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Preface

The RAND Corporation launched its 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 laws. As a part
of this project, RAND conducted a systematic literature review and
evaluation of scientific studies on the effects of 14 classes of policies on
eight outcomes related to gun ownership, including outcomes of con-
cern to those who favor policies that limit access to and use of firearms
and those who favor laws that expand such access and use (detailed
in the report 7he Science of Gun Policy: A Critical Synthesis of Research
Evidence on the Effects of Gun Policies in the United States). The results
of this study suggested that relatively little consistent and persuasive
evidence could be found describing the effects of most gun policies. In
part, this appeared to result from the sensitivity of such estimates to
statistical modeling choices made by investigators. Of course, differ-
ent statistical models imply different assumptions about the data, some
of which may be right, but some of which must be wrong if different
approaches lead to different inferences about the effects of laws.

This report systematically investigates the performance of a wide
range of statistical models commonly used in the gun policy litera-
ture to estimate the effects of gun policies on firearm deaths at the
state level. The goal of this study is to identify the most appropriate
statistical modeling and analysis methods for producing these esti-
mates, which should provide useful information in evaluating whether
estimates from prior research should be considered to be accurate or
inaccurate.
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This report should be of interest to researchers familiar with sta-
tistical methods for estimating causal effects in longitudinal time series
data, those who are trying to understand the effects of gun policies as
revealed in the existing literature, or those who are planning new stud-
ies that use statistical models to investigate these effects.

RAND Ventures

The RAND Corporation is a research organization that develops solu-
tions to public policy challenges to help make communities through-
out the world safer and more secure, healthier, and more prosperous.
RAND is nonprofit, nonpartisan, and committed to the public interest.

RAND Ventures is a vehicle for investing in such policy solu-
tions. Philanthropic contributions support our ability to take the long
view, tackle tough and often-controversial topics, and share our find-
ings in innovative and compelling ways. RAND’s research findings
and recommendations are based on data and evidence and therefore do
not necessarily reflect the policy preferences or interests of its clients,
donors, or supporters.

Funding for this venture was provided by gifts from RAND
supporters and income from operations. This report received additional
support through a grant from the Laura and John Arnold Foundation.
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Summary

There is a growing scientific literature investigating the effects of gun
policies on firearm deaths. Unfortunately, reviewers of this literature
have frequently concluded that strong claims about the effects of most
gun laws cannot be made because estimates of their effects appear to be
especially sensitive to statistical modeling choices made by investiga-
tors (see, for example, Hahn et al., 2005; National Research Council,
2004; RAND Corporation, 2018). Different modeling choices typi-
cally imply different assumptions about the data. However, no study to
date has comprehensively examined which assumptions might be most
appropriate for the type of data being examined in gun policy research.
In this report, we describe how we used statistical simulations to iden-
tify the most appropriate model for estimating the causal effects of laws
or policies on state-level total firearm deaths between 1979 and 2014.
Our goal with this evaluation was to establish whether some com-
monly used statistical models have better statistical performance than
others on four primary criteria: (1) type 1 error rates (the rate of statis-
tically significant effect estimates when the law actually has no effect),
(2) statistical power (the rate of correct rejections of the null hypothesis
when the law has a true effect), (3) directional bias (bias that results
in estimates of a law’s effects that are, on average, offset from the true
value by either a consistently positive or a consistently negative value),
and (4) magnitude bias (bias that results in effect estimates that are too
close to zero or too extreme [i.e., the absolute value of the estimates is
consistently too small or, conversely, consistently too large]).
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These simulations used actual state-level data on firearm deaths
and other state-specific demographic and economic variables between
1979 and 2014. In each simulation, a subset of states was randomly
selected to be counted as having “implemented” an unspecified gun
law during the period. The date of implementation of the law was
chosen at random for each randomly selected state. Once the simu-
lated “law” was implemented, it remained in effect for the duration of
the available data. Because these “laws” occurred at random, they had
no true association with state firearm deaths. In other simulations, we
not only randomly assigned laws but also modified the firearm death
rates in the states with the law so that the law was associated with a true
treatment effect. That is, each state with the law had its firearm death
rates adjusted either up or down in each year the law was in effect.
Taken together, therefore, the relationship between the simulated laws
and total firearm deaths was varied across three effect conditions: The
simulated laws could have a true negative effect, no effect, or a true
positive effect on firearm deaths.

In addition to varying the effect of the simulated law, we also
varied how many states implemented it (three, 15, or 35 states) and how
long it took for the law to take full effect (instant or five-year phase-in).
In total, therefore, there were 18 simulation conditions (three law effect
conditions by three law prevalence conditions by two phase-in conditions).
Five thousand simulated data sets were created for each of these 18 con-
ditions, and models were evaluated based on their average performance
across simulations within a condition.

The statistical models (and methods for adjusting model stan-
dard errors [SEs]) we examined were diverse, representing most of the
models commonly described in empirical studies of the effects of gun
laws. Specifically, we examined models that incorporated various com-
binations of the following features:

* the model link function (linear and log-link)

* the use of a logarithmic transformation of the outcome variable
(firearm death rate)

* the use of population weights

e the inclusion of autoregressive effects



Summary  Xxi

* the type of coding used for the law’s effect: effect versus change
coding (see “Inclusion of Autoregressive Effects” section in
Chapter Two)

* the inclusion of state-fixed or random effects

* the inclusion of state-specific linear trends

* the use of general estimating equations

* the use of SE adjustments for clustering by state

* the use of robustness adjustments to the SE.

The results of these simulations reveal that many commonly used
modeling approaches in gun policy research have quite poor type 1
error rates. Indeed, several models have type 1 error rates ten times
greater than the nominal o = 0.05 that was intended. In general,
Huber and cluster adjustments often do not fix these problems and
sometimes make them worse. The models also had surprisingly low
statistical power to detect an effect-sized equivalent to a change of
1,000 deaths per year if a law were implemented nationally. Most
models could correctly reject the null hypothesis only about 10 percent
of the time with this true effect. With power this low, a large fraction
of effects that are statistically significant will be found to be in the
opposite direction as the true effect, and all will greatly exaggerate the
magnitude of the true effect.

One model was identified as having the best performance across
all assessed criteria. This model is a negative binomial model of fire-
arm deaths that includes time-fixed effects, an autoregressive lag, and
change coding for the law effect. The preferred specification includes
no state-fixed effects or SE adjustment.

In addition to demonstrating the best performance with respect
to statistical inference and generally low bias in the effect estimates,
the preferred model was also found to offer the best protection against
confounds because of omitted covariates and against artifacts caused
by regression to the mean. It also was better at ensuring that the causal
variable—enactment of the law—preceded the measured change in
firearm death rates.

Although one statistical approach performed better in our simu-
lations, all models had relatively low power to detect a meaningfully
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large effect size. For this reason, we recommend that researchers con-
sider using Bayesian statistical methods when estimating the effect
of state laws on firearm death rates. Rather than attempting to pro-
duce a dichotomous classification of each effect as either statistically
significant or not, Bayesian methods describe the range of possible true
effects that are consistent with the available data (given the model and
the researcher-specified priors). Given the lack of power to conduct tra-
ditional significant testing, policymakers will be well served to under-
stand the range of possible effects associated with a given policy and
where the weight of current evidence lies.
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CHAPTER ONE
Introduction

There is a growing literature that attempts to empirically estimate the
causal effects of firearm policies across a range of crime and health out-
comes. Typically, these studies exploit the natural experiments offered
when U.S. states adopt similar laws but in different years. Using such
statistical approaches as difference-in-differences models, these studies
attempt to identify the effects of such laws on state-level measurements
of suicides, homicides, or other crime outcomes. In a recent review
of this literature, researchers at the RAND Corporation identified
63 studies that examined the effects of 13 types of gun policies. Sur-
prisingly, this review concluded that these studies do not yet support
strong conclusions about the effects of most gun policies.

One of the barriers to drawing conclusions from the existing gun
policy literature is that estimated effects depend to a remarkable extent
on the specific statistical methods they use (see also National Research
Council, 2004; Durlauf, Navarro, and Rivers, 2016). Frequently, stud-
ies using the same data sources but different statistical methods pro-
duce different and even contradictory conclusions about the effects of
a given law.

When many studies produce a wide range of effect estimates, gun
policy advocates often highlight those findings that are most consistent
with their policy objectives, and the wider public and policymakers
may become confused about what the true effect of such gun poli-
cies might be. In these situations, it is not uncommon to find meta-
analyses designed to establish the average observed effect across stud-
ies. These techniques generally assume that separate effect estimates
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are derived from independent data sources. In the gun policy litera-
ture, however, studies are frequently not independent observations on
different data sources. The studies producing different estimates often
use the same data set or data sets that are subsets of one another. In
such a case, the variation in estimated effects are not due to random
variation across independent samples but are due to studies making
different statistical assumptions. When these studies arrive at incon-
sistent conclusions about the effects of gun laws, some of the differ-
ences result from reliance on assumptions that are inappropriate for the
data. The estimates from studies making less-appropriate assumptions
should be discarded—not averaged together—with the other estimates
on the same general data.

Another common practice in the literature is for research-
ers to conduct the impact analysis many different ways, producing
as many as 100 different estimates of the causal effects of the policy,
each making slightly different assumptions or estimating effects on
different subsamples. These estimates often vary in magnitude
over a wide range, as well as in their level of statistical significance.
Researchers then use their subjective judgment to select which model
or models to emphasize in their conclusions. This creates substantial
hazards for drawing correct inferences, as the estimated effects are
subject to many “researcher degrees of freedom” (Simmons, Nelson,
and Simonsohn, 2011)—that is, statistical inferences may be shaped by
the many subjective modeling choices made by the analyst, as well as
by the high risk of an incorrect rejection of the null hypothesis due to
multiple testing.

Instead of averaging effect estimates across multiple statistical
methods or subjectively selecting a preferred model after seeing the
results of dozens of candidate models, it is better to select the statis-
tical method that is most appropriate to the specific data being ana-
lyzed andestimate the effect using only that method. We demonstrate
here a principled approach to selecting the most-appropriate model-
ing assumptions and statistical methods for a given set of data. This
approach evaluated the performance of different statistical models on
real, or minimally altered, data where the effects of gun laws have been
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simulated. Therefore, this approach allowed for the selection of meth-
ods that should be preferred over less-appropriate methods.

We used statistical simulations to identify the most appropri-
ate model for analyzing how laws contribute to state-level variation
in total firearm deaths. These simulations used actual state-level
data on firearm deaths and other state-specific demographic and
economic variables between 1979 and 2014. In each simulation, a
randomly selected subset of states was treated as though each intro-
duced a new (but unspecified) gun law on a randomly selected date.
Because these “laws” occurred at random, they had no true association
with state firearm deaths. In other simulations, we not only randomly
assigned laws to states but also slightly modified the firearm death rates
in the states with the law so that the law was associated with a true
treatment effect of known size. That is, each state with the law had
its firearm death rate adjusted either up or down in each year the law
was in effect. Taken together, therefore, the relationship between the
simulated laws and total firearm deaths was varied across three effect
conditions: The simulated laws could have a true negative effect, a null
effect (no effect), or a true positive effect.

We then used a wide range of statistical methods to estimate the
causal effect of these simulated policies on firearm deaths when the
policies do and do not have a true effect. This allows us to identify
those statistical models that perform best on four main criteria: (1)
type 1 error rates (the rate of statistically significant effect estimates
when the law actually has no effect), (2) statistical power (the rate of
correct rejections of the null hypothesis when the law has a true effect),
(3) directional bias (bias in the effect estimates that results in estimates
that are, on average, offset from the true value by either a consistently
positive or a consistently negative value), and (4) magnitude bias (bias
in the estimates that results in their being too close to zero or too
extreme [i.e., the absolute value of the estimates is consistently too
small or, conversely, consistently too large]).

We selected firearm deaths as the outcome to simulate in this
study, as opposed to other possible crime or societal outcomes, for three
reasons: First, there is a clear basis for the hypothesis that state-level
firearm policies affect firearm deaths because that is often the explicit
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goal of the legislation. By focusing narrowly on outcomes for which
we have strong hypotheses, we avoid exploratory analyses that could
bias statistical inference. Second, firearm homicides and suicides are
important societal outcomes. Even small effects of regulations on these
deaths are more important to crafting good public policy than nomi-
nally larger effects on less weighty outcomes. In our recent survey of
gun policy experts, the experts’ overall evaluation of specific gun regu-
lations was primarily associated with their beliefs about the policy’s
effect on firearm homicides and other firearm fatalities (RAND Cor-
poration, 2018). This finding was true for experts drawn from the gun
rights community, the gun control community, and academic research-
ers. Experts from each group favored policies they believe will reduce
firearm homicides and suicides. For this reason, we believe empirical
research focused narrowly on the effect of policy on deaths has the
most potential for improving firearm policies.

Finally, we focused on firearm deaths because they are well mea-
sured relative to other outcomes of gun policy. Virtually all deaths
caused by firearms are logged into a national database using a common
classification scheme, regardless of jurisdiction. In contrast, most other
types of outcomes used to evaluate gun policy are subject to a range of
measurement biases that vary across states and over time. These may
substantially influence the modeled effects of state-level policies. For
example, some research focuses on the effect of gun policy on crime
outcomes, such as burglary. However, the number of burglaries for a
given jurisdiction in a given year within the Uniform Crime Reports
is influenced by variation across jurisdictions in the percentage of bur-
glaries that are reported to police, as well as substantial variation across
jurisdictions and over time in the completeness of the records volun-
tarily submitted to the Federal Bureau of Investigation.
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Methods

The goal of the study was to assess the performance of a wide range of
statistical models for estimating the effect of a state law on firearm death
rates using four criteria: (1) the type 1 error rates, (2) correct rejection
rates (statistical power) for statistical inferences, (3) directional bias,
and (4) magnitude bias in the effect estimates themselves. We used
each candidate model to estimate the effects of laws in 5,000 simulated
data sets in which the laws’ effects are known. Using state-level data
from 1981 to 2009, these simulated data sets were constructed by ran-
domly selecting a subset of states to “implement” the unspecified law
in a year selected at random during the time period. Although the laws
were simulated, outcome data (firearm deaths) and state demographic
and economic characteristics used as model covariates were based on
the actual state-year time-series data. The relationship between the
simulated laws and total firearm deaths was varied across three effect
conditions: The simulated laws could have a true negative effect, no
effect, or a true positive effect on firearm deaths.

In addition to varying the true effect of the law, we also varied
how many states implemented it (three, 15, or 35 states) and how long
it took for the law’s full effect to phase in (instantaneously or five years).
In total, there were 18 simulation conditions (three law effect condi-
tions by three law prevalence conditions by two phase-in conditions). Five
thousand simulated data sets were created for each of these 18 condi-
tions, and models were evaluated based on their average performance
across simulations within each condition.
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We examined diverse statistical models (and methods for adjust-
ing model standard errors [SEs]), representing most of the models com-
monly described in empirical studies of the effects of gun laws. Specifi-
cally, we examined models that incorporated various combinations of
the following features:

* the model link function (linear and log link)

* the use of a logarithmic transformation of the outcome variable
* the use of population weights

e the inclusion of autoregressive effects

* the type of coding used for the law effect

* the inclusion of state-fixed or random effects

* the inclusion of state-specific linear trends

* the use of general estimating equations (GEEs)

* the use of SE adjustments for clustering by state

* the use of robustness adjustments to the SE.

Criteria for Assessing Performance of Statistical Models

The simulation study was designed to identify the statistical model
that was most appropriate for estimating the effect of a given state-
level policy on firearm deaths. Specifically, we assessed the following
four model performance criteria (ordered to represent our view of their
importance in guiding the selection of appropriate methods):

* Type 1 error rate. When the null hypothesis is true, the model
of choice should reject the null 5 percent of the time if tested with
an a = 0.05 level of significance. In other words, the estimated
SE of the law’s effect should accurately reflect the actual uncer-
tainty in the estimated effect.

* Correct rejection rate of the null (statistical power). When the
null hypothesis is false (e.g., there is a true effect of a law) and
tested with a true type 1 error rate of 5 percent, models are pre-

ferred that have a higher probability of rejecting the null hypoth-
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esis in the correct direction. This represents the statistical power
or efficiency of the model to measure the effect.

* Directional bias. The estimated effect for a good model should
not be biased toward finding either positive or negative effects.
This implies, for example, that if one policy increased firearm
deaths and another policy decreased deaths by the same amount,
the two effects estimated within the same type of model should
average to zero over a large number of simulations rather than
show bias in the direction of the positive or negative estimates.

* Magnitude bias. When the null hypothesis is false, the estimated
effect size should not be biased either toward zero or away from
zero. That is to say, the estimated effect should, on average, be on
the proper scale, rather than being shrunk toward zero or exag-
gerated in magnitude.

In addition to these four primary criteria that are directly assessed
through the simulations, we also investigated four additional model-
selection criteria. These desirable model characteristics included
(1) model estimates that were more robust with respect to omitted
covariates, (2) model estimates that were less subject to bias caused
by regression to the mean, (3) models that required temporal prece-
dence (i.e., that the law must be implemented prior to the shift in death
rates in order for that shift to produce an estimated causal effect), and
(4) models that did not require empirical corrections to the SEs
(e.g., cluster adjustments) to compensate for mis-specified likelihood
functions. While the use of such corrections is sometimes necessary,
using them typically prevents the use of likelihood ratio tests, makes
most model fit indices inaccurate, and may indicate broader problems
with the model.

