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Preface

The RAND Corporation launched the Gun Policy in America initiative in January 2016 with
the goal of creating objective, factual resources for policymakers and the public on the effects
of gun policies. Researchers studying this topic are often interested in the effect of policies on
deaths and injuries caused by firearms. One particular challenge for researchers in this area is
that there is no single resource that provides reliable estimates of state-level firearm injuries. The
data that do exist are sparse across state-years and cost-prohibitive to access. Deaths caused by
firearms are tracked accurately at the state level, but there are questions about whether firearm
injuries follow similar longitudinal trends as firearm deaths and whether policies affect deaths
and injuries in the same manner. Moreover, the true cost of gun violence can be calculated
only by accounting for firearm injuries. Therefore, as part of the Gun Policy in America initia-
tive, RAND researchers developed a longitudinal database of state-level estimates of inpatient
hospitalizations occurring as a result of firearm injury. This database, the RAND Database of
Hospitalizations for Firearm Injury, is free to the public and provides estimates of state-level
hospitalizations for firearm injury from 2000 through 2016 for all 50 U.S. states. This docu-
ment describes the methods that the researchers used to construct the estimates and provides
technical documentation and other information that will facilitate use of the database.

The RAND Database of Hospitalizations for Firearm Injury is one of several research
products stemming from the Gun Policy in America initiative. Other products include a state
firearm law database, a systematic literature review and evaluation of scientific studies exam-
ining the effects of 18 classes of gun policies on eight outcomes (e.g., rates of violent crime
and defensive gun use), a survey of policy experts that identified where access to reliable data
would be most useful in resolving policy debates, and an online policy analysis tool that allows
users to explore how different combinations of policies are likely to affect a variety of outcomes
(using results from the survey of gun policy experts). These and other resources are publicly
available on the project website at www.rand.org/gunpolicy.

The RAND Database of Hospitalizations for Firearm Injury and this document should
be of interest to policymakers, researchers, and other stakeholders looking for information on
state-level firearm injury hospitalizations in the United States.

Justice Policy Program

RAND Social and Economic Well-Being is a division of the RAND Corporation that seeks to
actively improve the health and social and economic well-being of populations and communi-
ties throughout the world. This research was conducted in the Justice Policy Program within
RAND Social and Economic Well-Being. The program focuses on such topics as access to
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justice, policing, corrections, drug policy, and court system reform, as well as other policy con-
cerns pertaining to public safety and criminal and civil justice. For more information, email
justicepolicy@rand.org.

Funding

Funding for the Gun Policy in America initiative was originally provided through unrestricted
gifts from RAND supporters and income from operations. Since June 2018, this initiative has
been supported by a grant from Arnold Ventures.
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Summary

Accurate time-series data on firearm injuries in the United States are critical for several impor-
tant purposes, including documenting the total cost or social burden from firearm injuries,
evaluating the effects of policies designed to reduce such injuries, understanding the factors
associated with firearm injuries, and documenting changes in firearm injury rates over time.
Unfortunately, comprehensive data on firearm injuries in the United States are not collected,
and the data that are available have substantial limitations that restrict their usefulness for
these purposes. Many of the available data on injuries are on small or unrepresentative samples
or are available only at the national level, or sources have changed their data collection proce-
dures over time. The absence of a national data system that provides reliable, complete, and
comparable state-level data on nonfatal firearm injuries severely limits our understanding of
temporal and geographic variation in the extent of firearm-related morbidity.

Some accurate and complete data on firearm injuries requiring hospitalization are avail-
able from State Inpatient Databases (SID). However, they still suffer from several limitations
for research into firearm injuries. Several states do not currently report to such databases or
have only recently begun to abstract these records into such a database, and the existing state-
level databases are not available from any single source. Furthermore, even when SID data exist
for a given year, they could have substantial missingness on the particular portion of the medi-
cal record that is needed for identifying injuries caused by firearms.

The goal of the current research is to create a state-level panel database of inpatient hospi-
talizations for firearm injury from 2000 through 2016. We address the limitations with exist-
ing state-level data by combining most of the available SID data on firearm injury and other
relevant covariates into a single source, imputing data for the state-years where such informa-
tion is missing, and correcting for biases in the number of firearm injuries contained in the
SID on the basis of the extent to which injury data in each individual SID file are missing
information about the mechanism, or cause, of injuries.

Data

As part of this project, we pulled together several different data sources for the rate of firearm
hospitalizations in each state-year between 2000 and 2016. The largest source of data was
from summaries of SID data available through the Healthcare Cost and Utilization Project
(HCUP)’s online database, HCUPnet (HCUDPnet, undated). However, this data source was
supplemented with further information from full-state SID data, state health department data
on hospitalization from individual state web portals, and data provided by state departments of
health in response to our direct requests. This process resulted in 572 state-years with observed
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firearm hospitalization rates between 2000 and 2016, out of 850 possible state-years. Data on
the amount of missing information on the causes of injuries within the state hospitalization
data were extracted from two Agency for Healthcare Research and Quality reports (Barrett
et al., 2016; HCUP, 2020a) that provide the percentage of injuries in the SID that lack infor-
mation about the mechanism of injury for specific state-years. The analyses also included a
variety of covariates that are hypothesized to be associated with the rate of firearm hospitaliza-
tions. These covariates, which were drawn from several sources, were the rate of nonsuicide
firearm mortality; the rate of reported violent crimes involving firearms; the proportion of hos-
pitalizations caused by firearms within the National Inpatient Survey; and a variety of state-
level annual demographic, economic, and social characteristics.

Method

Both the imputation of missing hospitalization data and the correction for incomplete injury
mechanism data were done simultaneously in a single Bayesian regression model. Multiple
imputation data sets were created corresponding to the Markov Chain Monte Carlo samples
from the Bayesian model. The model used a complex error structure that was designed to cap-
ture key features of these data, including the larger variance in firearm hospitalization rates for
less-populous state-years and the correlation of values within each state over time.

Findings and Conclusions

The model provided an excellent fit to the observed firearm hospitalization rate data, with a
model R? of 0.92. Because the available covariates are strongly associated with the firearm hos-
pitalization rate, the model can estimate the missing information with a relatively high degree
of precision. We evaluated the imputed data to identify possible problems with the imputa-
tions. These analyses revealed no serious problems, demonstrating that (1) the imputed and
nonimputed values have very similar relationships with a variety of covariates; (2) the imputed
and nonimputed values have very similar state-level clustering, allowing the same analytic
methods to be equally appropriate for both types of data; and (3) the uncertainty in the multi-
ple imputed values is similar to the true error of prediction as assessed through cross-validation.

The resulting data, provided in the RAND Database of Hospitalizations for Firearm
Injury, reveal substantial differences—some by an order of magnitude—in the rate of inpa-
tient hospitalizations for firearm injury across states, as well as relatively stable national trends
in these hospitalizations over time. The variation across states and over time could be used to
evaluate the impact of state firearm policies or other state-level factors hypothesized to influ-
ence firearm injury and could be a useful predictor of other phenomena at the state level. These
estimates can also be useful for calculating the total cost or social burden of firearm injury at
the national or state level, although it is important to note that these data do not capture the
full scope of firearm-related morbidity (i.e., our measures do not capture emergency depart-
ment visits for firearm injuries that do not result in subsequent hospitalization, nor do they
capture individuals with gunshot wounds who do not obtain medical care).
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CHAPTER ONE
Introduction

The scale and impact of firearm violence makes it one of the most pressing social and public
health issues in the United States. In 2018, 39,740 individuals in the United States were killed by
firearms, making firearm violence the second leading cause of injury death in the United States
(Centers for Disease Control and Prevention [CDC], undated). However, these deaths repre-
sent a small fraction of all firearm violence. There are an estimated 40 times as many nonfatal
firearm crimes as firearm deaths (Planty and Truman, 2013) and an estimated 70,000 visits to
emergency departments (EDs) each year for injuries caused by a firearm (Fowler et al., 2015).
Unfortunately, our understanding of temporal and geographic variation in the extent of non-
fatal firearm injuries is limited by the absence of a national data system that provides reliable,
complete, and comparable state-level data on this outcome (Hink et al., 2019).

The effort and cost required to collect nonfatal firearm injury data limit both our under-
standing of basic questions on gun violence (e.g., epidemiological trends in nonfatal gun injury,
changes in the lethality of firearms [Manley et al., 2019]) and our understanding of the full
social and public health consequences of strategies to reduce firearm-related harms. Policies
might have differential effects on nonfatal and fatal firearm injuries because of differences in
the situations, contexts, and populations involved. There are large differences in case-fatality
rates for firearm injuries across intents: for example, the case-fatality rate is 85 percent for
intentional self-harm, 19 percent for assaults, and 5 percent for accidents (Beaman et al., 2000;
Fowler et al., 2015; Lee et al., 1991; Miller, Azrael, and Barber, 2012). Unintentional shootings
are more likely to be nonfatal relative to intentional shootings, and firearm assaults are more
likely to result in survival relative to self-inflicted intentional firearm injuries. Evaluations
focused on firearm mortality, therefore, could miss important implications for firearm assaults
and accidents resulting in serious injury but not death.

Although they are not complete enumerations of nonfatal firearm injuries, several data
sources provide information on firearm injuries that result in an ED or inpatient hospital
admission; this information can offer some insights into the broader scope of firearm-related
morbidity, although these sources likely capture only more-serious firearm injuries. However,
these sources have noteworthy limitations. Several sources with national coverage do not offer
adequate sample size (e.g., number of hospitals or states) to support state-level estimation or
cross-state comparisons; in some cases, data validity, even for national-level estimates, has been
weak (Campbell, Nass, and Nguyen, 2018; Cook et al., 2017b). Other sources obtain a near-
census of ED visits or hospitalizations from participating facilities (or states), but the sample of
participating facilities (or states) varies greatly over time, making comparisons over time and
across states or jurisdictions unreliable.
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State-level inpatient hospitalization data collected through the Healthcare Cost and
Utilization Project (HCUP) provide more-complete and -reliable information to assess fire-
arm injury hospitalizations across states and over time. The HCUP State Inpatient Databases
(SID) are a collection of state-specific data files, typically containing the universe of all hospi-
tal inpatient discharge records in a given state that are submitted by data organizations (e.g.,
public health agencies, hospital associations) in participating states.! Although each partici-
pating organization manages the data collection for its state, the databases share a common
structure and common data elements, including mechanism of injury codes (external cause of
injury codes in the International Classification of Diseases [ICD] directory) that can be used
to identify firearm injury hospitalizations (HCUP, 2020c¢). Each individual state’s SID data
represent a near-census of state-level firearm injuries that resulted in a hospital discharge, but
each state-year data set needs to be purchased separately, representing a serious cost barrier
to most researchers interested in comparing states over time.> Although the HCUPnet data
query system allows public access to aggregate data from the underlying SID, the number of
states participating in the system has also changed over time; as of 2016, 13 states do not pro-
vide inpatient data through HCUPnet, and others have provided very few years of data. Thus,
studies assessing the effects of state policies on firearm injury hospitalizations have been lim-
ited to cross-sectional evaluations or longitudinal studies involving an incomplete, nonrepre-
sentative, and/or unbalanced panel of states (DeSimone, Markowitz and Xu, 2013; McClellan
and Tekin, 2017; Simonetti et al., 2015).

This current project is an effort to produce useful data on state-level counts of inpatient
hospitalizations for all firearm injuries from 2000 through 2016. In so doing, we attempt to
account for two particular challenges with the existing data: incomplete mechanism of injury
codes and the lack of data availability across state-years. Throughout this report, we use the
term completeness of the hospitalization data to refer to the extent to which observed hospi-
talization records for injuries lack the mechanism code that allows them to be attributed to
firearms. We use the term missingness to refer to state-years in which we lack observed hospi-
talization records. Using a single underlying model, we impute the state-years that are missing
hospitalization records and we correct the observed hospitalization records to the extent that
their injury mechanism data are incomplete. We have made these data publicly available as the
RAND Database of Hospitalizations for Firearm Injury.

Next, we discuss what is known about firearm injury prevalence and trends, the limita-
tions of this research, and the need for improved data. We then discuss the data sources used
in this document, our analyses, and the results of a multiple imputation model.

U Bach hospital inpatient discharge record represents a discharge from an inpatient setting in a hospital. In some cases, mul-

tiple such discharge records might concern a single individual. To avoid confusion with the ambiguous term firearm dis-
charge, we primarily refer to hospital discharges for incidents that involved a firearm as inpatient hospitalizations for firearm
injury ot hospitalizations.

2 HCUP also maintains similar data files for ED visits in the State Emergency Department Databases (SEDD). These
data are available from relatively few states over a relatively short time frame.



