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Abstract

This paper studies the relationships between consumer demand and public health in firearm mar-

kets, and their roles in determining the impacts of firearm regulation. My analysis uses 20 years

of administrative data from California, recording all licit handgun purchases in the state, the con-

sumer and retailer in each transaction, and the universe of gun and non-gun fatalities. Isolating

variation from the entry timing of firearm retailers in local markets, the presence of a first firearm

retailer increases handgun purchases by 30 percent. The purchases on the margin of retailer entry

are made by both repeat and first-time handgun purchasers, and these marginal handgun owners

increase both homicide and suicide fatalities. To study the trade-off between consumer surplus and

public health, I develop and estimate a model of consumer handgun purchase and its impact on

fatalities. My estimates imply that handgun owners are adversely selected—those with a higher

willingness to pay for a handgun also generate more expected fatalities—such that the expected

public health costs of handgun ownership outweigh the private benefits of handgun purchase. Using

the model to simulate counterfactual policies, California’s 2024 statewide sales tax on firearm pur-

chase approximately maximizes tax revenues, but is too low when jointly accounting for consumer

surplus and public health. More efficient policies target high tax rates to areas where marginal

handgun purchasers have lower willingness to pay and higher expected fatalities. In particular,

county-specific taxes could achieve a larger reduction in homicides and a smaller drop in consumer

surplus by setting high tax rates around San Francisco and Los Angeles, while leaving the rest of

the state at the status quo.
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1 Introduction

How should policymakers regulate firearm markets? Firearms in the U.S. are popular con-

sumer goods with public health consequences. Consumers purchase billions of dollars of

firearms each year, and one in three U.S. households has a firearm (Berrigan et al. 2022).

Each year, firearms are also involved in 40,000 fatalities and 80,000 non-fatal injuries (Kauf-

man et al. 2021). The design of effective firearm regulation depends on the relationship

between consumers’ preferences for firearm purchase and their public health externalities

from firearm ownership, analogous to other externality-producing products (Pigou 1924).

The limited availability of data on firearm markets has led empirical work to study

either consumer preferences or externalities in isolation, potentially hampering the design of

effective regulation (Wellford et al. 2004). With minimal empirical foundation, experts on

firearm policy express divergent and variable views about the potential effects of regulations

on firearm markets: tax changes, entry restrictions on retailers, minimum age requirements,

and gun buybacks (Smart et al. 2021). This provides little guidance to the numerous state

and local policymakers now exploring these instruments (Brownlee 2024).1

The connection between consumer preferences and public health in firearm markets cre-

ates a fundamental asymmetry in the impact of regulation. Regulation affects the surplus

of all potential firearm purchasers, but only affects externalities through the decisions of

consumers changing their firearm purchase on the margin. These marginal purchasers may

differ in number and composition from one regulation to the next—and relative to potential

purchasers as a whole—due to consumer heterogeneity in preferences, heterogeneity in public

health externalities, and the persistence of firearm ownership over time. Without evidence

on these forces, the unknown structure of heterogeneity in firearm markets limits the ability

of policymakers to design effective firearm regulation (Fleischer 2015).

In this paper, I explore the design of regulation on firearm markets by developing and

estimating a model of consumer preferences for firearm purchase in which firearm ownership

can affect fatalities. I estimate the model for California’s licit handgun market, leveraging

a 20-year consumer panel of individual handgun transactions at firearm retailers, paired

with a set of individual-level morgue records, both constructed from administrative data

with near-universal coverage across the state. I use the estimated model to characterize the

relationship between consumers’ preferences for handgun purchase and their externalities

from handgun ownership. Based on these estimates, I study the design of counterfactual

regulations on firearm markets relevant to the current policy discussion: adjusting taxes on

1For instance, when California implemented a new statewide sales tax on firearm purchase in July 2024,
its chosen rate simply doubled the federal firearms tax from the omnibus 1918 Revenue Act (CA A.B. 28,
2023).
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handgun purchase, restricting the entry of firearm retailers, increasing the minimum age for

handgun purchase, and re-pricing offers at gun buybacks.

The key empirical challenge to my analysis of handgun purchase and public health is

endogeneity: guns may cause crime, and crime may cause guns (Duggan 2001, Depew and

Swensen 2019). I address this challenge by using variation from the timing of 823 market

entries and exits of firearm retailers, and the timing of regulations these retailers must

meet prior to entry. Using event study methods (Borusyak et al. 2024), I document that the

average entry of a first firearm retailer in California’s average zip code would increase within-

zip code handgun purchases by 30 percent. This increase in purchasing occurs on-entry and

displays no evidence of pre-entry trends. Analyzing heterogeneity, I find that entries create

less purchasing in more-distant zip codes, more purchasing in zip codes without an incumbent

retailer, opposite effects to retailer exit, and similarly elastic responses from repeat and first-

time handgun purchasers. A limitation of my data is that they do not record transaction

prices, though firearm pricing is approximately uniform across retailers in the U.S. (Moshary

et al. forthcoming). Together, these facts demonstrate that consumers are elastic across the

margins of handgun purchase and ownership.

When a retailer enters, the increase in handgun ownership from marginal purchasers

harms public health. Applying an identical event study design, the average entry of a first

firearm retailer increases both handgun ownership and homicide fatalities in the entered zip

code. Relative to this event study, my preferred estimator achieves greater precision by

leveraging variation from the full set of firearm retailer entries and exits in California via

an instrumental variables strategy. These estimates imply that—local to an average retailer

entry—increasing handgun ownership in a zip code-quarter by 10 percent would increase

homicide fatalities by 11 percent and suicide fatalities by 2 percent. Relative to the prior

literature, my estimates imply somewhat larger effects of handgun ownership on homicide

fatalities, and similar effects for suicide fatalities, perhaps reflecting the particular public

health characteristics of handgun owners on the margin of net entry (RAND 2018b, RAND

2018c). Leveraging the heterogeneous effects of net entry on the composition of handgun

ownership via a control function approach (Wooldridge 2015), I document that handguns

induce more homicide fatalities if owned by men, Whites, and those under age 30, as well

as if owned by consumers living in areas with lower income, lower population density, and

higher rates of violent crime.

