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Abstract

Objectives. To apply a novel statistical method to create a comprehensive estimate of
incidence of firearm related injuries.

Methods. A database of firearms injuries in New Haven, Connecticut, during a five-
month period was created with records from law enforcement, emergency departments,
emergency medical services (EMS), news media, and the medical examiner. The overlap
of these various sources was operationalized in a capture-recapture model to generate an
estimate of uncounted firearms injuries, and log linear modeling was used to control for
positive and negative dependencies.

Results. The combined data sources revealed 49 firearms injuries occurring during the
study period within our defined geographical area. No single source recorded more than
43 of these injuries. Log-linear capture recapture methods estimated that the actual
number of injuries was 49.7 (95% CI 49-52.3).

Conclusions. No single source reaches complete case ascertainment for firearms injures.
Combining multiple sources improves the estimate of injury incidence, but still results in
an undercount. Log-linear capture-recapture methods can be used to improve the estimate

of firearms injuries.
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Introduction

Guns are an important and enduring part of American history and culture. Their
benefits to society include control of pests, hunting and recreational target
shooting,(1) crime deterrence,(2) protection,(3, 4) and cultural value.(5) Despite

these benefits, a small percentage of gun uses results in injury or death.

This is what we think we know about the scope of the problem: In the United States,
the rate of homicide from firearms is 20 times higher than the combined rates of 22
of our peer countries.(6) Annually more than 100,000 Americans suffer a gunshot
injury and one in three people in the United States knows someone who has been
injured.(7) One out of five teenagers ages 14-17 reports that they have personally
witnessed a shooting.(8-10) The death toll from firearms affects rural and urban
youth equally, although urban youth are more likely to die from homicide and rural
youth are more likely to die from suicide or accidental shootings.(11, 12)
Financially, firearm injuries have a heavy impact on society, with the lifetime
medical cost for all gun violence victims in the US estimated at $2.3 billion. Almost
half that cost is borne by taxpayers.(13-16) Clearly, gunshot wounds have a
significant impact on public health in the United States. Data like those above
provide a basis upon which to formulate interventions and to determine how best to
direct those interventions and to judge the outcome of interventions. However, what

if these data are erroneous?



Unfortunately, our understanding of the scope of the problem and how to intervene
has been retarded by policies and a dearth of funding for firearm research since
1996.(17) Thus, in order to design, implement, and evaluate interventions to
improve public health in relation to gun use, we need to first focus on quantifying

and qualifying the scope of gun injuries and deaths.

Most current data on firearm injuries and violence relies heavily on a single source:
law enforcement reporting. Although this is intuitively an obvious source of data,
previous research has shown us that law enforcement data may significantly
underreport the prevalence of gun-related events.(18) Furthermore, most research
has been narrow in scope. Gun research has been restricted to studies of firearms,
excluding other types of guns, such as air rifles, that are almost indistinguishable in
terms of appearance and lethality.(19) In addition, much research has been
restricted to “injuries” and “violence,” which excludes effects of guns such as
coercion without injury and unintentional or self-inflicted injuries that may not

always qualify as “violence.”

The current study demonstrates a useful method for studying the incidence and
prevalence of gun events. Since no single source is likely to capture all relevant
incidents, we propose matching multiple sources of data—including law
enforcement, emergency department, news media, EMS, and medical examiner

data—in order to obtain a more precise estimate. Combining multiple sources is



likely to result in an undercount due to incidents that go uncounted by all sources.
We can correct undercount-using capture-recapture techniques first established in

wildlife biology and ecology.

Some might intuitively suspect that victims of gunshot injuries would report to law
enforcement or to healthcare providers who would then report the incident to law
enforcement; there are numerous situations in which this does not occur. For
example, although healthcare workers are mandated reporters,(20) in the hectic
environment of the emergency department, some wounds may not be reported.(21)
Furthermore, there are numerous reasons why a victim of a gunshot wound may not
report to the emergency department. Some injuries that are immediately fatal may
route patients directly to the morgue, circumventing the emergency department.
Some wounds may be minor and the victim may decide not to seek medical
attention. In other cases, even with a significant injury, a victim may decide not to
report the injury for several reasons: They may be prevented from reporting it by
the perpetrator; they may be uninsured and fear medical costs; or they may not
wish the authorities to be aware of the injury or of their whereabouts. This type of

incident has even been depicted in the media.(22)

We propose the use of a method known as capture-recapture (also known as multi-
system estimation) to generate a more comprehensive estimate of prevalence and
incidence of gun related events. Originally developed for wildlife biology, this

method is now established in public health research(23, 24) and in the study of



injury(25-27), but has not been applied to the study of firearms. It uses various
assumptions to generate an estimate of the proportion of uncounted members of a

population.(28)

Existing Data on Firearms Injuries and Incidents

In 2005, the National Research Council of the National Academies convened a
committee with the express goal of improving research, information, and data on
firearms in the United States.(29) They determined that, despite the extent of the
injuries, in the United States there is no authoritative source to provide accurate,
timely, and complete data on the incidence and details of firearms-related injuries
and violence. Instead, what we know about injuries comes from a patchwork of
sources such as institutional data that suffer from clinical bias or samples that suffer
from undercounts. At the national level, data sources include the National Crime
Victimization Survey, the General Social Survey, Uniform Crime Reports, and the
Bureau of Alcohol Tobacco and Firearms. Additional data comes from academic
studies. Each of these sources contribute to our overall understanding of gun events
but were produced with its own specific goals in mind and therefore each has its

own advantages and drawbacks.(29)

The National Crime Victimization Survey, for example, relies on victim self-
reports.(29) Although it is considered the “gold standard” for measuring crime

victimization, it suffers from numerous methodological problems, such as non-



reporting, false reporting, and nonstandard definitions of events. The Uniform
Crime Reports rely on voluntary submissions of data from local law enforcement
departments. This data set brings a separate set of problems, including the fact that
not all incidents come to law enforcement attention, individual departments decide
whether or not to participate, and criminal charges may change depending on the
goals of local authorities.(29) Compounding this issue is the possibility that cities
with the greatest amounts of violence may be the least likely to submit complete

data.

The National Incident-Based Reporting System is meant to replace Uniform Crime
Reports and is administered by the FBI.(29) This system contains great potential to
record detailed information on firearm injuries across the United States. However,
since it was first proposed in 1985, only a small percentage of the United States has
been covered by the system, and notably most large cities and urban areas are not
covered. The National Violent Death Reporting System is another national data set
that has been administered by the Centers for Disease Control since 2002. In
addition to methodological problems, including incomplete reporting and
participation, it is not useful for studying firearms injuries because, as the name
implies, it is aimed at collecting useful data only on incidents that result in
death.(29) Furthermore, only a fraction of states are participating in data

submissions.