CHAPTER TWO
Existing Data Sources and Limitations

Unlike with firearm mortality, there is no national data source that provides reliable, com-
plete, and comparable state-level data on nonfatal firearm injury (Hink et al., 2019). However,
there are several existing data sets that contain information relevant for the estimation of the
prevalence of trends in nonfatal firearm injury, albeit a partial picture. In this chapter, we first
describe existing data sources with information on aspects of nonfatal firearm injury that have
national coverage but that are not intended to support state-level estimates.! Although these
data sets might offer insight into broader trends in or patterns of nonfatal firearm injury, their
utility is limited for evaluating more-detailed geographic variation in the prevalence and char-
acteristics of firearm injury and for evaluating how state policy could influence firearm injury
rates. We then describe the relatively few existing data sources that can support state-level esti-
mates of nonfatal firearm injury outcomes, detailing some of the limitations of analyzing these
data sets independently.

National Data

Table 2.1 lists data sources (with national coverage) that contain information on nonfatal fire-
arm injuries but that are not designed to be state-representative (i.e., are designed to yield only
a representative sample at the national or regional level). We discuss these sources individually
in the text that follows Table 2.1. These sources have been used to describe national or regional
prevalence of firearm injuries resulting in an ED visit or hospitalization (Agarwal, 2015;
Kalesan et al., 2014; Kaufman et al., 2021; Srinivasan, Mannix, and Lee, 2014; Swendiman
et al., 2020), the scope of nonfatal firearm victimizations (Morgan and Kena, 2018), and the
health care costs of firearm injuries (Howell and Abraham, 2013; Peek-Asa, Butcher, and
Cavanaugh, 2017). However, because of their designs and limited sample sizes, these sources
are generally not recommended for use in state-level analyses (e.g., HCUP, 2019a; Mercy,
Ikeda, and Powell, 1998) or require state-level analyses to be restricted to higher-population
states, be pooled across years, and/or use small-area estimation techniques (e.g., Blewett et al.,
2016; Sommers, 2005, 20006).

1 We also point interested readers to The State of Firearms Data in 2019, which discusses a wider variety of data sources for

firearm research (e.g., includes review of data on firearm ownership [Wardell et al., 2020]).
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Table 2.1

Public Data Sources for National Estimates of Nonfatal Firearm Injury

Years
Data Source? Types of Information Available Limitations
National Electronic ED visits for nonfatal firearm 1992-2018 Small sample; prone to fluctuation
Injury Surveillance injury, injury intent based on the hospitals included in the
System (NEISS) sample; intent coding unreliable
National (Nationwide) Total hospitalizations, 1988-2018 Small sample; cost to researchers;
Inpatient Sample (NIS) hospitalizations for firearm variation in states’ and data elements’
injury, hospitalizations ending availability; state identifiers omitted
in death after 2011
Nationwide Emergency Total ED admissions, ED 2006-2018 Variation in states’ and data elements’
Department Sample admissions for firearm injury, availability; no state identifiers; cost to
(NEDS) ED admissions ending in death researchers
National Trauma Data Trauma center visits, visits for 2007-2018  Slow uptake at onset of data collection
Bank (NTDB) firearm injury means limited coverage for earlier time
frame
National Emergency Emergency medical services 2006-2020 Access to state identifiers requires
Medical Services (EMS) transportation instances agreements with each state;
Information System with diagnosis and mechanism participating agencies and states vary
(NEMSIS) of injury information, along over time; convenience sample
with type of transport,
incident, and patient
information
National Hospital Patient visits for ambulatory 1992-2018 State and substate geo-identifiers
Ambulatory Medical care services in hospital ED, available only through restricted
Care Survey (NHAMCS) outpatient departments, and research data center (RDC) access
ambulatory surgery locations
National Hospital Inpatient hospitalizations from 1965-2010 Number of hospitals sampled reduced
Discharge Survey nonfederal short-stay hospitals, because of funding limitations; codes
(NHDS)® firearm-related hospitalizations for cause of injury often missing
National Health Injury in past three months, 1997-1999  Self-reports of household respondents;
Interview Survey (NHIS) cause of injury, type of injury, questions on firearm as a cause of injury
body part injured, whether were dropped in 2000
hospitalized
Medical Expenditure Self-reported medical 1996-2019 Small sample; state and substate geo-
Panel Survey (MEPS) conditions because of identifiers available only through RDCs;
accident or injury, health care full ICD codes available only through
utilization, insurance and out- RDCs
of-pocket costs for medical
services
National Crime Victim reported being shot by 1993-2018 Crime only (age 12+); sample bias; small

Victimization Survey
(NCVS)

attacker, gun shot or bullet
wound as injury type

sample

@ Data sources that include information on nonfatal firearm injuries for specific subpopulations (e.g., law
enforcement officers) or locations (e.g., workplace injuries) are not included; see Annest and Mercy (1998) and
Annest, Conn, and James (1996).
The National Hospital Care Survey now integrates data that were formerly collected through the NHDS with
data collected by the NHAMCS.

Information from Health Care Facilities or Medical Service Providers

NEISS is a probability sample of around 100 hospitals (defining hospital as having more than
six beds) that, when weighted, is intended to be representative of hospitals with EDs in the
United States. Publicly available data on nonfatal firearm injury, which are based on a sample
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of EDs in the NEISS since 2000, are published through the CDC’s Web-Based Injury Sta-
tistics Query and Reporting System (WISQARS), but these data have never offered adequate
sample size to support state-level estimation (Mercy, Ikeda, and Powell, 1998). Because NEISS
is one of the most-easily accessible sources of data on nonfatal firearm injury, recent attention
to potential issues with its national-level estimates has highlighted the overall lack of high-
quality data on nonfatal firearm injury (Campbell, Nass, and Nguyen, 2018; Cook et al.,
2017a; Cook et al., 2017b). The relatively small hospital sample size of the NEISS leads to sub-
stantial uncertainty around the estimated national number of ED visits for firearm injuries in a
given year; for instance, in 2015, the point estimate of 85,000 had a 95 percent credible interval
that ranged from 36,600 to 133,400. Issues with “unstable™ estimates in the NEISS have led
to the removal of recent years (2016-2018) of CDC WISQARS nonfatal firearm injury esti-
mates at the national level, although it is worth noting that estimates for other forms of injury
(e.g., BB/pellet guns, cuts/piercings, dog bites, and overexertion) are still reported.

Relative to the NEISS, hospitalization and ED firearm injury data collected through
HCUP draw from a much larger sample of hospitals. HCUP’s national data sets (NIS and
NEDS) are weighted to be nationally and regionally representative but are not designed to be
state-representative. The NEDS data do not include state identifiers, and the NIS data do not
contain state-level identifiers for years after 2011. Both the NIS and NEDS are built from a
stratified random sample of HCUP’s state-level databases (discussed in the next section), and
the number of states participating has changed over time. Thus, for both the NIS and NEDS,
there is variation in which states are included in each year because of variation in which states
provided data in each year and variation in the random sampling that is used to construct the
national data sets. The number of states participating in the NIS has expanded from eight
states in 1988 to 47 states and the District of Columbia as of 2020 (HCUP, 2020d); in 2017,
the unweighted NIS included approximately 7.2 million hospital stays, weighted to repre-
sent approximately 35.7 million hospitalizations nationwide (HCUP, 2020d). The number of
states participating in the NEDS has expanded from 24 states in 2006 to 37 states in 2017;
unweighted, the NEDS contains information from approximately 33.5 million ED visits each
year, weighted to represent approximately 145 million ED visits per year (HCUP, 2019b). For
both data sets, researchers can purchase annual data files with information provided at the
discharge level;? firearm injuries are identifiable through External Cause of Injury Codes (mul-
tiple codes allowed per discharge).

The NTDB aggregates data from individual trauma center registries across the United
States. With the adoption of the National Trauma Data Standard in 2007, the NTDB aimed
to collect a standardized set of data elements from hospital trauma centers across the United
States (Haider et al., 2012). Participation in the NTDB is voluntary, but since 2008, participa-
tion has been required for hospitals to obtain American College of Surgeons Committee on
Trauma verification (Shafi et al., 2009). The scope of coverage of the NTDB has thus changed
greatly over time. In 2016, 765 facilities submitted data to the NTDB, providing information
on more than 968,000 records—nearly double of that submitted in 2007 (American College

2 The WISQARS system does not present national estimates that are considered unstable: This is defined as having a coef-
ficient of variation (i.e., standard error/national estimate) of over 30 percent, an estimate of ED visits for firearm injuries
lower than 1,200, or fewer than 20 unweighted records (CDC, 2021).

3 Pricing of the data files varies by dara year; more-recent years of data have higher prices. The 2018 NIS and NEDS files
are priced at $750 and $1,000, respectively; there are discounted prices available to students (HCUP, 2020b).
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of Surgeons, 2020; Fantus, 2018). The NTDB produces data files for research use that contain
a subset of all data elements collected, including information on patient characteristics, dis-
charge and outcome information, source of payment, processes of care, diagnosis and external
cause of injury codes, and injury severity. However, the publicly available research files do not
appear to contain information that could be used to identify the state where the hospitaliza-
tion occurred.

The NEMSIS is a database, funded through the Office of EMS at the National Highway
Traffic Safety Administration, that compiles data from EMS agencies across the United States
to provide a standardized national registry of EMS patient contacts. The NEMSIS is a conve-
nience sample that relies on information submitted by EMS agencies in participating states,
but data from NEMSIS have been shown to be generalizable to the U.S. population of EMS
patients (Mann et al., 2015). The data contain information on dispatch reason, patient char-
acteristics, EMS response factors, incident characteristics, procedures and medications admin-
istered, provider impressions, patient symptoms, and cause of injury (e.g., firearm assault);
these data have been used to analyze EMS response to mass shooting incidents (Klassen et al.,
2019). However, the quality and completeness of the data are dependent on the completeness
and accuracy of reporting by EMS field personnel and the level of coverage of participating
jurisdictions. The number of participating agencies and states has increased over time; during
the first half of 2020, 10,620 EMS agencies from 47 states and U.S. territories submitted infor-
mation on more than 19.7 million EMS activations (NEMSIS, undated). Public-use data sets
are made available for research purposes, but acquiring state identifiers would require separate
agreements with each state.

The NHAMCS collects data on the use and provision of ambulatory care services in
hospital EDs, outpatient departments, and ambulatory surgery locations (excluding federal,
military, and Veterans Administration hospitals). Information is collected from a probability
sample of facilities that is designed to be nationally and regionally representative; hospital par-
ticipation is voluntary (Hsiao, 2010; McCaig and Burt, 2012). From these facilities, data for a
systematic random sample of visits are recorded using a computerized form on which patient
characteristics, diagnosis, services ordered or provided, and treatments are entered. The 2017
survey consisted of 234 participating EDs and 138,977 ED visits (weighted; Rui and Kang,
2018). The ED component of the NHAMCS has routinely included mechanism of injury
codes since 1992, and mechanism of injury codes for outpatient visits were provided starting in
1995 (Bonnie, Fulco, and Liverman, 1999). State and substate identifiers can be accessed only
through restricted-access RDCs.

The NHDS was a voluntary survey that collected data on inpatient hospitalizations from
nonfederal short-stay hospitals from 1965 to 2010. Beginning in 2011, inpatient data previ-
ously collected through the NHDS have been integrated with data from NHAMCS as part of
the National Hospital Care Survey. Designed to be nationally and regionally representative,
the NHDS’s national probability sample frame included around 500 hospitals each year until
2007, after which the sample frame was reduced to 239 hospitals (Kalesan et al., 2014). Thus,
although the 2007 survey collected information on approximately 366,000 (weighted to rep-
resent 34.4 million) hospital discharges from 422 hospitals (Hall et al., 2010), the 2010 survey

4 Although the National Hospital Care Survey now provides data formerly collected by the NHDS, these data are made
available only through restricted-access RDCs. Currently, the 2013-2016 data sets and files linked to mortality and Medi-
care data are accessible through RDCs (CDC, 2020).
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is less than half this size (i.e., 141,551 hospital discharges, weighted to represent 38.9 million
hospital discharges from 203 hospitals) (CDC, 2012). Data, which were collected via manual
entry or through an automated system that samples data from electronic records, include infor-
mation on patient demographics, expected source of payment, discharge status, and diagnosis
and external cause of injury codes. However, state and substate identifiers can be accessed
only through restricted-access RDCs. Over time, there appear to be substantial amounts of
missing external cause of injury codes for injury data. In 1991, only 44 percent of injury diag-
noses included external cause codes, although this improved to 64 percent in 1996 (Hall and
Owings, 1994, 2000).