To study the design of firearm regulation, I develop a model of consumer handgun pur-

chase from firearm retailers in which ownership affects fatalities. Each consumer makes a

sequence of repeated static choices over whether or not to purchase a handgun and from

which firearm retailer to purchase, with all handguns assumed undifferentiated. I specify
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preferences as a random coefficients nested logit, with consumers considering their present

value from the purchase of an additional handgun, the price, a local demand shock, and

the set of available firearm retailers, characterized by heterogeneous travel distances and

vertical qualities. As handguns are durable goods, a consumer’s purchase in one period

affects their ownership into the future. Handgun ownership affects fatalities—potentially

positively or negatively—based on a consumer’s observable demographics, the geographic

characteristics of their residential zip code, and the (partially unobservable) determinants

of their present value of handgun purchase. The model allows for selection into handgun

ownership on externality-relevant characteristics, as a common set of variables affects both

preferences and fatalities. This leads me to apply tools from other settings with selection

on unobservables in specifying my model and its estimator (e.g., Heckman 1979, Cohen and

Einav 2007, Bundorf et al. 2012, Einav et al. 2022).

I estimate the model via minimum distance, combining likelihood- and moment-based

information from the data on handgun purchasing and fatalities. In addition to satisfying

several first-order conditions of the log-likelihood, my estimator also matches the event-

study estimates of retailer entry on handgun purchasing, and the observed levels of handgun

purchasing across California. I calibrate the price coefficient using my estimates of consumer

disutility from distance to a firearm retailer and the monetary cost of travel implied by one

mile of distance in California’s firearm market. To estimate the effect of individual handgun

ownership on fatalities, my estimator leverages the correlations of fatality outcomes with

variation in the level and composition of handgun ownership, created by the net-entry timing

of firearm retailers.

The estimated model reveals marked heterogeneity in consumer preferences for hand-

gun purchase. Across California’s adults, a 1 standard deviation higher value for handgun

purchase represents approximately 230 dollars, or about 40 percent of the median pre-tax

handgun price in the U.S. (Moshary et al. forthcoming). In choosing a firearm retailer from

which to purchase, California’s average handgun purchaser is willing to travel 50 percent

further, about 9 additional miles, to purchase from a retailer 1 standard deviation higher in

the quality distribution.

My estimates also demonstrate that consumers are adversely selected into handgun pur-

chase and ownership, with respect to their expected externalities. Conditional on observ-

ables, a consumer with a 1 standard deviation higher preference for handgun purchase would

create 0.006 additional homicide fatalities from handgun ownership each year. This is sim-

ilar to the difference in homicide fatalities between male and female handgun owners, and

about twice as large as being over age 30, when individuals “age out of crime” (Farrington

1986). Handgun ownership also increases the prevalence of suicide fatalities, although I find
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no evidence of heterogeneity across consumers.

The structure of externalities from handgun ownership, in particular adverse selection,

generates allocative inefficiency in the handgun market. At each point in the distribution of

willingness-to-pay for handgun purchase, the average consumer generates a negative public

health externality larger than the value of tax revenue and consumer surplus their purchase

would create. That is, the average consumer’s handgun purchase is net welfare decreasing,

no matter how high is their willingness to pay.

Leveraging the estimated model, I explore the effects of counterfactual regulations on

California’s licit handgun market. Analyzing the firearm sales tax implemented by Califor-

nia in 2024, I find that such a tax in the average year would destroy 7.5 million dollars of

consumer surplus while averting 400 homicide fatalities. Surprisingly for such a new pol-

icy, this tax would also approximately maximize public revenues achievable from the licit

handgun market, raising 1.5 million dollars of revenue each year. Weighing the drop in

consumer surplus against the fiscal values of averted homicides and additional tax revenues,

California’s 2024 firearm sales tax improves social welfare.2

When directly valuing the cost of fatalities produced by California’s licit handgun market,

the welfare maximizing policy is to ban all handgun purchases. Due to adverse selection, an

increase in the tax rate also increases the average externality cost among residual purchasers,

driving up optimal rates and leading the regulator to (optimally) shut down the market.

Of course, predicting the potential impacts from such a large policy change requires a great

degree of extrapolation—especially to the dynamics of the the illicit firearms market—making

the optimality of a ban highly ambiguous (e.g., Cook 2018, Lee and Persson 2022, Schnell

2024).

I also consider a statewide increase in the minimum legal age for handgun purchase,

placing targeted bans on purchases by consumers who have yet to age out of crime. Under

my estimated model, raising the minimum legal age for handgun purchase in California

to 30 would effectively screen out an observably high-risk group of handgun purchasers,

while maintaining status-quo consumer surplus for the majority of the market. The welfare

gains from targeting firearm regulation to observably risky consumers suggests that other

targeted restrictions on firearm ownership—such as universal background checks or extreme

risk protection orders—may improve welfare as well (Smart et al. 2023).

Inspired by the system of local firearm taxes implemented by the city of San Jose in

2022, I find that targeting taxes across California’s geographic heterogeneity can consider-

2My analysis values each homicide fatality using either the value of a statistical life (8.5 million dollars,
Heaton 2010) or a more conservative estimated fiscal cost of a fatal shooting from the city of San Jose (0.17
million dollars, Liccardo 2022). My analysis values one dollar of tax revenue as one dollar of social welfare.
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ably improve upon statewide policy.3 In particular, setting tax rates optimally in each of

California’s 58 counties, it would be possible to achieve welfare gains in public health and

tax revenue equivalent to California’s 2024 statewide tax, with a 40 percent smaller drop

in consumer surplus. Alternatively, maintaining the same drop in consumer surplus, the

county-specific optimal taxes would achieve a 50 percent larger welfare gain, by preventing

200 additional homicide fatalities each year.

The county-specific optimal taxes on handgun purchase are highly differentiated, in ways

that may facilitate the design and implementation of firearm regulation. The largest gains

in welfare come from targeting higher taxes to California’s coastal population centers, while

leaving most of the state at the regulatory status quo. This targeting addresses heterogeneity

in adverse selection, as consumers along the coast tend to derive less value from handgun

purchase and generate more costly externalities from handgun ownership. Moreover, since

these coastal consumers are also more supportive of firearm regulation, much of the efficiency

gains from local taxes could be achieved politically by allowing local jurisdictions to set their

own firearm policy.

In higher geographic resolution, I use the model to simulate the effects of city-wide bans

on the operation of firearm retailers, as implemented by Chicago from 2010–2014.4 Across

California’s 20 highest-population cities, bans on firearm retailers create markedly different

effects, according to the city’s local characteristics. Perversely, because of geographic het-

erogeneity in the severity of adverse selection, the cities with smaller changes in handgun

purchasing following a retailer ban are also the cities with the greatest welfare benefits from

stricter firearm regulation. Relative to citywide bans on firearm retailers, it is more efficient

to “target” firearm policy via a uniform statewide tax, which could achieve the same public

health gains with a smaller drop in consumer surplus.

