims data have led a number of
researchers to scrutinize the concordance between them and
medical records (as well as registries) for a number of
healthcare issues, including mental health services [53],
comorbidities [26, 54, 55], antidepressant use [56], breast
cancer-related surgeries [57], surgical and medical
complications [58, 59], cardiovascular and stroke risk factors
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[60], heart failure [47], cancer surveillance [61], pneumonia
[62], and high-risk conditions for influenza [63]. The highest
concordance between the medical record and claims data
have been recorded for major procedures, such as
mastectomies [26, 31, 32, 57]. The concordance rate is worse
for conditions that may result in conflicting diagnoses, such
as mental health issues [64] or for minor procedures [26].

Results obtained from some studies that utilize claims
data may be of debatable value and their use raises for us
four questions that we feel are important to answer. First,
how widespread are claims-based studies? It seems
reasonable to learn the parameters of a potential difficulty
before deciding whether substantial effort is needed (in the
vernacular, there is no reason to make a mountain out of a
molehill). Second, is their use increasing? This question is
similar in purpose to our first one. Third, in what healthcare
areas are claims data being used? We wanted to gain a
general portrait of their use. Finally, do researchers inform
readers of the weaknesses of the data? The authors of past
claims-based studies may have understood some of the
weaknesses of the data, but failed to mention them.
Policymakers might rely on the studies without considering
the weaknesses that might undermine the validity of the
results." We wanted to learn if non-reporting was common
and worthy of further study.

METHODS

Reviewing published healthcare studies is the best
method to obtain data to answer our questions, but we could
not possibly review all healthcare journals published since
the introduction of claims data in order to resolve our
questions. The task would be overly time-consuming and
expensive given the value of the results. There are, for
example, more than 450 full-texts online journals that
include the word "health" in their titles.

A common strategy for conducting reviews is to examine
a sample of articles obtained via an academic database, such
as PubMed. We initially tried this approach, but it quickly
proved ineffective for answering our questions for a number
of reasons. First, it was impossible for us to determine the
number of published studies that used claims data in any
single recent year. Studies do not uniformly use “claims
data” as a keyword and the words do not always appear in
the text of an article. Sometimes the data are referred to as
“administrative data” or as data derived from Medicare or
Medicaid reports or from private insurance or the name of an
insurer or from pharmaceutical data, as well as other terms.
Even “hits” for “claims data” did not guarantee that the study
utilized claims data. After initially reviewing scores of
articles (only a portion of which as it turned out used claims
data) it became apparent that reading the thousands of
articles produced by our searches would not help us
understand the extent of claims’ studies or whether their use
was increasing. We determined to take a more systematic

1 Areas of study, other than healthcare, have had similar problems.
Throughout much of the 1960s and 1970s, criminological research on the
impact of punishment on the extent of crime relied on official government
statistics, without mentioning the weaknesses of the data. Policymakers
used the studies to support their positions until a National Academy of
Science publication discounted use of the government data [65].
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approach that would better lend itself to answering our
questions.

We decided to focus our attention on a selected sample of
journals. We could then review all the journals’ published
studies during a specific time frame. This would allow us to
calculate a rate for studies that utilized claims data, which
could then be used for comparisons to answer our questions.

To begin we reviewed scores of journals to determine if
they had any relevant articles, a necessity since we hoped to
determine if there had been some variation in the percentage
of studies utilizing claims data that are published year-to-
year. We wanted the journals to also vary with respect to the
extent that they published studies that utilized claims data.
Selecting only journals that rarely published claims studies
would result in underestimating the data’s use. Picking
journals that often published them would produce the
opposite. We finally chose five health/medical journals for
study: The New England Journal of Medicine, the American
Journal of Medical Quality, Medical Care, Medical Care
Research and Review, and Health Care Financing Review.
These five journals represent a continuum with respect to the
use of claims data in research studies.

The New England Journal of Medicine was selected to
represent the first tier of clinical research journals. The initial
review revealed that the journal published relatively few
studies that utilized claims data, but there were some.
Excluding the title would result in an overestimation of the
use of claims data in research. The journal is owned and
published by the Massachusetts Medical Society. It is highly
regarded and frequently cited; it was the eighth most cited
science journal in 2006 [66] and its impact factor that year
was 51.296. It publishes on a variety of topics of importance
to biomedical science and clinical practice, with an emphasis
on internal medicine and specialty areas [67]. These topics,
with their cutting-edge focus on diseases and treatments, are
well-suited for clinical trials, but not for evaluative studies
with claims data, especially for newer treatments that may
not yet be covered by health insurance and as a result may be
missing from claims data.

