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Objectives. To provide an overview of statewide hospital discharge databases
(HDD), including their uses in health services research and limitations, and to describe
Agency for Healthcare Research and Quality (AHRQ) Enhanced State Data grants to
address clinical and race–ethnicity data limitations.
Principal Findings. Almost all states have statewide HDD collected by public or
private data organizations. Statewide HDD, based on the hospital claim with state
variations, contain useful core variables and require minimal collection burden.
AHRQ’s Healthcare Cost and Utilization Project builds uniform state and national
research files using statewide HDD. States, hospitals, and researchers use statewide
HDD for many purposes. Illustrating researchers’ use, during 2012–2014, HSR
published 26 HDD-based articles on health policy, access, quality, clinical aspects of
care, race–ethnicity and insurance impacts, economics, financing, and research
methods. HDD have limitations affecting their use. Five AHRQ grants focused on
enhancing clinical data and three grants aimed at improving race–ethnicity data.
Conclusion. ICD-10 implementation will significantly affect the HDD. The AHRQ
grants, information technology advances, payment policy changes, and the need for
outpatient information may stimulate other statewide HDD changes. To remain a
mainstay of health services research, statewide HDD need to keep pace with changing
user needs while minimizing collection burdens.
Key Words. Administrative data, hospital, race, ethnicity, clinical data

Almost all states have data organizations collecting administrative data
(discharge abstract or claims records) for all hospitalizations in non-Federal
facilities in their state. The data collection efforts cover inpatient stays and,
increasingly, emergency department, ambulatory surgery, hospital observa-
tion services, and other hospital outpatient services. Although these statewide
discharge databases were created for state governments, local communities,
and the hospital industry, they have been widely used by health services
researchers to examine policy, care delivery, and clinical issues. Nonetheless,
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as with all data sources, there are limits to their uses related to data content. To
foster successful approaches to improving statewide data, the Agency for
Healthcare Research and Quality (AHRQ) awarded eight 3-year grants to
improve the clinical content and race–ethnicity information in these databas-
es. The primary goals were to improve the statewide data for local uses and for
AHRQ’s Healthcare Cost and Utilization Project (HCUP).

The purpose of the article is to provide background information on
statewide hospital discharge data and the context for the other articles in this
special issue of HSR that focus on the products and lessons learned by the
Enhanced State Data grantees. This article provides an overview of statewide
hospital discharge data, including content and coverage, and its evolution and
improvement over time. It describes the HCUP state and national datasets
derived from the statewide data. The article highlights the use of these data in
health services research and includes a description of state, local, and hospital
industry uses. Limitations of the data are also noted. The article concludes
with a discussion of the need to improve the clinical detail and race–ethnicity
data and a description of the AHRQ-sponsored Enhanced State Data Grant
program to improve the data in these areas.

DATACOLLECTION—OVERVIEW

Over the last 40 years, hospital discharge data have become one of the
mainstay data sources for health services research. From innovative collection
in a handful of states in the early 1970s, these data now encompass almost all
states in the United States. There are several reasons for their wide availability
and use. Because existing claims data are their foundation, the resources to
create the datasets are modest when compared to primary data collection such
as surveys or medical record abstraction. Using the hospital claims, standard
format (Uniform Bill) minimizes the burden on hospitals to report data, on
states to process incoming files, and on analysts to use the datasets. The
datasets contain core data elements that are valuable for many types of analy-
ses and applications. Analyses can be done at various levels of aggregation,
including discharge/visit, patient (in some states with encrypted identifiers),
hospital, physician (in some states), and geographic areas (zip code, county,
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state, region, nation). The datasets include records for all-payers, including the
uninsured, and generally include all non-Federal acute care hospitals in a state.
AHRQ’s HCUP transforms the statewide data into uniform research files to
facilitate multistate analyses. HCUP also develops national datasets from
these data for national estimates (AHRQ 2015). Numerous software and
standard methodologies are available to facilitate analysis, including clinical
groupers, risk adjustment/severity of illness methodologies, quality of care
measures, and economic measures. Online query systems provide for easy
access to statistics generated from the data. Linkages to other datasets (through
hospital, geographic, patient, or physician identifiers) expand the analytic
capacity of statewide data.

Statewide discharge data collection practices are similar across states,
but many variations exist (Love, Rudolph, and Shah 2008). State law often
mandates collection, but in some states collection is voluntary. The
statewide data organization (SDO) is generally a state government agency,
but it may also be a state hospital association or other private data organi-
zation. The data are a summary record for each hospital stay with such
information as patient demographics (age, sex, zip code of residence),
clinical information about the hospitalization (e.g., diagnoses, procedures
performed, length of stay), billing information (e.g., expected payer
category, amount charged), and the hospital identity. The foundation for
the typical statewide discharge database is the national hospital claims
standard—the Uniform Bill (currently the UB-04).