Information from Household Surveys

The NHIS is a cross-sectional household interview survey conducted annually. The NHIS
includes a broad variety of questions to measure the health status of the civilian, noninstitu-
tionalized U.S. population. Beginning with its 1997 survey, a detailed injury section was added
to the Family Core questionnaire, in which the family respondent was asked questions regard-
ing medically attended injuries that occurred to any member of the family in the past three
months. However, specific questions about firearm-related injuries (as well as drowning and/
or water-related injuries) were removed in 2000 (National Center for Health Statistics, 2015),
thus limiting the value of this survey for assessing trends in firearm-related injury.

The MEPS includes a set of national surveys of individuals and families (Household
Component), their medical service providers (Medical Provider Component), and a sample of
private and public employers (Insurance Component) (Agency for Healthcare Research and
Quality [AHRQ)], 2019a). The Household Component draws from a subsample of respon-
dents in the NHIS, providing longitudinal data on these individuals collected over two years
regarding self-reported medical conditions and injuries, type of medical services received (e.g.,
ambulatory, ED, inpatient), and associated health care expenditures. The 2017 survey year
included two panels that had a total of 30,716 persons and 12,756 families (AHRQ, 2019b).
Although self-reported injuries are mapped to ICD codes, the public-use data files do not
include the fully specified codes and thus cannot be used to ascertain firearm-involved injuries
specifically.’ Use of these data for estimating the rates of firearm injury and information on
state or substate identifiers requires restricted access through a specified RDC.

Finally, the NCVS collects information from a sample of households in the United States
to provide estimates on victimization of individuals aged 12 or older. The NCVS includes a
rotating sample of households; approximately 160,000 unique persons (95,000 households)
are interviewed each year; weights are provided to produce nationally representative estimates
(Bureau of Justice Statistics, undated). Information is available on the type of victimization
and weapon(s) used in the incident. Only injuries resulting from nonfatal violent crimes are
included, and all information is based on self-reports. There is evidence that the NCVS esti-
mates of nonfatal firearm injury assault rates are substantially underestimated (Cook, 1985).
The sources of error in counting of firearm assault incidents in survey data might derive from
several reasons. The sampling process might systematically underrepresent individuals from
groups that are most likely to be the victims of firearm assault (Cohen and Lynch, 2007), and
nonfatal firearm injury victims might be unlikely to participate in the survey (e.g., because

> Prior to 2007, respondents who reported a condition that was a result of injury or accident were subsequently queried on
whether the injury involved a gun. This variable was removed beginning in 2007 (AHRQ, 2009).
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the NCVS samples households, firearm injury victims might be unlikely to be the household’s
respondent). Others have shown that victims of certain crime types (e.g., assaults involving an
acquaintance) are less willing to report incidents in surveys or interviews (Skogan, 1975, 1986).

State Data

Under the AHRQ, HCUP and its online query platform HCUPnet are valuable resources
for health care and gunshot injury data. HCUP offers a suite of state-level inpatient and ED
databases, which represent a near-census of state-level firearm injuries that resulted in hospi-
talization or ED admittance. Each state-year data set needs to be purchased separately, which
represents a serious access barrier to most researchers interested in comparing states over time.

Specifically, HCUP maintains the SID and SEDD. HCUPnet is a freely available query
system that can be used to generate aggregate counts of inpatient or ED visits from the SID
and SEDD, but it is more limited than the discharge-level SID and SEDD files that can be
purchased from HCUP (e.g., HCUPnet does not include SID data from all states, and it does
not provide separate counts of those firearm-injured patients who died prior to discharge).
Furthermore, the number of states participating in the HCUP system has changed over time
and several states remain absent. As shown in Table 2.2, 13 states are completely missing.¢ Of
those that are completely missing, most also tend to be unavailable for purchase from HCUP.
The SID data provide much more-complete coverage of states from 2000 to 2016. The HCUP
Purchase columns in Table 2.2 provide an indication of the number of additional state-years
of data that are not provided in HCUPnet but are available for purchase from HCUP. No data
from 2015 are reported in HCUPnet because of that year’s conversion from ICD-9 codes to
ICD-10 codes. (ICD-9 and ICD-10 are revisions of the ICD.)

The publicly available HCUPnet data are limited to particular states; more-recent years
include data from a larger set of states. Additionally, the inpatient data tend to be more read-
ily available at the state level than the ED data are. Accounting for all gunshot injuries across
states over time is challenging because of the amount of missing data.

Another source of state-level data on firearm injury is the Federal Bureau of Investiga-
tion (FBI)’s Uniform Crime Report (UCR), which includes data on crimes committed with a
firearm, although this necessarily excludes accidental and suicide-related firearm injury. Still,
state-level differences in crimes committed with a firearm may be reflective of state-level dif-
ferences in the true amount of firearm injury. Because participation in reporting to the UCR
is voluntary, state-level data from the UCR are only an approximation of the total number of
firearm crimes, which include homicides, robberies, and aggravated assaults that were commit-
ted with a firearm. Additionally, only a fraction of crimes are reported to police, and crimes
committed with guns do not necessarily indicate that a gunshot injury resulted from the crime.
Even aggravated assaults committed with a firearm might only reflect being hit with the gun
itself or the being threatened with a gun along with an assault by other means (e.g., kicking,
another object). For these reasons, state-level firearm crimes that are reported to the UCR are
more useful as predictors of total firearm injury.

6 Alabama, Alaska, Connecticut, Delaware, Georgia, Idaho, Louisiana, Mississippi, Montana, Ohio, Pennsylvania, South
Dakota, and Virginia are missing from HCUPnet.
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Table 2.2
Years of SID and SEDD Availability in HCUPnet and HCUP, 2000-2016

HCUPnet HCUP Purchase HCUPnet HCUP Purchase

State SID SID SEDD SEDD
AL 0 0 0 0
AK 0 0 0 0
AZ 16 1 9 3
AR 12 1 0 4
CA 15 0 0 7
co 16 1 0 0
cT 0 0 0 0
DE 0 0 0 0
FL 16 1 9 3
GA 0 7 0 7
HI 16 0 8 6
ID 0 0 0 0
IL 7 0 6 0
IN 5 0 0 0
1A 16 1 9 4
KS 16 1 0 7
KY 15 2 7 2
LA 0 0 0 0
ME 15 3 0 15
MD 1" 6 9 8
MA 16 1 0 15
Ml 15 2 0 0
MN 15 1 9 2
MS 0 6 0 0
MO 15 0 0 0
MT 0 0 0 0
NE 15 1 9 7
NV 14 1 0 7
NH 5 0 0 0
NJ 16 1 0 13
NM 7 1 0 0

NY 16 1 0 11
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Table 2.2—Continued

HCUPnet HCUP Purchase HCUPnet HCUP Purchase

State SID SID SEDD SEDD
NC 16 1 8 2
ND 5 0 0 0
OH 0 0 0 0
oK 10 0 0 0
OR 16 1 0 2
PA 0 0 0 0
RI 13 1 0 10
SC 16 1 9 8
SD 0 10 0 0
TN 15 0 9 0
X 9 0 0 0
uTt 16 1 9 8
VT 14 1 9 6
VA 0 0 0 0
WA 16 1 0 0
wv 15 2 0 0
Wi 15 2 0 13
wy 8 0 0 0

NOTES: The HCUPnet columns represent state-years that are publicly
available. The HCUP Purchase columns represent additional state-years that
are available but would need to be purchased from HCUP. HCUPnet provides
only aggregate (e.g., state, national) information for a limited set of fields
compared with the HCUP Purchase data, which include a wide variety of
discharge-level information.



CHAPTER THREE
Estimating State Firearm Hospitalizations over Time

Because of the limitations of the existing data on firearm injuries and their considerable miss-
ingness at the state level over time, we sought to impute state-level inpatient hospitalizations for
firearm injury from 2000 to 2016 using a variety of state-level administrative data sources. A
comprehensive assessment of hospitalizations for firearm injuries would include both ED visits
and inpatient hospitalizations, but for this tool we consider only inpatient hospitalizations.
This is a concession resulting from there being no way—with available data—to link patient
identifiers between the SID and SEDD data sets, so we have no way of knowing which inpa-
tient hospitalizations are already counted among recorded ED visits.

Data

We used a combination of administrative data sets to develop the multiple imputation pro-
cedure to create a state-year data set of hospitalization for firearm injury. Data sources and
measures were chosen so long as they (1) included identifiers for state, (2) were theoretically
linked to rates of firearm injury, and (3) were sufficiently large in scale to inform estimates of
variability in firearm injury across states and years. Practically, this means that data must exist
in multiple years for multiple states. We did not require that every measure was available in
every year, although we preferred it.

Data Sources

To obtain direct measures of state-level hospitalizations for firearm injuries, we collected sum-
mary counts of inpatient discharges with relevant ICD external cause of injury codes from
HCUPnet. This query system provides measures of total inpatient hospitalizations and total
inpatient hospitalizations for firearm injury for select states over time.

Prior to 2015, the code set used to define the outcome variable is listed in the ICD-9
column in Table 3.1.

HCUPnet is missing all data on specific diagnosis codes in 2015 because of the 2015
transition from ICD-9 to ICD-10 diagnosis codes. To ensure comparability of the outcome
variable before and after the transition to ICD-10, we used ICD-10 codes in 2016 for initial
encounters for the code set, listed in Table 3.1.

Thirteen states have provided no data to HCUPnet. This results in 494 state-year obser-
vations out of 850 possible observations of state-level inpatient hospitalizations for firearm
injury. To fill in as many of these missing state-years as possible, we also sought publicly avail-
able data on inpatient hospitalizations for firearm injury that are similar to that provided by

11
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Table 3.1
Firearm Injury ICD Codes
Firearm Injury Type ICD-9 ICD-10
Accidental E922.0, E922.1, E922.2, E922.3, W32, W33, W34.00, W34.09, W34.10,
E922.8, E922.9 W34.19
Suicide E955.0, E955.1, E955.2, E955.3, X72, X73, X74.8, X74.9
E955.4, E955.9
Assault E965.0, E965.1, E965.2, E965.3, X93, X94, X95.8, X95.9
E965.4
Legal intervention E970 Y35.001-Y35.023, Y35.092, Y35.093
Terrorism E979.4 Y38.4
Undetermined E985.0, E985.1, E985.2, E985.3, Y22,Y23,Y24.8,Y24.9
E985.4

HCUPnet from other sources listed in Table 3.2. To compare HCUPnet data with data avail-
able through these alternative sources, we collected all available state-years from them, not just
those state-years missing from the HCUPnet data.

To build the multiple imputation model, we collected data from several other sources that
are directly related to firearm injury hospitalizations (see Table 3.3), such as the NIS, which is
not representative at the state level but provides information that can help inform the model for
state-years where there is no state inpatient data (/V = 115). Additionally, , we collected firearm
fatality data across all types of intent (homicide, suicide, accidental)—which is correlated with
firearm hospitalizations at the state level—from the CDC WONDER online query system.

Next, we collected data on violent crime committed with firearms from the FBI’'s UCR;
we used these data as indicators of the criminal use of firearms across states, a certain propor-
tion of which results in firearm injury. As an indicator of state-level prevalence of firearms,
we used data from a RAND longitudinal database of state-level estimates of household fire-
arm ownership (Schell et al., 2020), which provides an estimate of gun ownership by using a
combination of administrative and survey data across states and over time. Other covariates
potentially associated with firearm injury include state-level demographics, which we collected
from the Current Population Survey (CPS) and U.S. Census Bureau, along with unemploy-
ment from the Bureau of Labor Statistics (BLS) and income in 2000 dollars from the Bureau
of Economic Analysis (BEA). The percentage of residents who do not have health insurance
was also collected from the Census Bureau. We also collected data on incarcerated populations
from the Bureau of Justice Statistics and law enforcement officers per capita from the UCR’s
Law Enforcement Officers Killed or Assaulted (LEOKA) data series. The full data set includes
data for 50 states over 17 years (2000-2016).

Data Cleaning

Our data cleaning process was designed to identify outliers in the data and improve the reli-
ability of the outcome data. Outliers in the outcome data could reflect a multitude of mecha-
nisms, such as partial yearly data, incomplete mechanism of injury code reporting, mechanism
of injury code coding changes, errors in the HCUPnet system, or real aberrations in the data
series that reflect true increases or decreases in firearm injury. Outliers were identified by
examining residuals of a regression model that included lead and lagged terms. Outliers were
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Table 3.2
Alternative Sources of State Injury Data
State Years Received Source Years of Data Used
Arkansas 2000-2003 Arkansas Center for Health 4
Statistics Query System?