The American Journal of Medical Quality is the official
publication of the American College of Medical Quality,
which offers, according to its website, "national and
international resources for providers, payers, purchasers and
legislators [68]". The impact factor of the journal in 2006
was 1.046. The goal of the journal is to keep “readers
informed of the resources, processes, and perspectives
contributing to health care services.” Topics revolve around
measuring the quality of healthcare through patient
satisfaction measures or evaluations of healthcare delivery
and management [69]. The availability of claims data may be
attractive to researchers studying widespread management
and delivery trends; other data sources may be limited by
geography or other factors. Our initial review of the journal
found numerous articles utilizing claims data.

Medical Care is the official journal of the medical care
section of the American Public Health Association, an
organization devoted to protecting communities from
preventable diseases and promoting preventive care. The
journal is devoted to all aspects of the administration and
delivery of healthcare, and its published studies focus on
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“issues related to the research, planning, organization,
financing, provision, and evaluation of health services” [70].
The impact factor of the journal is 3.745; it ranks third of 56
in the Health Care Sciences and Services category, and tenth
of 98 in the Public, Environmental & Occupational Health
category.

Medical Care Research and Review describes its goal as
providing essential information about the field of health
services to researchers, policy makers, managers, and
practitioners, with focus on topics in “organization,
financing, health care reform, quality of care, and patient-
provider relationships” [71]. The journal’s 2006 impact
factor was 2.091. The two journals, Medical Care and
Medical Care Research and Review have broad, overlapping
areas of interest, and we chose them because we expected
studies published in them to use a wide range of data,
including claims.

Health Care Financing Review is published by the
Centers for Medicare and Medicaid Services, a United
States’ governmental organization that provides healthcare
coverage through the Medicare and Medicaid programs. The
journal’s goal is to “contribute to an improved understanding
of the Medicare and Medicaid Programs and the U.S. health
care system by presenting information and analyses on a
broad range of health care financing and delivery issues”
[72]. The journal’s 2006 impact factor was 1.027. It was
selected because our initial review revealed it published
substantial numbers of claims-based studies.

Types of Studies

Claims-based quantitative studies were but one category
of investigations published in our selected journals. They
also relied on data derived from a variety of other
methodologies, including data derived from clinical trials,
medical record chart abstractions, surveys and interviews,
and a category we call “other administrative data”.” We
initially categorized the studies by these data categories. We
wanted to determine each journal’s trend with respect to this
matter. Each data source has strengths and weaknesses. Any
rise in the percentage of studies utilizing claims data must be
considered in light of concomitant declines in studies that
utilize other data. This is an important aspect of the current
work. A decline in studies that utilized data from clinical
trials in favor of ones that employed claims data, for
example, would not be positive.

Clinical trials are reliable for medical decision-making
and are considered the overall gold standard in medical
research [73]. Clinical studies are experimentally grounded
and are meant to increase the validity of the results by
isolating the effects of a treatment or other intervention.
Clinical trials do have limitations. Trials do not reveal long-
term effects, or any impacts on sizable portions of the
population that were not included in the clinical trial, or
outcomes that might be revealed in actual practice; clinical
trials are often designed to determine whether a treatment
does better than a placebo under controlled circumstances
[33, 74, 75].

2 The journals also published editorials, commentaries, and literature
reviews. These were excluded from our analyses.
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Medical records consist of “what is heard, seen, thought
and done concerning the patient” [76]. They provide rich,
detailed clinical information on diagnoses, procedures, risk
factors, and outcomes of care in practice [77], but they have
their limitations. They are expensive and difficult to obtain
due to privacy issues. In addition, there may be accuracy
problems caused by incorrect documentation, illegible notes,
missing lab reports, and bad chart abstractor skills [13].
Medical records can have errors that are introduced by
physicians, including failures to list procedures or diagnoses,
inappropriate primary diagnoses, and inadequate or vague
terminology [78-80]. Physicians are attuned to the
information needed for billing, and will at times not include
in medical records information that is not relevant for
reimbursement. One study found that physicians failed to
record the things that they did in patients’ charts about half
the time and the authors of the study, as a result of their
findings, discouraged the utilization of chart abstraction for
quality of care studies [81]. Physicians may put false
information in the medical record [82-86]. One survey, for
example, found that about half of the physician-participants
were willing to deceive third-party payers on matters
associated with coronary bypass surgery, arterial
revascularization, and intravenous pain medication and
nutrition so that their treatments of the patients would be
reimbursed that would otherwise have been denied [87].
Still, it is reasonable to assume that medical records are
better indicators of patients and the healthcare they received
than are claims data, which are yet another step removed
from the institution/physician-patient interaction; if medical
records are themselves inaccurate, any abstraction of them,
including their use for the production of claims, can only be
erroneous.