I also use the estimated model to study the design of gun buybacks in California. These

are popular programs in which regulators offer a uniform price to consumers for the repur-

chase of their firearms (Ferrazares et al. 2021). I compute the optimal tax when the regulator

disregards the direct effect of handguns on fatalities and instead values each handgun not

sold at the typical price of 100 dollars from California’s gun buybacks. The optimal tax

under this buyback objective is with 30 dollars of California’s 2024 rate, suggesting that

prices at gun buybacks undervalue the fiscal costs of handgun ownership.

This paper contributes to a literature studying firearm markets (e.g., Koper and Roth

2002, Bice and Hemley 2002, Cook et al. 2007, Knight 2013, McDougal et al. 2023, Hüther

2023), and is especially close to two recent papers. Moshary et al. (forthcoming) conduct a

3See https://records.sanjoseca.gov/Ordinances/ORD30716.pdf.
4See https://blogs.chicagotribune.com/files/chicago-gun-shop-ordinance.pdf.
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stated-preference experiment in a survey of U.S. consumers who may be interested in acquir-

ing a firearm, use these stated choices to estimate heterogeneous preferences over different

firearms, and discuss the importance of preferences and externalities in studying firearm

policy. Whereas, this paper leverages administrative data and revealed preference to esti-

mate heterogeneous preferences for handgun purchase among California’s adult population,

to recover the heterogeneous public health implications of consumer handgun ownership,

and to analyze the design of regulation in handgun markets. In subsequent work, Armona

and Rosenberg (2024) analyze product differentiation and market power in the U.S. firearms

industry, utilizing a more-restrictive model of public health and a non-overlapping collection

of datasets.

This paper also contributes to long literatures on the impacts of existing firearm policy

and of firearm ownership on public health and crime (e.g., Krug 1968, Zimring 1968, Lott

and Mustard 1997, Cook and Ludwig 2006). I extend this literature by using the net entry of

firearm retailers to develop an instrument for firearm ownership, which addresses concerns of

endogeneity and measurement error discussed in critical reviews (e.g., Wellford et al. 2004,

Kleck 2015).5 In developing this instrument, my analysis builds on a set of papers studying

the direct effect of firearm retailers on crime (e.g., Wiebe et al. 2009, Duggan et al. 2011,

Pear et al. 2023).

More generally, this paper relates to the design of policy for product markets that gener-

ate externalities (e.g., Pigou 1924, Buchanan 1969) when preferences and externalities may

vary across the population (Diamond 1973, Jacobsen et al. 2020). Recent applications study

heterogeneous externalities in the domains of personal transportation (Edlin and Karaca-

Mandic 2006, Jacobsen 2013, Anderson and Auffhammer 2014, Knittel and Sandler 2018,

Barahona et al. 2020, Jacobsen et al. 2023, Barwick et al. 2023), energy-intensive consumer

durables (Allcott et al. 2015, Borenstein and Bushnell 2022, Armitage 2022, Allcott and

Greenstone 2024), and beverages (Griffith et al. 2019, O’Connell and Smith 2024, Griffith

et al. 2022, Conlon and Rao 2023). My analysis of firearm regulation leverages tools from

the study of selection markets (Einav et al. 2021) to account for an unobservable and un-

internalized consequence of each decision maker’s choice that may be correlated with their

preferences (e.g., Einav et al. 2010, Einav et al. 2012, Fowlie et al. 2016, Wagner 2022,

Tebaldi forthcoming, Aspelund and Russo 2024, Chen et al. 2024).

The remainder of the paper is as follows. Section 2 describes the regulatory environment

and data. Section 3 uses the entry and exit of firearm retailers to study handgun pur-

5The other instruments for firearm ownership used by this literature between 2003–2018 were subscriptions
to outdoor- and firearm-related magazines, Google searches for hunting-related terms, the 1988 Presidential
Election Republican vote share, and military veterans per capita (RAND 2018b, RAND 2018c).
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chasing, handgun ownership, and public health. Section 4 builds and estimates a model of

handgun purchase in which handgun ownership affects public health, and Section 5 presents

model estimates. Section 6 uses the estimated model to study counterfactual regulations on

California’s licit handgun market. Section 7 concludes.

2 Setting and data

2.1 Regulatory environment

I study California’s licit market for consumer handguns between 2005–2015. California

law mandates that almost every handgun transfer to an individual be implemented by a

state-licensed firearm retailer.6 Additionally, each retailer must record all the licit hand-

gun transfers they implement using a standardized form, reproduced in Figure OA.1, and

transmit this information to California’s Department of Justice.

Participants in the market face considerable regulation beyond handgun transfer record-

ing. Prior to selling their first firearm potential retailers must, in-serial, find a physical

location from which to conduct business, undergo local business permitting, receive a Fed-

eral Firearms License with a two-month waiting period, and receive an analogous license

from California. After opening, state law prohibits retailers from most forms of advertis-

ing, and federal law requires that transactions occur on the retailer’s premises or at a gun

show. Federal law also restricts inter-state commerce in arms to licensed retailers, preventing

inter-state transactions that involve at least one private individual.

On the consumer side, California and Federal law jointly limit handgun purchase to

legal residents of the state, over the age of 21, who have successfully completed a state-run

firearm safety course. Before each licitly attempted firearm acquisition in California the

acquirer must pass an instant background check conducted by the FBI. Following a licit

firearm purchase, California law mandates a 10-day waiting period prior to acquisition, with

the firearm held at the retailer’s physical location until the purchaser picks it up.

In addition, California’s handgun market is affected by several sources of price regula-

tion. The federal government taxes handgun sales from manufacturers to retailers at a 10

percent rate, established by and held approximately constant since the 1918 Revenue Act

(Congressional Research Service 2023). Handgun sales from retailers to consumers are sub-

ject to California state and district sales tax, between 6.25–8.75 percent in 2006 and 7.5–10

6This includes transfers from retailers, between most private individuals, at gun shows, through online
platforms, and from any manufacturer. The only licit handgun transfer between private individuals not
recorded are bequests to immediate family. Long gun transfers were not systematically tracked until 2014.
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percent in 2015.7 The California Department of Justice also charges a fee to administer

its record-keeping system, which increased from 19 dollars in 2005–2010 to 20 dollars in

2011–2015.8 Firearm retailers may charge up to 10 dollars per firearm to perform transfers

between private parties within California, and an unlimited amount to administer transfers

from out-of-state.