Design of the Simulation

The simulation used actual state-level, annual firearm death rates from
1979 to 2014 (excluding the District of Columbia), as well as covari-
ates that measure key features of each state in each year. This 36-year
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period was chosen because most of the gun policies evaluated in the lit-
erature we reviewed were implemented since 1980, and the period cor-
responded to the period over which this outcome and the covariates are
well measured. Annual state death rates were drawn from the Center
for Disease Control and Prevention’s (CDC’s) WONDER online data
analysis tool (CDC, 2018). When simulating laws with either positive
or negative effects, the CDC data have been modified to incorporate
a true effect for each state in each year that the randomly introduced
law was in effect.

The true variation in firearm death rates over time is shown in
Figure 1.1 for all 50 states, with a bold line representing the national
average. The overall data series shows dramatic differences in firearm

Figure 2.1
Total Firearm Death Rate, by Year and State

Deaths (per 100,000 people)

! ! ! ! ! !
1981 1985 1990 1995 2000 2005 2010 2015

Year
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death rates across states, more pronounced in the earlier years of the
data series. It also shows a general decline in the rates over the period,
particularly during the 1990s. Finally, the state trend lines differ sub-
stantially in the extent to which they display large year-over-year varia-
tion in the death rates, with some states having rates that varied by
15 deaths per 100,000 people through the period, while the death
rate in other states varied by less than two deaths per 100,000 people.
Although not represented in the figure, the states that show larger
year-to-year variability in their rates tend to be those with smaller
populations.

The random variation across simulation trials was introduced
by randomly selecting a specific number of states to “implement” a
simulated law and then randomly generating an implementation date
for each of those states. The simulated law remained in effect for the
remainder of the time period.

Law Effect Conditions

Data sets simulated in the null or no effect conditions had “laws” ran-
domly assigned to states. Because these laws occurred at random, they
had no true association with state firearm deaths. Under these con-
ditions, a properly calibrated model should reject the null hypothesis
that these laws had no effect approximately 5 percent of the time using
o= 0.05. We recorded the actual proportion of these rejections for each
model to assess the first criterion—their #ype I error rates (or false posi-
tive rates). Better-calibrated models will have type 1 error rates closer
to 5 percent.

In addition to assessing rates of type 1 error, the results under the
null hypothesis also provided us with an SE correction factor for each
model being evaluated. This is computed by analyzing the empirical
distribution (over the replications) of the effect estimate to identify a
critical value such that only 5 percent of the estimates in the simulation
were more extreme. The ratio of the simulated critical value to the criti-
cal value produced by the modeled SE and test statistic serves as the
correction factor. Thus, the SE correction factor represents the value
that, when multiplied by the modeled SE, gives a corrected SE that
achieves a 5-percent type 1 error rate in the simulation under the null
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hypothesis. We used this correction factor later when evaluating each
model’s probability of correctly rejecting the null hypothesis when the
alternative hypothesis is true.

We used data sets simulated under the positive and negative law
effect conditions to assess the other three primary performance crite-
ria: correct rejection rates, directional bias, and magnitude bias. To
generate these simulated data sets, we took the same sample of simu-
lated laws that were used to test performance under the null hypothesis
but altered the outcome variable to incorporate a true causal effect for
each state and year when the law was in effect. For example, we could
modify the firearm death data so that each simulated law creates a
10-percent decrease in risk of firearm death. This could be done by first
determining the effect size in each year by multiplying the actual fire-
arm deaths in a given state-year by 0.10 times the variable indicating
the simulated law’s presence in that state-year (with the “law” variable
coded such that zero indicates no law in that state-year and one indi-
cates a year in which the law was fully implemented), then subtracting
that effect from the actual number of deaths recorded for each state
and year. Similarly, we could create a true 10-percent increase in deaths
by adding the same effect size to the actual number of deaths. Once
the data were modified to create a real relationship between the simu-
lated laws and firearm deaths, each model was run 5,000 times per
condition to determine how well it could recover that true effect. Each
model was tested using two alternative hypotheses, one in which the
simulated law increased firearm deaths and one in which it decreased
firearm deaths by the same amount.

All of our simulations under alternative hypotheses (i.e., in the
conditions with positive or negative law effects) were conducted using
an effect size that would result in a national change in firearm deaths
of 1,000 per year in an average year if the law were implemented in all
50 states relative to a scenario in which it was not implemented in any
state. Our view is that policymaker decisions should be influenced by
knowledge that a given law could either cause or prevent 1,000 deaths
nationally in each year. Thus, it would be problematic for a statistical
model to have inadequate power to assess a true effect of this size when
using all available data. An increase or decrease of 1,000 firearm deaths
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represents about a 3-percent change over the average deaths per year.
This is a relatively small effect expressed as a percentage, although it is
large in a practical sense (1,000 is a lot of lives to save or lose each year)
and probably represents a fairly optimistic goal for an effective gun
policy. For example, a policy that could eliminate all mass shootings in
the country would save fewer than 1,000 people per year but would be
considered a successful and important policy. Similarly, a policy that
resulted in the doubling of accidental firearm deaths would be one that
had an effect smaller than 1,000 deaths per year.

This effect size was also seen as large enough to be important
within a RAND survey of gun policy experts drawn from both the
gun control and gun rights communities (Morral, Schell, and Tan-
kard, 2018). Specifically, we surveyed policy experts on their favor-
ability toward 15 specific gun policies, as well as their beliefs about
the expected effects of these policies. We found that experts strongly
favored policies when they believed their effects size was large enough
to reduce either suicides or homicides by 1,000 incidents nationally
(i.e., a 3-percent shift in both homicides and suicides) and strongly
opposed policies that they believed would increase deaths by a similar
amount. This finding was true both for those experts who generally
wanted stricter gun regulations and those who wanted to reduce gun
regulations (although these two types of experts disagreed on which
policies would produce those changes).

We tailored the effect size of 1,000 deaths to the specific link
function used in the model. In a linear model predicting death rates,
we added to or subtracted 0.3831 per 100,000 people from the actual
death rate in any year in which the simulated law was fully in effect.
This effect would not produce a change of exactly 1,000 deaths in
each year but would result in an average effect of 1,000 deaths over
the years of data being analyzed. In contrast, models using a log link
assumed that the true effect was multiplicative rather than additive.
When creating data under the alternative hypothesis for use in test-
ing these models, we multiplied the actual number of firearm deaths
by a factor of either exp(0.0301) = 1.0305 or exp(—0.0301) = 0.9704
for those state-years in which the simulated law was in full effect
(exp = exponentiation). This effect size also resulted in an average change
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of 1,000 deaths per year across the years in the data set, although the
precise effect varied by year. Thus, each type of model had the same
average effect size within the sample, although these effects were built
into the simulation data in different ways so that they were consistent
with the assumptions of each type of model.

For all of the models we investigated, this estimated treatment
effect was taken from a single-model parameter. For example, a true
positive causal effect for a linear model was built into the data by adding
the quantity 6* to the observed firearm death rate for each state in
each year, where 4 is the effect size expressed as deaths per 100,000
people, and x is the randomly generated indicator of the implementa-
tion status of the law in each state and year. We then estimated a linear
model in which we used the vector of x as a predictor and assessed how
well the model recovered the true coefhicient, 4. The same procedure
was used for log-link models, except that & was scaled as the log risk
ratio rather than the difference in death rates.

The alternative hypothesis simulations for a given model provide
5,000 effect estimates with a true positive effect and 5,000 estimates
with a true negative effect. From these, we can compute the other three
criteria used for model selection. We defined the rate of correct rejec-
tions for each model as the proportion of estimates that were both sta-
tistically significant and in the same direction as the true effect. When
conducting this significance test, we used the corrected SEs computed
in the simulations under the null hypothesis. This way, rates of correct
rejections could be compared across models that have the exact same
type 1 error rate. Without applying the SE correction factor, models
that underestimate the true error in their estimates would appear to
have excellent statistical power, even though the actual sampling vari-
ability in their estimates may be quite high, in which case the model
may not actually be sensitive to detecting a true effect.

For many of the models we tested, there were multiple ways com-
monly used to compute SEs (e.g., with and without a cluster adjust-
ment, with and without a Huber correction). We investigated these
methods in the simulation. For the purpose of investigating the
correct rejection rate for a given model, we adopted the method of
computing the SE that had the SE correction factor closest to one in
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the simulations under the null hypothesis. For example, if clustering-
adjusted SEs resulted in a type 1 error rate closer to 5 percent in the
simulations under the null for a given model, then, when investigat-
ing the correct rejection rate for that model, we applied that clustering
adjustment (as well as the corresponding SE correction factor measured
in the simulation) when conducting significance tests. When present-
ing the correct rejection rate for any model, we average the rate across
the positive and negative effect simulations.

To assess directional bias in the estimated causal effects of the
simulated laws, we compared a model’s estimates when there was a
true positive effect to when there was a true negative effect. Because
these two effects were built into the data as equal in magnitude but in
opposite directions, the average of the effects across the 10,000 simula-
tions should be zero. In other words, the model estimates should not be
biased toward finding that the simulated laws increase firearm deaths
or decrease them. Because the actual time series has substantial trends
over time, it is possible that some methods for estimating the causal
effect will be biased toward yielding either positive or negative values.
Such a bias could be a substantial threat to the validity of statistical
inferences drawn from the model.

Magnitude bias assesses the tendency of the estimated effects of
a given model to fall closer to zero or further from zero than the true
effect. This is computed by taking the average of the coefficients across
the positive and negative effect simulations, after multiplying the coef-
ficients from the negative effect simulations by negative one; this gives
the average effect magnitude. We get magnitude bias by subtracting
that value from the true effect size. Magnitude bias is not necessarily
a threat to the validity of statistical inferences (i.e., a significant effect
indicating an increase in deaths is still likely to indicate a true increase
in deaths), but it does make it difficult to interpret the effects. Essen-
tially, the model coeficients are not expressed in the expected units.
For example, with a model that shows a magnitude bias of +0.1 with
a true effect size of 0.30, the model typically gives estimates of +0.4 or
—0.4 for the positive and negative effects, respectively, exaggerating the
true effect size.
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To facilitate comparisons across models with different link func-
tions, all of the estimated effects have been converted into linear effects
prior to assessing bias. Specifically, the effects are expressed in terms of
the change in the total number of firearm deaths if the law had been
implemented and fully phased in across the nation in an average year.
The original effect for linear models is expressed as a change in the
annual firearm death rate; it was converted to a count of deaths by mul-
tiplying that change in death rate by the full population of the United
States in an average year over the period. The original effect for log-link
models is expressed as a log-relative risk; it was converted to a count of
deaths by exponentiating the log-relative risk and multiplying it by the
number of firearm deaths in the nation in an average year. Regardless
of the link function, the true, simulated effect size for both types of
models corresponded to +1,000 deaths or —1,000 deaths for the posi-
tive and negative effect conditions, respectively. If the model produced
an average effect estimate of +1,000 across the 5,000 simulated laws in
the positive condition, and —1,000 in the negative condition, it showed
no directional bias or magnitude bias. On the other hand, if the model
averaged +1,100 in the positive condition and —900 in the negative,
it showed a directional bias of +100 and zero magnitude bias. Finally,
a model that averaged effects of +1,100 in the positive condition and
—1,100 in the negative, showed no directional bias but a magnitude bias
of +100.

Law Prevalence and Phase-in Conditions

We systematically varied the characteristics of the simulated laws
to better cover the range of real laws that we wished to investigate
(three different states implementing the law by two different phase-in
periods). The first characteristic that we varied was the number of states
that were randomly selected to have implemented the law. This was
designed to range from a relatively large number of states (35), which is
typical for the most popular state firearm policies, down to three states.
While many of the models could be estimated on a single state, our
view is that it is difficult to interpret the causal effect of the law because
of multiple confounding historical events in the state that were concur-

rent with the law (Standish, Cook, and Campbell, 2002). Choosing



Methods 15

three to be the minimum number of states to implement a law reflects
our view that, at a minimum, this number of observations is necessary
to reasonably begin to identify a possible causal effect. In addition to
simulating three and 35 state conditions, we also simulated a 15-state
condition between those two.

We also investigated two phase-in periods for the law’s effects.
Laws could have an instantaneous effect, implemented as a simple
step function that has a value of zero when the law is not in effect
and a value of one when the law is fully in effect. Alternatively, the
law’s effect could phase in over time. We simulated a law whose effect
phases in linearly over a five-year period. This was implemented as a
linear spline with values starting at zero and reaching an asymptote
at one—five years after the law’s implementation. Within the simula-
tion, the assumed phase-in period used in the model being estimated
was always the same one that was used to create the effect within the
simulated data. True instant effects were fit with models assuming the
effect would be instant; true five-year phase-in effects were fit assuming
a five-year phase-in. In practical applications, the true phase-in period
will not be known. Because of this, the simulations likely overesti-
mated the statistical power that would be achieved in practice.

In creating each randomly generated “law,” we first selected a
random set of states to implement the law (three, 15, or 35 states), then
randomly selected an implementation date for those states. Specifically,
an implementation month was randomly selected with all months
between January 1981 and December 2009 having an equal probabil-
ity of selection. We did not simulate implementation dates in the first
two years or the last five years of the data series. This was done under
the assumption that researchers would generally avoid investigating
causal effects if they did not have outcome data for the implementing
states over a reasonable period of time both before and after implemen-
tation (particularly if assuming a five-year phase-in period). Thus, the
current simulation will overestimate power for analyses in which the
law in question sometimes falls at the very end or very beginning of
the data series.

The modeled outcome was the rate of firearm deaths over a calen-
dar year; however, the simulated implementation dates may occur any
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time during a calendar year, meaning the full effect of the first year of
a law may be split across calendar years. The statistical modes used in
the simulation account for this misalignment by modifying the effect
coding. Specifically, the effect coding in a given calendar year was cal-
culated as the average monthly causal effect over that year. Thus, even
in the instantaneous effect simulations, the effect coding took on frac-
tional values. For example, a law that had an instantaneous effect and
was implemented on July 1, 2000, would be coded as a 0.0 in 1999, a
0.5 in 2000 (to reflect the full effect of the law, but applied to half of a
year), and a 1.0 in 2001, the first full year of the law’s effect. Because
of this, the effect of a law that had an instant effect at the time it was
implemented often took two years to fully appear in the annual death
data; an effect that phases in over five years would typically takes six
years to fully influence the annual death data. (An example is provided
later in Chapter Two, when we discuss variations in effect coding.)

Statistical Models Investigated

Features Common to All Models

Two model features were kept constant across all of the models in the
simulations. The first feature was that all models included fixed effects
for each year of the data series, which effectively controls for national
trends in firearm death rates. The second feature was that all models
included the same set of covariates.

The state characteristics that were included as covariates were
intended to be relatively comprehensive. The set included most charac-
teristics that have been found by other researchers to be associated with
firearm deaths, as well as variables that are commonly used when ana-
lyzing state-level differences in health or crime. These variables were all
taken from publicly available sources and constitute descriptive statis-
tics for each state for each year in the studied period. The 36 original
variables are shown in Table 2.1.

The three firearm-related variables lagged in time such that the
values predicting a given year’s firearm death rate were taken from the
prior year for that state. This was done because such factors are plau-
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Type (and Variable)

Source

Age distribution (percentages)
Younger than 15
15-29
30-44
45-60
60-75
Older than 75

Race or ethnicity (percentages)
White
African American
Asian/Pacific Islander
American Indian/Alaska Native
Hispanic

Relationship status (percentages)
Married/widowed
Divorced
Never married

Highest education (percentages)
Without high school diploma
High school diploma
Four-year degree
Graduate degree

Other demographics

Total population size

Gender ratio

Percentage of children in single-
parent household

Percentage foreign born

Percentage military veterans

Percentage urban households

Percentage > 25 years old, black,
and urban

Percentage > 25 years old, Hispanic,
and urban

U.S. Census Bureau (undated)

U.S. Census Bureau (undated)

U.S. Census Bureau (undated)

IPUMS CPS (undated)

IPUMS CPS (undated)

CDC WONDER (CDC, 2018)
U.S. Census Bureau (undated)
IPUMS CPS (undated)

IPUMS CPS (undated)
IPUMS CPS (undated)
IPUMS CPS (undated)
IPUMS CPS (undated)

IPUMS CPS (undated)
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Table 2.1—Continued

Type (and Variable)

Source

Socioeconomic conditions
Percentage of population in the

U.S. Department of Labor, Bureau of

workforce Labor Statistics (BLS) (undated)
Percentage unemployed (official U.S. Department of Labor, BLS
unemployment rate, or U3) (undated)
Average income (inflation Bureau of Economic Analysis (2016)
adjusted)

U.S. Census Bureau (2018)

National Institute on Alcohol Abuse
and Alcoholism (2016)

Bureau of Justice Statistics (undated)
U.S. Department of Justice, Federal
Bureau of Investigation (2016)

Poverty rate
Alcohol consumption per capita

Incarcerated persons per capita
Police officers per capita

Firearm-related measures?
Proportion of firearm deaths that
are suicide
Rate of nonfirearm suicides
Percentage receiving hunting license

CDC WONDER (CDC, 2018)

CDC WONDER (CDC, 2018)
U.S. Fish and Wildlife Service (2018)

@ These covariates are plausibly the effects of gun control policies, as well as possible
confounds for estimating the policy’s effects. For this reason, they are lagged one
year; they predict firearm deaths in the subsequent year rather than in the year they
are measured.

sibly influenced by the firearm regulations whose effects we will ulti-
mately be estimating; that is, they are endogenous to the policies in
question. By lagging these variables, we decrease the risk of accidently
controlling for the causal effect that we are attempting to measure
when applying the model to real-world laws.