Seminal independent studies that set the stage for our current work were led by
researchers such as Kellermann and Hemenway.(5, 21, 30-53) Their landmark
studies quantified and qualified firearm injuries as opposed to just firearms
fatalities. In their studies, they observed that prior studies had been based on single
data sources (e.g. hospital records, medical examiners, police records, etc.) and that
they were therefore seeing only part of the picture. For example, Kellerman et al.
combined data sources in three cities across the United States: Memphis, Tennessee;
Seattle, Washington; and Galveston, Texas. For each city, they collected data from
four main sources: police reports, emergency medical services agencies, emergency

departments records, and medical examiners’ records.

A large amount of valuable data about the characteristics of incidents involving
gunshot wounds was collected, including age and race of the victims, types of
weapons involved, severity of injuries, and the contexts in which shootings
occurred.(21, 54-61) They found that the rate of firearms injuries per 100,000
residents per year ranged from 54 in Seattle to 223 in Memphis. 88 percent of the
injuries occurred during assaults and only 4 percent of injuries were unintentional.
The vast majority—88 percent—involved handguns. Interestingly, over 50 percent
of the victims who arrived at the emergency department were admitted.
Disturbingly, they found that the ratio of nonfatal injuries to deaths was only 4.2 to

1.



Our work builds on these earlier studies from Hemmenway and Kellermann'’s line of
research. Kellermann et al specifically defined a case as an injury that would
“prompt emergency medical attention.”(21) Victims who did not seek care or those
who sought care from practitioners who were willing to treat without reporting are
missing from this study. The authors specifically state that their figures should be
considered conservative. Of special relevance to our current study, they observed
that despite the fact that health care providers in all three cities were required by
law to report all gunshot wounds to law enforcement, they were unable to find
matching police reports for a full 9 percent of cases identified. They determined that
this lack of matching was most likely not due to misfiled or misplaced records but to
true lack of reporting in the fast-paced emergency department environment.
Building upon these landmark studies, we operationalize the overlap of various data

sources to estimate the number of uncounted gun events.

Firearms Research Moratorium

Research on gun events has been significantly hampered by a de facto moratorium
on federal funding for the last eighteen years.(62) Around the same time that the
above paper by Kellerman et al was published, Congress passed a bill that,
beginning in 1997, made funds at the Centers for Disease Control unavailable for
research related to firearms.(63) The National Rifle Association claimed credit for
pressuring Congress to adopt these changes because they felt that research on gun

violence was actually being used in attempts to effect restrictions on gun ownership



rights.(64). Later, the funding restrictions were extended to other federal agencies
and gun safety was further polarized(15, 53, 65-73). In 2009, a study by Branas et
al(74) used a case-control method to address the question of whether carrying a
firearm increased or decreased the risk of becoming a victim of a firearm assault.
They reported that, although some defensive gun use does occur, on average
possession of a firearm did not appear to have a protective effect on the individual.
The National Rifle Association condemned this study(64) and shortly afterward,
Congress extended the funding restrictions to cover the agency that had sponsored

the study, the National Institutes of Health.(62, 75)

This freeze on funding persisted for nearly two decades. On January 16, 2013, in the
wake of the Sandy Hook Elementary School Shooting, President Barack Obama took
a step to reverse the dearth of research and issued a memorandum directing the
Centers for Disease Control to resume research on the causes and prevention of
firearms injuries.(76, 77) The executive action, however, did not provide funding for
this research, although President Obama did include funds in his budget proposal
for fiscal year 2015.(78) On May 21, 2014, Senator Edward ]J. Markey (D-Mass.) and
Representative Carolyn Maloney (D-NY) introduced legislation to provide long-term
funding of $10 million per year for six years to the Centers of Disease Control to
study firearms injuries and prevention.(78) These changes may alleviate some of
the information deficits regarding incidence and prevalence of firearms injuries. As
this line of research moves forward, it is imperative to find a common ground and

avoid further polarization of the topic. We propose that the conversation be



reframed as “responsible gun ownership” rather than “control,” in the hopes that a
common ground will result in both public and political will to promote gun safety

efforts.(79-81)

Capture-Recapture: A Novel Approach to Studying Firearms Injuries

As noted above, a principle difficulty in studying the incidence and prevalence of
firearms injuries is the lack of a single source of data that comprehensively
catalogues gun incidents. Thus, in order to arrive at this information, it is necessary
to match multiple sources of data. Doing this also enables us to apply the statistical
technique of capture-recapture. This technique is especially useful in terms of
quantifying illegal or invisible activities because it does not rely on complete case
ascertainment, but rather statistically operationalizes the overlap between various
data sources.(28, 82-87) Specifically, in the case of a complex human population, we
propose to use a form of capture-recapture known as multiple-systems estimation
and account for violations of the statistical assumptions of basic capture-recapture

techniques.(88)

In its most basic form, the capture-recapture approach is a method used commonly
in ecology to estimate the size of an unknown population.(89) The method can be
understood quite simply with an example. Let us say we are attempting to estimate
the population size (N) of a fishery stock in a small lake. We start by capturing a

given number of fish, let us say 100. We then tag those fish and release them back
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into the lake. After allowing sufficient time for these fish to mix back in with the
population as a whole, we catch a second sample of fish. In this second sample, the
“recapture,” let us say we have again caught 100 fish and we see that 10 out of those
100 are tagged. If certain assumptions are met, we can then assume that the
proportion of marked fish in this second sample closely approximates the ratio of
tagged fish in the whole population.(90) Since we know the total number of tagged

fish in the population is 100 we can set up this equation:

100 10
N 100

Now, solving for N, we determine that the best estimate of the population size is

1,000 fish. In its general form, the equation is represented as:

-  Mn
N=—
m

where N is the estimate of the population size. M is the number of animals initially
captured and tagged. n is the size of the second sample and m is the number of
marked animals in this sample such that m/n is the proportion of marked animals in

the sample.(90)

Of course, even for this trivial example, a number of assumptions about the
population of interest are required. These assumptions can be described in a
number of ways, but the key components are(89, 91):
A. The population is closed. In other words, the population is constant during
the study period. In the case of animal studies, this requires zero

immigration, emigration, births, or deaths. An alternative way to view this
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assumption is as requiring that each individual in the population has a non-
zero probability of being captured in each of the samples taken.

B. The individuals can be reliably identified. It is crucial that the investigator is
able to reliably identify which individuals captured or not captured in one
sample appear in another sample. In wildlife studies, this is often as simple as
assuming that all marks, tags, or bands remain in place and legible and that
they are correctly recorded. In studies with humans, which generally do not
involve physical tags, it implies that each individual can be uniquely
identified using characteristics such as name, date of birth, or identification
number (e.g. social security number, medical record number, etc.).

C. Each individual has the same probability of being captured in a given sample.
For example, in a study on fish, this assumes the absence of wise old fish who
evade the hook.

D. The samples are independent. In a wildlife study, this assumption would
require that individuals caught in the first sample do not learn to evade
capture a second time. In a human study, in which the “captures” may
actually be lists of names from various agencies, this assumption would
require that appearance of an individual on one agency’s list would not make
the individual more likely to appear on another agency’s list.