A relatively new source of data come from a category we
have entitled “other administrative data”. They include
hospital discharge abstracts, registries or research networks,
such as cancer registries or the HIV Research Network [e.g.,
see 88] Veterans Affairs’ data [e.g., see 89] and
combinations of other measures [e.g., see 90]. These data
frequently have problems that are similar to claims data.
Comorbidities, for example, are often underreported in
hospital discharge abstracts [91], abstractors are not
consistent from one site to another [92-94] and there are
differences between these abstractions and that which is in
the medical record [95].

For us, a major difficulty was determining if the
administrative data base(s) relied, even in part, on claims
data. At times we were able to conclude that at least one
measure of a composite was based on claims [e.g., see 25]
and we coded such studies as claims, since those data are of
primary interest to us. We often, however, were confused
about the source of information in a data set. Hospital
discharge abstracts are illustrative. California’s Patient
Discharge Data Set, for example: includes an abstract of
every discharge from every non-federal, licensed hospital in
California. Each abstract lists the patient’s birth date, sex,
race, ZIP code, encrypted social security number, source and
type of admission, discharge disposition, expected principal
source of payment, total charges, principal diagnosis and up
to 24 secondary diagnoses, up to 21 procedures, and up to 5
external causes of injury [94: pg 718].
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Much of the information included in such hospital
discharge abstracts should be from the medical record [e.g.,
see 94]. For us, however, the question must be from where
did matters such as “expected principal source of payment”
and “total charges” develop. Further complicating matters
for us, these cost issues are irrelevant in many studies that
utilize discharge abstracts, since many deal with quality of
care issues. We decided to categorize such studies as other
abstractions of the medical record unless it was clear that
claims (billings) played some role in the research.

Surveys and interviews are another source of data in
healthcare studies. They are commonly used as methods for
gathering subjective opinions, rather than objective facts
[96]. Mail and telephone surveys are capable of collecting
data that are not available by other methods, such as
measures of patient satisfaction that are unlikely to be
collected in a clinical trial or appear in medical records or on
claims forms. An increase in the use of surveys or interviews
may indicate a trend towards studying different aspects of
healthcare than those that might be revealed from other data
sources. General problems with surveys include low
response rates, poor recall by respondents, failure by
respondents to provide information on topics they find too
sensitive, and attempts by respondents to provide answers
that they believe the researchers want [96-99].

Interviews are similar to surveys in that they are able to
collect information and opinions directly from the patients
that are not available from secondary data sources. They
almost always involve non-experimental designs. Interviews
have high response rates and allow the interviewer to collect
supplementary information in order to clarify answers. But
bias is very difficult to avoid in interviews because even
well-trained interviewers provide both verbal and nonverbal
cues that may influence what participants say. Participants,
too, may try to please the interviewer and provide answers
that they believe are desired. Interviews also have anonymity
issues; healthcare research can be especially problematic
because respondents may feel too exposed and intimidated to
provide sensitive medical information [96, 100]. There is
evidence, for example, that claims data do a better job of
identifying patients who have had a specific procedure than
do surveys or interviews [e.g., see 101]. Finally, interviews
are expensive because personnel must be trained and
supervised, interviews may need to be transcribed, and
traveling to interviews consumes both time and money.

Some studies published in the five journals we reviewed
employed more than one type of data. Several studies used
claims data to find a study population and then interviewed
or surveyed that population [e.g., see 102]. The use of claims
data to find a study population avoids internal validity
problems associated with other sampling methods (e.g.,
“snowball” samples), and since the claims data were not
used as healthcare measures the accuracy problems
associated with them are diminished. Other studies utilized
more than one type of data as cross-checks, such as studies
that compared the concordance of patients’ self-report data
with data obtained from medical records or claims [55, 56].
Multiple methods can greatly enhance the reliability of the
data [103].

We carefully categorized studies that utilized multiple
types of data. We prioritized the use of claims for coding.
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Studies, for example, that used claims to identify
beneficiaries and then used medical records for disease
identification and analysis were coded as employing claims
data. Interviews and surveys, because they are similar in
ways described above, were collapsed into one category for
analytical purposes. A small number of studies utilized
medical records combined with either interviews or surveys.
We coded these studies as employing medical records data.
Medical record data, from our perspective, might be more
useful for informing evidence-based healthcare and we
prioritized its use for coding purposes.