California’s firearm retailers do not transmit price data to the Department of Justice.

Across the U.S., consumers on the licit market in 2015 faced a modal handgun price of

around 400 dollars (Azrael et al. 2017). Moreover, prices are remarkably uniform within a

make and model, such that the average within-model coefficient of variation in pre-tax prices

across retailers was 0.044 in the fall of 2020 (Moshary et al. forthcoming).

Some firearm transactions in California occur illicitly, which cannot be systematically

tracked by California’s regulators. These illicit transactions are punishable as either a mis-

demeanor or felony under California and Federal Law, and can exacerbate the severity of

other criminal charges.9 The potential for legal sanction generates transaction costs which

thin out the illicit firearms market (Cook et al. 2007). As a consequence, available data sug-

gest the illicit firearm market operates at three times higher prices and considerably lower

transaction volume than the licit market (Braga et al. 2012, Cook 2018).

2.2 Data construction and description

To implement my analysis, I construct a dataset with information on consumer handgun

purchasing and ownership, the operation of firearm retailers, the occurrence of fatal and

non-fatal criminal incidents, and summary geographic characteristics.

2.2.1 Handgun purchases and ownership

I access the complete set of California’s handgun transfer records from 1996–2015 through

a data sharing agreement between Stanford Health Policy and the state’s Department of

Justice. These records match consumers with retailers at the transfer level, contain panel

identifiers for consumers and retailers, and include consumer characteristics, such as age,

race, and sex. From 2005–2015, these records also contain the zip code of the consumer and

the retailer.10

7Source 2006: https://www.zillionforms.com/2005/P115129.PDF
Source 2015: https://www.cdtfa.ca.gov/taxes-and-fees/ArchiveRates-04-01-15-06-30-15.pdf

8See https://oag.ca.gov/system/files/media/dros-fee-2nd-cert-sria-revised.pdf, California
SB 1080 (2010), and California SB 843 (2016).

9See https://oag.ca.gov/ogvp/overview-firearm-law
10I transform zip codes to five-digit zip code tabulation areas (ZCTA5s) using the cross-walk provided by

the U.S. Census. When a zip code crosses multiple ZCTA5s, I assign it to the modal ZCTA5 by square-mile

8

https://www.zillionforms.com/2005/P115129.PDF
https://www.cdtfa.ca.gov/taxes-and-fees/ArchiveRates-04-01-15-06-30-15.pdf
https://oag.ca.gov/system/files/media/dros-fee-2nd-cert-sria-revised.pdf
https://oag.ca.gov/ogvp/overview-firearm-law


I use these transfer records to construct time-varying and consumer-specific measures

of handgun purchasing and ownership. From 2005–2015, I measure handgun purchasing

by consumer-quarter as a binary indicator, equal to one if a consumer purchased at least

one handgun during the quarter. My measure of the distance between a consumer and

a retailer is the number of straight-line miles between their zip code centroids, equal to

zero for consumer-retailer pairs within the same zip code. Handgun purchasers must travel

this one-way distance four times in order to licitly purchase a handgun: one round trip for

the transaction, and another to pick up the handgun after the waiting period. I record a

consumer’s handgun ownership in a quarter t as a binary indicator, equal to one if a consumer

purchased at least one handgun between January 1, 1996 and the end of the quarter t.11

To measure purchasing and ownership within a consumer segment (e.g., the count of

handgun owners in a zip code-quarter), I sum across all individuals within the segment.

As my data contain all licit handgun purchases in California, I measure market size as the

number of adults residing in the state, per the 2010 Census and unadjusted for variation

between 2005–2015.

Table 1 provides summary statistics. Panel A shows that 4.4 percent of Californian adults

purchased a handgun between 2005–2015, with higher rates for men, Whites, and consumers

who owned a handgun prior to 2005. Among handgun purchasers, the average consumer

resided 17 miles from their retailer and acquired a handgun in 1.8 quarters, though a heavy

tail of consumers purchase more frequently. By the end of 2015, 6.3 percent of Californian

adults owned a handgun.

Panel B considers the set of zip code-quarters in my analysis. In the average zip code-

quarter, 5.1 percent of consumers own a handgun, and 0.4 percent of consumers purchase

a handgun. Zip code-quarters with lower income, lower population density, lower rates

of violent crime, and later in the study period all tend to have higher rates of handgun

purchasing.

area. Although my analysis is based on ZCTA5s, I refer to them as zip codes for ease of presentation.
I exclude from my analysis zip codes with fewer than 1,000 adult residents, zip code with fewer than 50
licit handgun owners at the start of 2005, and zip codes that correspond primarily to U.S. military base
installations.

11In California, less than three percent of first-time handgun purchasers subsequently cease handgun
ownership (Swanson et al. 2022). A survey of the California adult population finds that 10 percent of adults
owned a handgun in 2018, somewhat higher than my measure of ownership in 2015 (Kravitz-Wirtz et al.
2020). Nationwide, among consumers who lived in a household with a firearm during the past five years, two
percent of their households subsequently ceased all firearm ownership, with two-thirds of such consumers
over the age of 65 (Wertz et al. 2019).
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2.2.2 Firearm retailer operations

California’s handgun transfer records also provide information about the operation of firearm

retailers, ranging from small independents to national chains like Bass Pro Shops. Using the

matched consumer-retailer nature of the data, I identify and prune the smallest-scale “kitchen

table dealers” from my sample, as their licenses are only for personal use, and not for the

operation of an establishment that sells firearms to other consumers (Sugarmann and Rand

1992).12

I treat a retailer as available to consumers between the quarters of its first and last

recorded handgun transfer in my data. I measure a retailer’s quarter of entry as the quarter

of its first recorded handgun transfer. Symmetrically, I measure a retailer’s quarter of exit

as the quarter of its last recorded handgun transfer. I do not measure entries occurring in

the first quarter of my sample, nor exits in the last. Figure OA.2 shows that my measure

of entry based on a retailer’s first recorded transfer closely aligns with an administrative

measure based on a firearm retailer’s completion of the permitting process.