These assumptions must be met in the closed-population model. In most situations,
it is not possible to meet these assumptions and more complex statistical controls

are required.(88, 92, 93)
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History of Capture-Recapture Methods

Capture-recapture, also known as dual-system estimation when applied to human
populations(94), has been used for centuries to estimate sizes of unknown
populations. The procedure has long been associated with the Danish fisheries
scientist C.G. Johannes Petersen (1860-1920) who attempted to estimate
populations of fish in the 19th century.(90) However, this approach had been used
much earlier by Pierre-Simon Laplace to estimate the population of France in
1786,(90, 95) and even earlier by John Graunt to estimate the population of London

and the effect of plague in the 1600s.(28, 90)

The method was expanded by Knut Dahl in 1917 to study trout populations in
Norway.(90) A capture-recapture approach was first applied to non-fisheries
wildlife ecology by F.C. Lincoln in 1930 when he used hunters’ returns of leg bands
on ducks to estimate duck populations in North America.(91) Since then, the
method has become ubiquitous in ecology and employed with a great degree of

sophistication in innumerable wildlife studies.(28, 96)

In principle, the capture-recapture method can be applied to any situation in which
there are two partial lists of members of a population. In order to generalize the
method, one simply replaces the idea of “being captured in a sample” with the idea
of “being on a list.”(96) Despite the fact that some of the earliest known applications

of these methods involved human populations and disease in the 17t century,(90)
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for most of its history, the capture-recapture method was restricted primarily to
wildlife studies. The first serious application to human health in the modern era was
in 1949 by Sekar and Deming who applied the method to birth and death rates in

India.(96, 97)

During the middle of the 20t century, there continued to be use of the method for
analysis of census data. In fact, the United States Census Bureau has attempted to
apply capture-recapture techniques to correct for undercounts.(98) These
applications have been extremely contentious politically.(99) They have led to
partisan debate because of the way that the census creates differential undercounts
(i.e. minority citizens are more likely to be undercounted) and because applying
capture-recapture techniques to correct counts can have effects on such matters as
the allocation of seats in the House of Representatives.(100) In fact, the U.S.
Supreme Court has even rejected use of statistical adjustments to the census for

purposes of apportionment.(101)

Significant applications to human epidemiology have been less controversial but did
not come until the landmark 1968 paper by Wittes and Sidel(102) who pointed out
the connection with work in other fields and championed the method to the
epidemiology community.(96) Crucially, this paper also highlighted the problem of
positive and negative dependence between sources as is common in applications
involving retrospective epidemiological data. They pointed out that when there is

positive dependence between the sources, this may lead to an underestimate of the
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population size, and negative dependence may lead to an overestimate of
population size.(23, 102) We will return to a discussion of how to mitigate the
problem of dependence after first reviewing other applications of capture-recapture

methods in epidemiology.

A 1995 paper authored by the International Working Group for Disease Monitoring
and Forecasting (IWGDMF) reviewed the applications of capture-recapture in
epidemiology.(103) They began by contrasting the approach to counting in ecology
with the approach in epidemiology. Both fields are built on a foundation of
population counts. However, whereas ecologists have long recognized that
undercount is inherent in any monitoring system, epidemiology has labored under
the assumption that accurate incidence and prevalence data depend on
enumeration that achieves near perfection. In other words, the IWGDMF argued that
in epidemiology we tend to assume that the number of missing cases is negligibly
small. Of course, incomplete case ascertainment is inherent in all monitoring
systems. Although at times it may be negligibly small, it is necessary to quantify it,

and when appropriate, correct for this undercounting.

With the above argument as a background, the IWGDMF paper summarized the
history of capture-recapture applications in epidemiology.(103) They noted that
following the 1968 paper by Wittes and Sidel(102) and a 1969 paper by Lewis and
Hassanein (104) on hospital infections, the method still did not catch on until the

1980s. Coinciding with increased access to statistical computing technology, they
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noted an increase in the application of the log-linear methods, which are necessary
to control for the dependencies and violation of elementary capture-recapture
assumptions in most human studies. They noted the use of the method in papers
that could be group into six different disease groups: birth defects, cancer, drug use,
infectious disease, insulin-dependent diabetes mellitus (IDDM), and injuries. At the
time of their writing in 1995, they found only 6-10 papers in each of the first four of
those categories. These papers covered topics such as spina bifida, fetal alcohol
syndrome, breast cancer, heroin use, and sexually transmitted disease. Interestingly,
they noted that in the case of IDDM, capture-recapture methods had become
standard around the world. Almost all type 1 diabetes registries used the method to
check their ascertainment. Surprisingly, and in stark contrast to the IDDM literature,

they found only 4 papers from the injury literature that applied the method.

Since that 1995 IWGDMF review, the application of capture-recapture to the study
of injury has expanded somewhat. For example, a PubMed search on December 13,

»n «

2014, including the terms “capture,” “recapture,” and “injuries” produced 55 results.
Three of these results were from 2014. Many of the papers address workplace
injuries or traffic injury. Specific examples related to injury include traffic accidents
in Scotland(105), all-cause pediatric injuries in Pittsburgh(106), transportation-
related injuries in Nicaragua(107), dog bites in Pennsylvania(25), workplace

injuries(108, 109), intra-family violence(86), and intimate partner violence(27).

However, the inappropriate application of capture-recapture methods to dual-
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system cases that violate the method’s assumptions has also been criticized in the

context of injury studies.(110)

Dealing with Dependence

As described above, classical methods of capture recapture rely on a number of
assumptions. In human studies, assumption A regarding a closed population is
generally possible to meet. Because humans all have unique identifiers (e.g. names,
birth dates, social security numbers, etc.) it is generally not a problem to meet
assumption B that individuals in different samples can be reliably matched.
However, in some studies in developing countries where identifiers may not be as
reliable, even assumption B can be a challenge.(23) Unfortunately, assumptions C
and D regarding equal “catchability” of all subjects and independence of lists are
generally not possible to meet in human studies.(23, 111) For example, if one of the
agencies producing a list refers individuals to another agency producing a separate
list, there will be positive dependence between lists.(111) Likewise, if one of the
agencies is a help-giving organization, then individuals seeking help may be more
likely to appear on their list and therefore not all individuals will be equally likely to

be counted.(111)

To illustrate this point, consider the type of case covered in our study: If a victim
suffers a gunshot wound and travels to the emergency department for treatment,

the treating physician has an obligation to report the injury to the police
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department,(20) and the victim will therefore have both an emergency department
record and a police record. This would be described as a positive dependency
between the emergency department and the police department.(112) Conversely, a
victim of a gunshot wound who dies in the field would be transported to the morgue
rather than to the emergency department. This case would therefore register in
medical examiner records but not in emergency department records. This would be
considered negative dependency between the medical examiner and the emergency

department.(86)

If estimation is attempted based on only two sources of data (i.e. dual system
estimation), dependencies between data sources can interfere with the ability to
generate an accurate estimate.(23) However, if we introduce additional samples
using more than two data sources (i.e. multiple system estimation) we can control

for positive and negative dependencies using log-linear modeling.(86, 88, 111, 113)