States differ in UB data elements included in their statewide discharge
data, based on local needs. Many, but not all, states include physician identifi-
ers, patient identifiers (deidentified in released data), and data elements from
the line item detail on the UB (e.g., use and charges for individual services
such as intensive care units). A few states (such as California) have legacy
systems that have some commonalities with the UB, but they have many vari-
ations from it. Because the purpose of the UB is for payment, and not public
health and research, all SDOs add data elements not contained in the UB, in
particular expected payer category. Most states add race–ethnicity and a few
states add other data such as the patient’s primary language, do-not-resuscitate
indicators, mother’s medical record number (on newborn record), and
newborn birthweight. One state (Pennsylvania) has collected additional
detailed clinical information, or specific laboratory findings, to support quality
reporting for nearly 20 years. Generally hospitals are required to submit all
the data elements the SDO collects, but in some states hospital submission of
specific data elements is voluntary (e.g., race–ethnicity).
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Beginning in the early 1990s, HCUP began a voluntary collaboration
with SDOs to leverage their data collection efforts to build uniformly format-
ted national and state hospital encounter-level datasets for research (AHRQ
2015). HCUP greatly expands the availability and use of the statewide
discharge data. The AHRQ statewide discharge and visit-level databases
include the State Inpatient Databases, the State Emergency Department
Databases, and the State Ambulatory Surgery and Services Databases. After
receiving the data from SDOs, HCUP conducts standard data quality checks,
creates uniformly formatted files, and, to facilitate research, adds data
elements derived from the statewide data and linkages to other data (e.g.,
AHA Annual Survey). These added data elements include clinical classifica-
tions based on the ICD-9-CM (International Classification of Diseases, 9th
Edition, Clinical Modification) diagnosis and procedures codes (e.g., Clinical
Classification Software and comorbidity measures) and sociodemographic
indicators based on patient zip code (e.g., urban–rural measures and median
income of the patient’s zip code, in quartiles). HCUP also provides linkable
files for some states, such as hospital characteristics (from linkage to the
American Hospital Annual Survey), cost-to-charge ratios (for each hospital
using information derived from Medicare Cost Reports), hospital market
structure files (for studies on competition and market forces), and revisit
variables (to examine readmissions). HCUP samples the SID and SEDD to
create three databases for national estimates—National (Nationwide) Inpa-
tient Sample (NIS) for estimates of inpatient care, Kid’s Inpatient Database
(KID) for estimates of inpatient care for children, and Nationwide Emergency
Department Sample for estimates of ED visits.1

DATACOLLECTION—IMPROVEMENTOVERTIME

A key to the continued, and expanded, use by researchers is that the datasets
have evolved and improved over time. The number and types of datasets have
increased substantially as the value of the data became evident. Initially, a few
pioneering states began collecting discharge data in the 1970s and 1980s,
primarily to support health planning and hospital rate setting. In the mid-
1980s, additional states began collecting the data and the motivation shifted to
providing public information in a competitive environment, primarily on
costs, but occasionally including quality (Epstein 1992; Epstein and Kurtzig
1995). During the mid-1980s, the Medicare reimbursement system moved to
prospective payment for hospitalizations based on diagnosis-related groups
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(DRGs), which rely on ICD-9-CM diagnosis and procedure codes.
Consequently, hospitals and the government closely monitored coding
quality, resulting in improved accuracy (Fisher et al. 1992), though DRG
reimbursement incentives may lead to upcoding (Hsia et al. 1992). During the
1990s, the emphasis on public reporting on quality of care grew, almost all
remaining states created statewide collection of inpatient data, and many of
the established systems responded to the need for information on outpatient
services by expanding collection to ambulatory surgery and emergency
department visits.

Over time, SDOs modify their discharge data in response to new priori-
ties and revisions to national data standards. The earliest collections in the
1970s and 1980s often used the Uniform Hospital Discharge Data Set
(UHDDS) as the standard. The UHDDS was a minimal basic dataset aimed
at meeting a variety of analytic needs (National Center for Health Statistics
1980), though it did not include charge or payment information. Many SDOs
added charge information to their UHDDS reporting requirements to fill this
gap. During the late 1980s and early 1990s, most states transitioned to the UB
standard, which they considered readily available from hospitals, and which
included charge and other cost-related information that was valuable for the
increasing focus on cost containment (Larks 1986). SDOs generally change
their submission requirements when the National Uniform Billing Committee
(NUBC) updates the UB. The UB updates occur as often as several times a
year and include two major revisions since the early 1980s (from the UB-82 to
UB-92, and to UB-04). The diagnosis and procedure code sets used in the data
—ICD-9-CM and CPT� (Current Procedural Terminology, for procedures
on some outpatient records)—change regularly (annually or sooner). Begin-
ning inOctober 2015, hospitals will transition from the ICD-9-CM coding sys-
tem to ICD-10-CM (International Classification of Diseases, 10th Edition,
Clinical Modification) for diagnoses and ICD-10-PCS (Procedure Coding Sys-
tem) for procedures.