Prior to analysis, a few of these state characteristics were cleaned
or transformed to mitigate undesirable properties. Specifically, in
a few cases in which values were missing for a given state-year, we
imputed values using linear interpolation between the prior-year and
subsequent-year values for that state. For a few predictors with extreme
outliers, we also applied modest transformations to limit the influence
of outlier values. Specifically, we applied the minimal power transfor-
mation (e.g., square root) that ensured all values were within five stan-
dard deviations of the mean.

Finally, we conducted additional transformations of the state
characteristics to address the high degree of collinearity among some of
these variables. Specifically, we used dimension-reduction techniques
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to capture most of the information contained in the full list of cor-
related variables with a smaller number of orthogonal variables. To do
this, we (1) removed from each covariate the variance that is collinear
with the year fixed effects that will be included in all of the models and
(2) used principal components analysis to linearly transform the matrix
of standardized covariates into an ordered set of orthogonal variables
(or principal components). The models used the first 17 of these prin-
cipal components, which were selected because those variables could
explain more than 95 percent of the variance in the full matrix of
state characteristics. Using this transformed matrix of covariates makes
more efficient use of the available data; virtually all of the informa-
tion contained in the original 36 state characteristics can be captured
using only 17 model parameters. Using the smaller set of orthogonal
predictors also speeds maximum likelihood estimation of the models
and may prevent some methodological artifacts that can occur when
modeling highly collinear predictors. The downside of using the trans-
formed covariates is that the modeled effects of individual covariates
are not substantively interpretable. As our focus in these simulations is
on understanding the qualities of different model types and their effect
estimates, we had no need for interpreting the covariates.

Range of Models Evaluated

Researchers analyzing longitudinal data use a range of statistical
models and different methods of estimating SEs, depending on the
type of data being analyzed and various disciplinary traditions. In the
next subsections, we outline the broad differences in statistical methods
that we investigated within our simulation study. Appendix A provides
formal definitions of each of the models investigated. The R code used
to implement each model is included in the online technical appendix.

Model Link and Likelihood Function

Within this literature, there are three broad classes of models that
are typically used: models with a linear link function, a log-link
function, or a linear link function with a log-transformed outcome

value. Linear models of rate outcomes are fairly common in this field
(see, for example, Gius, 2014, 2015a, 2015b; Webster, Crifasi, and
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Vernick, 2014; Raissian, 2016). For example, these models might
express the firearm death rate (e.g., deaths per 100,000 people) for each
state in each year as a linear combination of predictors and normally
distributed error that is independent across observations.

One popular alternative to a linear model is a log-link model,
typically Poisson (see, for example, Cheng and Hoekstra, 2013; Crifasi
et al., 2015; Cummings et al., 1997; DeSimone, Markowitz, and Xu,
2013; Gius, 2015¢; Grambsch, 2008; Hepburn et al., 2006; Kalesan et
al., 2016; Lott, 2003; Rosengart et al., 2005; Zeoli and Webster, 2010)
or negative binomial (see, for example, Ludwig and Cook, 2000; Rob-
erts, 2009; Sen and Panjamapirom, 2012; Vigdor and Mercy, 2006;
Webster and Starnes, 2000; Webster et al., 2004). These models pre-
dict the numeric count of the outcomes (firearm deaths) within a state
in a given year; however, they include the logarithm of state popula-
tion size as an offset. This results in a model that is effectively predict-
ing the firearm death rate, and exponentiated model coeflicients are
interpreted as incident risk ratios (e.g., a 1.10 effect is interpreted as
a 10-percent increase in the firearm death rate). These models make
several different assumptions than the linear model; for example, log-
link models assume that the outcome is always positive, the error in
the estimates is not symmetrically distributed, and the error in the
death rate is not identical across observations made on different-sized
populations. Specifically, these models assume that random variability
in the measured death rate is larger for states with low populations and
smaller for more-populous states. We evaluated the negative binomial,
Poisson, and quasi-Poisson models in our simulation, but the nega-
tive binomial model always outperformed the other two. Thus, to sim-
plify presentation, we present the results only for the negative binomial
models in this report.

We also investigated log-linear (or log-normal) models, which
are commonly used in the gun policy literature (e.g., Aneja, Donohue,
and Zhang, 2014; Cheng and Hoekstra, 2013; Kendall and Tamura,
2010; Kovandzic, Marvell, and Vieraitis, 2005; La Valle, 2013; La
Valle and Glover, 2012; Lott, 2010; Lott and Mustard, 1997; Martin
and Legault, 2005). These are linear models conducted on the natu-
ral logarithm of the outcome rather than the outcome in its natural
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units. These models have some of the features of a log-link model: Their
exponentiated model coefhicients are interpreted as incident risk ratios,
the assumed error in the death rate is not symmetrical, and the model
assumes that the death rate cannot be negative. Unlike the log-link
model, however, error variability is assumed to be constant across states
of different populations. These models are generally limited to data in
which there are no observations with an outcome value of exactly zero
(the log of zero is undefined); however, this is not a limitation when
looking at firearm death rates for specific state-year, as all states had at
least one such death in each year.

As discussed earlier, when evaluating a log-link or log-linear
model, we built simulated data sets in which the true effect was built
into the data as a factor multiplied by the true death rate. When evalu-
ating the linear models, we built in true effects by adding a constant to
the death rate. While both ways of creating the effects are equivalent
in magnitude in an average year (increasing or decreasing the deaths
by 1,000 if applied nationally), different methods are used so that the
form of the causal effect fits the assumptions of the underlying model
being assessed.

Controlling for Differences Across States

Another factor we varied across models is how, or whether, they
attempt to control for differences across states in their mean rate of fire-
arm deaths. That is, we varied the extent to which the causal effect is
indicated solely through longitudinal variation in the outcome within
states or whether it is indicated by both longitudinal variability within
state and variability across states. In the existing literature, the most
common method to control for interstate variability is to include state-
fixed effects in the model. This ensures that any differences in means
across states are always fit by the model and cannot influence the causal
effect of interest.

However, it is also relatively common for gun policy researchers
who include state-fixed effects to also detrend the data within state
(e.g., Aneja, Donohue, and Zhang, 2014; Moody et al., 2014; Rais-
sian, 2016). In this type of model, each state has its own fixed effect to
account for its mean, as well as a unique linear slope over time. Because
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the model also includes a national time trend (fit via year fixed effects),
the state-specific linear trend is interpreted as the difference between
the national time trend and the state trend.

Another method to control for interstate differences in the model
is to include state random effects (e.g., Grambsch, 2008). Conceptu-
ally, controlling for state random effects is quite similar to controlling
for state-fixed effects. However, these effects are estimated in a way that
does not remove all variability across states from the data. Rather, it
controls for difference in means across states only to the extent that the
remaining variance across states is consistent with the variance expected
from random sampling within a single homogeneous population.

Finally, some models do not control for differences in the mean
rates of firearm deaths across states (e.g., Webster et al., 2004). In these
models, the causal effect is identified using both variation over time
within each state and variation across states. This includes models esti-
mated using GEE methods to handle correlated observations within
states. One cannot include fixed or random effects for the clustering
variable (states) while still using GEE methods to estimate SEs.

Thus, the simulation looked at four ways in which variability in
the mean value of the outcome across states could be handled by the
models: (1) no controls, (2) random effects for states, (3) fixed effects
for states, and (4) fixed effects for states plus state-specific linear trends
relative to a national trend.

Inclusion of Autoregressive Effects

Some gun policy modeling includes a lagged outcome variable as a
predictor, such as the firearm death rate at time #—7 when predicting
the rate at time # for a given state (see, for example, Duwe, Kovan-
dzic, and Moody, 2002; Kovandzic, Marvell, and Vieraitis, 2005;
Ludwig and Cook, 2000; Moody et al., 2014; Sen and Panjamapirom,
2012). These are sometimes referred to as lagged, simplex, or Markov
models (Joreskog, 1970). Including this autoregressive predictor creates
a “change” model in which the law’s effect is indicated by the extent
to which the firearm death rate in a given year is higher or lower than
expected given the prior year’s rate in the same state. Such a model is
closely related to first-differences models in which one first subtracts
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the prior value from each value in an outcome series to create a change
score, then models those change scores rather than the original vari-
able. Indeed, when the model coeflicient on the autoregressive effect
equals one, the autoregressive model is exactly equivalent to a first-
differences (or change-score) model. The advantage of an autoregres-
sive model relative to a first-differences model is that the former allows
for the possibility of regression to the mean, which is the tendency for
extreme observations to be followed by observations that are somewhat
less extreme. Autoregressive models of state firearm death rates tend
to have autoregressive coefficients near 0.9, suggesting the data show
some regression to the mean; the best expectation for the death rate of
a given state is not exactly the same as the rate observed in the prior
year but a value approximately 10 percent closer to the national average
death rate than what was observed in the prior year.

Autoregressive models are popular because they correspond to rel-
atively common hypothesized data-generating mechanisms; however,
they can be difficult to work with and to interpret. Early work with
autoregressive models (e.g., Cochrane and Orcutt, 1949) demonstrated
that effect size estimates can be substantially biased in such models.
Because of this, the coding of the predictor needs to take into account
the biasing effect of the autoregressive relationship. This bias occurs
because controlling for the prior value of the outcome often indirectly
controls for exactly the effect the researcher is trying to measure. For
example, if a law passed in 2000 has a certain effect on firearm death
rates in 2005, an autoregressive model will carry that effect forward
into 2006 via the autoregressive path even if the model does not include
a direct effect of the law on 2006 death rates in the effect coding.

To address this possible source of bias, we investigated two types
of variable coding in all models that included autoregressive effects:
standard effect coding versus change coding. Standard effect coding uses
the same version of the predictor variable (the simulated laws) that was
used in the nonautoregressive models: The variable is coded one for
each year in which the law was in place for all 12 months, zero for years
when the law was never in effect, or a fractional value when it was in
effect for part of a year or was in its phase-in period. Our review of the
existing literature on the effect of state gun laws (RAND Corporation,
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2018) found no evidence that gun policy studies that incorporate an
autoregressive term have used anything other than this standard effect
coding of the laws.

We also investigated change coding, which is the type of variable
coding that is used when estimating first-difference (or change) models
(Wooldridge, 2010). Change coding reflects the extent to which the
hypothetical effect of the law changed since the prior year. The change
coding value for the law in a given year, 7 is equal to the effect coding
value for the prior year minus the effect coding value for year #. Because
an autoregressive model is analyzing year-over-year change in the out-
come, we predict it with year-over-year change in the hypothesized
effect of the law. Table 2.2 shows an example of how effect coding and
change coding differ for a state implementing a new law at the begin-
ning of 2000—for effects with an instantaneous effect and for effects
that phase in over five years.

In summary, the simulation compared three options with regard
to autoregressive effects within the models: (1) models without an
autoregressive effect, (2) models with an autoregressive effect using
standard effect coding, and (3) models with an autoregressive effect
using change coding. When including the autoregressive parameter,
1979 is dropped as an outcome year (as the beginning of the data series,
it lacks a lagged value). Thus, autoregressive models analyze 35 years
of outcome data, while nonautoregressive models use 36 years. This

Table 2.2
Comparison of Variables Using Effect Coding and Change Coding of Laws

Type of Effect 1998 1999 2000 2001 2002 2003 2004 2005 2006

Law with an immediate effect
Effect coding 0 0 1 1 1 1 1 1 1
Change coding 0 0 1 0 0 0 0 0 0
Law with a five-year phase-in
Effect coding 0 0 0.1 0.3 0.5 0.7 0.9 1 1

Change coding 0 0 0.1 0.2 0.2 0.2 0.2 0.1 0
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is a realistic constraint for the autoregressive models in situations in
which the researcher wishes to model the data series from its begin-
ning. However, if the researcher chooses a starting year for modeling
that is not the beginning of the data series, both types of models would
have the same number of usable outcome values, and the autoregres-
sive models would have slightly more power (relative to nonautoregres-
sive models) than is estimated in the simulation. Finally, autoregres-
sive effects can be included in models regardless of whether state-fixed
or random effects are also included and can be incorporated in both
linear and log-link models. When including an autoregressive effect
in models using a log-link function, the lagged variable was the log of
the firearm death rate from the prior year (not the firearm death count
from the prior year) to account for the effect of the population offset
and the nonlinear link function used in those models.

Use of Population Weights

Researchers using linear models often weight state observations by
their relative populations when fitting the models (see, for example,
Durlauf, Navarro, and Rivers, 2016; Gius, 2015a, 2015b; Ludwig and
Cook, 2000; Raissian, 2016). Using population weights in state-level
analyses of the rate of firearm deaths results in models for which each
firearm death is treated as equally important in the estimates regard-
less of which state it occurred in, and the overall sample characteristics
are nationally representative. Alternatively, unweighted analyses could
be used so that each state, rather than each person, is treated as equally
important. This results in an estimation in which a death in Wyoming
has nearly 100 times the effect on model parameters as a death in Cali-
fornia, and the sample is unrepresentative of the nation in several ways
(e.g., the analyses are conducted in a sample that is far more rural and
white than the country actually is). This could lead to biases in esti-
mates if either the probability of implementing the law or the effect of
the law is associated with state characteristics. In the current simula-
tion, the true effects are constant across all states regardless of size or
other characteristics, so weighting is not expected to bias the asymp-
totic values of the effect estimates. However, choices about weighting
may have substantial effects on both the true variance of those effect
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estimates and their modeled SEs. This is because linear models assume
that the firearm death rates for all states and years are measured with
homogeneous error, in spite of the fact that they are estimated on sam-
ples of different sizes. Using weights increases the influence of the larg-
est states—those that are likely to have the most-accurate estimated
rates—on model parameters. This is likely to result in model param-
eters that are estimated with less error and also to reduce the estimated
SEs of those parameters, possibly underestimating the true SEs when
applied to data from smaller states.

Across the simulations, we varied whether the state data are
weighted by standardized population size (population divided by the
standard deviation in population sizes across all years) when estimating
linear models. These weights were treated as importance weights, not
survey weights, within the analyses. Log-link models are usually con-
ducted directly on the counts, rather than the rates, of firearm deaths
and do not need to be weighted to be representative of the country.!

Adjustments to Standard Errors

The simulations also explored the impact of various methods for esti-
mating SEs. For each model run, we estimated the SE in four ways:
(1) the normal method implied by the chosen likelihood function,
(2) robust estimators (also known as sandwich estimators, or Huber-
corrected estimates) that attempt to adjust the SE for violations of
distributional assumptions (White, 1980; Zeileis, 2004), (3) cluster
adjustments that attempt to adjust the SE for violations of the assumed
independence of observations within states (Arellano, 1987; Zeileis,
2006), and (4) estimates that apply both cluster and robust adjust-
ments to SEs. Prior simulation studies (Aneja, Donohue, and Zhang,
2014; Helland and Tabarrok, 2004) suggest that, at least for one type
of model, cluster adjustments are critical for reducing type 1 error rates
to closer to the nominal value, such as o = 0.05. However, it is not
known which type of models benefit from these adjustments, whether
such adjustments are sufficient to avoid excessive type 1 errors, and

1 Although rare, one recent study in this literature used a log-link model estimated on a rate

outcome rather than on counts (Siegel et al., 2017). Such a model makes unusual assump-
tions about the error distribution and is not investigated in this current study.
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whether there are conditions in which these adjustments may degrade
statistical inference.

We also investigated estimating the model using GEE methods to
account for variance inflation caused by nonindependents of observa-
tions within states. This is another method to account for violations of
the independence assumption that has been used to estimate the effects
of gun laws (e.g., Webster et al., 2004). A limitation of this approach is
that it cannot be used with state-fixed or random effects. When using
GEE estimation, we specified a first-order autoregressive structure to
the observations within each state.

Simulation Implementation

The simulation was implemented in the R statistical programming lan-
guage (version 3.3.2). The core code for running these simulations is
downloadable from RAND.? Analyses were run using base R pack-
ages, except (a) random effect models were fit using the LMFE4 package;
(b) GEE models were fit using geepack; (c) negative binomial models
were fit using the MASS package; and (d) SE adjustments were com-
puted in the sandwich package.

In many cases, we factorially combined the model features being
varied. For example, we used all types of SE estimation for both
weighted and unweighted models and for models both with and with-
out state-fixed effects. However, some possible combinations of features
were omitted from the simulation because they could not be imple-
mented in R. For example, we did not assess negative binomial models
with either random effects or GEE estimation. The combination of
models and model features we examined resulted in more than 100
different methods of testing for an effect of laws on death rates. Each
was assessed using 90,000 simulations that varied the size and direc-
tion of the true effect, the number of states that implemented the law,
and whether the law’s effect had an instant or five-year phase-in period.