The log-linear model is the standard form of analysis for contingency tables and was
first proposed and developed for use with capture-recapture models by Fienberg in
1972.(93, 111) The foundation and application of this technique have been well
described by the IWGDMF(111) and summarized by Chao et al.(23) The approach
begins with regarding the data as a contingency table with 2¢ cells. In this case t

is the number of lists and each cell is a combination of lists on which individuals can
appear. We can see that the number of cells therefore increases exponentially as we

add lists. To generate the table, the presence and absence of an individual on a list is
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symbolized by 1 and 0, respectively. We can illustrate this with an example in which
there are three lists. If a given individual shows up on the first list but not on the
other two, he would be recorded as [100] in the data table. If an individual shows up
on all three lists, he would be coded as [111]. Thus, the seven possible ways an
individual can be recorded are: [001]; [010]; [100]; [110]; [101]; [011]; and [111].
The uncounted individuals are represented by the cell [000], but of course this cell
starts out empty because we do not yet know how many uncounted individuals are
in the population. With this established, software is used to fit log-linear models to
the seven cells that contain observations. The optimal model is usually then selected
with the Akaike information criterion (AIC). With this model chosen, it can then be
projected onto the cell of uncounted individuals, [000], to estimate the number of

uncounted individuals.

[t is important to note that no matter how well our data fit a log-linear model, we
can only estimate the number of uncounted individuals if we make the assumption
that the inclusion pattern of the uncounted individuals is similar to the pattern of
individuals that we were able to observe.(88) In other words, our model is only
valid if the uncounted individuals are similar to the counted individuals in terms of

their probability of being counted.

The model works best if the population has homogenous probabilities of being
counted. If in fact the population is heterogeneous, we can theoretically improve the

model by first stratifying it into groups that may be more homogenous, such as race,
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gender, age, or criminal status.(88) Estimates of total count can then be modeled

within each stratum.

As stated earlier, the methods described here have taken on an increasingly
prominent role in epidemiology during the last several decades. They have been
applied to a wide range of problems in injury prevention, but have not as yet been

applied to the study of firearms injuries.
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Statement of Purpose and Hypotheses

The purpose of this project is to briefly explain the history and politics of gun
research, redefine “firearm violence” to “gun events,” elucidate limitations in
previous research, reframe the polarized literature and advocacy from Second
Amendment rights versus strict gun control to a moderate framework of
responsible gun ownership, and to investigate the application of a novel method to
the epidemiology of gunshot injuries. We generate gun incident estimates that can
inform the planning, execution, and evaluation of interventions to reduce the

impacts of gunshot events on public health, the economy, and quality of life.

Specific Aims

The specific aims of this study are:

1. Generate an estimate of total gunshot injuries occurring in a defined
geographical area during a defined period of time.

2. Identify characteristics of victims (e.g. gender, race, criminal background,
etc.) that influence the probability of suffering a gunshot wound and, once an
injury is suffered, the probability of being counted on the lists of various
agencies by stratifying estimates.

3. Evaluate the availability and suitability of various data sources to build a

statewide system to monitor trends in gunshot injuries.
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Specific Hypotheses

The specific hypotheses of our study are:
1. No single data source will achieve universal case ascertainment of gun events
2. Simple matching and summation of data from multiple sources will result in
an undercount because of incomplete case ascertainment.
3. Capture-recapture methods using log-linear modeling for multiple data
sources will allow for an evaluation of the degree of ascertainment and

generate ascertainment-corrected rates.
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Methods

In this study, we set out to establish a method for more comprehensive estimation
of the number of injuries due to firearms. We hypothesized that no single source of
data would record all firearms injuries that occur. Police files would record many
incidents. Not all incidents, however, would be recorded by them. For example,
although the emergency department is mandated to report all treated gunshot
wounds,(20) in the chaotic environment of the emergency department not all
patients with suspected gunshot wounds will necessarily be reported to the police.
Likewise, the emergency department will record many but not all gunshot wounds.
Some victims may feel that their wounds do not need to be treated by a doctor or
may avoid treatment because they fear being reported to the police. Others may be
unable to reach a hospital or feel they are unable because of insurance status, lack of
transportation, or duress. Finally, victims who are declared dead on the scene will
bypass the emergency department. Thus we set out to first collect data from a
variety of different sources in order to collect as many gunshot cases as possible.
After collecting this data we excluded cases that did not meet our geographic
criteria, temporal criteria, or case definition. We then matched cases based on
personal identifiers and estimated uncounted cases using capture-recapture

methods and log-linear modeling.
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Institutional Review

Our study design, methods, and goals were evaluated by the Yale University
Institutional Review Board and approval to execute the project was granted.
Amendments to personnel and data collection requirements were submitted and

received approval as needed.

Study Area

We restricted our study geographically to injuries that occurred within the City of
New Haven, Connecticut. This is not synonymous with New Haven County, a larger
geographical area that includes several neighboring towns. The City of New Haven is
located on the Connecticut shoreline, approximately midway between New York
City and Providence, Rhode Island. According to the 2010 United States Census the
population of New Haven was 129,779.(114) Within that population, the median age
was 30.4 years. 22.8% of the population was under 18 years old. The population
was 48% male and 52% female. Caucasians accounted for 42.6% of the population.
African Americans accounted for 35.4%. Regardless of race, 27.4% of the population
identified as Hispanic or Latino. Regarding education, 81.3% had at least a high

school education. 26.5% of the population was living under the poverty line.

New Haven was chosen for two reasons. First, it is a location in which a sufficient

number of gunshot injuries(115) are expected to occur in order to perform
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meaningful statistical analyses. Second, there are only three hospital emergency
departments in the city, the Saint Raphael emergency department and the Yale-New
Haven pediatric and adult emergency departments. All three of these departments
are run by the Yale-New Haven Hospital system and there are no other significant
trauma centers in the area, so all gunshot injuries that came to the emergency
department are available to us through the Yale-New Haven electronic medical

record system.

Time Period

Temporally, we restricted our study to the period of August 1, 2013, though
December 31, 2013. We expected that this would be a sufficient period of time in
which enough gunshot injuries would occur to permit statistical analyses.
Furthermore, the study period concluded long enough ago that we could reasonably
expect most police department case records to have been completed and filed and

therefore available for our analysis.

Case Definition

In order for an incident to be included, it needed to involve an injury due to
discharge of a firearm and striking of the victim by the discharged projectile (bullet).

Both fatal and non-fatal injuries were included. We excluded injuries due to non-
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firearms, such as BB guns and nail guns. We also did not include injuries due to
firearms that did not involve discharge of a projectile, such as being struck by a

firearm (“pistol-whipping”).

Data Sources

Emergency Departments (ED)

The Yale-New Haven Hospital (YNHH) system owns all major hospitals in the New
Haven area. The hospital began in 1826 and built its first building with 13 beds in
1833.(116) Today the hospital has grown into a 1,541-bed private, nonprofit
teaching hospital. The primary hospital campus at York Street includes a Level 1
trauma center and emergency department with over 100,000 patient visits per year,
including 70,000 adults and 30,000 children.(117) In 2012, YNHH acquired the
nearby Hospital of Saint Raphael,(116) which included another major emergency
department for the city. Because of this acquisition, the records of both the main
YNHH emergency department and the Hospital of Saint Raphael emergency

department are accessible within a single electronic medical record system.