Table 2 provides summary statistics of firearm retailers in my sample. The average

retailer operates for 26 quarters between 2005–2015, sells 153 handguns per quarter, and

sells to an average consumer residing 19 miles away. A right tail of higher-volume retailers

dominate the market: relative to the median, the 75th percentile operates for 120 percent

more quarters, sells 130 percent more handguns per quarter, and sells to an average consumer

who resides 23 percent further away. The five retailers with the most firearm transaction

during my sample are Martin Retting (Culver City), ProForce Law Enforcement (Brea),

Turner’s Outdoorsman (Pasadena), Turner’s Outdoorsman (San Bernardino), River City

Gun Exchange (Sacramento).13 I find that entrants during my sample sell more handguns

per quarter than the average firearm retailer, and that exitors sell fewer than average per

quarter.

Panel B of Table 1 shows that, in zip code-quarters with at least one operational firearm

retailer, consumers purchase 25 percent more handguns and travel 23 percent less distance

to purchase, relative to consumers in zip code-quarters without a firearm retailer. This

pattern could arise from demand (consumers purchase more handguns when retailers are

more available) or supply (more retailers locate where consumers purchase more handguns),

which I explore in Section 3.

12I prune retailers that are neither (i) in the top quartile of total sales nor (ii) operating for at least one
year and in the top quartile of sales per quarter. These restrictions remove retailers with fewer than 246 total
sales, and if open for more than a year, with fewer than 78 yearly sales. Kitchen table retailers account for 74
percent of the retailers in California’s records, but they account for less than 11 percent of total purchases.

13Turner’s Outdoorsman is a large chain of outdoor stores in California and Arizona, accounting for 11 of
the state’s 20 highest-volume firearm retailers.
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2.2.3 Fatalities and non-fatal crime

I measure the occurrence and characteristics of fatalities in California between 2005-2015

using the universe of individual-level morgue records from the California Department of

Public Health. I measure the location and quarter of a fatality based on the deceased’s

residential zip code and time of death. To measure cause of death, I use the underlying cause

of death code, included in the morgue record according to the International Classification of

Diseases, Tenth Revision (ICD10) scheme.14

I measure the occurrence and characteristics of non-fatal criminal activity using the FBI’s

Uniform Crime Reports. These data provide rates of violent crime (aggravated assault,

rape, and robbery) and property crime (larceny and burglary) by county-year. Notably, the

county-year resolution of data on non-fatal crime is less granular than the zip code-quarter

resolution I use for the fatality data.

Panel B of Table 1 shows that California’s average zip code-quarter has 0.4 homicide

fatalities and 0.9 suicide fatalities, both with considerable heterogeneity, and negative cor-

relation. Zip code-quarters with higher income, higher population density, higher rates of

violent crime, and later in the study period all have higher homicide rates and lower suicide

rates.

2.2.4 Geographic characteristics

I use the 2010 Census to measure zip code population, density, and median family income.

California’s Employment Development Department reports the county-year average hourly

wage, using microdata from the Bureau of Labor Statistics. I use the Internal Revenue

Service’s Statistics of Income to construct measures of average household income, population,

and population density by zip code-year. Following Martin and Yurukoglu (2017), I map

precinct-level election returns to zip codes and construct measures of turnout and Republican

vote share in a zip code-quarter’s most recently completed presidential and congressional

elections.

3 Impacts of firearm retailer entry

This section measures how variation in the firearm market—due to the entry and exit of

firearm retailers—creates marginal changes in handgun purchasing, handgun ownership, and

public health outcomes.

14I measure firearm homicide fatalities using codes X93–X95, non-firearm homicide fatalities using codes
X85–X91, firearm suicide fatalities using codes X72–X74, and non-firearm suicide fatalities using codes
X60–X71 and X75–X84 (e.g., Studdert et al. 2020, Studdert et al. 2022, Miller et al. 2022).
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3.1 Firearm retailer entry and handgun purchasing

I use a panel of zip codes in California to measure changes in handgun purchasing around

the entry of a first firearm retailer into a zip code. A first entrant is a retailer that begins to

operate in a zip code-period in which no other firearm retailers are operational. I index these

first entrants by n, and denote the identity of the entering retailer by j(n), the entered zip

code by z(n), and the six-month period of entry by t(n).15 To avoid contaminating the effect

of first entrants, I restrict my sample to include zip code-periods around first entries n that

are more than three years removed from any other retailer entry or exit in z(n). I further

remove compositional bias by restricting the sample of first-entries n to those occurring

between January 1, 2008–June 30, 2013, for which a full three years of zip code-periods are

available pre- and post-entry. I pair this panel data around first entrants with control zip

codes, in which no firearm retailers were ever operational between January 1, 2005–December

31, 2015.

To measure changes around the average first entry in this sample, I estimate the event

study regression

qz(n)t
Mz(n)

=
5∑

t′=−6

βt′1 (t
′ = t− t(n)) + ψz(n) + ϕt + ξz(n)t, (1)

where qzt is an outcome representing the quantity of handguns purchased. As zip codes have

different market sizes, I normalize quantity outcomes by the number of adults in the 2010

Census Mz, and weight regressions by adult population Mz.

The coefficients of interest are the vector βt′ , which measures the change in handgun

purchasing per adult qzt/Mz exactly t
′ periods relative to a first entry. Formally, the control

zip codes with no operational firearm retailers in any period have t′ = −∞ in all zip code-

periods. The model also includes fixed effects for zip code ψz and period ϕt. Thus, βt′

is identified by over-time variation in qzt around a first entry n, accounting for time-series

patterns common to the zip code-periods with no operational firearm retailers in this sample.

The model residual ξzt represents other determinants of handgun purchasing within a zip

code-period. Section OA.1 provides additional details on implementation, including my

procedures for estimation and inference (Borusyak et al. 2024).16

15This section uses six-month periods to improve estimator precision. The estimators in subsequent sec-
tions are more precise, allowing me to specify periods as quarters.

16Roughly, my estimator compares handgun purchases per capita in zip code-periods that are three or
fewer years after their first entry t′ ∈ {0, . . . , 5} to handgun purchases per capita in zip code-periods with
no firearm retailers. Only data from zip code-periods pre-entry t′ < 0 are used to estimate the fixed effects
for zip code ψz and period ϕt. Figure OA.3 shows similar estimates when fitting the model via OLS with
two-way fixed-effects.
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Panel A of Figure 1 visualizes estimates of βt′ and their 95-percent confidence intervals.

As an outcome variable, dark lines represent handgun purchases per adult population of

the entered zip code z(n), regardless of the retailer from which they purchased. Light

lines represent handgun purchases per adult population among these same consumers, but

restricted to only purchases made at the entering firearm retailer j(n). To ease interpretation,

I scale my estimates of βt′ by the average zip code population in California E[Mz] ≈ 22, 000,

allowing the figure to be read as level-changes that would be created if the average first entry

in this sample occurred in California’s average zip code.