Area of Study

We created healthcare categories in which to sort the
different studies in order to determine if specific data sources
were associated with certain topics. We categorized the
studies as: (1) access to healthcare, (2) prevention and
detection of disease, (3) quality of healthcare, (4) morbidity
and mortality, and (5) interventions, therapies, and
treatments. These are broad categories and may have
overlapping characteristics. They are meant to create a
general picture of the studies that utilized claims data.

The category “access to healthcare” encompasses studies
that analyzed the availability of, or impediments to,
obtaining healthcare, including factors such as race [104],
continuity of care [105], and economic factors [106]. Claims
data may be useful for some access-based studies. Race, for
example, is coded more accurately in claims than are
diagnoses or procedure codes [16]. But other data, for
example self-reports, have been shown to be more accurate
with respect to such basic demographic information.®

The category "prevention and detection of disease"”
includes studies that focus on preventive care and efforts to
detect diseases through screening procedures. Claims data
may not be appropriate for some of these types of studies, as
procedures are often not accurately coded. Medicaid claims
data, because of bundling, are poor indicators of whether
children have been fully immunized [107]. Many inpatient
screening procedures are not coded accurately in claims data;
MRIs, for example, are rarely coded reliably [23]. This poor
performance, however, is not universal; one study found that
Pap smear claims data have more than 95% concordance
with the medical record [108].

“Quality of healthcare” was broadly defined to include
matters associated with physician accuracy in diagnosis and
treatment (e.g. did the diagnosis correspond with the
symptoms; did the diagnosis and treatment match) as well as
the quality of patient healthcare (e.g., do patients, given their
conditions, receive all recommended treatments and no
unnecessary or harmful ones) or patients’ satisfaction with
their healthcare. We also included studies that tested the
accuracy of different measures of healthcare quality. Claims
data, with their many accuracy issues, may not be suitable in
all circumstances for quality evaluations.

3 One study found only 60% agreement between claims and patient self-
reports for race and ethnicity. The authors attributed most of the discordance
to race being marked as ‘unknown’ in some of the claims data [109].
Another study found that survey and claims concordance rates varied based
on the patient’s race; white patients were classified correctly in the claims
data 77% of the time, while other races were classified correctly between
1.4% and 76.4% of the time [110].
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The category “morbidity and mortality” included studies
that examined the rate of illness or death that arose from
medical conditions. This category has some similarity to the
quality of healthcare category, in that illness and death rates
are sometimes used as quality of care measures, especially
for hospital performance. Diagnosis, a necessary element for
establishing morbidity or mortality, can be inaccurate in
claims data [15, 24] and, as a result, claims data are not
uniformly recommended for these types of studies.
Diagnoses in medical records are more accurate and contain
more information on patients’ illnesses than their
corresponding claims, which tend to underestimate certain
disease rates (e.g., minor conditions that need not be listed
for compensation) while likely overestimating others due to
upcoding [46].

Our category--interventions, therapies and treatments--
covers a wide variety of activities that are aimed at
improving specific health problems. Utilization of claims
data are problematic for this type of study and may require
substantial efforts to make them usable [13, 30]. Physicians
may choose to not bill for everything they do or may take
actions that result in treatments not appearing in claims (e.g.,
by giving patients drug samples instead of prescriptions).
Hospital billing clerks may muddy data by choosing to
exaggerate treatments in order to increase revenues. Medical
records have shown to be more accurate than claims data in
most4studies that would fall in this category [22, 56, and
111].

Data Collection

We culled information from 1,956 original research
studies published between the years 2000-2005 in the New
England Journal of Medicine, The American Journal of
Medical Quality, Medical Care, Medical Care Research and
Review, and Health Care Financing Review. The six years,
2000-2005, were selected to represent the current situation.’
We recorded some basic information for each study (the title,
authors, journal, volume number, year, and page numbers),
as well as written descriptions (and codes) for the data type,
medical area(s),’ and whether the authors of studies that
utilized claims acknowledged any limitations of the data.
Studies that wused claims and noted at least one
limitation/weakness of the data were further reviewed to
determine which limitations were mentioned.