The YNHH system uses Epic (Epic Systems Corporation, Wisconsin, U.S.A) as its
electronic medical record system. We queried the YNHH Epic database for records
that included the term gun or GSW (a common abbreviation for “gunshot wound”) in
the fields for Diagnosis; Chief Complaint; Reason for Visit; Arrival Complaint; Injury

Type; and Weapon/Type of Assault. Although, most cases should have been noted as
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gunshot wounds under diagnosis or chief complaint, we searched those additional
fields in order to ensure capturing as many cases as possible, given the fact that data
entry may be inconsistent when a critical gunshot victim arrives in the emergency

department.

Police Department (NHPD)

The New Haven Police Department, headquartered at 1 Union Avenue, New Haven,
serves the City of New Haven. Annually, the department responds to approximately
8,000 Part I crimes as defined by the F.B.I.’s Uniform Crime Reports.(118) This
figure includes approximately 2,000 major violent crimes (murder, forcible rape,

robbery, aggravated assault) and 6,500 property crimes.

We requested data for all incidents classified as Shooting or Murder, including both

fatal and nonfatal events, in the New Haven Police Department database during our

specified time period.

Emergency Medical Services (AMR New Haven)

American Medical Response (AMR) New Haven is the only transporting emergency
medical services agency within the city of New Haven. They staff with both basic life
support and advanced life support, responding to a total of 100,000 calls per

year.(119)
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AMR New Haven searched their database for all calls for Penetrating Trauma. They
then excluded cases that were not related to gunshot injuries (e.g. stabbings, eye
injuries, animal bites, etc.). The resulting data set included records for all calls for
gunshot wounds that originated at an address within the city of New Haven during
our study period. The AMR database also enabled us to crosscheck emergency
department records to determine where shootings occurred for other cases to

confirm if they did or did not occur within the limits of the City of New Haven.

Medical Examiner (ME)

The Office of the Chief Medical Examiner, located in Farmington, Connecticut,
provides certification of the cause of death for deaths occurring in the state of
Connecticut.(120) We requested data pertaining to all homicides and suicides

occurring in New Haven County during our study period.

News Media

New Haven news is covered by two newspapers, the New Haven Independent(121)
and the New Haven Register.(122) It is also regularly covered by the Hartford
Courant,(123) a newspaper headquartered in Hartford, Connecticut. Local television
news media include WTNH, an ABC affiliate,(124) and Fox CT.(125) News media can
often provide rich details about the background of the incident and the parties
involved. It has been previously used in a similar manner in conjunction with law
enforcement records and medical examiner reports to study fatalities related to

intimate partner violence.(126)
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We searched Google, Google News Archive, and the websites of local newspapers for
all results that included the term New Haven combined with the terms shooting, gun,

gunfire, gunshot, or firearm.

Data Processing

After collecting data, we systematically examined each set to eliminate cases that
did not meet the eligibility criteria for our study. Specifically, cases needed to occur
within the City of New Haven, within the specified period of time, and involve a
gunshot injury as defined above. Determining if the incident occurred with the
specified time period was simple because each data set clearly specified when the
incidents occurred. Determining if the case met our definition of a gunshot injury
was also straightforward because each data set provided details regarding the
incident and specified if a weapon other than a firearm (e.g. BB gun) was involved.
Determinations about location of the incident presented more of a challenge. Data
from the police department, medical examiner, and AMR New Haven specified exact
locations, making it simple to determine if the incident met our study criteria. News
media sources also often specified location. Emergency department data, in
contrast, rarely included information specifying location of the incident. Therefore,
in order to determine locations of incidents in the emergency department data, we
relied on auxiliary information in the other data sources after matching. News

media sources were especially helpful at this stage because they enabled us to
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search specifically for shooting incidents that appeared in the emergency
department data but may not have occurred in New Haven and therefore were

absent from the other data sets.

Record Linkage

After collecting data and removing cases that did not meet our inclusion criteria, we
combined all data sets and linked records via a manual process of fuzzy matching.
Some cases we were able to match with exact name identifiers. However,
heterogeneity in spelling of names across data sets required us to accept variation in
spelling of names, provided that the data matched in terms of date of the incident
and date of birth of the victim. For example, if one data set identified an individual
as John Smith and another identified him as Jonathon Smith, but the birth dates and

incident dates matched, we would consider this to be a single individual.

Resolving Inconsistencies

During and following the record linkage process, we attempted to resolve
inconsistencies that arose regarding names, ages, and race or ethnicity of the
victims. For example, if two records seemed to require linkage, but there was a
dramatic difference in the name of the individual in different data sets (e.g. “John”
and “Tim” for the same individual) we attempted to determine the true name of the
individual by searching news reports, police records, and ambulance records. We
attempted to determine if the inconsistency were due to a clerical error by the

originating agency, use of a false identification by the victim, or simple lack of
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information (e.g. due to a victim being unconscious and unable to provide

identifying information).

Statistical Analysis

All analyses were conducted in R version 3.1.2 (R Foundation for Statistical
Computing, Vienna, Austria).(127) R offers a variety of packages for the handling of
capture-recapture problems. These packages are summarized in the R Project’s
Environmetrics Task View.(128) Relevant packages include Rcapture, BBRecapture,
marked, unmarked, mra, secr, SPACECAP, and RMark. The basic package marked
provides a general framework for capture-recapture data handling and analysis.
Rcapture provides tools primarily for log-linear modeling of capture-recapture data.
Several packages are aimed toward spatial analysis of capture-recapture data. These
include secr, SPACECAP, and unmarked. The package mra fits specific open and
closed population models, including Cormack-Jolly-Seber, Huggin, and Horvitz-
Thompson. BBRecapture uses a Bayesian approach to fitting of models with
behavioral covariates. RMark provides a command-line R interface for the separate
program MARK. Of these packages, only Rcapture is specifically geared toward log-

linear models.

We primarily used the package Rcapture to create log-linear models of our data. We
also used the package fuzzySim and the function splist1presabs to convert our data

from a list of observations into a presence-absence table compatible with Rcapture.
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This table took the format “00010; 01100; etc” with 0 indicating absence of an
individual in a given data set and 1 indicating presence. We explored our data using
heterogeneity graphing as described by Baillargeon and Rivest.(129) We used the
closedp function to model our data because, although new incidents occurred over
the course of our study period, the population was effectively closed (i.e. no
immigration or emigration) because all data sets were collected concurrently. After
model generation, we used Akaike information criterion (AIC), Bayesian information
criterion (BIC), and boxplots of the Pearson residuals of our models to choose the
best fitted model. The BIC is similar to the better known AIC, and despite the name,
the two methods do not differ in terms of Bayesian versus frequentist perspective,

but in terms of the way that they penalize overfitting of the data.(130)

Division of Labor (required statement)

Conception and oversight of the study was completed by Lori Post. Elaboration of
the study details and parameters was completed by Zev Balsen (ZB) and Lori Post
via an iterative and collaborative process. Requests for data through EPIC and AMR
were executed by ZB. Records were obtained from the New Haven Police
Department by Richard Spano, Assistant Professor of Criminal Justice at University
of New Haven in collaboration with ZB. Medical Examiner records were obtained by
Lori Post. Data collection from news media sources was done by Doug Barber,
Vanessa Kuhlor, and Michelle Wu under the direction and supervision of ZB. Data

processing, matching, and statistical analyses were completed by ZB.
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Results

The data collected from the five different sources are summarized here and in Table

1 shown below.