2 The core code is available on the product page of this report on the RAND Corporation’s
website.






CHAPTER THREE
Results

Type 1 Error Rates

Table 3.1 shows the type 1 error rates across a wide range of models
and SE estimation methods. To simplify presentation, several models
and estimation methods have been omitted from this table. In particu-
lar, Poisson models were not included because they always performed
worse than the corresponding negative binomial models. Huber cor-
rections for the SE were also not included for negative binomial models
because they always resulted in excessive type 1 errors, and we only
present results for one log-linear model (i.e., linear model of a logged
outcome) to demonstrate that this transformation is not an improve-
ment over the corresponding linear models.

Almost all of the models that are commonly used in this field
demonstrate poor type 1 error rates when fit to these data. For exam-
ple, the classic two-way linear fixed-effects model (i.e., standard
difference-in-differences model), using population weights and with-
out any adjustment to the SE, have an average type 1 error rate of 0.62
across the six types of simulated laws we considered (three different
numbers of states by two different phase-in periods). This is 12 times
the rate of false positives that are expected when using an o = 0.05 level
of significance. Even using a cluster adjustment, the best adjustment to
SEs for this model, the average type 1 error rate is 0.20, still four times
higher than the claimed false positive rate.

Somewhat surprisingly, the SE adjustments often made the type 1
error worse, although, in some cases, clustering adjustments did reduce
these errors. Generally, all of the models with state-fixed effects and no
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Table 3.1
T;l;ee13Error Rates for Each Model, by Number of Implementing States and Length of Phase-in Period
Instant Phase-in (No. of Five-Year Phase-in
States) (No. of States)
Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Negative binomial Change None None 0.04 0.04 0.04 0.03 0.02 0.02 0.03 0.02"
Negative binomial Change None Cluster 0.23 0.09 0.07 0.22 0.08 0.06 0.12  0.23
Negative binomial Effect None None 0.10 0.10 0.09 0.10 0.10 0.10 0.10 0.10"
Negative binomial Effect None Cluster 0.22 0.12 0.11 0.23 0.13 0.12 0.15  0.23
Negative binomial Change Fixed None 0.06 0.05 0.06 0.09 0.1 0.13 0.08 0.13"
Negative binomial Change Fixed Cluster 0.22 0.09 0.07 0.21 0.09 0.09 0.13 0.22
Negative binomial Effect Fixed None 0.19 0.28 0.26 0.21 0.30 0.27 0.25 0.30
Negative binomial Effect Fixed Cluster 0.21 0.12 0.1 0.21 0.13 0.1 0.15 0.21"
Negative binomial None Fixed None 0.48 0.53 0.51 0.50 0.56 0.53 0.52  0.56
Negative binomial None Fixed Cluster 0.19 0.09 0.07 0.20 0.09 0.07 0.12 0.20
Negative binomial None Fixed and None 0.37 0.39 0.41 0.41 0.44 0.44 0.41 0.44
trend
Negative binomial None Fixed adnd Cluster 0.24 0.10 0.08 0.24 0.1 0.08 0.14 0.24"
tren
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Table 3.1—Continued

Instant Phase-in (No. of

Five-Year Phase-in

States) (No. of States)
Autoregression SE

Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Log linear- None Fixed None 0.52 0.70 0.70 0.54 0.73 0.71 0.65 0.73
weighted

Log linear— None Fixed Huber 0.59 0.66 0.62 0.61 0.69 0.64 0.64 0.69
weighted

Log linear- None Fixed Cluster 0.28 0.18 0.16 0.29 0.18 0.16 0.21 0.29"
weighted

Log linear- None Fixed Both 0.58 0.65 0.61 0.60 0.68 0.63 0.63 0.68
weighted

Linear-weighted Change None None 0.07 0.09 0.10 0.07 0.1 0.10 0.09 0.11"
Linear-weighted Change None Huber 0.22 0.10 0.08 0.08 0.08 0.07 0.10 0.22
Linear-weighted Change None Cluster 0.30 0.12 0.09 0.27 0.13 0.10 0.17 0.30
Linear-weighted Change None Both 0.21 0.09 0.07 0.08 0.08 0.06 0.10 0.21
Linear-weighted Effect None None 0.12 0.16 0.16 0.1 0.16 0.16 0.15 0.16
Linear-weighted Effect None Huber 0.13 0.16 0.14 0.13 0.17 0.16 0.15 0.17
Linear-weighted Effect None Cluster 0.28 0.19 0.16 0.27 0.19 0.17 0.21 0.28
Linear-weighted Effect None Both 0.13 0.15 0.13 0.13 0.16 0.15 0.14 0.16"
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Table 3.1—Continued

Instant Phase-in (No. of Five-Year Phase-in
States) (No. of States)
Autoregression SE

Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-weighted Change Fixed None 0.09 0.1 0.12 0.1 0.18 0.21 0.14 0.217
Linear-weighted Change Fixed Huber 0.22 0.12 0.09 0.12 0.16 0.18 0.15 0.22
Linear-weighted Change Fixed Cluster 0.28 0.13 0.09 0.25 0.14 0.13 0.17 0.28
Linear-weighted Change Fixed Both 0.21 0.1 0.09 0.1 0.15 0.16 0.14 0.21
Linear-weighted Effect Fixed None 0.20 0.33 0.32 0.22 0.35 0.33 0.29 0.35
Linear-weighted Effect Fixed Huber 0.20 0.30 0.27 0.22 0.32 0.29 0.27 0.32
Linear-weighted Effect Fixed Cluster 0.27 0.20 0.16 0.27 0.20 0.16 0.21 0.27"
Linear-weighted Effect Fixed Both 0.19 0.28 0.26 0.21 0.30 0.27 0.25 0.30
Linear-weighted Change Random None 0.08 0.09 0.10 0.07 0.10 0.1 0.09 0.11"
Linear-weighted Effect Random None 0.09 0.1 0.10 0.09 0.1 0.10 0.10 011"
Linear-weighted None None GEE 0.28 0.12 0.10 0.29 0.13 0.10 0.17 0.29"
Linear-weighted None Fixed None 0.55 0.66 0.64 0.56 0.68 0.66 0.62 0.68
Linear-weighted None Fixed Huber 0.58 0.61 0.56 0.60 0.63 0.59 0.60 0.63

Linear-weighted None Fixed Cluster 0.29 0.17 0.16 0.29 0.17 0.15 0.20 0.29
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Table 3.1—Continued

Instant Phase-in (No. of

Five-Year Phase-in

States) (No. of States)
Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-weighted None Fixed Both 0.57 0.60 0.55 0.59 0.62 0.58 0.59 0.62
Linear-weighted None Fixed and None 0.43 0.51 0.53 0.47 0.55 0.55 0.51 0.55
trend
Linear-weighted None Fixed and Huber 0.44 0.46 0.46 0.49 0.51 0.49 0.48  0.51
trend
Linear-weighted None Fixed and Cluster 0.29 0.16 0.13 0.30 0.16 0.13 0.19 0.30"
trend
Linear-weighted None Fixed and Both 0.42 0.44 0.44 0.47 0.49 0.47 0.46  0.49
trend
Linear-unweighted Change None None 0.04 0.04 0.04 0.01 0.01 0.01 0.02 0.01"
Linear-unweighted Change None Huber 0.14 0.05 0.04 0.04 0.02 0.01 0.05 0.14
Linear-unweighted Change None Cluster 0.20 0.07 0.06 0.17 0.07 0.05 0.10 0.20
Linear-unweighted Change None Both 0.14 0.05 0.04 0.04 0.01 0.01 0.05 0.14
Linear-unweighted Effect None None 0.06 0.05 0.05 0.06 0.05 0.05 0.05 0.06"
Linear-unweighted Effect None Huber 0.1 0.08 0.07 0.10 0.08 0.07 0.08 0.1
Linear-unweighted Effect None Cluster 0.16 0.09 0.09 0.16 0.10 0.09 0.1 0.16
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Table 3.1—Continued

Instant Phase-in (No. of

Five-Year Phase-in

States) (No. of States)
Autoregression SE

Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-unweighted Effect None Both 0.10 0.07 0.06 0.10 0.08 0.06 0.08 0.10
Linear-unweighted Change Fixed None 0.05 0.05 0.04 0.07 0.05 0.06 0.05 0.07"
Linear-unweighted Change Fixed Huber 0.16 0.08 0.06 0.10 0.07 0.07 0.09 0.16
Linear-unweighted Change Fixed Cluster 0.20 0.07 0.06 0.17 0.07 0.06 0.1 0.20
Linear-unweighted Change Fixed Both 0.14 0.07 0.05 0.10 0.06 0.06 0.08 0.14
Linear-unweighted Effect Fixed None 0.17 0.16 0.14 0.18 0.19 0.15 0.17 0.19
Linear-unweighted Effect Fixed Huber 0.21 0.19 0.16 0.24 0.21 0.17 0.20 0.24
Linear-unweighted Effect Fixed Cluster 0.17 0.08 0.07 0.17 0.09 0.06 0.1 0.17"
Linear-unweighted Effect Fixed Both 0.20 0.18 0.14 0.22 0.20 0.16 0.18 0.22
Linear-unweighted Change Random None 0.05 0.04 0.04 0.04 0.03 0.03 0.04 0.03"
Linear-unweighted Effect Random None 0.12 0.12 0.09 0.13 0.13 0.10 0.1 0.13"
Linear-unweighted None None GEE 0.21 0.08 0.07 0.19 0.08 0.06 0.1 0.21%
Linear-unweighted None Fixed None 0.45 0.46 0.41 0.47 0.48 0.44 0.45 0.48
Linear—-unweighted None Fixed Huber 0.49 0.47 0.42 0.52 0.50 0.46 0.47 0.52
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Table 3.1—Continued

Instant Phase-in (No. of Five-Year Phase-in
States) (No. of States)
Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-unweighted None Fixed Cluster 0.18 0.09 0.07 0.18 0.10 0.07 0.12 0.18"
Linear-unweighted None Fixed Both 0.48 0.46 0.40 0.51 0.48 0.44 0.46  0.51
Linear-unweighted None Fixed and None 0.29 0.31 0.33 0.31 0.36 0.37 0.33 0.37
trend
Linear-unweighted None Fixed and Huber 0.34 0.33 0.34 0.37 0.38 0.38 0.35 0.38
trend
Linear-unweighted None Fixed and Cluster 0.19 0.08 0.07 0.18 0.08 0.07 0.1 0.19"
trend
Linear-unweighted None Fixed and Both 0.32 0.31 0.31 0.35 0.36 0.36 0.33 0.36
trend

NOTES: All tests conducted with o= 0.05. Average (in header row) refers to the average type 1 error rate over the six simulation
conditions for each model. Worst refers to the type 1 error rate that was most discrepant from the intended 0.05 rate of false
positives. Bold indicates that average type 1 error rates for the preferred method were less than 0.10. Asterisk indicates the
preferred method of computing SEs for each model.
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36 Evaluating Methods to Estimate the Effect of State Laws on Firearm Deaths

autoregressive effects benefited from a cluster adjustment, while SEs for
models with autoregressive effects and without state-fixed effects were
often worse when a cluster adjustment was applied. The cluster adjust-
ment made little difference for models with both autoregressive effects
and state-fixed effects. In contrast, applying the so-called robust SEs
almost always resulted in worse type 1 error rates, sometimes substan-
tially worse. This was particularly true whenever the estimate benefited
from a clustering adjustment.

For each model type, we identified the best method for comput-
ing the SE. This was done by first computing a correction factor that,
when applied to the computed SE, yielded a 0.05 type 1 error rate in
the simulation. The preferred method of computing the SE was identi-
fied by the correction factor that is closest to one within the law con-
dition that required the largest correction factor.! That is, we selected
the least bad method of computing the SE and highlight this model in
our discussion concerning correct rejection rates. The correction fac-
tors for all models are included in Appendix B. The estimates from the
preferred SE-correction method are also indicated with an asterisk in
Table 3.1. Looking at the 25 preferred methods for calculating SEs,
only one involved a Huber correction, and the advantage of the Huber
correction over the corresponding ordinary SE was small. Given this,
researchers should be quite cautious about using so-called robust SEs
with longitudinal data such as these, at least any time the robust SEs
are actually smaller than the SEs without the robustness correction.

Overall, only a few models came plausibly close to the intended
0.05 false-positive rate across the six law conditions we simulated.
Using the preferred SE-correction method, only eight of 25 models had
average type 1 error rates of less than 0.10—that is, twice the intended
rate. All eight of these models included an autoregressive effect, and
none of them applied either a cluster adjustment or Huber adjustment
to the SEs. Additionally, seven of those eight autoregressive models
used the change coded version of the law, rather than the more common
effect coded version.

' The best correction factor was the one that had the lowest value of (¢f— 1)%, where ¢fis the

correction factor.
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Several broad patterns emerge within these results. Within a given
link function, change coded autoregressive models typically had slightly
fewer false positives than the corresponding effect coded autoregressive
models, which had fewer false positives than the corresponding models
without an autoregressive effect (but with a cluster adjustment). How-
ever, the difference between these classes of models varied greatly as a
function of the number of states that implemented the simulated laws.
The models without an autoregressive effect had dramatically more
false positives when only three states implemented the law, slightly
fewer false positives when 15 states implemented, and only a few more
when 35 states implemented. As was shown in other simulations, dif-
ference-in-differences models with an autoregressive data series require
some adjustment for clustering. However, none of the standard adjust-
ments worked unless the number of treated units (states) was moder-
ately large (Bertrand, Duflo, and Mullainathan, 2004). With the cur-
rent data, the false-positive rate for these models using the clustering
adjustment improves dramatically, from three to 35 treated states, but
never reaches the correct 0.05 level. In contrast, several of the autore-
gressive models have false positives at, or slightly under, 0.05 in the
same condition.

The rate of type 1 errors also varied somewhat as a function of
model type or link function. In general, the negative binomial and the
unweighted linear model both performed similarly and both had fewer
false positives than their corresponding weighted linear models. Giving
greater weight to the largest states with the best-estimated death rates
appears to result in underestimated SEs when using a linear model. The
use of log-linear models (linear models run on logged outcomes) did
not improve the performance of the corresponding linear models. This
is likely because the residuals of the models are approximately normally
distributed when the counts of deaths within a given state-year tend to
be relatively high. It is plausible that, with an outcome where observed
values are closer to the zero bound (e.g., child firearm homicides), such
a transformation, or the use of Huber-corrected SEs, may have been
beneficial rather than harmful.

The rate of type 1 errors varied little as a function of inclusion of
state effects. Within autoregressive models, adding state random effects
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had almost no effect. This is likely because the state random effects,
conditioned on the autoregressive effect, were all approximately zero
in these data. Adding state-fixed effects to the autoregressive models
slightly increased the type 1 error rate, regardless of link function. Sim-
ilarly, the GEE models without state or autoregressive effects had very
slightly less type 1 error than the cluster-adjusted model that included
state-fixed effects.

Overall, this simulation illustrates how difficult it is to properly
characterize the statistical uncertainty of causal effect estimates derived
from state-year time-series data. The demonstrated bias in the SEs was
almost entirely in the anticonservative direction, with the vast majority
of methods resulting in more than 10-percent false positives, twice the
correct rate, while there was only one with a corresponding conserva-
tive error of less than 2.5-percent false positives, or half the correct rate.
To keep the rate of false positives to a reasonable level (e.g., between
7.5 percent and 2.5 percent when hypothesis testing using p < 0.05)
across the full range of laws, we are limited to autoregressive models
using change coding that is estimated as either an unweighted linear
model or a negative binomial model. In cases in which the law in ques-
tion has been adopted by a clear majority of states, there may be nearly
appropriate inferences using the nonautoregressive models. Even then,
the inferences will be somewhat anticonservative even when applying
an SE correction for clustering.

Correct Rejection Rates

Having the correct false-positive rate suggests that the estimated SE of
the effect in question is appropriately calibrated to the true statistical
uncertainty in the estimate. We also want to look across these models
at the true statistical uncertainty of the estimates. Even if two models
are similar in their rates of false positives, one of them may be much
more precise or efficient in estimating the effect, allowing for greater
probability of rejecting the null hypothesis when it is, in fact, not true.
In this section, we present the power of these models to detect a true
effect. More specifically, we estimate the correct rejection rate that is



Results 39

the proportion of the simulations under an alternative hypothesis in
which the model rejects the null hypothesis and the coefhicient is in
the same direction as the true effect. When computing the rate of cor-
rect rejection for a given model, we base those statistical tests on the
method of computing the SE that displayed the best type 1 error char-
acteristics (marked with an asterisk in Table 3.1).

However, it is impossible to accurately compare correct rejection
rates across models that use different effective levels of significance.
It is always possible to make more-correct rejections if one is willing
to accept more false positives. Thus, to compare models, we start by
using the preferred SEs for each model and then apply the SE cor-
rection factor for that condition of the simulation (see Table A.1 in
Appendix A), which results in exactly 5-percent false positives across
the null hypothesis simulations we performed for the model. Thus, all
comparisons of correct rejection rates are made at a true 5-percent false
positive rate, even though achieving this false-positive rate sometimes
requires substantial corrections even to the adjusted SEs. Using this
correction procedure for significance testing, we compute the adjusted
correct rejection rate across simulated data sets (see Table 3.2).