The magnitudes in Figure 1 demonstrate that, on the margin, changes in the firearm

market affect the quantity of handguns consumers purchase. One year after a first entry,

on average, consumers would purchase 30 percent more handguns than if the entry had

not occurred.17 A 30 percent increase in handgun purchases would close the entire gap in

handgun purchasing per capita between zip code-quarters with and without a firearm retailer,

reported in Table 1. Accounting for uncertainty, my confidence intervals are compatible with

a 15–45 percent increase in handgun purchases following a first entry.

These post-entry changes in handgun purchasing represent both the market expansion

and business stealing effects of entry. The darker series in panel A of Figure 1 provides a direct

estimate of market expansion: on the margin, consumers purchase 30 percent more handguns

post entry. Combining this with information from the lighter series provides an estimate of

business stealing. In particular, purchases from the entrant comprise both the 30 percent

market expansion on the margin and the reallocation of one-fifth as many infra-marginal

purchases from already-existing firearm retailers elsewhere in the state, representing business

stealing from incumbents.18 My estimates cannot reject that the average first entrant into a

zip code steals no business from incumbent firearm retailers elsewhere in the state.

3.2 Heterogeneous effects of entry and identifying assumptions

The effects of firearm retailer entry follow intuitive patterns of treatment effect heterogeneity.

The entry of a retailer into a zip code with at least one incumbent creates more business

stealing and less market expansion than a first-entry (Figure OA.4). Entrants also expand

the market less among consumer’s in more-distant zip codes (Figure OA.5). A retailer’s exit

17One year after entry, summing periods 1 and 1.5, consumers in the average zip code would purchase 98
additional handguns. As the average zip-code year has 169 × 2=338 handgun purchases, this represents a
98/338≈30 percent increase.

18One year post-entry in the average zip code, purchasing by consumers in the entered zip code would
expand by 98 handguns, with the entrant selling 118 handguns to these consumers. Thus, among these
consumers, the entrant steals (118 − 98)/98 ≈ 1/5 as many handgun purchases from incumbent retailers
elsewhere in California.
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produces a time path of market expansion opposite to and smaller in magnitude than a first

entrant (Figure OA.6). The difference in magnitudes between entrants and exitors could

reflect differences in the quality of retailers across these two groups, as documented by the

sales quantities in Table 2.

Following a first entry, the expansion of handgun purchasing also expands handgun own-

ership. Although there are more repeat handgun purchasers than first-time buyers in the

average zip code-period, Panel B of Figure 1 shows a proportional 30-percent expansion in

the quantity of handgun purchases among both consumer segments post-entry.19 Through

these first-time purchasers, the first entry of a firearm retailer in the average zip code-period

would generate a 3 percent increase in contemporaneous handgun ownership.20

The key assumption of my research design is that a first entrant’s choice of when t(n)

and where z(n) to enter are uncorrelated with residual handgun purchasing ξz(n),t(n)+t′ for

periods t′ ∈ {0, . . . , 5} post entry. Under this assumption, and conditional on the fixed

effects ψz + ϕt, a first-entry n could just as well have occurred in any zip code-period with

no operational firearm retailers. This makes over-time variation from other zip codes with

no operational firearm retailers a valid counterfactual for post-entry variation in z(n) during

post-entry periods t(n) + t′. Such locally quasi-random entry timing and positioning is

a plausible assumption in the California retail firearms market, where, in addition to the

typical challenges of opening a retail business, state and federal regulations create delay

between a retailer’s decision to enter and their right to legally sell firearms. As discussed

by Gentzkow et al. (2011), these assumptions are compatible with firearm retailers making

dynamic decisions over entry and positioning to maximize expected profits, with the caveat

that residual variation in the time-path of expected profits does not systematically correlate

with residual variation in post-entry shocks to handgun purchasing ξz(n),t(n)+t′ .

The assumption of quasi-random timing and positioning behind my research design is

consistent with the time path of βt′ . In particular, Figure 1 shows that there there is no

deviation from trends in total handgun purchasing prior to entry n, relative to other not-yet

entered zip codes and control zip codes that never have an operational firearm retailer. This

lack of pre-trends implies that retailers are not selecting zip code-periods for their operations

based on pre-exising trends in handgun purchasing. In the period of entry, purchases increase

sharply at the entrant and in the market overall, and remain stable for several year thereafter.

Figure OA.7 documents a quantitatively similar time path of βt′ without the assumption of

19First purchasers increase by 30/120=23 percent one year post entry. Repeat purchasers increase by
69/218≈32 percent one year post entry.

20In the average zip code, a first entry generates 30 more first-time handgun purchasers one year post
entry. As the average zip code-period has 890 handgun owners, one year post entry would expand handgun
ownership by 30/890≈3 percent.
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quasi-random positioning z(n), by re-estimating on a sample that excludes control zip codes

and includes only zip code-periods three years or fewer from a first retailer entry. The

patterns of treatment effect heterogeneity across entry events and zip codes also align with

the plausible effects of heterogeneous entries.

3.3 Public health implications of handgun ownership

I also use variation from the entry and exit timing of firearm retailers to estimate the effect of

handgun ownership on fatalities. Figure 2 visualizes the identifying variation, implementing

the event-study around first-entries of firearm retailers from the prior sections. Panel A shows

that the stock of handgun owners grows at a constant rate each period post-entry, reflecting

the level shift in the flow of first-time handgun purchases from Figure 1. Panel B shows

that the growing stock of handgun owners increases the occurrence of homicide fatalities.

Together, these estimates imply that, among consumers for whom handgun ownership is

marginal to the first entry of a firearm retailer within their zip code, adding 100 such owners

for 1 year would generate 0.45 additional homicide fatalities.21 Notably, this estimate relies

only on a narrow set of retailer entries, which limits power when studying less-frequent

fatality outcomes.