Delaware 2000-2016 Delaware Health Statistics Center? 9
Indiana 2002-2016 Indiana State Department of 10
HealthP
New Jersey 2008, 2015 New Jersey State Health 2

Assessment Data®
New Mexico 2000-2016 New Mexico Department of 10
HealthP
Oklahoma 2002-2007, 2010  OK2SHARE? 7
Pennsylvania 2000-2016 Pennsylvania Department of 17

Health—Injury Statistics?

Virginia 2000-2016 Virginia Department of Health? 17

SOURCES: Arkansas Department of Health, undated; Delaware.gov, undated; Indiana Department of
Health, undated; New Jersey State Department of Health, undated; New Mexico Department of Health,
undated; Oklahoma State Department of Health, undated; Pennsylvania Department of Health, undated;
and Virginia Department of Health, undated.

@ Data received from online portal or publicly available reports.

b Data received via official request.

defined as values that were 50 percent higher or lower than adjacent years. Several of these
outliers reflected years in which the data reported in HCUPnet were either very high or very
low. For example, HCUPnet reported that New Jersey had 649, 21, and 587 inpatient hos-
pitalizations for firearm injury for 2007, 2008, and 2009, respectively. We replaced the 2008
value with 573, which was obtained from the New Jersey Department of Health inpatient
hospitalizations query system (New Jersey Department of Health, undated). Other outliers
were slightly less extreme, such as Oklahoma’s 2007 and 2008 totals, which jumped from 223
to 413. We replaced the prior 2007 value with 358, which was obtained from a state report
on injuries (Nguyen, Wendling, and Archer, 2011). It is not clear what process produced these
outliers; however, several outliers appear to reflect partial-year reporting in an initial year of
SID data. For example, Nevada reported 69 hospitalizations for firearm injury in 2002, its first
year of SID data in HCUPnet, followed by 264 in 2003.

For state-years with data in both HCUPnet and the alternative sources listed in Table 3.2,
we selected for our outcome the higher value if there was a discrepancy and there was no other
known reason why the lower value would be more accurate. This decision reflects our assump-
tion that undercounts of firearm injury are more likely than overcounts, given the incomplete-
ness of mechanism of injury codes across states and other known issues with injury coding.
Appendix B provides the full list of state-years identified as outliers, the outlier values, and the
values used to replace them.

After combining and cleaning the HCUPnet summaries of SID, the individual SID that
were available to us, the data from state health department web portals, and the responses to
requests for data from state health departments, we had 572 state-years with an observed rate
of firearm hospitalizations from 40 states, representing 67 percent of the possible observations
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Table 3.3

Data Sources for Firearm Injury and Covariates

Data Source State-Level Measures Years N Nonmissing
HCUPnet Total firearm injury inpatient 2000-2014, 2016 494

hospitalizations

SID: NY, NJ, and MD Total firearm injury inpatient 2000-2014 a4
hospitalizations

State health departments Total hospitalizations, total firearm Miscellaneous 96
injury hospitalizations

NIS Total hospitalizations, total firearm 2000-2011 462
injury hospitalizations, nonfatal
firearm injury hospitalizations

CDC WONDER Firearm homicides, firearm suicides, 2000-2016 850
firearm accidents

UCR Violent crime committed with a 2000-2016 843
firearm

RAND State-Level Firearm Proportion of individuals in a 2000-2016 850

Ownership Database household with a firearm

CPS Population, percent urban, percent 2000-2016 850
married, education, single parent
households

U.S. Census Bureau Poverty rate, age, gender, race, 2000-2016 850
ethnicity, percent uninsured

BEA personal income data Average personal income in 2000 2000-2016 850
dollars

Bureau of Labor Statistics Unemployment 2000-2016 850

local area unemployment

statistics

Bureau of Justice Statistics Incarceration 2000-2016 850

Corrections Statistical
Analysis Tool

UCR LEOKA Officers employed 2000-2016 850

National Institute on Alcohol consumption 2000-2016 850
Alcohol Abuse and

Alcoholism Surveillance

Report

HCUP technical reports Mechanism of injury code 2001-2016 253
completeness

NOTE: N nonmissing refers to the number of nonmissing observations on each state-year variable between
2000 and 2016 out of a possible maximum of 850. The various sources of state hospitalization data gathered
here were used to fill in missing outcome data and explore various features of state hospitalization data (e.g.,
proportion of fatal discharges) and do not sum to the total number of observations of the outcome variable.

from 2000 to 2016. The remaining 278 data points were imputed using the methods discussed
in the following section.

Finally, our imputation procedure required information on the completeness of mecha-
nism of injury codes across states and over time. We used a measure of completeness that
assessed the proportion of hospitalizations for externally caused injuries in a given state-year
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that were lacking the specific code that indicates the injury mechanism.! This is the proportion
of injuries for which we cannot determine whether they were caused by a firearm. States with
incomplete mechanism of injury codes will undercount inpatient hospitalizations for firearm
injuries if those hospitalizations are among those that did not have a code for the cause of
external injury. We retrieved these data from two AHRQ reports (Barrett et al., 2016; HCUP,
2020a). However, these sources do not include information on completeness for all states and
years. When information on coding completeness was partially available for a state, missing
state-year values for completeness (other than for 2015) were taken to be either the same as the
nearest known completeness value from these reports (for missing values at the beginning or
end of the state’s time series) or linearly interpolated for missing values that were bracketed by
known values. Many states had difficulty with mechanism of injury coding in 2015—when
the transition from ICD-9 to ICD-10 became mandatory—and completeness dropped in that
year for many states. We therefore retained 2015 mechanism of injury completeness values
when they were available but did not use them to impute neighboring values. Where 2015
values were missing, we left them missing and imputed them from within the imputation
model, as discussed in the following chapter.

' Using a single underlying model, we impute the state-years that are missing hospitalization records and we correct the

observed hospitalization records to the extent that their injury mechanism data are incomplete. Thus, although the broader
field typically uses the terms missingness and incompleteness interchangeably, in this report we are using them to describe two
distinct problems in the data.






CHAPTER FOUR
Imputation Methods to Produce State Panel Estimates

Imputation of missing firearm hospitalization rates was performed using Bayesian methods.
Specifically, the posterior probability distribution of each missing value was estimated using
Markov Chain Monte Carlo (MCMC) techniques while estimating other parameters of a
model that predicted firearm hospitalizations from a range of covariates. These covariates
included factors that were expected to be closely related to the rate of firearm hospitalizations
in a given state-year (e.g., firearm fatality rates, gun crime rates, firearm ownership rates, and
firearm hospitalization rates from the NIS) and key state demographics typically used in state-
level analyses of crime or health outcomes (e.g., race, education, unemployment rate). The final
model also conditions the estimates on information about the extent to which the hospital data
for injuries in a given state-year were missing information on the mechanism of injury (i.e.,
how often information about whether the injury was caused by a firearm was missing).

The product of this process is a set of MCMC samples that represent the joint poste-
rior distribution of all model parameters and missing outcome values. Each of these samples
includes an equally likely set of imputed outcome values, while the variance in the imputed
values across samples represents uncertainty in the true values we are imputing. Users of the
imputed data set could use any one of these samples as an acceptable set of imputations in
standard analysis. However, to accurately capture the uncertainty in the imputation, users
should use multiple imputation methods (e.g., Carpenter and Kenward, 2012; Rubin, 1987)
across multiple samples. Multiple imputation methods assess the extent to which any estimate
of interest derived from an imputed data set varies as a function of which imputed sample is
used, and these methods ensure that any estimate and its credible intervals accurately reflect
this source of uncertainty.

Initial Model Development

Prior to estimating the imputation model, we estimated several models using maximum likeli-
hood methods to explore possible model specifications. The focus in this developmental stage
was to identify a parsimonious model of the state-level rate of firearm hospitalizations (2000—
2016) that used the available covariates. These were all models predicting the nonmissing
HCUPnet firearm hospitalization rates with the goal of identifying the subset of covariates and

17
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two-way interactions that yielded the lowest Akaike Information Criterion (AIC).! For this
model development process, we used standard linear models assuming independent and homo-
geneous error rates across state-years (although these assumptions were later relaxed in our final
model), and we did not include any adjustment for the rate of incomplete injury mechanism
data in the hospital records.

The development process started with the large set of covariates and some of the possible
two-way interactions; these were interactions that were either hypothesized by our team or that
involved one of the two best predictors of firearm hospitalization rates (nonsuicide firearm
fatality rates and violent gun crime rates). The covariates in the initial model included year,
year squared, an indicator for 2016 or after to account for the switch to ICD-10, state popula-
tion, average personal income (expressed in constant 2000 dollars), unemployment rate, pov-
erty rate, nonsuicide firearm deaths per capita, firearm suicides per capita, household firearm
ownership rate, percent urban, percent without health insurance, percent female, percent with
a high school diploma, percent with a bachelor’s degree, police officers per capita, incarceration
rate, alcohol consumption per capita, percent single parent households, percent married, per-
cent non-Hispanic White, percent Black, UCR per capita violent gun crime, Medicare spend-
ing per capita, total hospitalizations from HCUP, and the proportion of hospitalizations from
firearm injury estimated from NIS. This model was pruned in a backward stepwise procedure
to the lowest AIC subset of predictors, resulting in the 15 predictors and five interactions used
in the final Bayesian model.

Once we arrived at a more parsimonious model that predicted each year’s outcome from
the same year’s predictors, we investigated temporally lagged predictors within each state. We
found that prediction was improved in terms of model AIC when each predictor (except time)
was computed as a rolling average within a state over a three-year period centered on the year
of the outcome (i.e., the predictors were smoothed using a three-year uniform kernel prior to
inclusion in the model). For example, the firearm hospitalization rate of Alabama in 2005 was
predicted by, among other covariates, the average firearm fatality rate in Alabama over 2004
to 2006. The final model used these smoothed predictors.

Bayesian Imputation Approach

The final model for imputation includes two features designed to address complexities of these
particular data: (1) a relaxation of the assumption of independent, identically distributed error
and (2) a correction for bias in the observed firearm hospitalizations because of incomplete
injury mechanism data. Specifically, we allowed the model error term to have different vari-
ances as a function of the population in a given state-year, and we allowed for those errors
to be correlated within a given state over time. Thus, we do not have a single error variance
for the model but allow variance to change across states and time. This has the feature of
accounting for the fact that less-populous states have more variability in the observed rate of

I For imputation, it is desirable to have the most accurate possible prediction for observations not included in the data

on which the model is estimated. For this reason, we conducted exploratory model development to identify a model with a
low AIC, a criterion that optimizes out-of-sample predictive accuracy under reasonable assumptions (Gelman, Hwang, and
Vehtari, 2014). Because of this exploratory development process, however, we will not focus on interpreting these model
parameters, and readers should not interpret model parameters as tests of particular theories.
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firearm hospitalizations than larger states do, even if both had the same true per capita risk
for hospitalization. Thus, imputed values for small states need to have more variability across
the multiple imputations to reflect that greater uncertainty. Similarly, we allow for covariance
in error across observations within states, and those covariances are allowed to be higher for
observations in adjacent years and lower for observations that are further apart in time. This
has the practical effect of creating very precise imputations for missing state-years that are adja-
cent to observed values and less-certain imputations for states that have few observed values
near the missing values. It also ensures that statistical methods that account for the structure
of the observed hospitalization data (e.g., models that include autoregressive terms, correct
error terms for within-state clustering, or state fixed effects) will be equally appropriate for the
observed and imputed data.

The other complex model feature is designed to address a known bias in the observed
firearm hospitalization data. Specifically, to identify a firearm hospitalization in the underly-
ing data, the state database needs to record the injury and also indicate that the mechanism
of injury was a firearm. However, in some state-years, there are a large number of injuries
recorded that do not provide any mechanism of injury, and some unknown fraction of these
might have been caused by firearms. To account for variation across states and years in the
extent of this underreporting, the model contains a correction term that estimates the under-
count of firearm hospitalizations as a function of the proportion of injuries in each state-year
that omit a mechanism. For state-years with nearly complete data, the effect of this correction
is trivial; however, in state-years with a large percentage of incomplete records, our estimated
true rate of firearm hospitalizations could be somewhat higher than the raw, observed rate.
Without this correction, researchers might incorrectly interpret changes in the completeness
of the underlying data as changes in firearm hospitalizations. This could cause substantial
apparent shifts within some states that made dramatic improvements in data quality over time
and could create a spurious national trend of increasing firearm hospitalizations that is better
understood as an improvement in the completeness of the data over time.