Across all six of the simulated law conditions (three being the
number of states implementing by two lengths of effect phase-in),
these models have extremely low power to detect an effect of a law
that causes or prevents 1,000 deaths per year nationally. Good power
is normally considered to be 0.8, lower power is considered to be 0.5,
and anything below approximately 0.2 is considered to be problematic
(Cohen, 1988). A scientific field built on studies with such low power
(e.g., less than 0.20) will have a large fraction of significant results
that are spurious, a substantial proportion of significant effects that
are in the wrong direction, and significant effects that substantially
overestimate the true effect size (Gelman and Carlin, 2014). In fact,
some of the observed rates are not much better than chance; given a
5-percent false-positive rate, we expect at least 2.5-percent rejections
in each direction even without any true effect. Several models have
conditions in which they have only 4-percent correct rejections, and
seven of the models had average correct rejection rates below 0.10.



E:I?LestBefl Correct Rejection Rates for Each Model, by Number of Implementing States and Length of Phase-in Period

Instant Phase-in Five-Year Phase-in

(No. of States) (No. of States)

Autoregression SE

Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average
Negative binomial Change None None 0.08 0.27 0.50 0.05 0.12 0.22 0.21
Negative binomial Effect None None 0.05 0.10 0.15 0.04 0.08 0.10 0.09
Negative binomial Change Fixed None 0.06 0.20 0.37 0.04 0.06 0.10 0.14
Negative binomial Effect Fixed Cluster 0.06 0.14 0.20 0.05 0.1 0.15 0.12
Negative binomial None Fixed Cluster 0.07 0.16 0.24  0.06 0.14 0.19 0.14
Negative binomial None Fixed and trend Cluster 0.06 0.16 0.35 0.05 0.1 0.22 0.16
Log linear-weighted None Fixed Cluster 0.05 0.10 0.12 0.04 0.09 0.10 0.08
Log linear-weighted Change None None 0.06 020 0.39 0.04 0.08 0.14 0.15
Log linear-weighted Effect None Both 0.05 0.08 0.1 0.04 0.07 0.08 0.07
Log linear-weighted Change Fixed None 0.05 0.16 0.29 0.03 0.05 0.08 0.1
Log linear-weighted Effect Fixed Both 0.04 0.09 0.4 0.04 0.07 0.10 0.08
Log linear-weighted Change Random None 0.06 0.20 0.38 0.04 0.07 0.3 0.15
Log linear-weighted Effect Random None 0.05 0.09 0.14 0.04 0.08 0.09 0.08

Log linear-weighted None None GEE 0.08 0.22 0.41 0.06 0.1 0.17 0.17
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Table 3.2—Continued

Instant Phase-in
(No. of States)

Five-Year Phase-in
(No. of States)

Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average
Linear-weighted None Fixed Cluster 0.06 0.09 0.13 0.05 0.08 0.11 0.09
Linear-weighted None Fixed and trend Cluster 0.06 0.10 0.20 0.05 0.08 0.13 0.10
Linear-unweighted Change None None 0.06 0.16 0.31 0.05 0.1 0.19 0.15
Linear-unweighted Effect None None 0.06 0.13 0.18  0.05 0.11  0.14 0.11
Linear—-unweighted Change Fixed None 0.05 0N 0.23 0.04 0.06 0.09 0.10
Linear-unweighted Effect Fixed Cluster 0.07 0.7 0.28 0.06 0.14 0.22 0.16
Linear—-unweighted Change Random None 0.05 0.12 0.25 0.04 0.07 0.10 0.1
Linear-unweighted Effect Random None 0.07 0.19 0.30 0.06 0.14 0.22 0.16
Linear-unweighted None None GEE 0.07 0.19 0.34 0.06 014 0.24 0.17
Linear—-unweighted None Fixed Cluster 0.06 0.15 0.26  0.06 0.13  0.21 0.14
Linear—-unweighted None Fixed and trend Cluster 0.06 0.17 0.32 0.06 012 0.23 0.16

NOTES: All tests conducted with o = 0.05. Average (in the header row) refers to the average correct rejection rate over the six
simulation conditions for each model. Results are presented from the preferred method of computing SEs for each model. Results
are based on a true effect size such that the law would result in an increase or decrease of 1,000 deaths nationwide in an average

year. Rates are averaged over positive and negative effects.
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Against this backdrop of extremely low power, some models did
considerably better than others. The best model was the negative bino-
mial autoregressive change coding, which had an average correct rejec-
tion rate of 0.21. This was followed by the two GEE linear models at
0.17.

The clearest pattern in the data is that power increases with the
number of states that implemented the law. Across all models and
phase-in periods, the average correct rejection rates are 0.05, 0.12, and
0.21 for three, 15, and 35 state conditions, respectively. The correct
rejection rate is also somewhat higher when the phase-in is instant
(0.16) than when it occurs over five years (0.10).

There are also several patterns in correct rejection rates among the
model features. Adding state-fixed effects typically resulted in slightly
less power relative to the corresponding model without those fixed
effects. This is to be expected because state-fixed effects are correlated
with the law-effect variable within a state unless the implementation
date happens to be in the middle of the study period. Similarly, effect
coded autoregressive models generally have slightly less power than
those using change coding.

The negative binomial autoregressive change coding model
had the best power (0.21) and also had especially good average
type 1 error rates (0.03) without any adjustments or corrections. Of the
eight models that showed a type 1 error of less than 0.10, the negative
binomial autoregressive change coding model had the highest correct
rejection rate within each of the six law conditions included in the
simulation. Among those eight models, the next best power was for the
linear weighted autoregressive change coding model (0.15), followed by
the linear unweighted autoregressive change coding model (also 0.15).
Thus, among the models with marginally acceptable false-positive
rates, the three models that offered the most power to identify a true
effect were all autoregressive change code models without state-fixed
effects. They differed only in whether they were estimated as negative
binomial, weighted linear, or unweighted linear. The negative binomial
version offered slightly better performance on both type 1 error and the
rate of correct rejections relative to the two linear models, and this was
true within each of the six law conditions we investigated. However,
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even this “best” model had unacceptably low power when evaluated
at an effect size of 1,000 additional deaths per year nationally, at least
when fewer than 35 states had implemented the law.

Directional Bias

Table 3.3 shows directional bias in the effect estimates for each model.
This is computed using the simulation runs in which there is either a
true positive effect or a true negative effect of equal size. Directional
bias assesses the extent to which the estimate favors a positive (increases
in death) or negative (decreases in death) effect, in spite of the fact
that both of these true effects are the same size. To facilitate com-
parisons across both log and linear models, we converted all bias mea-
sures into linear units and expressed them in the number of deaths.
The true effect sizes for the positive and negative conditions are either
plus or minus 1,000 deaths if the policy were applied nationally in an
average year. Thus, a model that estimates the effects as +1,100 and
—900 for the positive and negative conditions, respectively, would have
a directional bias of 100.2

For almost all of the models, directional bias was descriptively
small (e.g., bias smaller than plus or minus 40 deaths) relative to the
true effect of 1,000 deaths and very small relative to the actual number
of deaths annually (approximately 30,000). This level of bias was also

2 Converting all bias metrics into linear units (a count of deaths) provides a small advan-
tage to the linear models when making comparisons to nonlinear models because this metric
is directly proportional to the model coeflicients in a linear model. Thus, the value of this
bias metric is zero any time the model parameter is unbiased. In contrast, this bias metric
is proportional to the exponentiated model coefficients for the log-link models. Thus, it is
possible that a negative binomial model that has unbiased model coefficients in their native
units will show a small bias on the exponentiated coefficients. There is no method to com-
pare bias across linear and nonlinear models that allows both to be in their native units. If all
directional and magnitude bias measures are converted into the native units of the negative
binomial models (log risk ratios), the negative binomial models tend to show slightly better
performance relative to the linear models than is evident in Tables 3.3 and 3.4. We chose to
present bias in linear units because we ultimately identify a negative binomial model as the
best overall model and did not want to measure directional and magnitude bias in a way that
could be seen as favoring that choice.



Table 3.3

Directional Bias for Each Model, by Number of Implementing States and Length of Phase-in Period

Instant Phase-in

(No. of States)

Five Year Phase-in

(No. of States)

Model Type Autoregression Effect State Effect 3 15 35 3 15 35 Average
Negative binomial Change None -10 -4 10 48 19 24 14
Negative binomial Effect None -15 -4 -1 -16 -4 -2 -7
Negative binomial Change Fixed 13 3 1 285 71 a1 71
Negative binomial Effect Fixed 17 -1 3 12 -3 1 5
Negative binomial None Fixed 84 12 22 86 1 24 40
Negative binomial None Fixed and trend 52 11 7 71 20 9 28
Log linear-weighted None Fixed 532 135 71 610 149 73 262
Linear-weighted Change None 14 1 17 74 7 43 26
Linear-weighted Effect None 30 7 3 34 8 1 14
Linear-weighted Change Fixed -2 1 17 10 -4 46 1
Linear-weighted Effect Fixed 85 17 8 89 16 3 36
Linear-weighted Change Random -3 0 17 28 5 42 15
Linear-weighted Effect Random 29 7 3 36 9 0 14
Linear-weighted None None/GEE 193 37 19 476 82 25 139
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Table 3.3—Continued

Instant Phase-in

(No. of States)

Five Year Phase-in

(No. of States)

Model Type Autoregression Effect State Effect 3 15 35 3 15 35 Average
Linear-weighted None Fixed 313 62 31 340 61 19 138
Linear-weighted None Fixed and trend 13 6 1 -1 3 -6 1
Linear—-unweighted Change None -36 -4 16 -48 -7 13 -1
Linear-unweighted Effect None -6 1 -1 -4 2 -2 -2
Linear—-unweighted Change Fixed -2 7 22 17 19 28 15
Linear-unweighted Effect Fixed -5 0 2 -9 -2 -2 -3
Linear—-unweighted Change Random -12 3 20 0 1 24 8
Linear-unweighted Effect Random -7 1 2 -9 0 -2 -3
Linear-unweighted None None/GEE -28 -6 14 =27 -5 -2 -9
Linear-unweighted None Fixed -9 -1 8 -23 -7 0 -5
Linear-unweighted None Fixed and trend 10 -9 6 -2 -9 -1 -1

NOTES: Effect sizes were scaled as a count of deaths if the law were implemented and fully phased in nationally in an average year.
Positive directional bias numbers indicate bias toward finding that the policy increases deaths, while negative numbers indicate
bias toward finding that the policy decreases deaths. The true effects used in the simulations were plus or minus 1,000 deaths for
the positive and negative conditions, respectively. Average (in the header row) refers to the average directional bias over the six
simulation conditions for each model.
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small relative to the variance of the estimates, generally more than an
order of magnitude smaller, and thus it likely contributed minimally to
the overall error of the estimates (e.g., the total error expressed as the
root mean SE). However, three models showed moderate directional
bias of greater than +100 deaths averaged across conditions, suggesting
a bias for those models toward finding that laws increased deaths. The
worst of these was the linear model with a log-transformed death rate
as the outcome, which was biased by an average of +262 deaths. This
could occur, for example, if the true error distribution was substantially
skewed relative to the assumptions of the model, yielding nonsym-
metrical errors under the null hypothesis. None of the three models
that showed moderate bias had acceptable type 1 error or good correct
rejection rates and thus were not under consideration as an appropriate
model.

The one clear pattern in the directional bias findings is that mea-
surable directional bias occurs primarily in the three state conditions,
except for those three models that showed moderate directional bias
on average. This difference across conditions likely occurs because the
error in the estimated effect may be highly symmetrical when a large
number of states are averaged together due to the central limit theorem,
even if the errors in the effect for individual states are highly skewed.
Researchers who attempt to estimate effects for a small number of
states (or even one state) should recognize the potential for substantial
bias if the model is not chosen carefully.

Magnitude Bias

Table 3.4 shows magnitude bias across the various models and condi-
tions of the simulation. Such bias represents the extent to which the
estimate is less extreme than the true effect (negative magnitude bias)
or more extreme than the true effect (positive magnitude bias).> Such

3 The magnitude bias is computed as the magnitude of all of the estimated effects, regard-
less of statistical significance. If one interprets only effects that are statistically significant,
almost all models will overestimate the true magnitude of the effect, with models that have
lower power showing greater magnitude bias. This is because almost all simulated samples



Table 3.4
Magnitude Bias for Each Model, by Number of Implementing States and Length of Phase-in Period

Instant Phase-in Five Year Phase-in
(No. of States) (No. of States) Percentage
Autoregression of True
Model Type Effect State Effect 3 15 35 3 15 35 Average Effects
Negative Change None 3 -10 -32 165 116 30 45 5
binomial
Negative Effect None -855 -854 -846 -863 -866 -870 -859 -86
binomial
Negative Change Fixed -188 -181 -172 -121 -126 -142 -155 -15
binomial
Negative Effect Fixed -634 -625 -608 -652 -651 -646 -636 -64
binomial
Negative None Fixed 3 1 2 4 2 2 2 0
binomial
Negative None Fixed and 3 1 1 5 2 2 2 0
binomial trend
Log linear- None Fixed 16 4 2 19 5 2 8 1
weighted
Log linear- Change None -2 -16 -33 127 80 9 28 3
weighted
Log linear- Effect None -869 -868 -859 -876 -881 -884 -873 -87
weighted
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Table 3.4—Continued

Instant Phase-in Five Year Phase-in
(No. of States) (No. of States) Percentage
Autoregression of True
Model Type Effect State Effect 3 15 35 3 15 35 Average Effects
Log linear— Change Fixed -153 -143 -136 -124 -112 -119 -131 -13
weighted
Log linear- Effect Fixed -706 -695 -675 -728 -725 -720 -708 71
weighted
Log linear— Change Random -32 -4 -50 67 29 -19 -8 -1
weighted
Linear-weighted Effect Random —-847 -842 -828 -858 -861 -862 -850 -85
Linear-weighted None None/GEE 0 0 0 0 0 0 0 0
Linear-weighted None Fixed 0 0 0 0 0 0 0 0
Linear-weighted None Fixed and 0 0 0 0 0 0 0 0
trend
Linear- Change None 4 -17 -52 249 175 38 66 7
unweighted
Linear— Effect None -802 -801 -793 -809 -812 -816 -805 -81
unweighted
Linear— Change Fixed -261 -249 -238 -182 -179 -203 -219 -22
unweighted
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Table 3.4—Continued

Instant Phase-in Five Year Phase-in
(No. of States) (No. of States) Percentage

Autoregression of True
Model Type Effect State Effect 3 15 35 3 15 35 Average Effects
Linear- Effect Fixed -515 -509 -495 -531 -529 -526 -517 -52
unweighted
Linear— Change Random -225 -216 -207 -146 -147 -174 -186 -19
unweighted
Linear- Effect Random -568 -562 -546 -585 -584 -580 -571 -57
unweighted
Linear— None None/GEE 0 0 0 0 0 0 0 0
unweighted
Linear— None Fixed 0 0 0 0 0 0 0 0
unweighted
Linear- None Fixed and 0 0 0 0 0 0 0 0

unweighted trend

NOTES: Effect sizes were scaled as a count of deaths if the law were implemented and fully phased in nationally in an average year.
Positive magnitude bias numbers indicate that the estimated number of deaths were more extreme than the true number of deaths,
while negative numbers indicate that the estimated number of deaths had a smaller absolute magnitude than the true number of
deaths. Average (in header row) refers to the average magnitude bias over the six simulation conditions for each model. Percentage
of true effects scales the average bias as a function of the true effect magnitude (1,000 deaths).
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bias is not necessarily a threat to the validity of the statistical inference
from standard hypothesis testing, but it makes it hard to correctly esti-
mate the practical importance of the law. This type of bias could be
seen as analogous to instances in which an effect is measured in mea-
surement units other than the expected units.

The distribution of magnitude bias within our simulations was
bimodal, with most models having negligible magnitude bias (e.g.,
estimated effects that were plus or minus 10 percent of the true
effect). Nonetheless, some models had substantial negative bias such
that the average estimated effect was less than half the magnitude of
the true effect size. The models that showed such large biases were
the autoregressive ones that used effect coding for the law. Aver-
aged across these models, they underestimated the true effect by 73
percent; that is, the true effect was four times larger than the esti-
mated effect. Autoregressive models using change coding could
also show nontrivial magnitude bias when state-fixed effects were
added to the model. Across the various model types, these models
underestimated the magnitude of the true effect by an average of
17 percent.

The negative binomial autoregressive change code model that was
favored on the basis of its type 1 error and correct rejection rate has
relatively modest magnitude bias, overestimating the effect size by an
average of 5 percent across all conditions. Again, this is largely because
of the three-state condition. Looking at the 15 and 35 state conditions,
the magnitude bias is less than 3 percent of the true effect.

Other Considerations in Model Selection

The primary purpose of the simulation was to identify the statistical
performance of various methods of estimating an effect and testing
it for significance within the state-by-year firearm death data. How-
ever, the four measures of statistical performance we assessed are not

that showed a statistically significant effect had an estimate effect that was more extreme
that the true effect.
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the only criteria on which to select a statistical method. For example,
researchers often deliberately choose models that have lower power but
offer improved causal inference. In this section, we examine other pos-
sible considerations in model selection that may qualify our findings
from the simulation.