The distribution of the 1,956 studies among the journals
is not equal. The New England Journal of Medicine is
published weekly and as a result 859 studies (43.9% of the
total) appeared in this title. Medical Care is available
monthly and occasionally publishes supplemental issues. We
reviewed 718 studies (36.7% of the total) that appeared
within its pages. Health Care Financing Review is a

4 Albeit the best methodology for interventions, therapies, and treatments, at
least initially, is a randomized controlled trial. Clinical trials are explicitly
designed to test the effectiveness of a treatment, and the internal validity of
a trial’s results cannot be matched by medical records or claims data.

5 We knew, from a keyword search for “claims data” on the Web of Science
that the use of claims data had increased throughout the 1990s (although
such a general search cannot provide needed specifics).

6 If a study fit into multiple categories, all applicable categories were
initially considered; a senior researcher later recoded the study to reflect the
dominant medical area.



Use of Claims Data in Healthcare Research

quarterly publication. We reviewed 157 studies (8% of the
total) that it published. The bimonthly American Journal of
Medical Quality also occasionally provides supplements. We
examined 127 studies (6.5% of the total) that appeared in
this journal. Finally, Medical Care Research and Review
comes out bimonthly, with occasional supplements. It
provided 95 studies (4.8 % of the total) for review.

Limitations

Our study has several limitations which we tried to
minimize. We looked at only five journals published during
a six-year period. Journals were selected, however, to
provide a general representation of journals that use claims
data. There may be some coding errors, but the data went
through three levels of review to minimize idiosyncratic
mistakes. No inter-rater reliability measures were collected.
Rather, we used multiple levels of review, the goal of which
was to achieve uniformity and accuracy. Disagreements or
questions about coding at the first two levels were submitted
to the senior researcher, who discussed the matter with the
other authors before reaching a decision.

RESULTS

The results reported here are designed to answer four
questions: (1) how widespread are studies that utilize claims
data; (2) in what healthcare areas are claims data being used;
(3) is the use of claims data increasing; and (4) do
researchers inform readers of the weaknesses of the data?

How Widespread are Studies that Utilize Claims Data?

We expected that there would be wide variation between
the five journals concerning the percentage of studies in each
that used claims data and this was the case. In general, the
distribution followed the anticipated pattern. The New
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England Journal of Medicine published by far the greatest
percentage of studies derived from clinical trials, 75%; only
1.2% of studies published in the journal utilized claims data.
Studies in Health Care Financing Review, at the other end of
the continuum, utilized clinical trials less than 2% of the
time, while 22.9% of the studies utilized claims data. There
was, as expected, a statistically significant variation between
the types of data found in each journal (Phi = .698 p <.001;
see Table 1). The uneven distribution in the five journals of
the 1,956 studies results in a plurality of studies (38.9%)
obtaining their data from clinical trials; 30.7% utilized
survey and/or interview data; 18.5% involved data from
medical records; 7.3% employ claims data; 4.6% utilized
other administrative data (see Table 1). It is important to
note that a different set of journals would reveal a different
distribution.

We removed The New England Journal of Medicine from
only this initial analysis in order to focus on the journals that
published studies that utilized more varied sources of data
than it did. The statistically significant difference between
the remaining four journals concerning the source of data for
their published studies did not disappear, although there was
consistency on some matters. Surveys and interviews were
the favorite source of data at each of the remaining journals
(45% of the studies utilized these data) and other
administrative data remained the source of data for the
smallest proportion of studies (7.75%) once articles
published in The New England Journal of Medicine were
removed from our analysis (clinical trials supplied the data
for 10.6%; claims data accounted for 12.1%, and medical
records were the data of choice in 24.5%).

In what Healthcare Areas are Claims Data being Used?

The type of data utilized in studies varied by the medical
area being explored (Phi = .617, p< .001; see Table 2 for the

Table 1. Journal by Type of Data
Type of Data
Other Clinical Surveys and Medical Claims Total
Abstraction Trials Interviews Records
_ Count 55 91 305 194 73 718
Medical Care
% within Journal 7.7% 12.7% 42.5% 27.0% 10.2% 100.0%
Health Care Financing Count 16 3 82 20 36 157
Review % within Journal 10.2% 1.9% 52.2% 12.7% 22.9% 100.0%
Medical Care Research Count 5 2 57 14 17 95
and Review % within Journal 5.3% 2.1% 60.0% 14.7% 17.9% 100.0%
New England Journal of Count 4 645 107 93 10 859
Medicine % within Journal 5% 75.1% 12.5% 10.8% 1.2% 100.0%
American Journal of Count 9 20 50 41 7 127
Medical Quality % within Journal 7.1% 15.7% 39.4% 32.3% 5.5% 100.0%
Count 89 761 601 362 143 1956
Total O \nrithi
% within 4.6% 38.9% 30.7% 18.5% 7.3% 100.0%
Journals