Police Department (NHPD)

The data from the NHPD included 46 records. One incident involved an injury from a
BB gun and was eliminate from further analyses, leaving 45 records. Two of these
records were duplicates and were removed, leaving 43 unique victims of gunshot
injuries. A large proportion (86%) were male. There was a large range of ages from
15 years old to 77 years. The mean age was 29.3 years. Two victims were under 18.
The vast majority (95%) of victims were described as black or African American.
Only two victims were Hispanic. None were described as non-Hispanic white or
unknown. Approximately one in five of the incidents had a fatal outcome. One
additional event was described as “likely to become fatal” due to the severity of the

injury.

News Media

We originally located 83 news reports of gunshot injuries in New Haven during our
study period. After removing duplicates, we had recorded 35 gunshot injury victims.
Seven of these individuals were not identified by name in the news sources.
However, during matching, there was sufficient data regarding age, injured body

part, address where shot, and gender to confidently match all of these individuals.
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For one of the victims, however, it was unclear if she met the case definition. She
self-presented to a police department in an apparent state of intoxication and
reported having been shot. However, the law enforcement officers appreciated no
injury or damage to her clothing. At the alleged address of the incident, police
officers found no witnesses, shell casings, or other evidence that a shooting had
occurred. Despite the ambiguity in this case, it remained in the data set because it
had been reported as a shooting by the woman and by the news media. This same
individual also appeared in the AMR data set and was classified as a shooting there

as well.

The remainder of the incidents reported in the news media had similar

characteristics to those recorded by the NHPD. 83% were male and 91% were black.

All 9 fatal incidents were reported.

Emergency Medical Services (AMR New Haven)

The data from AMR New Haven included 40 records. One record was for a BB gun
injury and was eliminated. Three records were duplicates and were eliminated. This
left 36 victims recorded. Of these 36, three were unidentified. However, during
matching, there was sufficient data regarding age, injured body part, address where
shot, and gender to confidently match all three of these individuals. One individual
gave a name that was recorded on the AMR records, but based on matching of other

data elements—and a news article saying the man initially provided a false
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identification—he was eventually identified as a different individual for our further

analyses

Of the final 36 records, the characteristics were similar to those identified by the
NHPD. 83% were male. 92% were black. However, the AMR records did identify one
victim as unknown race. The AMR records captured 8 of the 9 fatalities recorded by
the police. Presumably, the 9t fatality was unequivocally dead on the scene and no

ambulance response was requested.

Medical Examiner (ME)

The data from the Office of the Medical Examiner included 188 records during our
study period. Of these, only 9 met our criteria of involving gunshot injuries and
taking place in the City of New Haven. Of course, all of these incidents were
fatalities. These 9 incidents were the same 9 fatalities recorded by the NHPD data
set. 100% were homicides; no firearm suicides were recorded in New Haven during
the study period. Of these 9 homicide victims, 89% were male. 89% were black and
11% (1 victim) were Hispanic. There were no victims under 18 years of age. Age
ranged from 18 to 36. The mean age was 24. Four of the incidents involved gunshots
to the head. Five involved gunshots to the chest/trunk. Two were declared dead at

the scene where they were shot. The remainder were declared dead at the hospital.



35

Emergency Departments (ED)

The data retrieved from the YNHH EMR included 72 records. More than half of these
records, however, were eliminated because they did not meet our inclusion criteria
regarding geographical location, date of incident, or mechanism of injury. Six
records were eliminated initially because they did not involve firearms (2 were
Taser injuries, 2 were from nail guns, and 2 were from BB guns). An additional 15
records were eliminated because they were at the emergency department in
Bridgeport, CT, and were highly unlikely to have occurred in New Haven. Two more
records from patients who were transported to New Haven from Wallingford, CT,
were eliminated. Following these initial removals, 7 more records were deleted
after being found to be duplicates. A final 11 records were eliminated after cross-
checking them with records from AMR-New Haven and with internet searches of the

news media to determine that they had been shot outside of New Haven.

The data trimming described above reduced the total number of records to 31. Of
these 31, there were 3 for which we had insufficient data to determine if they did or
did not meet our inclusion criteria. This is because these records had no overlap
with our other four richer data sets in order to determine exact location, dates, and
circumstances. We chose to analyze and present both the complete data as well as
the reduced set with the 3 equivocal cases excluded. For the complete data, there
were interesting similarities and differences between the ED data and the other four
data sets. Again, the majority were male (81%). Age range, mean, and number of

pediatric patients were similar to other data sets. Interestingly, this was the only
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data set that included any victims identified as non-Hispanic white. A total of 3
victims (10%) were identified as non-Hispanic white. One of these victims, however,
was also documented in the NHPD data set, but he was identified as black there.
Despite the increased number of white victims, the percentage of black victims
remained similar at 87%. This was due to there only being one victim identified as
Hispanic. The number of fatal cases was dramatically lower than in the other data
sets. Only 1 patient (3%) was a fatality. We will address the implications of this

finding in the discussion section below.
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TABLE 1. CHARACTERISTICS OF VICTIMS OF FIREARM INJURIES
RECORDED BY FIVE SOURCE IN NEW HAVEN, CONNECTICUT

AucGusT 1,2013 - DECEMBER 31,2013

DATA SET'

VARIABLE NHPD News AMR ME ED’ ED
Total victims 43 35 36 9 28 31
Unique victims? 0 0 0 0 1 4
Gender — no. (%)

Male 37 (86) 29 (83) 30 (83) 8 (89) 22 (79) 25(81)

Female 6 (14) 6 (17) 6(17) 1(11) 6 (21) 6 (19)
Age

Range — yrs. 15-77 15-77 15-53 18-36 15-77 15-77

Mean — yrs. 29.3 29.2 27.9 24 30.3 29.8

<18 — no. (%) 2(5) 2(6) 2(6) 0 1(4) 1(3)
Race/ethnicity — no. (%)

Non-Hispanic white 0 0 0 0 2(7) 3(10)

Black 41 (95) 32 (91) 33(92) 8 (89) 26 (93) 27 (87)

Hispanic 2 (5) 2(6) 2 (6) 1(11) 0 1(3)

Other or unknown 0 1(3) 1(3) 0 0 0
Fatalities — no. (%) 9(21) 9 (26) 8(22) 9 (100) 1(4) 1(3)

1Data Sets: NHPD = New Haven Police Department; News = news media source; AMR = American
Medical Response-New Haven; ME = Medical Examiner; ED = YNHH emergency departments.