When SDOs innovate by collecting data elements not on the UB,
their innovations serve as tests of the feasibility and usefulness of the novel
data. Other SDOs may implement the successful innovations and national
standards organizations may adopt them. For example, in 1991 just 14
SDOs (of the 31 existing SDOs) collected race data. By 2008, this had
increased to 43 states (of 47 SDOs) (Andrews 2011). Similarly, in the mid-
1990s two pioneering states—California and New York—collected present
on admission indicator (POA) for each diagnosis on the discharge record to
identify complications arising during the stay. Ten years later (2007) the
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NUBC added it to the UB (largely driven by Medicare’s need to identify
hospital acquired conditions for payment restriction, required by Deficit
Reduction Act of 2005) (Iezzoni 2007), and by 2009 at least 38 states
collected it on some or all of their discharge records (Kassed et al. 2011).

USE OF THE DATA

States, researchers, the public health community, and the hospital industry
use statewide hospital inpatient and outpatient data for a variety of purposes.
Through their review of the literature, interviews with key informants and
web searches, Schoenman and colleagues (Schoenman et al. 2005, 2007)
identified the following types of uses of the data (Table 1): public safety, injury
surveillance and prevention, public health, disease surveillance, disease
registries, health planning, community assessments, public reporting for
purchasing and comparative reports, quality assessment, performance
improvement, commercial applications, and health services and policy
research.

Health service researchers have recognized the value of statewide
hospital discharge data since their inception. Indeed, the seminal small area
variations study by Wennberg and Gittelsohn (1973) used 1969 data from an
early SDO (Cooperative Health Information Center of Vermont). Research-
ers’ use has grown so substantially that by 2014 an average of 50 journal
articles each month used HCUP data2 (the average would be higher if articles
using SDOs’ data were included).

To provide illustrations of current types of health services research using
statewide discharge databases, Table 2 identifies 26 articles published in HSR
over a recent 3-year period (2012–2014). Of these, 8 used data provided from
the SDO and 19 used HCUP data (one study used both SDO and HCUP
data). Of the 19 HCUP studies, 10 used the SID (occasionally including the
SASD and SEDD), 7 used the NIS, and 2 used the KID. The studies often
augmented the discharge data with data from other sources such as the AHA
Annual Survey, Cost Reports from CMS or the states, cancer registries,
Census Bureau data, the Area Health Resource File, and special datasets such
as Medicaid enrollment files, AMA Master file, and data on health informa-
tion technology implementation. These other data sources, which expand the
analytic potential of discharge data, link to discharge data through hospital
identifiers, physician identifiers, geographic area identifiers (e.g., county or zip
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Table 1: Types of Uses of Statewide Hospital Discharge Data

Type of Use Description

Public Safety and Injury
Surveillance and Prevention

States use the data to routinely track injury such as those
from accidents, falls, and weapons.

Public Health, Disease Surveillance,
and Disease Registries

States use the data for monitoring diseases that are
generally treated in hospitals, such as severe trauma. In
some cases, the data are used to supplement disease
registry data, such as cancer registries. States use the data
to report health care utilization related to Federal
programs such as maternal and child health block grants.

Public Health Planning and
Community Assessments

States use the data to monitor progress in meeting
Healthy People goals, potential impacts from hospital
mergers, closures and conversions from nonprofit to
for-profit status. States and local communities use the
data to obtain hospital utilization rates for specific
conditions (e.g., avoidable hospitalizations) and use this
with other information about community health,
resources, and population.

Public Reporting for Informed
Purchasing and Comparative
Reports

States use the data to develop all-payer public reports on
hospitals. In some cases, this is very basic information
such as caseloads for specific conditions and surgeries,
length of stay, and charges. In some states, the reports
are more sophisticated, involving complex analyses to
provide risk-adjusted outcomes, such as mortality and
readmissions.

Quality Assessment and
Performance Improvement

Beyond the public comparative reports, hospitals use the
information for quality assessments and internal
improvements. The statewide data provide hospitals
with information on their own performance as well as
benchmarks on their peers.

Private-Sector and Commercial
Applications

Hospitals, their consultants, and other private entities use
the data to provide hospitals and health plans
information on the business and financial side of hospital
services. Hospitals are interested in patient flow and
market share analyses—both their own and other
hospitals in their market area, and efficiency assessments
such as casemix- or severity-adjusted length of stay.

Health Services andHealth Policy
Research Applications

The data are used for research on diverse health services
and health policy topics. These include studies on the
effects of financing and delivery systems on hospital
service use and outcomes, hospitalizations for ambulatory
care sensitive conditions (that provide a window on
access to high-quality outpatient care), racial differences
in use and outcomes, geographic variations, effects of
government policies, and comparative effectiveness of
different clinical practices and interventions.