Phi =.698 p <.001.
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Table2. Type of Data by Medical Area
Medical Area
Total
Access Prevention Quality Morbidity Treatment
Other Count 35 1 32 15 6 89
Abstraction % within 39.3% 11% 36.0% 16.9% 6.7% 100.0%
Count 24 101 69 183 384 761
Clinical Trials
% within 3.2% 13.3% 9.1% 24.0% 50.5% 100.0%
Surveys & Count 191 49 257 58 46 601
Interviews % within 31.8% 8.2% 42.8% 9.7% 7.7% 100.0%
Medical Count 98 33 112 70 49 362
Records % within 27.1% 9.1% 30.9% 19.3% 13.5% 100.0%
Count 70 8 34 13 18 143
Claims
% within 49.0% 5.6% 23.8% 9.1% 12.6% 100.0%
Count 418 192 504 339 503 1956
Total
% within 21.4% 9.8% 25.8% 17.3% 25.7% 100.0%

Phi =.617 p <.001.

distribution of the type of data by medical area). Claims data
were primarily used in studies that focused on access to
healthcare (49% of claims-based studies) followed by quality
issues (23.8%). Examples of access to healthcare studies
included the effects of different societal or policy changes on
patient use of health services. For example, one study used
claims data to examine the effect of a reduction of welfare
payments on mental health service use [112], while another
study explored Medicare beneficiaries’ usage of prescription
drug discount cards [113]. Examples of quality of care
studies included the use of claims data to establish
benchmark left ventricular ejection fraction test rates for
Medicare recipients [114], while another assessed the
association between office systems and variations in diabetes
care [7].

Claims data were less likely to be used to study
morbidity issues (9.1% of claims-based studies), such as
patterns of diagnoses, re-hospitalization rates, survival rates,
and other large-scale measures associated with morbidity and
mortality [115]. Similarly, the data were less likely to be
used to examine matters associated with treatments (12.6%
of claims-based studies), such as adherence to treatment
guidelines [116] and treatments for depression [117].

Claims data were rarely used to study prevention (5.6%
of claims-based studies). One of the few studies evaluated
the role of provider type (primary care physicians versus
endocrinologists) on the receipt of preventive health services
by diabetes patients [118], while another examined the
effectiveness and costs of influenza vaccinations [119].

Is the Use of Claims Data Increasing?

The use of claims in published healthcare studies differed
very little from year-to-year, and there was no continuous up
or down trend (see Table 3; p>.05). This suggests that the
small variations from year-to-year were likely the result of
unplanned “timing”; that is, the point in time of a submission

to a journal, or “revise and resubmit” requests, or the
backlog of articles yet-to-be-published in any given year.
Indeed, the lack of any trend generally was true for each of
the five journals.

We compared the use of claims-based studies in the
period 2000-2002 with their use during 2003-2005 in order
to determine if the year-to-year data were masking a wider
trend. This comparison did not reveal a meaningful increase
in the rate of claims-based studies between the periods; 6.5%
of the 2000-2002 period were claim-based, as were 8.1%
of the studies published in the later period (Phi = .032,
p =.154).

Do Researchers Inform Readers of the Weaknesses of the
Data?

Only 62 of the 143 studies (43.4%) that used claims data
mentioned any problems with the data. Coding errors were
the most commonly cited weakness of the data. They were
noted by authors of 20 studies, who did not usually specify
the type of coding error (for example, whether the coding
error was due to potential misinterpretations of the medical
record or typographical errors). Rather, the authors simply
used the classification, coding error.

The second most frequently mentioned limitation of the
data (13 studies) was the lack of detail in the claims, such as
information on disease severity [113, 120]. One study, for
example, noted that they could not distinguish patients with
Type 1 and Type 2 diabetes in claims data [118]. Authors of
other studies linked the lack of detail in claims data to
problems with analyses. Siran Koroukian and her colleagues
[121], for example, noted that additional clinical variables
would have allowed the creation of better models.