2These are victims that are found only in a single data set. For example, the table shows that 4
victims in the NHPD data were not found in any of the other data sets.

3-4These are the results from the ED with the 3 equivocal cases excluded or included, respectively.
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Log-Linear Capture-Recapture Models

As illustrated above, there was considerable lack of overlap between the various
data sources. Only the emergency department data captured injuries that did not
show up in any other source. However, there were still a variety of different capture
profiles. The overlap between sources can best be viewed as an area-proportional
Venn diagram (Fig. 1). This figure demonstrates that there is substantial
redundancy between the NHPD, AMR, and the news media. The medical examiner
and the emergency department, however, capture slightly different segments of the

injured population.
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Figure 1: Proportional Venn diagram showing overlap of the five data sources.

NHPD AMR News

The overlap shown in this diagram was then modeled using log-linear methods. As
mentioned above, there were several ED records that we were neither able to

completely exclude from our analysis or determine that they met our inclusion
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criteria. Therefore, we analyzed the data both including and excluding these

records.

Complete Data Set

The complete data set included 49 gunshot injuries. Exploratory graphing for
heterogeneity (Fig. 2) showed a non-linear form, indicating heterogeneity between
capture probabilities.(129) The closed log-linear models were then evaluated by
AIC, BIC, and residual boxplots. AIC and boxplots both indicated that the model “Mth
Chao” fit best (see Table 2 and Fig. 3). This is one of several models available in the
Rcapture package. The BIC indicated a marginally better fit for the model “Mt.”
However, we selected “Mth Chao” as the best model because—in addition to having
better AIC and residuals—it allowed for heterogeneity among capture occasions as
well as among individuals captured. This model estimated abundance of gunshot
injuries at 49.7. The 95% confidence interval ranged from 49 to 52.3. Note that the
inferior confidence interval was fixed to the actual number of recorded gunshot
injuries. These results are shown below in Table 4 where they are compared to the

abridged data set.
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Figure 2: Exploratory Heterogeneity Graph of the complete data set.
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TABLE 2. MODEL RESULTS: CLOSED LOG-LINEAR MODELS FOR THE COMPLETE DATA
MODEL ABUNDANCE STDERR DEVIANCE DF AIC BIC
MO 49,37 0.63 113.21 29 152.38 156.16
Mt 49,14 0.39 53.33 25 100.49 111.84
Mh Chao (LB) 49,69 1.09 112.83 28 154.00 159.67
Mh Poisson2 49,14 0.39 110.71 28 151.87 157.55
Mh Darroch 49,15 0.42 112.34 28 153.51 159.18
Mh Gamma3.5 49,17 0.47 112.83 28 154.00 159.67
Mth Chao (LB) 49,70 1.11 51.03 24 100.19 113.44
Mth Poisson2 49,13 0.37 53.29 24 102.46 115.70
Mth Darroch 49,23 0.55 53.10 24 102.27 115.51
Mth Gamma3.5 49,41 0.86 52.76 24 101.92 115.16
Mb 49,05 0.22 107.64 28 148.80 154.48

Mbh 49.02 4.59 107.29 27 150.45 158.02
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Figure 3: Boxplots of Pearson residuals of the models fit by Rcapture for the

complete data set.
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Abridge Data Set

The abridged data set was the same as the complete data set, but with the 3
equivocal injuries removed, giving 46 captured gunshot injuries. Exploratory
graphing for heterogeneity showed a non-linear form,(Fig. 4) again indicating
heterogeneity between capture probabilities. The AIC, BIC, and residual boxplot all

indicated that model “Mt” and “Mth Chao” were equivalent as the best models (see
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Table 3 and Fig. 5). Therefore, in order to have consistency with the above model of
the complete data and to allow for heterogeneity among capture occasions as well
as among individuals captured, we again chose “Mth Chao” as the best model. This
model estimated abundance of gunshot injuries at 46.1. The 95% confidence
interval ranged from 46 to 46.9. Note again that the inferior confidence interval was
fixed to the actual number of recorded gunshot injuries. These results are shown

below in Table 4 where they are compared to the complete data set.

Figure 4: Exploratory Heterogeneity Graph of the abridged data set.
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TABLE 3. MODEL RESULTS: CLOSED LOG-LINEAR MODELS FOR THE ABRIDGED DATA

MODEL ABUNDANCE STDERR DEVIANCE DF AIC BIC
MO 46.23 0.49 104.22 29 142.12 145.77
Mt 46.05 0.23 36.66 25 82.56 93.53
Mh Chao (LB) 46.23 0.49 104.22 29 142.12 145.77
Mh Poisson2 46.03 0.17 97.14 28 137.04 142.52
Mh Darroch 46.01 0.10 98.78 28 138.67 144.16
Mh Gamma3.5 46.00 0.07 99.56 28 139.46 144.95
Mth Chao (LB) 46.05 0.23 36.66 25 82.56 93.53
Mth Poisson2 46.02 0.14 35.22 24 83.12 95.92
Mth Darroch 46.01 0.12 35.92 24 83.82 96.62
Mth Gamma3.5 46.01 0.12 36.16 24 84.06 96.86
Mb 46.02 0.16 99.00 28 138.90 144.39

Mbh 46.03 3.88 98.98 27 140.88 148.20
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Figure 5: Boxplots of Pearson residuals of the models fit by Rcapture for the

abridged data set.
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TABLE 4. SUMMARY OF ANALYSES: SELECTED MODEL RESULTS SHOWING ESTIMATED IN]URIES
RECORDED ESTIMATED STANDARD
95% CI
IN]URIES IN]URIES ERROR
Complete Data Set 49 49.7 1.1 49-52.3

Abridged Data Set 46 46.1 0.2 46 - 46.9
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Discussion

In this study we have demonstrated the application of a novel method to ascertain
gunshot injuries. By combining data from 5 distinct sources we have generated a
more complete picture than could be had from any single source alone. In addition,
we have applied log-linear modeling techniques to estimate the number of
additional uncounted gunshot injuries that occurred during our study period by
operationalizing the overlap instead of simply matching, un-duplicating, and adding

the data sources together.

The most complete single source was the records of the New Haven Police
Department, recording 43 incidents. However, similar to Kellerman et al,(21) who
found that 9% of cases lacked corresponding police reports, 6 out of our 49 cases
(12%) were not included in police records. There are a variety of possible
explanations for this. At the most basic level, there may have been clerical errors
that led to those records being misplaced or mis-categorized. There is also a
possibility that some were intentionally missing from police records because the
police may have determined that the incident did not meet their definition of a
gunshot injury. In fact, for several incidents that did not have a police record, other
sources mentioned that the police were on scene. This implies that the police did
know about some of these incidents, but for some reason a report was not generated

or did not make it into our data set. In the case of emergency department records, it
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is also possible that some cases were not known to the police because ED providers

may have neglected to provide notification.