Source: Schoenman et al. (2007).
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code), patient identifiers (accessible on some SDO data after a special
application process).

The HSR article topics were wide-ranging covering health policy,
access and utilization of care, impact of race–ethnicity and insurance,
clinical and quality aspects of care, economics and financing, and
research methods development. As examples of health policy studies,
Mark et al. (2013a) examined the impact of nurse staffing legislation on
patient outcomes. White (2014) and He and Mellor (2013) examined the
impact of changing Medicare pricing policy. Studies investigating the
impact of race or insurance coverage include Bazzoli et al.’s (2012)
research on the impact of safety-net hospital closures and conversions on
racial–ethnic minorities’ access (travel times) and Morriss’s (2013) exami-
nation of uninsured neonates’ mortality. Seymour et al. (2012) studied
hospital variation in intensive care unit use, an example of utilization
studies. Several studies focused on clinical practice or quality of care,
including Howard and Shen’s (2014) assessment of practice changes fol-
lowing a clinical trial involving percutaneous coronary intervention. Of
the many studies on complications and patient safety, Hernandez-Bous-
sard et al. (2012) examined the relationship between patient safety and
surgical volume. Smith et al.’s (2012) article crosses several topical areas
(patient safety, insurance coverage, and economics) by studying Medicaid,
hospital financial stress, and adverse medical events for children. Several
additional articles examined the economics and financing of care, such as
Reiter, Jiang, and Wang’s (2014) investigation of how safety-net hospitals
fared financially over the recession. The methods-focused articles
included one germane to measurement of quality for public reporting
and pay-for-performance (Davies et al. 2013), one on estimating hospital
prices (Levit, Friedman, and Wong 2013), and one on international com-
parisons of patient safety given disparate national data systems (Dr€osler
et al. 2012).

In addition to the topic areas described above, the studies have other
notable features. Three studies used inpatient data to examine the effects of
outpatient programs or reimbursement (Conti 2013; Deily et al. 2013; He
and Mellor 2013). Two studies used discharge data with other data for
simulations (Braithwaite et al. 2013; Ghaffarzadegan, Epstein, and Martin
2013). Most studies were about adults, but some studies focused on elderly
adults (Davies et al. 2013) or children (Smith et al. 2012; Morriss 2013;
Romley et al. 2014). Most were patient-level studies, but some aggregated
the discharge-level data for hospital-level analyses (Braithwaite et al. 2013;

1282 HSR: Health Services Research 50:S1, Part II (August 2015)



Davies et al. 2013; He and Mellor 2013; Levit, Friedman, and Wong 2013;
Mark et al. 2013a; Reiter, Jiang, and Wang 2014) and one aggregated to
metropolitan statistical area (White 2014). While many studies used broad
patient types, some concentrated on specific types of conditions or
procedures, including cancer (Bradley et al. 2012; Dawes et al. 2014);
cardiac (Howard and Shen 2014; Maxwell et al. 2014; Romley et al. 2014);
influenza (Braithwaite et al. 2013); pregnancy, delivery, or neonatal care
(Deily et al. 2013; Ghaffarzadegan, Epstein, and Martin 2013; Morriss
2013); and a specific category of surgeries (Ghaffarzadegan, Epstein, and
Martin 2013; He and Mellor 2013; Martin et al. 2013; Howard and Shen
2014; Maxwell et al. 2014; Romley et al. 2014).

LIMITATIONS OF THE DATA

Statewide discharge data have limitations that affect their usefulness and
accuracy for some analyses. Schoenman et al. (2007) described the limita-
tions as falling into three types: quality of data elements, missing data
elements, and excluded populations. One data quality problem they identi-
fied concerns the accuracy of some ICD-9-CM-coded diagnoses and pro-
cedures, including miscoding and omission of comorbidities. O’Malley
et al. (2005) noted a number of factors that may affect the data quality of
the ICD-9-CM diagnoses, including the quality of information in the med-
ical record, coder training and experience, facility quality control, and
unintentional and intentional coding errors. Incentives to maximize reim-
bursement and to code only clinical information that affects reimburse-
ment may affect the discharge data. Another shortcoming is that the
maximum number of diagnosis and procedure fields is limited on some
state’s data. For example in 2012, some SDOs had a maximum of 9 or 10
diagnoses, while most had a maximum of 20 or more (Coffey et al. 2015).
Thus, some states may have incomplete information for the more complex
cases, affecting analyses (Iezzoni et al. 1992; Romano and Mark 1994).
Another data quality concern mentioned by SDOs (Barrett et al. 2014)
concerns expected payer, particularly that Medicaid enrollees in managed
care may be miscoded as privately insured (Chattopadhyay and Bindman
2005). Data quality also suffers for multistate analyses when states collect
data elements differently (Coffey et al. 1997), such as collecting different
categories for expected payer categories (Barrett et al. 2014) or for race–
ethnicity (Geppert et al. 2004; Andrews 2011).
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Missing data elements limit the usefulness of the statewide data. For
example, the statewide discharge data include hospital charges but do not
include the hospital’s costs to provide the services or the reimbursed
amounts from payments by health plans or patient copays (Riley 2009).
Many states do not include patient identifiers which would be useful for
examining readmissions or for linkages to outside datasets. Similarly,
physician identifiers are not collected in all states, limiting analyses such
as studies of variations in physician practice patterns and outcomes. The
data do not include information concerning events outside the hospital,
such as out-of-hospital deaths. As discussed further in a later section, the
statewide discharge data include some clinically related data elements
such as ICD-9-CM-coded diagnoses and procedures, but they generally
do not include detailed clinical data such as physiological measures,
laboratory results, and functional status.