One common reason for selecting a model that has less statistical
precision to estimate the effect of interest is to make the findings more
robust to the biasing effects of confounding variables. A confounding
variable would be one that has causal effects on both the enactment
of the law and on the firearm death rate, thereby creating a spurious
association between the law and the change in death rate (Kish, 1959;
Greenland, Robins, and Pearl, 1999). Researchers typically add covari-
ates to models to mitigate the potentially confounding effects of mea-
sured variables (see, for example, VanderWeele and Shpitser, 2011), or
they may add state-fixed effects to the model to mitigate the potentially
confounding effects of unmeasured characteristics that vary across
states. Our preferred model on the basis of the simulations does not
include state-fixed effects, but some may prefer to add state-fixed effects
under the belief that such a model is more robust to omitted covariates,
even though doing so would increase type 1 error, would decrease cor-
rect rejections, and would slightly increase both types of bias.

Within our simulations, the laws had no systematic relationship
to any other variables, so there was no risk of confounding. However,
model performance in the simulation may have differed if the laws had
been associated with either the included covariates or omitted variables
that were also associated with the firearm death rates. While it would
be possible to design a different simulation that included a range of
confounding variables, it is possible to more directly assess the extent to
which the effect estimates from these various model types are robust to
the inclusion or exclusion of specific covariates outside of a simulation.
Our models include covariates that were identified in the literature as
potential sources of confounding. Omitting such a covariate from a
model will affect the other model parameters only to the extent it is
independently associated with the outcome; that is, omitting a vari-
able that had a regression coeflicient of zero will not alter the point
estimates for other coefficients in that model. In that case, the causal
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effect estimate is robust with respect to the exclusion of that covariate
because the estimate would not change when it is omitted.*

More generally, for any given causal effect of a confounding vari-
able on the probability of implementing the gun law, the magnitude of
the bias that could be removed by including the variable as a covariate
is proportional to its coeflicient in that model (Pearl, 2009). Because
of this relationship, we can determine the extent to which the causal
effect estimates from the various models would be robust with respect
to the omission of the 17 covariates thought to represent potential con-
founders, even though our simulations did not include an association
between these variables and the probability of the laws being imple-
mented. Models that rely more heavily on those variables in predicting
the outcome will produce causal effect estimates that are more sensitive
to their omission in any scenario in which the treatment is also associ-
ated with those variables.

Specifically, we compared five model types based on how much
each relied on the covariates for prediction and thus the extent to
which their causal effect estimates would be sensitive to the omission
of those covariates. We looked at (1) a base model that includes fixed
effects for year but without state-fixed effects or autoregressive effects,
similar to a typical GEE model of the phenomena; (2) a model that
adds an autoregressive effect to the base model; (3) a model that adds
state-fixed effects to the base model; (4) a model that adds both an
autoregressive effect and state-fixed effects to the base model; and (5)
a model that adds state-fixed effects and state-specific linear trends to
the base model. For each model, we can fit a version in which we omit
all covariates, as well as a second version in which we include all covari-
ates (17 orthogonal principal components derived from the 36 vari-

4 Determining whether the inclusion of a given measured covariate will alter a causal effect
estimate is not the same as determining which specific variables are potential confounds. The
latter determination is inherently based on the underlying causal structure of the phenomena
and cannot be directly inferred from associations in the data (Pearl, 2009). For the purposes
of this report, the set of variables that are exemplars of expected confounds is derived from
the published theory and empirical research on the effects of gun laws. These are represented
in the 17 included covariates. The current analyses are designed to determine the extent to
which the various model types produce causal effect estimates that could vary as a function
of the inclusion or omission of these potential confounds.
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ables shown earlier in Table 2.1 that were identified in the literature as
potential confounds). The extent to which the model fit improves when
adding the covariates indicates the extent to which that model type
uses the covariates for prediction (i.e., the extent to which the model
residuals are associated with the covariate when the variable is omit-
ted). Thus, this change in fit also indicates the extent that the model’s
causal effect estimates would be sensitive to omitting these covariates.

Table 3.5 presents the model fits for each model type, both when
including and when omitting all available covariates. The model fit
index is the 50-fold cross-validated error of prediction expressed in the
normal units of the negative binomial loss function.> All models were
run as negative binomial, although linear models produce substan-
tively identical results. The change in fit column in Table 3.5 assesses
the extent to which the effect estimates from each model may be sensi-
tive to omitting these covariates; a zero change in fit indicates that the

Table 3.5
Effect of Adding Covariates on Model Fit (Cross-Validated Error), by Model

Type

Omitting Including Change

Model Covariates Covariates in fit
Base model (time-fixed effects) 2,667 907 1,760

+ autoregressive effect 105 105 0

+ state-fixed effects 440 277 163

+ autoregressive effect and state-fixed m 105 6
effects

+ state-fixed effects and state trends 171 128 42

NOTES: Results are based on a negative binomial regression. The error of prediction
from 50-fold cross-validation is quantified as the model deviance using the standard
loss function for negative binomial regression, with zero representing perfect
prediction of the number of firearm deaths in every state and year.

> 'This fit index is very similar to the more common Akaike information criterion (AIC)
(Akaike, 1974) fit index. The AIC is asymptotically equivalent to cross-validated error when
the model likelihood function is correct. However, some of the tested models use a like-
lihood function that incorrectly assumes independence of observations within state. This
would cause the AIC to overestimate the quality of the fit in those models.
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model produces residuals that were independent of the covariates even
when the covariates were omitted from the model (i.e., the covariates
are not needed for prediction), and larger values indicate increasing
sensitivity of the estimates to the inclusion of these covariates.

Table 3.5 shows that the base model without either state-fixed
effects or autoregressive effects was highly sensitive to covariates.
Including covariates in this type of model eliminated 66 percent of
the error of prediction relative to the model without covariates. These
covariates were highly associated with the rate of firearm deaths across
states and years, even after controlling for the national time trend. In
contrast, including covariates in the autoregressive model had no mea-
surable effect on the error of prediction; the association of the covari-
ates on the outcome was fully captured by controlling for the total fire-
arm deaths in the prior year, even when the covariates themselves were
omitted from that model. Adding state-fixed effects to the base model
did provide considerable robustness against omitted covariates relative
to the performance of the base model. And adding state-specific trends
to this model further improved its robustness to omitted covariates.
However, both of these models were still more sensitive to omitted
covariates than the autoregressive model.

Somewhat surprisingly, adding state-fixed effects to the autore-
gressive model made the model more sensitive to omitting the covari-
ates, although the difference is trivial. This occurred because adding
the state effect to the autoregressive model without covariates actu-
ally resulted in more error of prediction (error of 111 versus 105). In
other words, adding 49 parameters to the model promoted overfitting
without improved explanation of variance, resulting in a worse-fitting
model.

Opverall, these results suggest that researchers using models with-
out either autoregressive effects or state-fixed effects should be con-
cerned about the extent to which their findings are robust with respect
to omitted covariates. In contrast, the effect estimates from the autore-
gressive models are highly insensitive to the inclusion or exclusion of
covariates, and that robustness is not improved by also adding state-
fixed effects to the autoregressive model. This finding—coupled with
the earlier findings that adding fixed effects to an autoregressive model
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increased type 1 error, decreased the rate of correct rejections, and
increased magnitude bias—suggests that fixed effects should not be
added to the autoregressive models of firearm deaths.

Another consideration in model selection for causal inference in
longitudinal data is the extent to which the model is resistant to arti-
facts caused by regression to the mean. This can be considered to be
a type of omitted variable bias where the variable in question is the
prior value of the outcome itself. For example, states may choose to
enact gun control legislation specifically because their firearm death
rate is high. This outcome series shows regression to the mean, in which
extremely high or low rates of firearm deaths are likely to be followed
by less-extreme rates in the subsequent years. Thus, if the passage of
the law is predicated on an unusually high rate of gun deaths, the state
may be expected to show improvement over time even if the law has no
true causal effect.

The autoregressive models have a high degree of resistance to arti-
facts caused by regression to the mean. This is because they directly
condition on the prior value on the outcome; the model does not
assume that expected change is independent of the pretreatment value
(Barnett, Van Der Pols, and Dobson, 2005). In contrast, difference-in-
differences models (e.g., models including year and state-fixed effects)
are susceptible to these artifacts whenever the treated and untreated
units (e.g., states) show converging trends over time (e.g., trends with
larger differences in their means during the pre-period than in the
post-period (Angrist and Pischke, 2009). Additional analyses may be
performed to rule out the possibility of artifacts because of regression
to the mean in such a model, for example, by demonstrating that the
treated and untreated states had similar means in the pre-law period.
However, the effect is not estimated in a manner that accounts for the
extent of mean reversion that is shown in the data. Similarly, a first-
differences model could be used instead of an autoregressive model to
investigate a law’s effect. Such a model differs from an autoregressive
model only in that a first-differences model assumes there is no regres-
sion to the mean, while an autoregressive model estimates the extent to
which observations regress to the mean over time and controls for that
change. In situations in which the probability of passing the law may be
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influenced by the level of firearm deaths, the first-differences approach
may result in artifacts caused by regression to the mean (Rubin, 1977).

A third consideration when selecting a model is the extent to
which the findings can be used to demonstrate temporal precedence—
that is, the effect requires that the law was implemented prior to the
shift in death rates in the implementing states. Temporal precedence
is one of the key criteria for inferring causation (Hume, [1748] 2004;
Mill, 1843), and the ability to investigate precedence is one of the pri-
mary reasons researchers turn to longitudinal data to investigate cau-
sation. However, not all models are equally good at demonstrating
precedence.

Models that do not control for either autoregressive effects or
state-fixed effects (such as the GEE models used in the simulations)
have causal effects that are indicated both by differences across states
and by differences within a state over time. Thus, if states with persis-
tently high firearm death rates are more likely to implement a given
law, such a model is likely to show a positive effect of the law on death
rates, even if there is no change in rates over time either in the states
that implemented the law or in those that did not. In spite of the fact
that these models are estimated on longitudinal data, this analysis does
not demonstrate that the assumed cause precedes the effect.

Including the state- and year-fixed effects to create a difference-
in-differences model improves the ability of the model to demonstrate
temporal precedence. Effects are now indicated solely through changes
from the pre-law mean to the post-law mean in the treated relative
to control states. However, in a long time series, there may be sub-
stantial variability in the outcome within both the pre-law period and
the post-law period (e.g., a law that was implemented in year ten of a
20-year time series and that shows a difference-in-differences effect of
decreasing the firearm death rate by one per 100,000 people). Such a
difference in pre-post means could occur with several distinct temporal
trajectories:

* 'The death rate could have shown a persistent relative decrease
for implementing states starting in year ten by one death per
100,000 people.
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* 'The death rate could have showed a persistent relative decrease for
implementing states in year 15 by two per 100,000 people.

* 'The death rate could have showed a persistent relative decrease for
implementing states in year five by two per 100,000 people.

Each of these three scenarios would show decreases in the rela-
tive death rates in implementing states by one per 100,000 in the pre-
versus post-period. These all yield the same difference-in-differences
effect estimate. However, in the third scenario, the model explains a
shift in rates that occurs in year five of the series as being caused by a
law that was not passed until five years later. Thus, while difference-in-
differences models do indicate the causal effect through a shift in the
relative means from the pre-law to the post-law period, this does not
always ensure that the data would show a change in the relative death
rate after the law was implemented were the data to be analyzed in
a more fine-grained temporal scale. While it is possible to assess this
threat to the validity by investigating the parallel trends assumption
within the data, there is no generally accepted solution when the trends
between implementing and nonimplementing states diverge prior to
implementation (see, for example, Angrist and Pischke, 2008).

In contrast, autoregressive models with change coded effects are
indicated by the association between year-over-year changes in the
death rate with the year-over-year changes in the law. This can be seen
earlier in Table 2.2, which provided an example of change coding.
When testing for an instant effect, the effect is indicated entirely by
whether the death rate is higher or lower in the first year after imple-
mentation relative to what was expected based on the prior year’s death
rate, that year’s fixed effects, and the covariates. Similarly, with a five-
year phase-in period, the effect is indicated only by changes in the
death rates over the five-year period during which the law’s effect was
phasing in. Thus, this type of model shows an effect only when there is
a year-over-year change in the death rate in the years immediately after
implementation.

While this temporal specificity of the autoregressive change coding
model is a benefit from the perspective of drawing causal inferences, it
also presents a practical challenge. In a typical difference-in-differences
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model estimated within a moderately long time series, there is little
penalty if the exact timing of the law’s implementation is mis-specified.
For example, in a 30-year time series, the difference between the pre-
and post-implementation means will be approximately the same if the
implementation date shifts by a year; this only moves one observation
out of 30 from the pre- to the post-period. Using the autoregressive
change coding model, however, shifting the date by one year could
yield an entirely different and unrelated effect. Because this model
makes full use of the temporal resolution of the outcome measure, it
is very sensitive to specifying the correct timing of the law’s effects. In
practical applications in which implementation date or the length of
the phase-in period is not precisely known, these models may benefit
from using a more-flexible function than a single spline to allow for the
possibility that the true phase-in period is somewhat longer or shorter
than assumed.

Finally, researchers generally prefer likelihood functions (i.e.,
the model and link-function, along with any assumptions about the
error distributions) that do not require postestimation corrections to
the SEs (e.g., cluster adjustments) to compensate for mis-specification
(Freedman, 2006). Using an effect estimate that requires such a cor-
rection presents limitations in the range of analyses that could be per-
formed and may result in other problems even when they do improve
type 1 error. Specifically, these adjustments are used to correct Wald
tests of significance; however, we know of no generally accepted
method to apply a similar correction to likelihood ratio tests (see Yuan
and Bentler, 2000, for an attempt to extend Huber corrections to like-
lihood ratio tests). However, likelihood ratio tests are often preferred
for certain types of hypothesis tests, including any tests involving
random effects or joint tests of model parameters. Similarly, the need
for a clustering correction when using a difference-in-differences model
may preclude using Bayesian methods to estimate the effects or Bayes-
ian methods of hypothesis testing. In short, the need for these correc-
tions generally restricts the options available to the statistical analyst,
ruling out many standard procedures. For this reason, it is preferable
to use one of the autoregressive models that accurately characterizes the
uncertainty in the estimates without any postestimation corrections.
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A related problem occurs because almost all common model fit
indices (e.g., Akaike’s information criterion or Bayesian information
criteria) are based on the model likelihood and are closely related to
likelihood ratio tests. This may result in the researcher underestimat-
ing problems with his or her models because the fit indices assume a
substantially inflated number of independent observations in the data.
Some of the estimated models have a large number of parameters (as
many as 150) and may be at risk of being overfit. However, the stan-
dard tools for investigating this problem cannot be trusted when a clus-
ter adjustment is required—that is, when the model likelihood is incor-
rect (Burnham and Anderson, 2002).

Finally, using these adjustments applied after model estimation
could result in both estimation issues within the model and interpre-
tation problems for researchers. In many models, changing the type
of error distribution or its variance should affect the point estimates
themselves, although this will not occur for these methods of adjust-
ment (Freedman, 2006). The need for such corrections may also rep-
resent more-fundamental problems with the model, which could lead
to effects being expressed in incorrect units or forms. This may make
it difhicult to generalize the effect outside of the sample in which it was
estimated or result in predicted values that are impossible (Freedman,
20006).

When possible, it is preferable to incorporate the important regu-
lar features of the data into the likelihood function itself rather than to
rely on postestimation adjustments to SEs. When investigating a law
that has been passed in 35 or more states, the models without autore-
gressive effects perform quite similarly to the autoregressive models on
type 1 error, correct rejection rate, and bias. Those models, however,
always require a postestimation adjustment to the SEs because their
likelihood function ignores the high correlation between temporally
adjacent observations within a state. Even in situations in which a large
number of states implemented the law, it may still be preferable to use
an autoregressive model that incorporates this feature of the data into
the model itself.






CHAPTER FOUR
Discussion

This study identified one method of estimating the causal effect of
state laws on firearm death rates that was preferable to all of the others
we considered across the range of conditions included in the simu-
lation. The best model was a negative binomial autoregressive model
that used change coding of the state laws and did not include state-
fixed or random effects or any adjustments to the SEs. This model was
slightly conservative with respect to type 1 error, averaging 3-percent
false positives rather than the nominal 5 percent. It produced some of
the lowest variance estimates, resulting in the highest rate of correct
rejections when there was a true effect of the law. It demonstrated low
directional and magnitude bias in the estimated effects and displayed
very low bias when 15 or more states implemented the law. In addition,
the model showed other desirable features, including producing effect
estimates that were the most robust to omitted covariates and incor-
porating protections against artifacts caused by regression to the mean
that could occur when the implementation of the law is associated with
the preexisting firearm death rate. The model also did the best job of
ensuring that the implementation of the law preceded the change in
firearm death rates that is the assumed causal effect of the law. Finally,
the model also did not require any postestimation adjustment to the
modeled SEs.