In addition, it was not always clear if an incident represented a gunshot injury. In at
least one case, a victim reported having been shot, but police and medical personnel
determined that it was unlikely the victim had been shot. In several other cases,
victims claimed that they had not been shot, but police and medical personnel felt
that their wounds were most likely due to gunshots. In our analyses we accepted the
classification of wounds as done by police and medical personnel. However, it
should be kept in mind that this sometimes conflicted with victim reports and may
not have always been completely accurate. This difficulty in determining with 100%
certainty if a wound is from a firearm may explain some of the inconsistencies

between data sources.

There was also a wide range of quality in the data from different sources. The
medical examiner data, for example, was consistently of the highest quality for the
purposes of our study. Names and birthdates appeared to be correct. There were
extensive details about the location, date, time, and mechanism of the injury. There
was a similar wealth of detail regarding the death following the injury. The main
drawback, however, of the medical examiner data was, of course, that it is limited to
fatal cases. The news sources seemed to mostly reflect police reports. In fact, most

news sources directly attributed their information to the New Haven Police
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Department. Regardless, news sources served to provide additional details

regarding the specific details of incidents.

The data from the emergency department presented a large number of problems.
Electronic medical records contain a wealth of information, but the other side of that
coin is that things can be encoded in a variety of ways, making it difficult to search
the medical record for events that are not coded in a uniform way. Therefore, our
query may not have captured all of the gunshot wounds that presented to the
emergency department. Similarly, there are many clerical errors in the emergency
department data. For example, one case was known to involve a BB gun rather than
a firearm based on data from the NHPD and AMR; the emergency department data

coded this incident as a “gunshot wound.”

Very few fatal gunshot wounds showed up in the emergency department data. Only
1 such wound was present in the emergency department data, despite the fact that
every other data set recorded 8 or 9 fatal gunshot wounds. This occurred despite
the fact that news media, AMR, and medical examiner records mention these
patients being transported to the YNHH emergency department for treatment
before they died. Perhaps this occurred because fatal gunshot wounds were more
likely to be coded in the EMR as “cardiac arrest” or “hemorrhagic shock” than as
“gunshot wound.” It may also reflect the fact that fatal cases in the emergency

department are likely to involve full trauma responses, which draw resources from
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across the emergency department, thus interfering with the work flow in the rest of

the department and perhaps increasing the probability of clerical errors.

In addition to the limitations of our data sources described above, our research has
some methodological limitations. For purposes of analysis, we have used a narrow
case definition. Gun events have the ability to create an impact without discharge.
For example, a victim may be threatened or coerced by an individual with a gun
even without the gun being fired. Similarly, a gun may be discharged and not cause
an injury or cause an injury that does not lead to the victim presenting for medical
care. These are all examples of events that our study design would not be able to
detect. Thus our estimates are conservative and exclude incidents involving non-
firearm guns (e.g. airguns) and events in which a gun was used for intimidation but
without actual discharge. A broader definition of gun-related incidents would
introduce its own complexities into the study. Injuries due to non-firearm guns may
not be consistently coded the same way in medical documentation. They also may
not always be classified as “shootings” by police records. Similarly, events that
involve mental trauma rather than physical injury may be less likely to come to
medical or legal attention and therefore would be more difficult to measure,

requiring different methods than those we have applied here.

Despite the presumption that capture-recapture might overestimate cases, our log-
linear models demonstrate that there were very few uncounted cases. This may in

fact reflect near complete case ascertainment by the combined data sets. It also
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could be a function of “structural zeroes”(23) in the population we are trying to
capture. Structural zeroes refer to cases that are missed because they inherently
cannot be captured by a given data set. They are contrasted with “random zeroes”
that are missed due to chance. In other words, each victim should have a positive
probability of being captured by each data set. If certain victims are systematically
missed then they cannot be accounted for by the model.(23) Another way to view
this concept, is to realize that log-linear modeling depends on the assumption that
the uncounted cases are not qualitatively different from the counted cases. For
example, above we described the hypothetical case of a victim who decided to hide
his injuries because he feared legal or economic consequences. Unless this sort of
victim has a non-zero probability of being counted by our data sources, the capture-

recapture method cannot account for him.

Attempting to estimate these “structural zeroes” may be difficult. Collecting
additional, independent data sets may provide more accurate point estimates. We
initially hoped to collect data from social media sources, with the hopes that some
individuals who did not present for medical care may have mentioned their injuries
on social media platforms. An initial exploration of social media (not included in the

above study) did reveal several mentions of gunshot injuries.

In summary, our study has demonstrated a method of estimating gunshot injury
prevalence using multiple sources and capture-recapture methods. Withstanding

the limitations, capture-recapture is superior to existing methods. The matched data
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set including results from five sources demonstrated that no single source captured
all firearm injuries during the study period. Furthermore, the combined data set
highlighted deficiencies in individual sources and provided a richer picture of each
case. Interventions aimed at reducing the public health impact of gunshot injuries
should be based on data using multiple sources and capture-recapture methods to

maximize accuracy of prevalence estimates.
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Appendix A: Code for Statistical Analysis in R

HHBHH R
HHBHHR R
### Capture Recapture Analysis of New Haven Firearms Injuries ###

HHHEHHHHHHH

## Load the data as a 2 column table with headers, indicating individuals and data sets
## that captured them

#delD <- read.csv("deidentified.abridged.csv" , header=TRUE, sep=",")

deID <- read.csv("deidentified.complete.csv" , header=TRUE, sep=",")

delD

## Load the fuzzySim package, in order to use splist2presabs to create presence-absence
## table

library(fuzzySim)

firearms <- splist2presabs(delD, sites.col="Match.ID", sp.col="Data.Set",
keep.n=FALSE)

firearms

## Remove Match.ID column:

firearms$Match.ID <- NULL

firearms

#### Load package Recapture for capture-recapture analysis
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library(Rcapture)

help(Rcapture)

## Explore the data

desc <- descriptive(firearms, dfreq=FALSE, dtype="hist")

plot(desc)

## (the ui plot is meaningless because it depends on the arbitrary ordering of the data

##sources)

## Fit the data as a closed population:

## Based on page 2 of the Baillargeon paper describing the Rcapture package, a priori,
##we can expect to have a "th" model (heterogeneity and temporal effects). The b
##parameter (behavior) is meaningless because our captures have no defined temporal
##relationship

closed.firearms <- closedp(firearms)

closed.firearms

## export table

#write.table(closed.firearmsS$results, "Model.Results/Model.Results.txt", sep="\t")

## which model minimizes the AIC and/or BIC? That is the model with the best fit.

## evaluate the fit of the model by looking at plot of the residuals:
boxplot(closed.firearms)

## which model has the tightest resideuals?
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## Select a model:

model.selected <- "Chao"

## Calculate the confidence intervals
Cl.firearms <- closedpCl.t(firearms, m="Mth" , h=model.selected)
Cl.firearms

plotCI(ClI.firearms, main="Profile Likelihood Confidence Interal")

HHBHH R
#iH#H Create proportional Venn diagram ##H#HHHHH I

HHBHH R
library(venneuler)

gsw.venn <- venneuler(firearms)

gsw.venn$labels <- ¢("","","","","")

plot(gsw.venn, main="", col="black", alpha=.3)
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