Another type of limitation is that the statewide data generally do not
cover Federal hospitals, such as Veteran’s Administration and Indian
Health Service. Most states also do not have records for residents who use
hospitals in another state (border crossing), although some SDOs enter
into agreements to share such information, and analysts using data from
multiple states may be able to identify border crossing through the patient
zip code data element when available.

Researchers may attenuate some limitations through statistical
approaches, data manipulations, or linkages to outside datasets. For
example, statistical imputation methods may address missing data
(Houchens 2015). In the absence of patient identifiers to identify
readmissions, one study created an algorithm to develop patient-level
records for leukemia and lymphoma patients using sex, age, race, insur-
ance status, and zip code (Mitchell et al. 1997). Linkages expand the
uses of the data (Riley 2009; Bradley et al. 2010). For example, linking
the discharge data to death certificate files expands the mortality
information to include out-of-hospital deaths (Herrchen, Gould, and
Nesbitt 1997; Zingmond et al. 2004; Mark et al. 2013b). By using
hospital cost reports (Medicare and or state financial records) with the
discharge data, researchers can estimate the hospital cost to produce the
care (Friedman et al. 2002; Riley 2009) or price (health plan payments)
of the stay (Levit, Friedman, and Wong 2013). Because the data do not
include information on a patient’s income, researchers often employ a
proxy measure using the median income of the patient’s zip code
(Krieger et al. 2002).
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AHRQENHANCED STATE DATAGRANTS: IMPROVED
CLINICALCONTENTAND RACE–ETHNICITYDATA

To foster the improvements of clinical content and patient race and ethnicity
data in statewide hospital discharge data, the AHRQ awarded eight 3-year
grants in 2010 (AHRQ 2014a). These grants were part of the American
Recovery and Reinvestment Act funding to improve the data infrastructure
for comparative effectiveness research (AHRQ 2010; O’Day et al. 2014).

Improving Clinical Content

The clinical information in statewide discharge data focuses on diagnoses and
procedures coded in ICD-9-CM (and for certain types of records, CPT�)
codes. It also includes other data elements concerning the patient’s clinical
status such as discharge status and admission type (e.g., emergency, urgent,
elective, trauma). As noted earlier, in recent years most states have begun to
collect a “present on admission” indicator associated with each diagnosis to
distinguish complications that began during the hospital stay from conditions
that were present at hospital admission. While these are valuable data, they do
not include more detailed information on the clinical status of the patient such
as physiological measures (Tabak, Johannes, and Silber 2007; Escobar et al.
2008; Hayward 2008) or functional status (Iezzoni and Greenberg 2003) that
are needed for some research. The growing availability of clinical data in
electronic medical records, coupled with increasingly sophisticated health
information technology, creates new opportunities to enhance the clinical
content of hospital discharge data. Additional clinical detail would be useful
for more precise measurement of patient severity and risk adjustment, as
outcome measures or to identify a specific clinical study sample. Thus,
clinically enhancing these data would expand their capacity to support studies
concerning comparative effectiveness, quality improvement, efficiency, and
health policy. The enhanced data may also improve the accuracy of reports on
provider quality (Pine et al. 2007; Tabak, Johannes, and Silber 2007).

Table 3 provides information about the five Enhanced State Data Grant
projects that focused on improving the clinical content of statewide hospital
discharge data (AHRQ 2014a). These projects were aimed at improving the
data in their state by linking in electronic clinical laboratory data (Hawaii,
Minnesota, New York grants), hospital pharmacy data (Minnesota grant), pre-
hospital emergency care data (New Jersey grant), and/or vital record birth and
death certificate data (Florida, Minnesota, New Jersey grants).
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Using information and materials developed by the grantees, AHRQ
developed the Clinical Content Enhancement Toolkit (AHRQ 2014b) for
other SDOs and interested parties to learn from the grantees’ experiences.
The toolkit focuses on supplementing statewide discharge data with
laboratory, pharmacy, vital statistics, and emergency medical services data
and covers:

• Information to make the case for improving the clinical content of
statewide discharge data to improve the accuracy for quality measure-
ment and research.