In contrast to the relatively good performance of the preferred
model, several other common methods showed serious problems when
used to estimate the effects of gun laws on state-by-year firearm death
rates. Relative to the preferred model, all models that eliminated

61
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the autoregressive path resulted in highly biased SEs and high rates
of false positives. Some relatively common model specifications that
have appeared in this literature showed type 1 error rates of 50 percent
or more, including several popular log-linear models, some weighted
linear models, and some negative binomial models. This problem is
improved somewhat with the addition of a clustering adjustment or use
of GEE methods; however, these corrections worked only when a large
number of states implemented the law (replicating Bertrand, Duflo,
and Mullainathan, 2004), and, even in the best case, the type 1 error
when not including an autoregressive effect was often at least twice the
nominal rate of 5 percent.

Adding state-fixed or random effects to the preferred model does
not appear to improve model performance. These changes generally
increased false positives when the null was true and decreased correct
rejections when the null was false. They also resulted in slight underes-
timates of the magnitude of the true effect size. Somewhat surprisingly,
we found no evidence that adding state-fixed effects to the autoregres-
sive model improved robustness to omitted variable biases.

One of the most novel features investigated in this study was
the use of change coding in autoregressive models. This type of vari-
able coding is typically used with first-differences models, which are
closely related to autoregressive models when the autoregressive coef-
ficient is near one. However, we are aware of no other studies that have
employed this type of variable coding with autoregressive models. Rel-
ative to standard effect coding, the autoregressive models using change
coding showed substantially less bias in the effect magnitude estimates.
The effect coded autoregressive models estimated effects as small as
13 percent of the true effect magnitude (i.e., a bias equal to 87 percent
of the true effect size). Correspondingly, the models had considerably
less power to detect a true effect. In the best-case scenario, the preferred
model correctly rejected the null hypothesis 50 percent of the time,
while the version using effect coding correctly rejected the null hypoth-
esis 15 percent of the time in the same condition.



Discussion 63

Concerns About Low Power

Although the study was successful in identifying statistical methods
that are best for estimating the effect of state laws on firearm deaths,
the findings also highlighted some substantial challenges to draw-
ing such inferences. Perhaps the largest challenge to the field is the
extremely low power shown to detect a meaningfully large effect of
gun laws on firearm deaths.

This study revealed low rates of correct rejections of the null
hypothesis even under ideal conditions that exaggerate the power that
would be available when investigating real-world laws. In particular,
we always tested for the exact phase-in period of the true effect of the
law. However, when working with real laws, there may be substantial
uncertainty about the amount of time before the full effect of the law
will be manifest in the data. While it is possible to deal with this uncer-
tainty in the analysis, it will inevitably either increase the variance of
the estimate (if a flexible function for a range of possible phase-in peri-
ods is used) or cause an underestimation of the true effect (if a single
phase-in period that is not exactly correct is selected). Both of these
will reduce the likelihood of correctly rejecting the null hypothesis.
The other major reason that our study overestimates power is that in
the simulation, the implementation of laws was independent from all
covariates and the preimplementation rate of firearm deaths. Actual
gun laws, however, are often highly associated with state character-
istics. Such associations necessarily increase the variance of the effect
estimates in analyses that control for those characteristics and subse-
quently reduce the probability of correctly detecting when there is a
true effect of the law.

Some may argue that our current estimates of statistical power are
low because we chose to simulate an effect size that was too small to
have a truly meaningful effect or that most actual firearm laws should
be expected to have substantially larger effects than examined here.
Statistical power would obviously improve for all models if simulated
with a larger effect size, and we believe that policymakers do and should
care about gun laws that are on the order of increasing or decreasing
the total number of firearm deaths by 1,000 per year. In our survey of
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a diverse sample of gun policy experts (Morral, Schell, and Tankard,
2018), we found that, when an expert believed a policy would increase
suicide and homicide by 3 percent, the expert also believed the policy
should not be implemented; when the expert believed the policy would
decrease these outcomes by 3 percent, they strongly supported imple-
mentation. Similarly, other domains in which public policy could affect
1,000 deaths per year are often treated as serious problems or solu-
tions. For example, regulations shifting the minimum legal drinking
age from 18 to 21 are estimated by the U.S. National Highway Trafhc
Safety Administration to have caused a reduction in traffic fatalities of
about 826 lives per year (U.S. Department of Transportation, National
Highway Traffic Safety Administration, 2009). Similarly, the annual
coalition deaths in Operation Iraqi Freedom never exceeded 1,000 per
year but were seen as a serious policy concern. Annual effects this large
add up to an enormous loss (or savings) of life when considered over a
decade or a generation.

It would be difficult to justify an expectation that a given state
gun policy has a substantially larger effect on firearm deaths than what
we have modeled. Policies that prevent large proportions of the popu-
lation from possessing firearms have been ruled unconstitutional (see,
for example, District of Columbia v Heller), and most firearm policy
changes are highly targeted to specific types of individuals or situations.
For example, our review of the existing literature suggests that child-
access prevention laws have some of the strongest empirical evidence of
effectiveness (RAND Corporation, undated). However, these laws are
targeted at gun owners living with minors who do not currently store
their firearms safely, with the stated goal of reducing child use of fire-
arms. However, according to the CDC’s Fatal Injury Reports, there were
1,296 firearm suicides among people ages 20 or younger and 489 unin-
tentional firearm deaths among youths in 2015 (CDC, 2018). Only a
proportion of these deaths could realistically be prevented by increas-
ing liability for unsafe firearm storage. Thus, it appears plausible to
expect that even one of the most widely supported state firearm policies
will have an effect on firearm deaths that is fewer than 1,000 deaths
per year. While there may be specific policies for which one could real-
istically expect a decrease in deaths by greater than 3 percent per year,
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this percentage is nevertheless a reasonable effect size for many com-
monly discussed gun policies and is large enough for policymakers, the
public, and gun policy experts to care about.

The finding that there is typically very low power (e.g., often less
than a 15-percent chance of correctly rejecting the null hypothesis
with a standard difference-in-differences model) may come as a sur-
prise to some. There are a large number of published papers in this
literature, most of which report many p < 0.05 effects. The current
simulations suggest that a substantial reason for this apparent paradox
is that almost all of the studies in the existing literature have statistical
methods that underestimated the uncertainty in their effects, leading
to inflated claims of statistical significance. Comparing the findings in
Table 3.1 to the methods used in the existing literature, it appears that
the true likelihood of a false positive may be closer to one in six across
these models than the one-in-20 rate that is claimed. This problem is
exacerbated by a tendency to run a single conceptual analysis several
different ways (e.g., effects estimated with different sets of covariates;
effects estimated within each racial, gender, or age group; effects esti-
mated within individual states). When presenting 30 or more signifi-
cance tests, each of which may have a one-in-six chance of producing
a false positive, it is possible to have an article with many significant
effects even when the null hypothesis is true.

Operating with such low statistical power may represent a chal-
lenge to the idea that empirical research can effectively guide firearm
policy. The key problem is that, even when a policy is truly effective
at reducing deaths (or truly harmful and causing deaths), it will be
rare that research will find the effect to be statistically significant at
a true p < 0.05. Even after the policy has been implemented within
25 states and even after a decade of follow-up data have been collected,
we should not expect to find a statistically significant result even if
the policy in question actually resulted in 5,000 excess deaths over
that period within the implementing states. Unlike many scientific
domains, there is no obvious way to increase power through additional
data collection. This low power occurs even when there is a data set
that includes a full census of firearm deaths for the entire country for
the last 36 years. There are no additional data.



66 Evaluating Methods to Estimate the Effect of State Laws on Firearm Deaths

When working in such a low statistical power environment, there
are statistical problems that will plague the field even when significant
results are found. Such a field will suffer from three well-documented
problems. First, a large fraction of significant results will be spuri-
ous (false positives) rather than correct rejections. When the power to
detect the true effect is only 10 percent or 20 percent, it requires that,
for every significant published result, many additional statistical tests
must have been run. Each of these tests has at least a 5-percent chance
of creating a false positive when the null is true. The consequence is
that the published literature based on the corpus of significant results
will necessarily contain a high fraction of findings that are spurious.
The second problem is related to the first and is more damaging: A
nontrivial fraction of significant results are likely to be in the wrong
direction relative to the true effect. In the limit, when statistical power
goes to & (e.g., p < 0.05), half of all significant effects are in the oppo-
site direction as the true effect. Gelman and Tuerlinckx (2000) have
referred to this as “type S” error for sign error.

In our simulations, we documented type S error performance. All
of the models had poor type S error in the three-state condition. For
example, on 18 percent of the occasions in which the null hypothesis
was rejected in the three-state, five-year phase-in condition using our
preferred specification, the effect was in the wrong direction relative
to the true effect. However, almost all other models performed even
worse in this same condition, with type S error rates as high as 37 per-
cent. In contrast, the preferred model demonstrated type S error rates
well below 1 percent in the 35-state conditions. This low rate of type
S errors was also observed for other model specifications within any
conditions in which they produced correct rejection rates above 0.20.

The third interpretational problem that occurs when operating
with low statistical power is related to the fact that only a relatively
large effect estimate will ever be found to be significant. This results in
the significant effect sizes being dramatically unrepresentative of the
true effect size (Gelman and Carlin, 2014). Indeed, within our simula-
tions, essentially all significant effects were of a greater magnitude than
the actual effect size; samples that yielded an effect that was actually
representative of the true effect were almost never significant. Thus,
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even when the significant effects were not spurious, they were some-
times in the incorrect direction and were highly misleading about the
effect size.

It is clear that having low statistical power is a problem not only
because it makes it less likely to get significant results but also because
it presents severe limitations on the ability to interpret the few “sig-
nificant” effects that are found (Button et al., 2013; Cohen, 1988).
Our uncomfortable conclusion is that, when working in a low-power
statistical environment, the standard procedures based on exclusively
interpreting effects that are statistically significant is not helpful for
guiding policy. The literature that results from these methods is likely
to have a high proportion of spurious effects, contradictory findings,
and exaggerated claims.

One strategy to address these problems would be for researchers
to evaluate the effects of gun policy using Bayesian statistical methods,
which describe the range of possible true effects that are consistent with
the available data (given the model and researcher-specified prior pos-
sibility distributions). This could avoid most of the problems resulting
from relying on statistical significance as an indicator of importance
within low-power statistical situations (see, for example, Gelman and
Tuerlinckx, 2000).

We are aware of the irony that a study that is designed to assess
the quality of the statistical inferences from a range of methods ends up
recommending that we not make such inferences in the way we inves-
tigated. However, the results of the simulations also have clear implica-
tions for Bayesian analyses. The investigation into type 1 error could
also be interpreted as an investigation into which model accurately esti-
mates the variance of the posterior distribution, while the investigation
into correct rejections could be seen as a method to identify the mini-
mum variance estimator. These desirable properties of our preferred
model relative to the alternatives are as useful in Bayesian estimation
as in more-common frequentists methods.

Moving from frequentist hypothesis testing to Bayesian effect
estimation could mitigate some of the dangers of working with lim-
ited data. However, it does not change the fact that, at least in those
situations with correct rejection rates less than 10 percent, the data
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do not provide much useful information about the true effect size or
direction. This suggests that there is little possible value of analyzing
the effects of state laws until they have been implemented in three or
more states—even in a Bayesian framework. Such an analysis is likely
to return an estimated posterior distribution of the effect that is func-
tionally equivalent to whatever prior distribution was specified by the
researcher. In contrast, hypothesis testing using frequentist methods
will still reject the null for the most extreme 5 percent of estimates,
regardless of how little information about the effect is contained in
the data. Those who wish to continue to use frequentist hypothesis
testing should restrict their analysis to situations in which they can
demonstrate, at a minimum, greater than 20-percent statistical power
to detect a meaningful effec—and preferably greater than 50 percent
(Gelman and Carlin, 2014). This will likely require only testing for
significant effects of state laws after approximately 20 or more states
have implemented a given law and ensures that the modeling approach
selected has well-calibrated type 1 error rates. In practice, this may
require demonstrating through such simulations as those described in
this report that show that the selected model performs as expected with
the data being modeled.

Common Adjustments to Standard Errors Often Were
Insufficient

Although the primary purpose of the study was to identify the best
model for a specific purpose and data set, there are several broader
methodological recommendations and observations from the findings
that may apply to other data sets. One somewhat surprising finding
was the extent to which common “corrections” designed to improve
SEs could actually damage statistical inference.

The ubiquitous sandwich-estimated “robust” SEs, which are
designed to be robust in the presence of violations of distributional
assumptions, almost always resulted in worse type 1 error perfor-
mance. Not only did these problems with the correction occur with the
negative binomial models for which most researchers would probably
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not to apply such a correction, but they also occurred when analyzing
the rate outcome with a linear model. Such corrections are common
when using linear models with nonlinear outcomes, but it appears
they should be used very cautiously. While everyone would like their
inferences to be “robust” to violated assumptions, this correction could
have a substantial penalty in some situations. In particular, researchers
should be most concerned when the robustness correction results in
smaller SEs than the modeled SEs.

The clustering adjustments (either using GEE estimation or a
standard cluster adjustment for autoregressive data structure) were also
somewhat problematic within the simulations relative to including
autoregressive effects directly within the model. When these correc-
tions were used with the autoregressive models, these typically resulted
in worse statistical inferences. This appears to be a case in which “belt
and suspenders” is actually more dangerous than just the “belt.” When
this correction was used with the nonautoregressive models, it generally
improved inferences. However, the correction was often substantially
insufficient, particularly when effects were estimated within a small
number of clustering units. Given the limited number of states in the
United States, this may present a problem for most research conducted
at the state level. There has been some recent theoretical work trying
to outline the type of data for which a clustering adjustment should
be used (Abadie et al., 2017). However, this work does not discuss the
risks of using this adjustment or provide detailed practical guidance on
how to determine when the adjustment has made the SEs less accurate.

Log Transformation of Rate Outcomes Resulted in
Inference Errors

Similarly, it is standard within some disciplines to apply a log trans-
formations to a rate or count outcome prior to analysis with a linear
model. While it is clear that the assumptions of a standard linear model
are likely to be violated in untransformed rate data, particularly in data
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sets with observations at or near the zero bound,! it is not obvious that
applying a log transformation will result in a model whose assumptions
are better met. In the current data, this transformation solved none
of the inferential problems with the linear model and actually made
things slightly worse. When such transformations are used, it would be
best if researchers provided empirical justification within the data set
for the specific transformation chosen. Researchers should also justify
preferences for using a log-transformed outcome over the more general
approach of using a generalized linear model with a log-link function
for such data.

Limitations

This study focused exclusively on state-level firearm deaths as the out-
come of interest. It is likely that the results will not generalize to other
types of outcomes (e.g., other crime data, death rates within narrow
demographic groups, death rates for counties) if those outcomes do not
share the same key data features. For example, we expect that linear
models will perform worse for outcomes that are closer to the zero
bound (e.g., analyses of firearm homicides) relative to their perfor-
mance with total firearm deaths. Perhaps most importantly, we expect
the change-coding autoregressive model to perform more poorly for
data with lower serial autocorrelation. It is beyond the scope of this
study to identify the level of autocorrelation below which our preferred
model is no longer the most appropriate option or to identify meth-
ods that are well optimized in all situations. Given the ubiquity of
difference-in-differences analyses applied to autoregressive sequences
within the fields of policy evaluation and economics, this appears to be
an area ripe for additional research.

This study was also limited due to the finite range of policy fea-
tures and statistical methods that we explored. The results may have

I Unfortunately, an actual log transformation of the outcome cannot be applied when there

are values of zero in the data. Thus, it may not be useful in exactly the situation in which the
linear model is most likely to be inappropriate.
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been somewhat different if we had, for example, looked at the perfor-
mance with laws implemented in all 50 states with a ten-year phase-in
or if we had simulated laws whose implementation dates were closely
bunched. We also did not investigate situations in which the prob-
ability of having the law was associated with covariates or unmeasured
confounders. Those working with specific data features that are not
well represented in this study could conduct similar simulations better
suited to their situation. We have included the statistical code in a
downloadable form to facilitate such extensions.?

Similarly, the study did not assess all possible methods for esti-
mating these causal effects. For example, it is possible and often pref-
erable to compute causal effects in longitudinal data using marginal
effect estimates rather than directly from model coefficients (see, for
example, Robins, Hernan, and Brumback, 2000). Similarly, when the
probability of having the law is associated with covariates, it is often
preferable to use methods that account for this differential propensity.
These methods were not investigated in this study, which did not have
such associations, although it is an area for future work. Such work
may yet identify methods that are superior to methods we currently
prefer on the basis of this simulation study.

There are two relatively common statistical methods that were
not included in the full simulation but may be of interest to the field.
The first method is to operationalize the effect of policy as a perma-
nent change in the trajectory of the death rate over time. This is closely
related to the model we included with state-fixed effects and state-
specific linear trends. However, the model used in the literature typi-
cally assumes that the trend continues indefinitely, while, in our simu-
lation, the effect of the law asymptotes after a five-year phase-in. While
this may seem like a subtle difference, it has substantial implications
for both the interpretation of the model and its statistical performance.
The primary reason such a model was not included in the simulation
is that it is not possible to specify an effect size in such a model that is
comparable to the other models. It assumes that the effect size always

2 The statistical code is available on the product page of this report on the RAND Corpora-
tion’s website.
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grows toward positive or negative infinity with sufficient time. Even
within our simulation over 36 years, the actual effect size within that
period would vary across iterations of the simulation as a function of
the random date of law implementation. Although this change in slope
specification has been used by several researchers, we do not feel its
omission from our simulation is a significant limitation. No researchers
have presented a theoretical argument or a proposed data-generation
mechanism that justifies the ever-increasing effect size. In addition,
there are a range of statistical and interpretational problems with this
change in slope model, which we have detailed elsewhere (Appendix
A; RAND Corporation, undated). Our view is that the similar model
included within the simulation (model with state-fixed effects and
linear detrending with a fixed phase-in period of the effect) is a better
specification.