My preferred approach to recovering the effect of handgun ownership on fatalities achieves

higher power by implementing a two-stage least-squares estimator, leveraging the full set of

entries, exits, and zip code-quarters in California. Letting gzt represent the count of licit

handgun owners observed in a zip code-quarter, and yzt a count of fatalities, I estimate the

linear regression

yzt
Mz

= µ
gzt
Mz

+ κz + ηt + ωzt, (2)

where µ represents the level change in fatalities within a zip code-quarter created by licitly

allocating a first handgun to one of z’s adult residents.22

Equation (2) also includes fixed effects by zip code κz and quarter ηt. These fixed

effects parameterize sources of fatalities unrelated to licit handgun ownership that are either

time-constant and heterogeneous across zip codes (e.g., κz absorbs baseline crime rates)

21Aggregating across the full post-entry period, yearly handgun ownership in the average zip code would
increase by 111 consumers, and homicides would increase by 0.5 fatalities. The Wald estimator thus implies
that adding 100 handgun owners would generate 100× 0.5/111≈0.45 homicide fatalities.

22A practical reason I prefer the linear specification to one in logs is because of the large number of zeros
in fatality outcomes yzt by zip code-quarter (Chen and Roth 2024). More substantively, the multiplicative
structure of a specification in logs or a Poisson regression model would imply that removing all licit handgun
owners would prevent all fatalities yzt → 0 as gzt → 0. This is not a reasonable assumption, as illicit handgun
ownership can also affect fatality outcomes.
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or changing in aggregate for the whole of California over time (e.g., ηt absorbs statewide

criminal justice policy). Other sources of fatalities unrelated to licit handgun ownership

(e.g., a local crime wave) are included in the residual fatality shock ωzt.

Handgun ownership gzt in Equation (2) is likely endogenous to fatalities yzt (Duggan

2001), which I address by constructing an instrument from the entry and exit of firearm

retailers.23 My instrument is the count of firearm retailers in operation within a zip code-

quarter. By conditioning on fixed effects for zip code κz and quarter ηt, this instrument’s

first-stage isolates variation in handgun ownership created by the timing of net entry within

a zip code, similar to the event studies in Figures 1 and 2. Unlike the event study analysis,

this first-stage simultaneously combines information from all entries and exits in the data,

as well as from zip codes that experience neither entry nor exit. Figure OA.8 shows that,

within a zip code, neither the lagged occurrence of homicide fatalities nor the lagged rates of

handgun purchasing can predict the entry or exit of firearm retailers in California. Appendix

OA.2 describes this instrumental variables estimator in detail.

Table 3 shows the first-stage regression of handgun ownership per capita on the count of

firearm retailers. The net entry of firearm retailers produces a relevant instrument, with a

first-stage F -statistic of 52, as visualized in Figure OA.9. Table 3 also shows the expansion

of handgun purchasing from the average net entry, which falls in between the event study

estimates of market expansion due to retailer entries in zip codes with and without an

incumbent retailer, reported in Section 3.1.

Panel A of Table 3 presents estimates of the effect of licit handgun ownership on fatality

outcomes µ, both firearm-related and overall. The estimates in Column 1, Panel A indicate

that handgun ownership causes firearm-related homicide fatalities, among consumers whose

first handgun purchase is marginal to the net entry timing of firearm retailers within their

zip code. I interpret the magnitude of µ by quantifying its implications for the average zip

code-year, where increasing ownership by 10 percent, through the allocation of handguns to

marginal owners, would cause a 13 percent increase in firearm-related homicide fatalities.24

In addition to firearm homicides, Panel B shows that handgun ownership also causes

firearm-related suicides. In particular, a 10 percent increase in handgun ownership would

cause a 3 percent increase in firearm-related suicide fatalities. Among licit handgun owners on

the margin of net entry, and relative to firearm homicides, firearm suicides create 75 percent

smaller level changes in fatalities and drive 66 percent less variation in their respective fatality

23The use of instrumental variables for estimation also addresses the potential for mis-measurement of
handgun ownership discussed in Section 2.

24Table 3 shows that the average zip code-year has 890 handgun owners and 1.12 firearm-related homicide
fatalities. Thus, my estimate of µ = 0.159/100/4 implies that a 10 percent increase in ownership would cause
a 4× µ×890/10/1.12 ≈ 13 percent increase in firearm-related homicide fatalities.
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rate.

Column 2 of Table 3 presents OLS estimates of the effect of handgun ownership on homi-

cide and suicide fatalities. These estimates are qualitatively similar to their IV counterparts,

and the two cannot be statistically distinguished from one another. This pattern suggests

that the potential for endogeneity between handgun ownership and fatalities can be predom-

inantly addressed with high-resolution data, allowing me to control for detailed fixed effects

by zip code and quarter.

The estimates in Table 3 also suggest that changes in firearm-related fatalities do not

generate spillovers or substitution with non-gun fatalities. In fact, my estimates cannot

statistically reject that the entire effect of handgun ownership on fatalities is driven by

firearm-related injuries, with estimates for non-firearm fatalities in Table OA.1. Moreover,

Figure OA.10 shows that handgun ownership has no effect on placebo fatality outcomes (e.g.,

pneumonia), that should logically not respond to handgun ownership. Beyond fatalities, Ta-

ble OA.2 shows a small increase in non-fatal violent crime in response to handgun ownership,

though my subsequent analysis focuses only on fatalities.25 Altogether, these results suggest

that increases in licit handgun ownership, among owners marginal to the entry and exit

of firearm retailers, cause firearm homicides and fail to deter violent crime (e.g., Lott and

Mustard 1997, Duggan 2001).

Table OA.3 explores alternate specifications of Equation (2) and the net entry instrument,

isolating different components of variation to estimate the effect of handgun ownership on

fatalities. My results are robust to the specification of richer fixed effects by county-quarter;

the inclusion of zip code-year controls for income, population, and political views; and the

inclusion of zip code-specific linear time trends. I also find quantitatively similar estimates

from a re-specified instrument, in which the effects of net entry accumulate based on the

number of quarters in which retailers remain in operation, as in Figure 2.

3.4 Heterogeneous effects of handgun ownership on fatalities

This section demonstrates that the effect of handgun ownership on fatalities—µ from Equa-

tion (2)—is not constant across the population. To do so, I document systematic hetero-

geneity in the effects of handgun ownership across consumers with observably heterogeneous

25Non-fatal and geographically diffuse firearm violence are important considerations in the design of firearm
regulation (e.g., Cabral et al. 2021, Pienkny et al. 2024, Currie et al. 2024). My analysis abstracts from these
outcomes due to the empirical challenges of measuring their occurrence and developing valid instrumental
variables.
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characteristics, studying regressions of the form

yzt
Mz

= µzt
gzt
Mz

+ κz + ηt + ωzt.