Table 3: State Data Enhancement Grants to Improve Clinical Content

State
Grantee and Source of

Statewide Discharge Data Enhancement of Statewide Hospital Discharge Data

Florida Grantee
University of South Florida
Source of Statewide
Discharge Data
Florida Agency for Health
Care Administration

Linked inpatient, emergency department, and
ambulatory surgery data to vital statistics (birth
and death) and hospital financial data to create a
multiyear enhanced statewide maternal child
dataset. Strategies for linkage of the maternal
and child records were created to overcome
such challenges as multiple births and records
with missing patient identifiers.

Hawaii Grantee
Queen’s Medical Center
Source of Statewide
Discharge Data
Hawaii Health Information
Corporation

Linked statewide data to laboratory results data;
further developedmaster patient identifier to
link and track patients across hospitals
throughout the state.

Minnesota Grantee and Source of
Discharge Data
Minnesota Hospital
Association

Increased number of hospitals submitting
laboratory data for linkage to discharge data,
added inpatient pharmacy linkage, improved
linkage of patients across hospitals and with
death certificates. Focused on treatment of acute
decompensated heart failure.

New
Jersey

Grantee
Rutgers University
Source of Statewide
Discharge Data
New JerseyDepartment
of Health

Linked inpatient and emergency department data
to prehospital emergencymedical services data
and death certificates. Focused on therapeutic
hypothermia on survivors of cardiac arrest.

New
York

Grantee and Source of
Discharge Data
NewYork Department
of Health

Linked discharge data to laboratory results data.
Focused on coronary artery bypass graft surgery
and elective percutaneous coronary
interventions.

Source: AHRQ (2014a).
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• Materials to recruit and train hospitals.

• Information on relevant electronic data standards.

• Information and templates related to the process of data collection
and linkages.

Improving Race–Ethnicity Data

Despite the substantial improvement in the number of states collecting race–
ethnicity, two types of problems remain: (1) the most current data standards
and recommended coding for race and ethnicity data have not been
implemented widely and (2) the quality of race/ethnicity data remains sus-
pect. Good quality, standardized race/ethnicity data are important to support
studies on racial and ethnicity disparities (National Research Council 2004;
National Committee on Vital and Health Statistics 2005; Institute of Medi-
cine 2009). In addition, even when disparities are not the focus of a study,
many studies use race and ethnicity data as one of the several patient charac-
teristics to examine in relation to the main study question and/or as control
variables. In addition, states and local communities need good quality
discharge data to support their disparity monitoring and reduction efforts
(Hanlon and Raetzman 2010).

SDOs vary in the race–ethnicity information they collect (Geppert et al.
2004; Andrews 2011). This inconsistency causes problems in multistate
analyses and developing national estimates. About half the states collect the
data using the current 1997 Office of Management and Budget (OMB) catego-
ries (OMB 1997), a Federal standard that is a useful minimal standard
(Institute of Medicine 2009). About half of the states use the older 1977 OMB
standard. Among states collecting race data, information about Hispanic
ethnicity varies—a few states collect no information to identify Hispanic
patients; about two-thirds have a separate data element for ethnicity (the
preferred approach), while the remaining states have a combined race–ethnic-
ity coding (this may meet the 1997 OMB standard, but it is not the preferred
method). A few states collect more granular data than the 1997 OMB
standards (with the ability to roll-up to OMB categories). Hawaii, for example,
collects detailed Asian and Pacific Islander categories (Chinese, Filipino,
Japanese, Native Hawaiian, and other Pacific Islanders) that coincide with the
demographics of their state. A few states collect information about multiracial
status—either “multirace” as a separate category or multiple fields for separate
reporting of the multiple race and ethnicity categories.
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This variability across states largely stems from the absence of race
and ethnicity on the national standard for the hospital claim, unlike most
data elements collected in statewide discharge data. In 2007, the NUBC
added race and ethnicity to the UB as options for “public health report-
ing” (e.g., to report to SDOs), but they remain unacceptable on claims to
health plans. The UB optional fields include separate reporting of race
and ethnicity and the capability of multiracial reporting. The UB uses the
Centers for Disease Control Race and Ethnicity Code Set, which has a
hierarchical structure that provides for detailed reporting of race and eth-
nicity but also for “rolled up” codes that are compatible with the current
OMB standard. Several states have migrated to this UB optional standard
in recent years.