For this reason, our imputed data set presents “completeness corrected” estimates of the
firearm hospitalization rate per 10,000 population. The multiple-imputation data set provides
hospitalization rates for each state-year that represent plausible values of the rate if that state
had complete information about the mechanisms of all injury hospitalizations in the state. As
a result, in some cases, the imputed data set contains firearm hospitalization rate estimates that
differ from the raw values available from HCUPnet. In addition, there is variability across the
multiple imputed data sets in these completeness-corrected firearm hospitalization rates that
reflect the uncertainty in the true correction factor. As discussed in mathematical detail in the
following paragraphs, the estimated correction factor is allowed to vary between 0 (indicating
that none of the injuries missing a mechanism was caused by firearms in that state-year) to 1
(the proportion of firearm injuries that are missing an injury mechanism code is the same as
the proportion of all injuries that are missing an injury mechanism code). Because the process
that produces this incomplete data might vary across state, this correction factor is estimated as
a state-level random effect; that is, the correction factor is allowed to differ across states.

In the following paragraphs, we provide a formal definition of the model and the priors
that were used, as well as discussion of how the imputation was handled. We imputed state-
year firearm hospitalization rates using incomplete observed hospitalization rates, D, (for state
i in year #); the proportion of hospitalizations from injury in a state-year that have incomplete
injury mechanism information, ¢ ; and a set of predictors of firearm hospitalization rates, X,

ir’
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comprising observed predictors and missing predictors replaced by parameters to be estimated.
To aid in the selection of priors and model estimation, each predictor and the outcome were
separately normalized to have means of zero and unit variance across state-years.

We wish to model hospitalizations at the state-year level, D,, in a way that allows us to
correct them for incomplete hospital discharge coding of mechanism of injury.

D, can be partitioned into observed data and missing data, the latter of which are param-
eters to be estimated in the model. Similarly, annual state-year rates of complete mechanism of
injury coding, ¢,, can be partitioned between observed (or imputed) rates of missing mecha-
nism codes and missing rates, the latter of which are replaced with parameters to be estimated.

We therefore model state-year firearm hospitalizations as:

ﬁi ~ MultiNormal (bl., 3)
D, =(BX,)x(I-7,1~¢,)
¢, ~ MultiNormal (0.9, \,)
X, ~ MultiNormal (0, 1))

Xlj, kl= o’ exp | —
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(/—/«)Z],

where:

o B isavector of m regression parameters, including an intercept term, estimated from the
model of firearm injury hospitalizations described in the previous section.

« T, are state-specific estimates of the coefficient that relates the proportion of injuries from
firearms that are missing an injury mechanism code to the proportion of all injuries miss-
ing an injury mechanism code.

X is a state-specific exponentiated quadratic covariance matrix with shape parameters a?
and p?, for which individual elements of the matrix are indexed by row j and column 4.

* [(j = k) is an indicator function that takes the value 1 when j = £ and 0 when ; = 4.

¢ isa parameter determining how much the diagonal variances in %, should be increased
by the inverse of the state’s population, P, in year ;.

* ¢, is the vector of values indicating the proportion of discharge records with complete
injury mechanism codes. As discussed previously, this vector includes both observed
completion rates and missing value parameters. Because the vast majority (83 percent)
of observed rates are between 0.8 and 1, and the mean observed completeness value was
90 percent, we set the prior mean to 0.9.

o A, is a state-specific exponentiated quadratic covariance matrix with shape parameters 72
and v2. Elements of the matrix are indexed by row j and column 4.

o T is a year-specific covariance matrix with shape parameter #.

The chosen prior distributions for the model parameters were:
B, ~ normal (0, 6) for all coefficients, 4, on model predictors
6 ~ normal* (0, 0.5)
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T, ~ beta (w, &) for each state 7
w ~ gamma (2, 1)

§ - gamma (2, 1)

I - lkj_corr(n) for each year ¢
1 ~ normal (1, 2)

a2 - normal* (0, 1)

p* ~ inverseGamma (5, 5)

72 ~ normalt (0, 1)

V2 ~ inverseGamma (5, 5)

¢ ~ normal* (0, 0.5).

The priors are all selected to be weakly informative. The priors for 8—the coefficients
for the standardized predictors—are centered at zero with an estimated variance that is
the same for all predictors. This hyperprior on the variance of 8 was chosen to be minimally
informative. The prior for state-specific values of 7—the proportion of uncoded inpatient hos-
pitalizations estimated to be firearm-related hospitalizations—spans the range from 0 to 1,
with a slight skew toward 1. The inverseGamma (5, 5) prior on the p? and v? shape parameters
for the exponentiated quadratic covariance matrices and the half-normal priors on a? and 72
are conventional choices for outcome data that are normal or approximately normal (like our
hospital discharge data) (see, for example, Stan Development Team, 2020). The prior on ¢,
which determines the extent to which variance increases with lower state population, was
selected to be minimally informative. The prior on the covariance matrix used to model (and
impute missing) predictors uses the prior described for covariance matrices by Lewandowski,
Kurowicka, and Joe (2009) and a weakly informative shape parameter, 7.

Set up in this way, the sampling statement D, ~ MultiNormal(D,,¥,) serves as a likeli-
hood function when D, is an observed discharge value. When the observation is missing
and therefore replaced with a parameter to be estimated, MultiNormal (ZA)l,, El.) becomes the
prior for the missing observation. However, the D, hospitalization rates are not corrected
for bias because of incomplete recording of injury mechanisms. However, the model esti-
mates the effects of incomplete records on the observed hospitalization rate as part of estimat-
ing D,. This is used to estimate what D, would have been if the data had complete injury
mechanism information. Specifically, given the measure of completeness of the injury mecha-
nism data, ¢, and the posterior distribution of 7, we can correct these observed values for
the bias because of incomplete injury records. The completeness-corrected firearm hospital-
ization rate for state 7 in year ¢ is D, %(1—@ (1—¢, )) The imputed data sets contain these
completion-corrected firearm injury inpatient hospitalization rates for each state-year. To con-
vert these rates to counts of injuries for use in count models, the data set also contains the state
population in each state-year.

The final model was estimated using rstan version 2.19.3 with 20,000 MCMC samples
(data and code are available at RAND Corporation, undated). Each of these samples contains
values for all of the model parameters, including the missing observations, which are treated
as parameters during estimation. Each sample represents a random draw from the joint poste-
rior distribution of all parameters. All imputed values, the completeness correction for injuries
missing a mechanism code, and all model parameters are estimated simultaneously. Because of
this, each imputed value within an MCMC sample is fully conditioned on all of the observed
data and all other imputed values within the sample.
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Results

The final model provided an excellent fit to the observed firearm hospitalization rate data. The
correlation between the mean predicted firearm hospitalization rates, D,, and the observed
values was 0.96, for a model R of 0.92. This good fit is primarily because of several predictors
with strong bivariate associations with the firearm hospitalization rates. The nonsuicide fire-
arm fatality rate had the strongest association with the raw observed values (r = 0.91), followed
by the UCR violent crime rate for crimes involving guns (r = 0.79), the per capita rate of law
enforcement officers (r = 0.68), the poverty rate (r = 0.59), the proportion of the population
that is non-Hispanic White (r = —0.54), and the proportion of hospitalizations from firearm
injuries within the NIS hospital sample (r = 0.45). Because of the excellent predictive accuracy
from the available covariates, the imputed values are estimated with relatively good precision.

In addition to examining overall model fit, we investigated model residuals to identify
potential problems that might exist in either the underlying administrative data or in the
model. Specifically, we compute the residual as the observed value minus the expected value
D, in each posterior sample. Figure 5.1 presents the mean and 80 percent credible intervals
(Cls) of those differences for each state-year of nonmissing data. Relative to the overall mean
and standard deviation (SD) of observed firearm hospitalizations per 10,000 people across
states and years (mean = 0.85, SD = 0.41), these residuals are relatively small. Only one is
more than one SD away from the true value. There are, however, a few state-years in which
the observed value is relatively unlikely given the posterior distribution of predictions. For
example, Virginia has several years in which the observed rate is unexpectedly low, and Mary-
land has a couple of years of similarly low observed values. These errors might reflect the fact
that hospitals in Washington, D.C., treat a substantial number of patients who were injured in
Maryland and Virginia, and thus a proportion of firearm injuries in those two states will not
be included as hospitalizations in the SID data for those states (DC Health Matters, undated).
Figure 5.1 also shows the range of variances in the expected values across state-years. In gen-
eral, the uncertainty in the expected values is larger for state-years with less-complete injury
mechanism data, which is expected given our model formulation (see previous chapter). As
mentioned earlier, the underlying model does not assume that these residuals are homogeneous
or independent, which appears appropriate given that Figure 5.1 shows residuals that appear to
be associated within states and vary as a function of state size.

The posterior distributions of the key model parameters are presented in Table A.1. The
values of 7, in this table determine the size of the correction for incomplete records applied
to the observed data. Across all states, 7, had a mean of 0.66. This implies that if an average
state-year was missing injury mechanism data on 10 percent of hospitalizations for injuries,
we expect the true number of firearm hospitalizations to be 1/(1-0.066) = 1.07 times higher
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Figure 5.1
Model Residuals for Firearm Hospitalization Rates, by State and Year
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than the observed number of firearm hospitalizations in that state-year.! The exact correction
factor varies across states;? there is a maximum of 0.89 for Indiana and a minimum of 0.38
for Kansas. Across all state-years with observed data, the completeness-corrected firearm hos-
pitalization rates were 0.06 per 10,000 population higher than the observed values. Thus, the
completeness-corrected rate that accounts for the fact that some state-years have injury records
that did not record the injury mechanism is 7.0 percent higher than the observed rate for an
average state-year.

The mean values and 80 percent Cls of the final completeness-corrected, imputed values
are presented in Figure 5.2, which also presents the unadjusted, observed firearm hospitaliza-
tions rates where available. Comparing the red lines with the black lines for each state in this
figure shows the size of the completeness correction on the observed data for every state-year.
The majority of state-years had nearly complete injury mechanism data (e.g., 95 percent), and
thus these lines appear almost on top of one another in those state-years. The gray-shaded
region conveys the uncertainty in the final estimate of the true firearm hospitalization rate,
and thus the variability across the multiple imputed data sets. In general, uncertainty in the
firearm hospitalization rate is greater for state-years with lower population, for those with less-
complete data on injury mechanism, and for states that are missing a larger fraction of their
observed values. For example, the majority of states are missing data from 2015 because of the
switch from using ICD-9 codes to ICD-10 codes. However, there is very little uncertainty in
the rate of firearm hospitalizations for those states because we usually observe both the 2014
and 2016 hospitalization rate values, in addition to observing the full range of 2015 covariates.
More generally, the vast differences in uncertainty across state-years illustrates the importance
of relaxing the standard imputation assumption that predictive error is homogenous and inde-
pendent across missing values.

Evaluating the Imputations

We conducted a series of analyses to assess the quality of the imputed values. Specifically, we
assessed whether (1) the imputed and actual values shared the same correlational structure
within states over time, (2) the imputed and actual values had similar relationships with a
range of covariates, and (3) the set of imputed data sets accurately captured the true level of
uncertainty in the imputation.

Having a similar correlational structure within states over time is critical for using these
imputed values in any analysis. Regardless of how one handles this correlation (e.g., using an
autoregressive term, state fixed effects, cluster-robust standard errors), the approach needs to
be appropriate for both the completeness-corrected observed values and each of the imputed
data sets. To investigate this, we computed the average correlation between two completeness-
corrected observed values one year apart within each data set and then averaged over the

' This estimate implies that, on average, firearm injuries are somewhat less likely to be missing an injury mechanism code

relative to other types of injuries, which is consistent with some prior assessments (LeMier, Cummings, and West, 2001).

2 Technically, 7 only varies across states that have both some observed hospitalization data and some records with incom-
plete injury mechanism (i.e., D;, nonmissing and <1 for at least one year). For states with no observed data, or if a state
had complete data on injury mechanism for all injured inpatients, the parameter plays no role in prediction or imputation.
In such cases, it is estimated as 0.66 because of the random effect.



Figure 5.2
Firearm Hospitalizations per 10,000 Population, by State and Year
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data sets. We similarly computed the average correlation between the two imputed values one
year apart. Comparing these correlations, the values are essentially identical, with an average
r = 0.96 for both observed and imputed observations. We can also evaluate the correlation
within the state at somewhat longer intervals.3 For pairs that are ten years apart (e.g., 2000
and 2010), the within-state correlation is 0.81 for the corrected observed pairs and 0.86 for
the imputed pairs.* This very high level of similarity suggests that any modeling or estimation
assumptions that one might make regarding clustering within states over time will be appro-
priate for both the observed and imputed data when analyzed together.