Selection biases, such as patients choosing an insurer
based on their healthcare needs and the type of care they
expect to receive [122] or hospital coding practices that
cause some diseases to be overrepresented [123], were
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Table3. Type of Data by Year, Claims vs. All Others
Year
Total
2000 2001 2002 2003 2004 2005
. Count 322 298 291 316 316 270 1813
Not Claims
Claims Versus All % within Year 92.0% 93.7% 95.1% 91.6% 93.2% 90.6% 92.7%
Others Count 28 20 15 29 23 28 143
Claims
% within Year 8.0% 6.3% 4.9% 8.4% 6.8% 9.4% 7.3%
Count 350 318 306 345 339 298 1956
Total
% within Year 100% 100% 100% 100% 100% 100% 100%

Phi =.055 p = .305.

mentioned by the authors of 6 claims-based studies. Some
authors simply stated that different hospitals might have
different ways of recording certain hard-to-code conditions.
But other authors specifically mentioned upcoding as the
cause of diseases being overrepresented. For example, one
study noted that “overall accuracy, unreliability, variability
in coding practices across facilities, and ‘upcoding’ of
diagnostic information are issues which may also affect
model performance” [89].

There was very little difference between the journals with
respect to the likelihood of authors of claims-based studies
mentioning weaknesses/limitations (p> .05). Studies pub-
lished in the American Journal of Medical Quality were the
least likely to state weaknesses/limitations (2 of 7 studies
that utilized claims data did mention a limitation). The
authors in The New England Journal of Medicine did the
best job; six of the 10 studies mentioned a limitation (see
Table 4).

There was no statistically significant variation between

studies of one healthcare area with claims and those
examining another with respect to the likelihood of the

authors mentioning weaknesses of the data. This was likely
due to the few cases in each category (see Table 5).
Investigators studying treatments and access discussed data
weaknesses in less than half their articles (access, 35.7%;
treatment, 27.8%). Those who studied the other areas did a
better job; more than half of such studies mentioned
weaknesses (prevention, 75%; quality, 55.9%; morbidity,
53.8%). Most of the prevention studies noted that claims
data lacked detail, which made it impossible to determine
whether patients had received a particular procedure [124,
125].

DISCUSSION

The results of this study suggest that the use of claims
data in research is small. Overall, claims represented 7.3% of
data used in studies published in the five journals. Claims,
however, may be a much more common data source among
researchers who do not use clinical trials; when the New
England Journal of Medicine was removed from the
analysis, the figure rose to 12.1%. Claims use, however, may
have somewhat leveled. The rapid rise in the number of

Table4. Journal by Mention of Claims Data Limitations
Tainted Data Code
Total
No Mentions Mentions
. Count 44 29 73
Medical Care
% within Journal 60.3% 39.7% 100.0%
Health Care Financing Count 18 18 36
Review % within Journal 50.0% 50.0% 100.0%
; Count 10 7 17
Journal Name Code MedlcaIdCSre _Research
and Review % within Journal 58.8% 41.2% 100.0%
New England Journal Count 4 6 10
of Medicine % within Journal 40.0% 60.0% 100.0%
American Journal of Count 5 2 7
Medical Quality % within Journal 71.4% 28.6% 100.0%
Count 81 62 143
Total
% within Journals 56.6% 43.4% 100.0%

Phi = .14 p = .588.
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Table5. Medical Area by Mention of Claims Data Limitations
Tainted Data Code
Total
No Mention Mentions
Count 45 25 70
Access
% within Medical Area 64.3% 35.7% 100.0%
Count 2 6 8
Prevention
% within Medical Area 25.0% 75.0% 100.0%
) Count 15 19 34
Medical Area Quality
% within Medical Area 44.1% 55.9% 100.0%
Count 6 7 13
Morbidity
% within Medical Area 46.2% 53.8% 100.0%
Count 13 5 18
Treatment
% within Medical Area 72.2% 27.8% 100.0%
Count 81 62 143
Total
% within Medical Area 56.6% 43.4% 100.0%
Phi =.257 p =.05.

claims-based studies that occurred during the 1990s seems to
have stalled.

The largest proportion of claims-based studies (49%)
examined issues related to access to healthcare, in particular
how changes in healthcare policy affected access [126, 127].
They also examined disparities in treatment [128, 129].
Claims based-research may provide a general idea of the
access patients have to healthcare. One study, for example,
studied within-hospital racial disparities and compared it to
results from studies involving multiple hospitals [128]. The
authors concluded that disparities were more likely the result
of differences between hospitals than they were the
consequence of racial inequality within any single hospital;
blacks, in general, went to hospitals that provided poorer
quality of care and this explained what appeared to be racial
disparity. Such explanations do provide a general portrait of
the healthcare situation and are useful. Claims data may be
more appropriate for use in access studies and this may
explain why the authors of such research were next-to-least
likely to mention any of the weaknesses associated with the
data; maybe they just did not see the need.