In addition to the standardization problems, there are ongoing concerns
about the accuracy and completeness of the race and ethnicity data. One con-
cern is that hospitals may use observation to collect the information (Gomez
et al. 2003; Hasnain-Wynia, Pittman, and Pierce 2004) rather than the pre-
ferred method of asking the patient. The research on accuracy of race–ethnic-
ity coding in hospitals suggests that it is particularly problematic for American
Indians and Alaska Natives, but good for non-Hispanic whites and blacks
(Blustein 1994; Korenbrot, Ehlers, and Crouch 2003; Fiscella and Meldrum
2008). Another problem area is the level of missing data in some states and
hospitals, particularly when the reporting is voluntary and not mandated
(Geppert et al. 2004).

Table 4 provides information about the three Enhanced State Data
Grant projects that focused on improving the quality of race and ethnicity data
in statewide hospital discharge. These projects were aimed at improving the
data by (1) education and training of hospital staff concerning the importance
of collecting accurate race–ethnicity data and methods to accurately collect
self-reported information from patients (California and New Mexico), (2)
assessing the quality of race–ethnicity reporting through a variety of quantita-
tive approaches (California, New Mexico, Oregon/Washington), and (3)
changing state regulations to standardize and expand data collection (New
Mexico).

Using the products and materials developed by the grantees,
AHRQ developed the Race and Ethnicity Data Improvement Toolkit
(AHRQ 2014c) as an online resource for SDOs, hospitals, and research-
ers interested in improving hospital race and ethnicity data. The toolkit
includes:
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Table 4: State Data Enhancement Grants to Improve Race and Ethnicity
Data

State(s)
Grantee and Source of

Statewide Discharge Data Enhancement of Statewide Hospital Discharge Data

California Grantee
University of California,
Los Angeles

Source of Statewide Discharge
Data

California Office of
StatewideHealth
Planning and
Development

Created and disseminatedmaterials for hospitals
to consistently collect self-reported race,
ethnicity, language data (R/E/L). Conducted
educational webinars for hospitals. Performed a
baseline assessment of hospitals’R/E/L data
collection, reporting, and accuracy.

Developed candidate audit measures and tested
them by linking the discharge data to birth
certificates and cancer registries.

Compared California’s data quality to six other
states using the auditing approach.

NewMexico Grantee and Source of
Discharge Data

NewMexico Department
of Health

Revised state regulations to mandate hospital
reporting of race, ethnicity, and tribal identifier
data and to align coding with 1997OMB
standards. Formed a focus group of AI/AN
persons to guide implementation of the
collection of tribal identifiers.

Conducted hospital key informant survey to
understand hospital practices and target methods
to improve R/E data collection. Developed
trainingmaterial and conducted in-person
hospital trainings concerning the need to
improve, andmethods to collect, self-reported
R/E data.

Evaluated educational intervention concerning:
(1) accuracy of R/E data compared to patient
survey reporting; (2) change in hospital staff’s
knowledge about R/E data collection; (3) change
in completeness of reported R/E data.

Oregon and
Washington

Grantee
Northwest Portland Area
IndianHealth Board/
Northwest Tribal
Epidemiology Center

Source of Statewide Discharge
Data

OregonHealth Authority
andWashington
Department of Health

Conducted record linkages and data analyses to
identify racial misclassification of AI/AN in
discharge data using the most complete roster of
Northwest AI/AN people.

Improved collaboration between the Tribal
Epidemiology Center and state data
organizations concerning race data quality and
the need for accurate data for state surveillance
systems for minority health.

Source: AHRQ (2014a).
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• Information to make the case for improving race, ethnicity, and
language data, including the benefits of improving the data collection
and examples of using the data to track and reduce disparities.

• Education and training materials for hospital staff, including scripts
for data collection, example questionnaires, and training evaluation
materials.

• Quantitative approaches to examine the accuracy of the data
collected (e.g., through linkages to outside databases or follow-back
surveys).

CONCLUSION

Statewide discharge data support a wide range of health services research, as
well as state, local, and hospital information needs. Though widely used, they
have limitations. The AHRQ-funded Enhanced State Data Grants addressed
limitations in the clinical content and race–ethnicity data. Pine et al. (2015)
discuss the challenges the grantees faced in conducting their projects and their
plans for sustaining their efforts following the grant funding. The goal of the
AHRQ web-based toolkits, this AHRQ-sponsored HSR special issue, and
other dissemination avenues is to demonstrate that improvements are
possible and to provide technical resources to foster widespread enhance-
ments based on the grantees’ experiences.

In addition to possible future improvements stimulated by the AHRQ
grants, the statewide discharge data are likely to change in other ways. The
data have evolved over the last four decades in response to user needs, policy
priorities, identified limitations, and national data standards. Going forward,
we can expect these influences to prompt modifications—some foreseeable,
but many unknown.