We also investigated the associations between the covariates and firearm hospitalization
rates, comparing these associations across the completeness-corrected observed values and the
imputed values. These bivariate associations averaged across the final imputed data sets are pre-
sented in Table 5.1, which shows a high degree of similarity between the relationships assessed
in the completeness-corrected observed data and the relationships assessed in the imputed
data. We do not, however, expect them to be identical. These correlations are expected to differ
slightly because these two samples (i.c., state-years with observed data versus state-years with
missing observations) are measured on different state-years and both the observed and imputed
firearm hospitalization rates are subject to random variation. Still, these correlations are quite
similar across subsamples in the final imputed data sets, which supports that the imputation
procedure has generally preserved the magnitude and direction of association between firearm
hospitalization rates and a wide variety of state characteristics.

Finally, we used cross-validation to evaluate whether the imputation procedure correctly
characterized the magnitude of the uncertainty in the imputed values. This is done by remov-
ing some of the observed firearm hospitalization data from the data set, re-estimating the
Bayesian imputation model to generate multiple-imputation data sets, and then comparing the
known data points that were removed in the first step with the distribution of imputed values
for each of those data points. If the imputation has properly calibrated error, the true value
that was omitted from the model should be equally likely to fall within any equal quantile
intervals of the imputed distribution for that data point. For example, the true value should
fall within the Oth and 20th percentile of the imputed distribution 20 percent of the time, and
also between the 50th and 70th percentile 20 percent of the time. In contrast, if an imputa-
tion procedure mischaracterizes the uncertainty, the true values will be overrepresented in the
tails of the imputed distribution (if uncertainty is underestimated) or will be too concentrated
in the middle of the imputed distribution (if uncertainty is overestimated). In the former case,
underestimating variance results in false precision in estimates derived from the data, which
can lead to spurious statistical significance. In the latter case, overestimating variance can
cause estimates that use the data to have more error than is necessary, which is an inefficient
use of the available data.

3 When state data were available, they were typically available for multiple consecutive years. Many states did not have
data spanning the entire period, however. For this reason, and because there are fewer pairs of years that are ten years apart
than are one year apart, the two sets of average correlations described here use different numbers of individual correlations.
These estimated correlations become progressively noisier across longer intervals because there are fewer year-pairs with
observed data.

4 Correlations between year-pairs involving 2015 data are poorly estimated because there are almost no observed data for
2015 because of the transition from ICD-9 to ICD-10 coding in HCUPnet. Excluding the 2005 to 2015 year-pair, the cor-
relation within states over a ten-year period is 0.83 in the observed data, which is very close to the correlation of 0.86 in the
imputed data.
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Table 5.1
B?\?afiaste Correlations with Firearm Hospitalization Rates, by Data Type

Corrected Imputed Combined
State-Year Characteristic Observed Data Data Final Data
Firearm fatality rate (excluding suicide) 0.91 0.89 0.91
UCR violent gun crime rate 0.79 0.79 0.77
Law enforcement officers per capita 0.30 0.35 0.47
Poverty rate 0.34 0.33 0.45
NIS percent of hospitalizations from firearms 0.41 0.42 0.42
Percent female 0.35 0.38 0.37
Percent without health insurance 0.32 0.30 0.34
Percent urban 0.29 0.32 0.32
Percent White, non-Hispanic -0.18 -0.20 -0.30
Percent with bachelor’s degree -0.27 -0.21 -0.30
Average income -0.21 -0.16 -0.23
Percent high school diploma only 0.14 0.10 0.15
Household firearm ownership rate 0.1 0.07 0.07
Linear year -0.07 -0.05 -0.05

NOTE: Correlations are averaged across all multiple imputed data sets.

To conduct this cross-validation, we re-estimated the model 100 times, each time deleting
a single observed data point.’ The omitted data points were then compared with the distribu-
tion of the imputed data for each point. From this exercise, we generally found that the model
was well calibrated. The true value fell within the central 80th percentiles of the imputed dis-
tribution 78 percent of the time, and it fell within the central 50th percentiles of the imputed
distribution 60 percent of the time. Figure 5.3 presents the cross-validated error of the imputed
distribution by quintiles. The true values fell within each of the quintiles between 15 percent
and 30 percent of the time, which is generally close to the target of 20 percent in each quintile.
There is some weak evidence that the method might be overestimating variance for the center
of the imputed distribution, but there is no evidence of such an overestimate in the tails of the
imputed distribution. Overall, the imputed variance appears to be well calibrated.

Rates of Hospitalizations for Firearm Injuries over Time and Across States

The final data set, the RAND Database of Hospitalizations for Firearm Injury, can be used
to describe the national trends in hospitalizations for firearm injuries between 2000 and 2016
and to investigate differences in these rates across states. Table 5.2 includes the annual fire-

> Because of the relatively small number of original data points and the computational difficulty of estimating these
Bayesian models within each cross-validation sample, we are limited in the number of samples we can evaluate. Because of
this, the estimates about how many observations fall within a given quantile are somewhat noisy, particularly when looking
within more-narrow quantiles of the imputed data distribution.
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Figure 5.3
Comparison of Observed Hospitalization Rates and Their Cross-Validated, Imputed, Uncorrected
Distributions, by Quintile
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arm hospitalization rate and the number of such hospitalizations over time, from the final
completeness-corrected and imputed data. The rate and number of hospitalizations for firearm
injuries in the United States varied across a narrow range over this period, with a maximum
in 2006 and a minimum in 2014 for both metrics. Table 5.2 also presents 80 percent Cls that
reflect the uncertainty for each estimate because of missing hospitalization data and incom-
plete injury mechanism data in medical records.® The uncertainty is substantially higher in
years with more missing data, particularly 2000 and 2015. With the exception of 2015, uncer-
tainty in the estimates is lower after 2009, when there are fewer states that are missing data
and the observed data are generally more complete. The 80 percent Cls in that later period are
approximately half as large as in the years with the most missing data.

Because of the very high correlation between the firearm hospitalization rate and the
nonsuicide firearm mortality rate (r = 0.91), it is perhaps unsurprising that the national trend
in firearm hospitalizations from 2000 to 2016 largely parallels the national trend in nonsuicide
firearm fatalities. For national-level estimates, the annual ratio of firearm hospitalizations to
nonsuicide firearm fatalities ranges from 2.2 to 2.6. However, there is variability in this rela-
tionship when evaluating our estimates at the state level. Looking at state averages over time,
the ratio of hospitalizations to nonsuicide firearm fatalities varies between 1.5 and 3.6. In fact,
our model contains an interaction such that the relationship of hospitalizations with fatalities
differs as a function of the percentage of the state population residing in urban versus rural
areas. Thus, although our findings demonstrate the close association between firearm hospital-

6 These intervals represent the uncertainty because of missing and incomplete data, not variability because of sampling,
This effectively treats the statistics as representing the full inferential population rather than a sample from that population.
This approach might not be appropriate for some purposes; for example, it might be inappropriate for determining whether
changes in the rate over time are statistically significant.
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Table 5.2
Annual Firearm Hospitalization Rate and Number
of Hospitalizations for the United States, by Year

Firearm
Hospitalization

Number of Firearm

Year Rate (80% CI) Hospitalizations (80% Cl)
2000 1.12 (1.04-1.21) 31,562 (29,165-33,924)
2001 1.11 (1.04-1.17) 31,445 (29,446-33,403)
2002 1.11 (1.04-1.18) 31,856 (29,935-33,736)
2003 1.12 (1.05-1.18) 32,367 (30,460-34,227)
2004 1.13 (1.06-1.19) 32,902 (30,992-34,773)
2005 1.17 (1.10-1.23) 34,482 (32,566-36,354)
2006 1.20 (1.13-1.26) 35,589 (33,733-37,391)
2007 1.14 (1.08-1.19) 34,222 (32,534-35,837)
2008 1.10 (1.05-1.15) 33,370 (31,859-34,823)
2009 1.04 (0.99-1.08) 31,784 (30,424-33,088)
2010 1.00 (0.95-1.04) 30,795 (29,420-32,117)
2011 1.00 (0.96-1.04) 31,098 (29,803-32,344)
2012 1.00 (0.96-1.05) 31,457 (30,088-32,781)
2013 0.94 (0.89-0.98) 29,593 (28,235-30,903)
2014 0.92 (0.88-0.96) 29,230 (27,878-30,532)
2015 0.99 (0.91-1.08) 31,732 (28,996-34,492)
2016 1.06 (1.01-1.11) 34,337 (32,715-35,902)

NOTES: Rates are expressed as firearm hospitalizations
per 10,000 population. 80 percent Cls are in
parentheses. Cls represent uncertainty because of
incomplete and missing data, not sampling variability;
the intervals treat the data as representing the
inferential population rather than a sample.

ization rates and nonsuicide firearm fatality rates, these fatality rates on their own do not appear
to be sufficient descriptions of temporal and geographic variation in firearm hospitalizations.
Table 5.3 presents the annual hospitalization rate for firearm injuries (per 10,000 popula-
tion) for each state averaged over the 17 years covered by the data. Similar to state differences
in firearm death rates or gun crime rates (Monuteaux et al., 2015; Riddell et al., 2018; Siegel,
Ross, and King, 2013), these firearm hospitalization rates vary dramatically across states. The
rates span more than an order of magnitude from Hawaii (0.19 per 10,000) to Louisiana (2.42
per 10,000). As expected, the uncertainty because of missing observations and incomplete
medical records also varies dramatically across states. States with no missing data and high
proportion of records with complete injury mechanisms have essentially no uncertainty (e.g.,
New York with an 80 percent CI of 0.84 to 0.84). However, states with entirely missing obser-
vations over the period have considerable uncertainty in the rate of firearm hospitalizations

(e.g., Alaska with an 80 percent CI of 0.64 to 1.16).
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Table 5.3
Annual Firearm Hospitalizations per 10,000 Population Averaged
Between 2000 and 2016, by State

State Firearm Hospitalization Rate (80% ClI)
Louisiana 2.42 (2.24-2.60)
Tennessee 1.76 (1.71-1.80)
Missouri 1.64 (1.62-1.66)
Alabama 1.64 (1.47-1.81)
Maryland 1.60 (1.57-1.63)
Michigan 1.37 (1.30-1.44)
Illinois 1.34 (1.24-1.44)

South Carolina

1.34 (1.31-1.36)

Arizona 1.33 (1.28-1.39)
Georgia 1.33 (1.17-1.48)
Mississippi 1.29 (1.03-1.55)

North Carolina

Pennsylvania

1.25 (1.22-1.27)

1.24 (1.23-1.26)

Delaware 1.23 (1.16-1.32)
California 1.18 (1.15-1.21)
Arkansas 1.17 (1.15-1.19)
Nevada 1.15 (1.07-1.23)
Florida 1.10 (1.08-1.11)
Oklahoma 1.10 (1.01-1.18)
Indiana 1.03 (0.96-1.09)
Ohio 1.02 (0.87-1.16)
Texas 0.99 (0.91-1.07)
West Virginia 0.99 (0.87-1.12)
Kansas 0.95 (0.89-1.01)
Kentucky 0.93 (0.86-1.01)
Alaska 0.90 (0.64-1.16)
New York 0.84 (0.84-0.84)

Virginia

0.83 (0.80-0.85)
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Table 5.3—Continued

State Firearm Hospitalization Rate (80% ClI)

New Mexico
New Jersey

Connecticut

0.82 (0.79-0.86)
0.79 (0.78-0.80)

0.74 (0.57-0.91)

Nebraska 0.67 (0.64-0.69)
Colorado 0.66 (0.65-0.67)
Wisconsin 0.66 (0.65-0.67)
Rhode Island 0.62 (0.55-0.68)
Washington 0.58 (0.57-0.59)
Oregon 0.55 (0.52-0.57)
Minnesota 0.52 (0.49-0.56)
Wyoming 0.52 (0.36-0.68)
Montana 0.52 (0.30-0.75)
Massachusetts 0.51 (0.51-0.52)
Utah 0.51 (0.49-0.53)
Idaho 0.47 (0.27-0.67)

South Dakota

North Dakota

0.46 (0.23-0.69)

0.44 (0.26-0.62)

lowa 0.36 (0.34-0.39)
Vermont 0.31(0.27-0.35)
Maine 0.30 (0.24-0.35)

New Hampshire

Hawaii

0.27 (0.17-0.39)

0.19 (0.15-0.23)

NOTES: Rates are expressed as hospitalizations per 10,000 population.
80 percent Cls are in parentheses. Cls represent uncertainty because of
incomplete and missing data, not sampling variability.