The next largest proportion of claims-based studies
(23.8%) examined issues related to quality of healthcare.
Claims data may not always be suitable for quality of care
studies because they may not be accurate nor detailed
enough [13, 29, 30, 111]. These investigators commonly
used claims data to evaluate hospital or healthcare provider
activities [7, 130]. One study, for example, used claims data
to look for inappropriate drug combinations among HIV
patients in hospitals [131]. They found that 2% of their units
of analysis contained inappropriate drug combinations.’
Policy decisions, however, should not solely rest on results
obtained from such claims-based quality of care studies. In
the just noted example, the 2% error rate could easily be the

7 Their unit of analysis was “person-years”. They “identified 2110 person-
years of claims data representing the claims experience of slightly more than
1000 enrollees in 1999 and 2000” [130: pg I11-55].

result of inaccuracies in the data; one study, for example,
found that claims differ from the medical record by as much
as 27% for prescriptions [132]. A few authors whose studies
dealt with the quality of healthcare recognized that the use of
claims data was problematic and designed their studies to
specifically assess the validity of the data by comparing it to
the medical record. All of them found discrepancies between
the data sets [e.g., see 62].

Studies of treatments, therapies, and interventions made
up 12.6% of the claims-based investigations. Claims data are
not uniformly suitable for these studies because procedure
coding has been shown to be inaccurate, especially when the
procedure is not required for reimbursement [23].
[llustrative, one study in our sample examined whether
treatment for alcoholism affected future healthcare
utilization [8]. The researchers compared claims data among
patients with a recorded diagnosis of alcoholism.
Unfortunately, alcoholism has a low level of sensitivity in
claims data compared to the medical record, only 20 percent
in one study [133], and there is evidence from an older study
that the diagnosis is absent in claims data for a substantial
portion of individuals who are receiving treatment [134].

There are potential exceptions to the suitability of claims
data with respect to studies of treatments, therapies, and
interventions. They may be appropriate when used to locate
a sample or to establish costs. Illustrative, Angela Sauaia and
her colleagues [135] identified acute myocardial infarction
(AMI) cases with a fee-for-service database. It is possible
that errors or upcoding might result in individuals without an
AMI being initially included in such a sample, but further
investigation in the just cited study helped insure its
integrity; medical chart abstraction was used to confirm the
existence of an AMI [135]. The other often acceptable use of
claims data is for the establishment of costs, which can be
then used to compare the cost effectiveness of procedures
(e.g., the cost-effectiveness of new treatments). Arden
Morris and her colleagues [17], for example, used claims
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data to help establish the expenses associated with two
competing methods for detecting malignant breast tumors.

Research on morbidity and mortality made up 9.1% of
the claims-based studies. Claims data use is problematic in
morbidity and mortality studies because diagnosis coding
has been shown to be inaccurate [47, 53]. Researchers
commonly used the claims data to examine morbidity and
mortality rates in different settings. One study, for example,
examined re-hospitalization rates and survival rates for
patients in health maintenance organizations (HMO) versus
fee-for-service plans (FFS) [115; see also 136]. One of the
surprising findings from this research illustrates the impact
that illegal activities may have on claims data. The
researchers noted that HMO stroke patients, despite being
healthier, were more likely than their FFS counterparts to be
re-hospitalized within 30 days. The result, however, might
be due to upcoding. Claims for patients in FFS plans might
have been upcoded to obtain additional reimbursement
(HMOs have less of an incentive to upcode). The result of
the upcoding would be that patients would appear to be
sicker in the FFS claims data even if in truth they were not
[43]. This would explain the surprising finding of Smith and
her colleagues.

Finally, a small proportion (5.6%) of claims-based
studies examined issues related to prevention and detection
of disease. The studies examined issues such as whether
beneficiaries were using preventive health services [121] and
whether certain preventive treatments were more cost
effective [119]. Claims may be especially unsuitable for
these types of evaluation studies because most prevention
and detection-based procedures are bundled with other
procedures or office visits, or simply not required for
reimbursement [21, 22]. Results from these studies must be
suspect until the value of the data from which they were
derived has proved valid.

In this report we have presented a general picture of the
use of claims data in research; in particular we have noted
when illegal behavior impacts the data as this is an area that
is likely little known among those using the data. Our next
step is to review individual studies to assess whether the
results are fatally flawed because of weaknesses in the data
or whether the data were appropriate for each study. Such an
evaluation will assist policymakers to assess the usefulness
of individual studies, and will provide healthcare researchers
with specifics by which they may gauge the appropriateness
of the data for their purposes.
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