The most significant and challenging change is the transition from ICD-
9-CM to ICD-10-CM/PCS in October 2015. The ICD-10-CM/PCS is
substantially different from ICD-9-CM, with greater specificity (with many
times more codes), and a different coding structure and format (Utter et al.
2013). Hospitals, health information coders, SDOs, and the Federal govern-
ment have been working diligently to prepare their data systems for the new
code sets. For example, AHRQ developed ICD-10 versions of its HCUP clini-
cal grouper tools, is converting Quality Indicators software to ICD-10-CM/
PCS (AHRQ 2014d), and has other online resources for SDOs (AHRQ
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2014e). The transition presents challenges for researchers, who must under-
stand the structure and format of the new code sets to use them appropriately.
Some researchers are concerned about the quality of data during the initial
transition (Krive et al. 2015), as well as potential ongoing coding problems
(Utter et al. 2013). Longer term, because the two coding systems are so differ-
ent, analyses using multiyear data with the two coding systems will be
problematic. Researchers will be essential in the transition by evaluating coding
accuracy, identifying appropriate and inappropriate uses of the code sets, devel-
oping methods that exploit the code sets’ strengths, and creating nuanced bridg-
ing methods for multiyear studies involving new and old code sets.

Statewide health care data may be available for a broader range of
services in the future. Many states have extended hospital data to ED and
ambulatory surgery encounters, and at least a dozen SDOs are collecting
information on hospital observation services (Hockenberry et al. 2014). In
the last decade, several states began collecting inpatient, outpatient, and
pharmacy claims data from insurance plans (Porter et al. 2015). These All-
Payer Claims Databases (APCD) aim for claims from all-payers, except the
uninsured, but may exclude some payers such as Medicaid and Medicare.
With a dozen existing systems varying in service and plan coverage, APCDs
are at a promising developmental stage, similar to where statewide discharge
data were in the 1980s. They have the potential to support studies that com-
plement the population-based statewide discharge data, for example, on
health care payments, ambulatory services, and episodes or continuum of
care (Love and Steiner 2011).

Advances in computers and health information technology could
influence the collection and distribution of the statewide discharge data, pos-
sibly resulting in more timely data access. The electronic health record could
provide a wealth of clinical information to the discharge abstract, as well as
additional patient demographics (e.g., preferred language). EHRs are
designed for clinical care, and optimal uses for research are emerging (Holve
and Calonge 2013; Gardner et al. 2014; Randhawa 2014; Tai-Seale et al.
2014). The Enhanced State Data grantees improved clinical content through
linkages to other data systems, such as electronic laboratory, pharmacy, and
emergency medical services data. Alternatively, the UB could add key clini-
cal information from the EHR if useful for payers (e.g., for pay-for-perfor-
mance measures), similar to the POA indicator addition. If future payment
policy does not require the UB, SDOs would need a new standardized
reporting foundation, which could include EHR-based clinical data in a con-
sensus-based core dataset (e.g., an updated UHDDS).
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Government policy changes could affect the content and limitations of
statewide discharge data. For example, prompted by the Patient Protection
and Affordable Care Act (ACA), at least one state (Arizona) is planning to
modify its expected source of payment field to track the impact of HIE cover-
age (Barrett et al. 2014). State variability in Medicaid expansion under the
ACAmay challenge data collection and analyses of payer codes. In particular,
some states are proposing to use Medicaid funds for premium support for
insurance through health insurance exchanges (Kaiser Family Foundation
2015). When submitting data to SDOs, hospitals will likely have difficulty
identifying such patients as Medicaid-funded and instead code the payer as
private insurance (similar to their current difficulty identifying Medicaid man-
aged care patients). Changes in payment policy to bundled payments could
limit the information about individual hospital stays and visits if payers no
longer require a separate claim for each encounter. More dramatically, if
claims were not required under a future payment system, SDOs would need
to find another data standard to replace the UB.

Use of statewide discharge data grew over the last 40 years because the
data continually met two key requirements—they are useful and require mini-
mal burden to create and use. To maintain usefulness, they will need to adapt
to changing needs of major stakeholders for population-based data—states,
hospitals, policy makers, and researchers. To minimize resources in creating
useful data, they need to continue leveraging government and payment
reporting requirements, use data standards, and stay current with computer
and health IT advances. Although SDOs and the hospital sector will be the
central players, future advancements will require collaborations with
researchers, the Federal government, and private foundations to demonstrate
value, develop analytic methods, identify needed improvements, and support
and test innovations. Through such collaborations over the last 40 years,
statewide hospital discharge databases have become an important component
of the data infrastructure for health services research.
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NOTES

1. The development and contents of the HCUP databases are documented in the
HCUP User Support website available at http://www.hcup-us.ahrq.gov

2. Based on a search for journal articles published in 2014 that used at least one of the
HCUP databases. The search was made with the HCUP Publications Search feature
at http://www.hcup-us.ahrq.gov/reports/pubsearch/pubsearch.jsp
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