The other model specification that was omitted from the study
was one in which the causal effect is estimated separately within each
of the implementing states; these single-state effect estimates are then
aggregated and tested for significance, often using meta-analytic meth-
ods. We did include this method in the early versions of the simu-
lations (using the rmeta package within R to aggregate single state
estimates into an overall effect estimate) but discontinued its use
because of severe problems with its estimates. The core issue was that
the tests for equality of effects across states were almost always statis-
tically significant, in spite of the fact that the simulated effects were
perfectly homogeneous across states. Similarly, the tests of significance
for the average effect were also significant almost all the time, even
when there was no true effect. Thus, the model with state-by-law effects
always performed substantially worse than the corresponding model
that directly estimated the average effect across implementing states.
Because we did not wish to explore all of the various ways in which
these models could be implemented (e.g., state-by-law fixed versus
random or various meta-analytic methods for testing for homogeneity
or testing the significance of the average effect), we omitted the meta-
analytic conditions from the results. Although we did not fully explore
this portion of the model space, we suspect that such models are dif-
ficult to get correct. For example, there is no way to get correct SEs
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from a difference-in-differences model fit to autoregressive time-series
data with an V =1 effect; the standard cluster adjustments do not work
when each effect is estimated on a single case (see Bertrand, Duflo, and
Mullainathan, 2004). If the SEs for the individual state effects are rou-
tinely a small fraction of the correct value, it is not surprising that one
would get high rates of false positives when testing the overall average
effects or when testing for equality of effects across states. Currently,
several researchers have suggested the need to include such law-by-state
interactions on the basis of tests showing significant heterogeneity of
effects across states. Our preliminary results suggest that such find-
ings may be spurious and require further methodological investigation
before accepting them at face value.

Conclusions

In this report, we showed that most of the statistical methods com-
monly used to estimate the causal effects of gun laws at the state,
county, or city level suffer from important limitations that make infer-
ences from those models prone to error. Almost all models we investi-
gated had SEs that were too small, leading to high false-positive rates.
Common adjustments to the SE generally failed to fully correct this
problem. All models were found to have insufficient power to detect
causal effects that would correspond to an increase or decrease of 1,000
firearm deaths per year nationally, an effect size that we argue is a
large enough change to be clearly important. One model, however,
performed relatively better than the others we investigated: a negative
binomial model of firearm deaths that includes time-fixed effects, an
autoregressive lag, and change coding for the law effect. The preferred
specification includes no state-fixed effects or SE adjustment.

Our approach to evaluating model performance is not common
in the field of gun policy research. Rather than vigorously investigat-
ing which set of statistical assumptions are appropriate for the data,
researchers more often conduct a large number of sensitivity tests with
variations on the model or variations of the SEs. The current results,
however, suggest that it is possible to run the model 100 different
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ways, all of which may produce dramatically underestimated SEs.
The number of sensitivity tests performed may provide little informa-
tion about the quality of the findings. If the sensitivity tests result in a
broadly similar pattern of asterisks in the output, the sensitivity tests
are very likely to give the authors and the audience false confidence in
the robustness of the findings. If the results differ across the sensitivity
tests, they provide an opportunity for the researchers’ preferences for
particular results to play a role in model selection.

We believe a better approach is to select a model based on an
investigation into the most appropriate assumption for the data, and
then ignore results from all less appropriate models. In our view, the
use of sensitivity tests should be restricted to the situations in which it
is not possible to determine which method is more appropriate for the
data (e.g., whether to include a covariate that could be a confound but
could also be endogenous to the causal effect of interest) or when mul-
tiple methods have been demonstrated to be equally appropriate. This
study demonstrates a novel analytic method to do this type of model
selection without necessarily having to test each assumption separately
and to then determine which violations are extreme enough to cause
concern. The included statistical code could, we hope, facilitate broader
adoption of such methods.

In this report, we focused our investigation on selecting the best
statistical methods for use in a single data set. In this case, we found
very poor statistical performance for almost all of the commonly used
models in this field. However, it is possible that substantially different
results would be found for alternative outcome variables or data sets.
However, we suspect that the problems common models experience in
the current data may well generalize to other analytic problems shar-
ing some of the same structural features. Chief among these features
appears to be strong autocorrelation in the outcome measure and a
relatively limited number of observational units in which the policy
of interest was implemented, such as investigations of state-level poli-
cies. Further research is needed to identify how many published find-
ings may have been inappropriately identified as statistically significant
because of these statistical problems.



APPENDIX A
Technical Description of Evaluated Models

As noted in the report, two model features were kept constant across
all of the models in the simulations: (1) All models include fixed effects
for each year of the data series, which effectively controls for national
trends in firearm death rates, and (2) all models included the same set
of covariates.

Thus, all models were built on a base model of the following form:

2(V) =B+ B, * f( ﬂ,D,C)+2::;106k1(t=/e)+2 SX, e, (1)
where

* g¢(.) denotes a generic link function

e Y denotes the outcome for state s in year # for = 1981, . .., 2014

* B, represents the model intercept

* B, is the effect size estimate for the simulated gun laws

e f (Zt . D, C) defines the coding of the law as a function of whether
the law was in effect in state s and year # (Z ), whether the law had
an instant effect or the effect phased-in linearly over a five-year
period (D), and whether the model used change or effect coding
of the law (C)

e 1(.) denotes an indicator function for the time-fixed effects

. X denotes the value of pth covariate (shown in Table 2.1 of the
main report).

The function f{.) in equation 1 defines the coding of the law used
in the model. Effect coding (,) was scaled so that it took on the value
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of 0 in any year in which the law was not in effect; a 1 in any year in
which it was fully in effect; and linearly interpolated, fractional values
during any phase in a period specified by D. When creating simu-
lated data under an alternative hypothesis, the true treatment effect
was incorporated into the data by multiplying a constant effect by €
and adding that value to the outcome via the appropriate link function.
When using change coding, f(.) was defined as the difference in the effecr
coding values between the current year and the prior year for a given
state, €, — €, , .

In our simulations, we considered two possible link functions:
a linear link function and a log-link function. For linear models, we
expressed the outcome as the crude firearm death rate per 100,000
people or as the logarithm of that death rate. For log-link models, the
outcome was the count of firearm deaths. For log-link models, the
logged population of the state was added as an offset to the base model

(model 1):
+1In (P).

The inclusion of this offset results in the model parameters being inter-
preted as though the outcome were the firearm death rate rather than
the number of deaths. In the case of log-link functions, we evaluated
the negative binomial, Poisson, and quasi-Poisson models in our simu-
lation, but the negative binomial model always outperformed the other
two. For the sake of simplicity, we presented the results for only the
negative binomial models in the report.

In our autoregressive models, we control for lagged effects of the
outcome by adding lagged values of the outcome into the right-hand
side of model 1:

+B,%In (Y_ /P ) when the model uses a log-link.

+B,*Y

", when the model uses a linear link.

In models that included state-fixed effects, we add to model 1
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Z:)Izpml (s = state m)

For models that include state random effects, we revise this term
to be

50
2 P

where o, form=1,...,50 is assumed to have a normal distribution
with mean vector | and variance-covariance matrix ..

Code for our models is provided in the public use code and data
set that accompanies this report.






APPENDIX B
Standard Error Correction Factors

Table B.1 shows the correction factors for all models.
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Zi:rlilaBr::i Error Correction Factors for Each Model, by Number of Implementing States and Length of Phase-in Period
Instant Phase-in Five Year Phase-in
(No. of Years) (No. of Years)
Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Negative binomial Change None None 0.97 0.96 0.97 0.89 0.88 0.84 0.92 0.84"
Negative binomial Change None Cluster 2.17 1.17 1.07 1.80 1.14 1.06 1.40 2.17
Negative binomial Effect None None 1.24 1.18 1.15 1.23 1.19 1.18 1.19 1.24"
Negative binomial Effect None Cluster 1.68 1.25 1.23 1.65 1.25 1.24 1.38 1.68
Negative binomial Change Fixed None 1.03 1.02 1.02 1.20 1.27 1.27 1.13 1.27*
Negative binomial Change Fixed Cluster 2.07 1.16 1.07 1.71 1.19 1.17 1.40 2.07
Negative binomial Effect Fixed None 1.85 1.80 1.64 1.99 1.91 1.70 1.82 1.99
Negative binomial Effect Fixed Cluster 1.61 1.25 1.25 1.59 1.28 1.23 1.37 1.61"
Negative binomial None Fixed None 3.35 3.16 2.85 3.55 3.31 3.08 3.22 3.55
Negative binomial None Fixed Cluster 1.58 1.12 1.09 1.58 1.13 1.09 1.26 1.58
Negative binomial None Fixed and trend  None 2.31 2.35 2.31 2.52 2.59 2.55 2.44 2.59
Negative binomial None Fixed and trend  Cluster 1.94 1.22 1.12 1.99 1.25 1.14 1.44 1.99"
Log linear- None Fixed None 5.27 5.19 4.68 5.54 5.46 5.01 5.19 5.54

weighted
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Table B.1—Continued

Instant Phase-in
(No. of Years)

Five Year Phase-in
(No. of Years)

Autoregression SE

Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Log linear- None Fixed Huber 3.85 3.93 3.76 4.28 4.16 4.00 4.00 4.28
weighted

Log linear— None Fixed Cluster 1.89 1.36 1.36 1.94 1.36 1.35 1.54 1.94"
weighted

Log linear- None Fixed Both 3.74 3.82 3.65 4.15 4.04 3.88 3.88 4.15
weighted

Linear-weighted Change None None 1.15 1.17 1.20 1.15 1.25 1.20 1.18 1.25"
Linear-weighted Change None Huber 1.89 1.19 1.12 1.17 1.13 1.07 1.26 1.89
Linear-weighted Change None Cluster 2.35 1.26 1.16 1.93 1.30 1.18 1.53 2.35
Linear-weighted Change None Both 1.86 1.17 1.10 1.15 1.12 1.06 1.24 1.86
Linear-weighted Effect None None 1.39 1.39 1.37 1.38 1.37 1.36 1.38 1.39
Linear-weighted Effect None Huber 1.32 1.37 1.30 1.38 1.38 1.34 1.35 1.38
Linear-weighted Effect None Cluster 1.87 1.51 1.42 1.89 1.48 1.44 1.60 1.89
Linear-weighted Effect None Both 1.30 1.35 1.28 1.36 1.36 1.32 1.33 1.36"
Linear-weighted Change Fixed None 1.23 1.25 1.28 1.37 1.63 1.59 1.39 1.63"
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Table B.1—Continued

Instant Phase-in Five Year Phase-in
(No. of Years) (No. of Years)
Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-weighted Change Fixed Huber 1.86 1.28 1.18 1.39 1.44 1.44 1.43 1.86
Linear-weighted Change Fixed Cluster 2.32 1.29 1.19 1.88 1.32 1.29 1.55 2.32
Linear-weighted Change Fixed Both 1.80 1.24 1.14 1.35 1.40 1.40 1.39 1.80
Linear-weighted Effect Fixed None 2.07 1.96 1.90 2.12 2.02 1.95 2.00 2.12
Linear-weighted Effect Fixed Huber 1.80 1.81 1.73 1.93 1.90 1.79 1.82 1.93
Linear-weighted Effect Fixed Cluster 1.88 1.48 1.40 1.86 1.49 1.40 1.58 1.88
Linear-weighted Effect Fixed Both 1.74 1.75 1.68 1.87 1.84 1.74 1.77 1.87"
Linear-weighted Change Random None 1.16 1.16 1.20 1.14 1.25 1.22 1.19 1.25"
Linear-weighted Effect Random None 1.22 1.24 1.20 1.21 1.23 1.22 1.22 1.24"
Linear-weighted None None GEE 2.19 1.29 1.18 2.01 1.31 1.18 1.53 219"
Linear-weighted None Fixed None 4.57 4.31 4.17 4.79 4.58 4.37 4.46 4.79
Linear-weighted None Fixed Huber 3.77 3.64 3.39 4.09 3.89 3.62 3.73 4.09
Linear-weighted None Fixed Cluster 1.94 1.44 1.38 1.95 1.44 1.36 1.59 1.95"

Linear-weighted None Fixed Both 3.66 3.54 3.29 3.97 3.78 3.51 3.62 3.97
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Table B.1—Continued

Instant Phase-in Five Year Phase-in
(No. of Years) (No. of Years)
Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-weighted None Fixed and trend  None 2.82 2.98 2.97 3.08 3.30 3.24 3.07 3.30
Linear-weighted None Fixed and trend  Huber 2.49 2.58 2.56 2.85 2.94 2.89 2.72 2.94
Linear-weighted None Fixed and trend  Cluster 2.09 1.45 1.32 2.13 1.45 1.32 1.63 2.13"
Linear-weighted None Fixed and trend Both 2.39 2.47 2.45 2.73 2.82 2.77 2.60 2.82
Linear-unweighted Change None None 0.95 0.95 0.95 0.76 0.75 0.70 0.85 0.70"
Linear-unweighted Change None Huber 1.49 1.01 0.96 0.94 0.81 0.72 0.99 1.49
Linear-unweighted Change None Cluster 1.89 1.1 1.04 1.56 1.10 1.02 1.29 1.89
Linear-unweighted Change None Both 1.47 0.99 0.95 0.92 0.79 0.71 0.97 1.47
Linear-unweighted Effect None None 1.04 1.01 1.01 1.03 1.00 0.99 1.01 1.04"
Linear-unweighted Effect None Huber 1.25 1.13 1.07 1.26 1.13 1.07 1.15 1.26
Linear-unweighted Effect None Cluster 1.41 1.17 1.14 1.41 1.18 1.15 1.24 1.41
Linear-unweighted Effect None Both 1.23 1.1 1.05 1.24 1.1 1.05 1.13 1.24
Linear-unweighted Change Fixed None 0.99 0.99 0.98 1.06 1.01 1.02 1.01 1.06"
Linear-unweighted Change Fixed Huber 1.51 1.1 1.03 1.26 1.09 1.08 1.18 1.51
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Table B.1—Continued

Instant Phase-in Five Year Phase-in
(No. of Years) (No. of Years)
Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-unweighted Change Fixed Cluster 1.86 1.12 1.03 1.64 1.09 1.05 1.30 1.86
Linear-unweighted Change Fixed Both 1.47 1.08 1.00 1.23 1.06 1.05 1.14 1.47
Linear-unweighted Effect Fixed None 1.45 1.39 1.32 1.50 1.46 1.37 1.41 1.50
Linear-unweighted Effect Fixed Huber 1.62 1.50 1.37 1.68 1.56 1.41 1.52 1.68
Linear-unweighted Effect Fixed Cluster 1.47 1.13 1.07 1.48 1.16 1.06 1.23 1.48"
Linear-unweighted Effect Fixed Both 1.57 1.45 1.32 1.63 1.51 1.37 1.48 1.63
Linear-unweighted Change Random None 0.97 0.97 0.96 0.95 0.92 0.93 0.95 0.92"
Linear-unweighted Effect Random None 1.26 1.22 1.17 1.30 1.28 1.20 1.24 1.30"
Linear-unweighted None None GEE 1.82 1.12 1.07 1.77 1.1 1.03 1.32 1.82"
Linear-unweighted None Fixed None 2.67 2.59 2.36 2.76 2.70 2.47 2.59 2.76
Linear-unweighted None Fixed Huber 2.87 2.68 2.43 2.99 2.81 2.56 2.73 2.99
Linear-unweighted None Fixed Cluster 1.58 1.18 1.09 1.60 1.18 1.08 1.28 1.60"
Linear-unweighted None Fixed Both 2.79 2.61 2.36 2.91 2.73 2.49 2.65 2.91

Linear-unweighted None Fixed and trend  None 2.01 1.99 1.95 2.09 2.14 21 2.05 2.14
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Table B.1—Continued

Instant Phase-in
(No. of Years)

Five Year Phase-in
(No. of Years)

Autoregression SE
Model Type Effect State Effect Adjustment 3 15 35 3 15 35 Average Worst
Linear-unweighted None Fixed and trend  Huber 2.01 1.99 1.97 2.22 2.21 2.16 2.09 2.22
Linear-unweighted None Fixed and trend  Cluster 1.70 1.13 1.07 1.68 1.15 1.07 1.30 1.70"
Linear-unweighted None Fixed and trend Both 1.92 1.91 1.88 2.13 2.11 2.07 2.00 2.13

NOTES: All tests conducted with a = 0.05. Average (in the header row) refers to the average correction factor over the six simulation
conditions for each model. Worst refers to the correction factor that was most discrepant from one. Asterisk indicates the preferred

method of computing SEs for each model.
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