CHAPTER SIX

Discussion and Conclusions

This project provides estimates of annual inpatient hospitalizations for gunshot injury for all
50 states between 2000 and 2016. We impute firearm hospitalization rates for the many state-
years with missing data and also debias available raw data to the extent that there are inju-
ries recorded in each state-year without information regarding whether the injury mechanism
involved a firearm. The uncertainty in these imputed and corrected values is documented
using a multiple imputation approach. Our investigation of the imputation model and imputed
values suggest that (1) we can estimate the missing information with a relatively high degree of
precision because there are several covariates that are highly associated with the firearm hospi-
talization rate in a given state-year; (2) the imputed and nonimputed values have very similar
relationships with a variety of covariates; (3) the imputed and nonimputed values have very
similar state-level clustering, allowing a given model to be equally appropriate for both types
of data; and (4) the uncertainty in the multiple imputed values is similar to the true error of
prediction as assessed through cross-validation.

The resulting data reveal substantial differences, some by an order of magnitude, in the
rate of inpatient hospitalizations for firearm injury across states and over time. This variation
can be useful for evaluating the impact of state firearm policies or other state-level factors that
are hypothesized to influence firearm injury and might be a useful predictor of other phenom-
ena at the state level. These estimates can also be useful for calculating the total cost or social
burden of firearm injury at the national or state level, although it is important to note that
our estimates reflect inpatient hospitalization for firearm injury and thus do not capture the
full scope of firearm-related morbidity (i.e., our measures do not capture ED visits for firearm
injuries that do not result in subsequent hospitalization, nor do they capture individuals with
gunshot wounds who do not obtain medical care). That said, our measures provide more-
accurate estimates of firearm injuries resulting in hospitalization (including incidents admit-
ted through an ED), which are likely to capture the most-serious and -costly nonfatal firearm
injury incidents.

Guidance for Using the Firearm Hospitalization Data

Several files are available for download on RAND’s website to allow researchers to use the
RAND Database of Hospitalizations for Firearm Injury produced as part of this study. Most
multiple imputation analyses use between five and 20 imputed values for each missing value.
To facilitate these analyses, we have created a data file that contains 50 randomly selected values
from the distribution of imputed values that represent the rate of firearm hospitalizations in
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each state-year. This file also contains other data that could be useful for the researcher, such
as the population in each state-year to allow the user to convert the rates to counts, as desired;
the other covariates used in imputation;' and the average value across the multiple imputations
(which could be used to describe the firearm hospitalization rate in a given state-year when it
is not necessary to quantify uncertainty in that estimate). For researchers interested in analyses
that evaluate the imputation itself or who wish to have a more complete set of imputations, we
have also included a file with the full 20,000 samples produced in the analysis.

The use of these multiple imputation data is relatively simple in most statistical packages
and can often be conducted using hand calculations, if necessary (Carpenter and Kenward,
2012; Schafer, 1997). In general, for any statistic of interest, one estimates that statistic sepa-
rately in each imputation data set, each of which represents an equally likely set of predicted
values for the missing values. For example, a researcher can compute a mean and its standard
error in each of 50 data sets independently; however, to get the correct standard error for this
mean, one needs to add the variance in the mean across data sets (which captures the uncer-
tainty in the mean caused by having partially imputed data) to the estimated variance of the
mean within the data sets (which captures the uncertainty related to the sampling variability
of the mean had none of the data been imputed). Almost any analysis that can be conducted in
standard, observed data can also be conducted in multiple imputation data. Common software
tools for analyses of multiple imputation data include the mi command in Stata, proc miana-
lyze in SAS, and the mice package in R.

Combining Firearm Hospitalization and Mortality Data

Although this project has been focused on estimating the rate of firearm hospitalizations in
each state, some users might wish to combine hospitalization and vital statistics mortality
data to assess the rate of individuals who either were hospitalized or died from firearm inju-
ries. These are not, however, independent outcomes. Specifically, some fraction of hospitalized
individuals died from their injuries and the same individual can thus be counted in both data
sets. Ideally, one would delete the duplicated records from the hospitalization data set prior
to combining. Unfortunately, indicators for the number of firearm hospitalizations resulting
in death are not available from HCUPnet. Because of this limitation, we cannot separate the
fatal and nonfatal firearm hospitalizations that occurred in most state-years. To investigate the
extent to which such overlap could be a problem for researchers who wish to combine hospi-
talization and mortality data, we investigated this question by using data sources that do allow
us to separate fatal and nonfatal hospitalizations. Looking at the national samples of hospitals
contained in the NIS for the years 2000—2011, between 7.2 percent and 9.2 percent of firearm
hospitalizations in each year resulted in discharge statuses of death, and the fluctuation within
that range appeared to be random over the period. Similarly, we looked at 15 years of SID data
for Maryland, New York, and New Jersey to identify the fatality rate among firearm hospital-
izations in those states.? The percentage of firearm hospitalizations resulting in death ranged
from 5.4 percent to 15.2 percent across these state-years. Overall, Maryland (10.8 percent aver-

I The covariate derived from the NIS, which is the proportion of all NIS hospitalizations that were caused by firearms,

is sometimes suppressed in these publicly available data sets because of the data use agreement for those data. This occurs
whenever the number of such injuries in a state-year is less than or equal to ten within the NIS data.

2 This analysis is restricted to these three states because those are the only SID data we had permission to use in this
project.
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age) had a slightly higher percentage of hospitalizations for firearm injury ending in death than
New Jersey (7.6 percent average) and New York (6.3 percent average). Because the percentage
of firearm hospitalizations resulting in death appears to be descriptively small and relatively
stable, it might be appropriate to combine the firearm hospitalization and mortality data into
a single variable. A conservative approach would be to reduce the number of firearm hospi-
talizations by 10 percent in each state-year prior to combining with firearm mortality data to
avoid inferential problems that could occur from overstating the number of unique incidents
observed in the combined data.

Limitations of These Data

An overarching limitation of these data is that they represent annual state-level rates of firearm
injuries that result in inpatient hospitalization and are not intended to capture all nonfatal fire-
arm injuries, or even all such injuries treated at a hospital. A large proportion of people with
nonfatal firearm injuries are discharged from EDs without being admitted into the inpatient
setting, and another unknown number of people with firearm injuries end up not receiving
medical care at all. Some research suggests the number of ED visits for firearm injury without
subsequent hospitalization is similar to the number of inpatient hospitalizations for firearm
injury (Fowler et al., 2015). Thus, our estimates of firearm injury hospitalizations are a sub-
stantial underestimate of the total number of nonfatal firearm injuries.

It is also important to note that our estimates represent the rate of inpatient hospital
discharges rather than the rate of individuals hospitalized for firearm injuries. Therefore, one
firearm injury could be counted more than once if someone needs to be hospitalized more than
once for the same injury.? Similarly, several separate firearm injuries that occurred to the same
individual at the same time are represented as a single hospital discharge. Further limitations
and considerations for use of these data are discussed in the following section.

Challenges with Using Hospitalization Data for Firearm Injuries

There are several aspects of the underlying hospitalization data that create challenges for using
them to estimate state-level counts of firearm injury. These include whether individuals injured
in a certain state are likely to receive treatment in a bordering state; whether state data systems
exclude nonresidents from hospitalization counts; and variability in the processes for classify-
ing, recording, and compiling data on firearm injury hospitalizations across states or across
hospitals within a state.

Interstate Hospital Visits and Exclusion of Nonresidents

A common feature of state data on inpatient hospitalizations is that they exclude individuals
who were injured within the state but were treated in another state (i.c., the data represent inju-
ries treated in the state rather than injuries inflicted in the state). Some systems also exclude
hospitalizations for patients who are not state residents (e.g., New Jersey Department of Health,
undated). The majority of firearm injuries that occur in a state are likely to receive treatment
at a hospital in that same state (conditional on hospitalization) and to occur to residents of
that state; however, there might be some states for which these data features lead our estimates

3 SID data do not contain unique person or patient identifiers.



36 Inpatient Hospitalizations for Firearm Injury: Estimating State-Level Rates from 2000 to 2016

to more substantially undercount firearm injuries that occurred in that state. One somewhat
unique example is the Maryland, Virginia, and District of Columbia metro area. Our multiple
imputation models suggest that the estimates for Maryland and Virginia are slightly lower
than would be expected, contingent on the other variables in our model. One possible explana-
tion for this is the proximity of trauma centers in Washington, D.C., to the state borders with
Maryland and Virginia, which might increase the likelihood of trauma patients being sent into
Washington, D.C., rather than a hospital in-state. This is particularly likely for Maryland,
where there are Level 2 trauma centers in Bethesda and Cheverly, while there are four Level 1
trauma centers (one pediatric) in the District of Columbia. Thus, patients from Maryland and
possibly from Virginia might be likely to be transported to trauma centers within the District
of Columbia, but the extent to which this happens for firearm injuries is not clear.* To the
extent to which injuries are treated in states other than where the injury occurred, or hospi-
tal records exclude nonresidents, our estimates of state firearm hospitalizations might be less
accurate as a measure of the firearm hospitalizations from injuries that occurred in the state.

Sources of Inaccuracy in Injury Data Collected from Hospitals

Our identification of firearm injury hospitalizations from hospital records relies on the accu-
racy of recorded ICD external cause of injury codes. Therefore, another data limitation could
result from variation in how doctors or hospitals code hospitalizations for firearm injuries and
the errors in this coding process. To the extent that certain states or hospitals have systemati-
cally different approaches to coding these injuries, there could be unaccounted-for bias in our
estimates across states.

Another well-noted challenge with analysis of hospitalization data is that many states
lack policies or sufficient resources to ensure high-quality mechanism of injury coding in their
data systems (Annest et al., 2008). However, research has shown a high degree of mechanism
of injury code reporting in the HCUP databases (average of 86.8 percent and 86.7 percent
completeness in 2006 and 2001, respectively [Coben et al., 2006]), and the coding of firearm
injuries, in particular, appears to show a high degree of validity (LeMier, Cummings, and
West, 2001). Our models attempt to incorporate mechanism of injury code missingness using
state-year information provided by HCUP regarding the proportion of all injuries with miss-
ing mechanism of injury codes, but the extent to which this reflects missingness for firearm
injuries for our data remains in question. Although we allow substantial variability in the esti-
mate of this proportion, and we allow its relationship with our outcome to vary across states as
a random effect, we rely on a relatively crude approach for imputing completeness information
when it is not available, and we do not account for potential changes in the missingness process
within states over time.

A related consideration for data used in this project, and injury hospitalization data more
generally, is that each state has its own system for collecting and maintaining its data, and the
overall quality and completeness of these data vary across systems. For instance, there are often
questions about the percentage and type of hospitals reporting their data to the state systems,
and we were not able to incorporate information about the proportion of hospitals missing
from state data systems in any given year. Therefore, the data reported from state data systems

4 As an example of the extent to which interstate hospital visits could influence estimates, the 2014 SID statistics for
Washington, D.C., indicate that 34 percent of all inpatient hospitalizations in the District of Columbia were residents of
Maryland.
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likely reflect an undercount of the true number of inpatient hospitalizations for firearm injury.
As an example, the data we received from one state health department were noticeably under-
counting firearm injury hospitalizations, as the total yearly counts were in the double digits
(range of 11 to 82), whereas the total number of firearm homicides in that state exceeded 200
deaths for each year of data. Other state data systems, often online query portals, lack transpar-
ency about hospitals and mechanism of injury code completeness as well, and sometimes con-
flict with the totals reported in HCUPnet. Data retrieved from such online portals should be
compared with any overlapping HCUPnet data to ensure that the values are reasonably similar
because there could be potential issues with the way diagnosis codes are used.’

Other Known Data Sources and Other Important Research Questions

As noted earlier in this report, there are many HCUP SID data sets that exist but that are not
included in HCUPnet, and purchasing those data was cost-prohibitive for this project. A few
states therefore were missing entirely from our data set but do have existing SID data. Adding
these data to our model could change our estimates. We were able to obtain estimates from
state public health departments for several states that were not included in HCUPnet, which
did fill in much of the missing SID data. We would also encourage other interested research-
ers or state agencies with privately held data to contact us about contributing data that we are
missing. These data could include hospitalization information to help fill in existing missing-
ness, but also other data sets that capture firearm injuries at various stages of treatment, such as
EMS data and ED data, which could be incorporated in the model to improve our estimates.

In this project, we did not attempt to disaggregate inpatient hospitalizations for firearm
injury by the various cause or intent types. There are likely differences in how intentional self-
injuries, assaults, and accidents are represented in hospitalization data that would be impor-
tant for evaluating certain policies or programs. For instance, it is unclear how many firearm
suicide attempts result in inpatient hospitalization, given the lethality of suicide attempts (75
to 96 percent lethal; Conner, Azrael, and Miller, 2019; Kleck, 2020) committed with firearms
compared with the lethality of assaults committed with firearms. Future work could extend
our analyses to estimate firearm injury hospitalizations by intent, but there might be greater
challenges in generating accurate comparisons across states and over time because of more-
serious issues of coding disagreement regarding injury intent (i.e., classifying assault versus
accident versus undetermined) versus mechanism (Annest et al., 2008; Barber and Hemenway,
2011; Langlois et al., 1995; LeMier, Cummings, and West, 2001).

Finally, our estimates of firearm hospitalizations are not well suited to some questions
that might be of interest to researchers, particularly questions concerning trends in the lethal-
ity of firearm injuries over time. In general, inpatient hospitalization is poorly suited to exam-
ining changes in the lethality of firearms because it excludes many firearm injuries, including
a majority of firearm injuries treated in EDs. Thus, the use of more-lethal weapons could
increase hospitalizations because a greater fraction of firearm injuries now require inpatient
hospitalizations or could decrease hospitalizations because more injuries are fatal prior to hos-
pital admission. Therefore, the rate of inpatient hospitalization—either alone or in comparison
with fatalities—tells us little about whether firearms are becoming more lethal or injurious.

> There can be multiple external cause of injury codes for firearm injury per hospitalization, so firearm injuries could be
overcounted if a data set tallies the number of codes rather than the number of inpatient hospitalizations. We compared our
SID data with HCUPnet and confirmed that the HCUPnet system is counting inpatient hospital discharges.
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An additional complication is that the imputation model uses nonsuicide firearm mortality
to impute the missing hospitalization data. Thus, inferences about the precise relationship
between hospitalizations and mortality in the imputed data are effectively constrained by the
assumptions of that model. Other data sets, such as the NTDB, might be more appropriate for
understanding lethality and trends in lethality (Zeineddin et al., 2021). Interested researchers
can consult the literature in this area (Cook et al., 2017a, 2017b; Fowler et al., 2015; Kaufman
et al., 2019; Kent et al., 2017; Sauaia et al., 2016).

Improving Data and Research on Nonfatal Firearm Injuries

In this project, we generated estimates of firearm injury hospitalizations because these data
are not reliably recorded and made available in all states. In the ideal, all states would record
and publicly report hospitalization data in sufficient detail such that the data could be used
to examine research questions concerning firearm hospitalizations. Short of this, there might
be ways that existing data sets could be shared to improve research on firearm injuries. Small
improvements to data services like HCUPnet could make the data that such services provide
much more useful for firearm policy researchers. For instance, the underlying data used by
HCUPnet would allow for differentiating firearm hospitalizations that end in deaths from
those that do not. Distributing that information through HCUPnet would facilitate research
on the relationship of firearm hospitalizations to mortality, an outcome of critical importance
to understanding the more costly and severe firearm injury outcomes. Additionally, we rec-
ommend that states that collect SID or SEDD data, but that currently do not allow access to
aggregate counts through HCUPnet, change their policies to allow data to be distributed on
HCUPnet. Alternatively, states with SID and SEDD data could provide access to aggregate
counts via their own query systems or via requests made by researchers. Allowing researchers
to access firearm injury counts at the state level without needing to acquire complete SID or
SEDD databases would immediately improve the quality of firearm injury research.

Lastly, there is a need to identify firearm injuries in ED settings, which requires the abil-
ity to identify or count the number of patients who were admitted to the ED only, as an inpa-
tient only, or both. Ideally, this would be a linked data file at the case level for firearm injury
ED visits, firearm hospitalizations, and firearm fatalities, or an aggregate file that identifies the
number of cases with different statuses (e.g., ED only, inpatient only, both). Without improve-
ments in the coverage and quality of the ED data, the majority of treated injuries from fire-
arms are likely to be missed in the existing inpatient hospitalization data and the vital statistics
mortality data.



APPENDIX A
Posterior Distributions of Model Parameters

Table A.1
Characteristics of the Posterior Distributions of Model Parameters

0.25 0.50 0.75
Parameter Mean SD Quintile Quintile Quintile
Intercept 0.93 0.015 0.90 0.93 0.96
p_average income 0.07 0.022 0.03 0.07 0.1
B_Poverty rate 0.03 0.016 0.00 0.03 0.06
B_Firearm fatality rate (excl suicide) 0.36 0.028 0.31 0.36 0.42
B_Household firearm ownership rate 0.04 0.028 -0.02 0.04 0.09
B_Percent urban 0.12 0.023 0.08 0.12 0.17
B_Percent uninsured -0.01 0.017 -0.04 -0.01 0.03
B_Percent female 0.04 0.022 0.00 0.04 0.09
B_Percent High School only -0.03 0.016 -0.06 -0.03 0.00
B_Percent bachelor’s degree -0.06 0.022 -0.10 -0.06 -0.02
B_Policing rate 0.02 0.015 -0.01 0.02 0.05
B_Percent White, nonHispanic 0.10 0.021 0.05 0.10 0.14
B_NIS % hospitalizations from firearms 0.01 0.005 0.00 0.01 0.02
B_violent gun crime rate 0.07 0.019 0.03 0.07 0.11
B_year -0.03 0.014 -0.06 -0.03 0.00
B_year squared -0.01 0.010 -0.03 -0.01 0.01
B_WNH*VioGunCrime 0.08 0.014 0.05 0.08 0.1
B_urban*VioGunCrime 0.02 0.025 -0.02 0.02 0.07
B_HFR*High School 0.03 0.015 0.00 0.03 0.06
B_HFR*Bachelor 0.03 0.012 0.00 0.03 0.05
B_Firearm death rate*urban 0.07 0.027 0.01 0.07 0.12
& (prior var for betas) 0.24 0.039 0.18 0.23 0.33
7_Alabama 0.66 0.259 0.09 0.70 1.00
7_Alaska 0.66 0.259 0.09 0.70 1.00
7_Arizona 0.66 0.203 0.23 0.68 0.99
7_Arkansas 0.73 0.225 0.19 0.79 1.00
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Table A.1—Continued
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0.25 0.50 0.75
Parameter Mean SD Quintile Quintile Quintile
7_California 0.55 0.274 0.04 0.56 0.99
7_Colorado 0.68 0.249 0.1 0.72 1.00
7_Connecticut 0.66 0.257 0.10 0.71 1.00
7_Delaware 0.56 0.262 0.06 0.57 0.99
7_Florida 0.84  0.150 0.46 0.88 1.00
7_Georgia 0.66 0.257 0.09 0.70 1.00
7_Hawaii 0.70 0.235 0.15 0.75 1.00
7_ldaho 0.66 0.259 0.08 0.70 1.00
7_lllinois 0.67 0.235 0.14 0.70 1.00
7_Indiana 0.88 0.099 0.64 0.91 1.00
7_lowa 0.69 0.242 0.14 0.74 1.00
7_Kansas 0.37 0.222 0.02 0.35 0.86
7_Kentucky 0.58 0.244 0.09 0.59 0.98
7_Louisiana 0.66 0.258 0.09 0.70 1.00
7_Maine 0.68 0.253 0.1 0.73 1.00
7_Maryland 0.63 0.262 0.08 0.67 1.00
7_Massachusetts 0.66 0.257 0.09 0.71 1.00
7_Michigan 0.76 0.164 0.40 0.78 1.00
7_Minnesota 0.64 0.259 0.09 0.68 1.00
7_Mississippi 0.66 0.258 0.09 0.70 1.00
7_Missouri 0.61 0.271 0.06 0.64 0.99
7_Montana 0.66 0.258 0.10 0.70 1.00
7_Nebraska 0.66 0.254 0.10 0.71 1.00
7_Nevada 0.70 0.207 0.23 0.72 1.00
7_New Hampshire 0.66 0.258 0.09 0.71 1.00
7_New Jersey 0.69 0.245 0.1 0.74 1.00
7_New Mexico 0.66 0.253 0.10 0.71 1.00
7_New York 0.76 0.216 0.21 0.82 1.00
7_North Carolina 0.60 0.269 0.06 0.63 0.99
7_North Dakota 0.60 0.268 0.06 0.63 0.99
7_Ohio 0.66 0.257 0.10 0.71 1.00
7_Oklahoma 0.51 0.180 0.16 0.51 0.87
7_Oregon 0.70 0.241 0.14 0.75 1.00



Table A.1—Continued

Posterior Distributions of Model Parameters

0.25 0.50 0.75
Parameter Mean SD Quintile Quintile Quintile
7_Pennsylvania 0.59 0.270 0.06 0.61 0.99
7_Rhode Island 0.64 0.263 0.08 0.69 1.00
7_South Carolina 0.76 0.202 0.27 0.81 1.00
7_South Dakota 0.66 0.261 0.08 0.70 1.00
7_Tennessee 0.58 0.268 0.06 0.60 0.99
7_Texas 0.68 0.236 0.14 0.71 1.00
7_Utah 0.62 0.265 0.07 0.66 1.00
7_Vermont 0.66 0.257 0.09 0.70 1.00
7_Virginia 0.89 0.106 0.62 0.92 1.00
7_Washington 0.70 0.241 0.13 0.75 1.00
7_West Virginia 0.46 0.211 0.06 0.46 0.87
7_Wisconsin 0.67 0.253 0.10 0.71 1.00
7_Wyoming 0.70 0.242 0.13 0.75 1.00
w (for prior on) 2.28 1.232 0.63 2.02 5.33
& (for prior on) 1.16 0.652 0.30 1.02 2.81
¢ (for error structure) 0.02 0.002 0.01 0.02 0.02
p? (for error structure) 2.29 0.337 1.79 2.25 3.06
a? (for error structure) 0.10 0.008 0.09 0.10 0.12

NOTES: All variables used as predictors were standardized to mean =0, SD = 1 prior to inclusion

in the model. The outcome is the observed rate of firearm hospitalization per 10,000 population.
This table displays only a subset of the estimated parameters.
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APPENDIX B
Data Cleaning

Our starting data set of observed values for firearm injury hospitalizations derived primarily
from the aggregate output generated through HCUPnet. However, because HCUPnet does
not include data for all states and years, we sought to fill in missing state-years by compiling
additional information from other publicly available data sources on inpatient hospitalizations
for firearm injury similar to that provided by HCUPnet. To compare HCUPnet data with data
available through these alternative sources, we collected all available state-years from them, not
just those state-years missing from the HCUPnet data.

Prior to conducting the imputation models, we also undertook a data cleaning process
that was designed to identify outliers in the data and improve the reliability of the outcome
data. Outliers were identified by examining residuals of a regression model that included lead
and lag terms. Outliers were defined as values that were 50 percent higher or lower than in
adjacent years. For state-years with data in both HCUPnet and an alternative source listed in
Table 3.2, we selected for our outcome the higher value if there was a discrepancy and there
was no other known reason why the lower value would be more accurate. This decision reflects
our assumption that undercounts of firearm injury are more likely than overcounts because of
the incompleteness of mechanism of injury code data across states and other known issues with
injury coding. Table B.1 provides the full list of state-years that were (1) missing in HCUPnet
but collected from an alternative data set, (2) available in HCUPnet but identified as an outlier
and replaced with information from an alternative data set, or (3) available in HCUPnet but
replaced with a higher value from an alternative data set.
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Table B.1
Directory of Data Cleaning Changes

One Year One Year
HCUPnet Lead Value Lag Value

State Year Value (HCUPnet) (HCUPnet) Replacement Value Reason

AR 2000 — — — 180 Missing

AR 2001 — — — 240 Missing

AR 2002 — — — 244 Missing

AR 2003 — — — 283 Missing

AR 2005 614 320 338 341 Outlier

DE 2000 58 — 147 Missing No replacement
available

IN 201 421 391 522 424 Higher-value rule

N.J. 2008 21 649 587 573 Outlier

N.J. 2015 — 654 602 541 Missing

NV 2002 69 — 264 Missing No replacement
available

OK 2002 — — — 256 Missing

OK 2003 — — — 308 Missing

OK 2004 — — 222 356 Missing

OK 2005 222 -- 212 335 Outlier

OK 2006 212 222 223 374 Outlier

OK 2007 223 212 413 358 Outlier

OK 2010 278 344 410 365 Higher-value rule

OK 2013 13 437 323 344 Outlier

NOTES: The HCUPnet Value column represents the total number of firearm injury hospitalizations
provided by HCUPnet. The One Year Lead and the One Year Lag columns represent the HCUPnet
values in the year preceding (lead) and the year following (lag) the potential outlier or missing
value. The Replacement Value column shows the final value used in our analyses, and the Reason
column provides the reason why the value was replaced. Missing indicates that the value was
missing. Outlier indicates that the HCUPnet value is 50 percent higher or lower than the totals

in adjacent years. Higher-value rule indicates that the HCUPnet value was not an outlier but was
replaced with a value available from outside HCUPnet that was a higher value for that year.
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