This regression is analogous to Equation (2), but with heterogeneous effects µzt of handgun

ownership gzt/Mz on fatalities per capita yzt/Mz. Allowing for heterogeneity creates two

challenges: both the level of handgun ownership gzt/Mz and its heterogeneous effects µzt vary

at the same zip code-quarter frequency, and both may be correlated with the unobservable

zip code-quarter fatality shock ωzt. I address these challenges by placing additional structure

on my regression specification, laying groundwork for the richer model in Section 4.

To structure the variability of heterogeneous effects µzt across zip code-quarters, I as-

sume that aggregate heterogeneity arises from individual consumers i, each with systematic

heterogeneity in both their causal effect of handgun ownership on fatalities and in their

binary handgun ownership status git ∈ {0, 1}. In particular, letting Wxz denote a vector

of observable characteristics of consumer i in demographic group x(i) and zip code z(i),

heterogeneous effects of handgun ownership are given by the average26

µzt ≡
∑

i:z(i)=z

git
gzt

average effect for i︷ ︸︸ ︷(
µ+ ζWWx(i)z(i)

)
.

The parameters on the right-hand side of this equation govern systematic heterogeneity

in the causal effect of handgun ownership across observably heterogeneous consumers. The

parameter µ is an intercept, capturing the component of causal effects that is common across

consumers. The vector of slopes ζW captures heterogeneous effects of handgun ownership

across the dimensions of observable characteristics in Wxz. The summation thus expresses

the effect of handgun ownership in a zip code-quarter µzt as the average causal effect among

its handgun owners git = 1, z(i) = z. Under this structure, both the level of handgun

ownership gzt/Mz and the observable composition of handgun owners
∑

i:z(i)=z gitWx(i)z/gzt

could be correlated with the residual fatality shock ωzt. For example, an unobservable in ωzt

(e.g., a local crime wave) might jointly increase fatalities, drive more consumers to purchase

handguns, and shift the observable characteristics of handgun purchasers.

I account for the possibility that the level of handgun ownership gzt/Mz and its hetero-

geneous effects µzt may correlate with the fatality shock ωzt by employing a control function

26Demographic observables in Wxz are an indicator for male gender, an indicator for age under 30, and an
indicator for race non-Hispanic White. Geographic observables are a zip code’s log median family income, log
population density, and the log of its county’s violent crime rate from 2000–2004. I transform all geographic
observables to have mean zero and unit variance within my sample of zip codes. Formal definitions are given
in OA.2.
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approach (Wooldridge 2015), continuing to rely on variation created by the entry and exit

of firearm retailers. In particular, I assume that the fatality shock ωzt can be written as

ωzt = χRzt + ω̃zt,

where ω̃zt is a purely random error and Rzt is a vector of residuals from separate regressions

of the potentially endogenous level and composition of handgun ownership (gzt/Mz and∑
i:z(i)=z gitWx(i)z(i)/gzt) onto the count of firearm retailers within a zip code-quarter and

fixed effects for zip code and quarter. Specifically, these regressions apply the first-stage

of the two-stage least squares estimator for Equation (2) over the full set of potentially

endogenous regressors.27 As such, the residuals in Rzt are a control function, representing

all sources of time-varying variation in the level and composition of handgun ownership

within a zip code-quarter, not due to the contemporaneous operation of firearm retailers.

The parameters χ thus measure the magnitude of bias that would be created by failing to

account for these potentially omitted variables. If χ ≡ 0⃗, then there is no omitted variable

bias, and the regression in Equation (2) could be consistently estimated via OLS.

Combining these assumptions—the model of treatment effect heterogeneity and the spec-

ification of the control function—produces the linear regression

yzt
Mz

=
gzt
Mz

average causal effect ≡ µzt︷ ︸︸ ︷µ+ ζW
∑

i:z(i)=z

git
gzt
Wx(i)z

+κz + ηt + χRzt + ω̃zt, (3)

which is estimable via OLS in zip code-quarter panel data. If there were no systematic

heterogeneity in the causal effect of handgun ownership ζW = 0, the above regression would

collapse to the specification in Equation (2).

More specifically, my procedure for estimating Equation (3) follows a two-step approach.

In the first step, I construct an estimate of the control function Rzt by separately regressing

each endogenous variable on the count of firearm retailers in a zip code-quarter and fixed

effects for zip code and quarter. In the second-step, I substitute these first-step residuals R̂zt

into the regression in Equation (3) and estimate the parameters governing heterogeneity in

the causal effects of handgun ownership (µ, ζW ) and the parameters on the control function

χ.28 By construction, the variation identifying these second-step estimates arises within a

27I exclude the dimensions of geographic heterogeneity from the vector of residuals Rzt, as these are
perfectly multi-collinear with the residuals in the level of handgun ownership (i.e., there is no variation in
geographic characteristics across consumers in the same zip code).

28Under the assumption that there is no systematic heterogeneity in the causal effect of handgun ownership
ζW = 0, such that the control function Rzt is uni-dimensional, this procedure produces an estimate of the
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zip code and is due to the contemporaneous entry or exit of a firearm retailer, as well as

changes in the level and composition of handgun ownership from prior periods.29 I conduct

inference valid for this two-step procedure via a Bayesian Bootstrap.

Figure 3 presents estimates of observable heterogeneity in the effect of handgun ownership

on fatalities. The horizontal dotted line represents homicide fatalities created by a handgun

owner with observable characteristicsWxz equal to the average handgun owner in California,

analogous to the homogeneous effects reported in Table 3. Each pair of bars shows the

magnitude of heterogeneous effects ζW , relative to the average handgun owner, by applying

a one standard deviation shift in a single dimension of observable heterogeneity Wxz around

the average, and computing the implied change in homicide fatalities.

My estimates imply that consumers living in places with lower median household income,

lower population density, and/or higher rates of violent crime would generate more homicide

fatalities through their private handgun ownership. I also find larger homicide effects among

consumers who are White, male, and/or under 30 years of age. Among all the dimensions of

observable heterogeneityWxz, I find especially large effects of being male and/or being under

age 30. These match well-known demographic patterns in criminal behavior, particularly

the fact that consumers “age out of crime” around 30 (Farrington 1986). Although most

handgun owners are male, my estimates imply that a large share of female consumers would

prevent homicide fatalities if they were to become handgun owners.

Table OA.4 provides estimates of all parameters in Equation (3), using outcomes for

homicide or suicide fatalities, with or without firearm involvement. These complete esti-

mates show that essentially all heterogeneity in the effect of handgun ownership on homicide

fatalities is driven by heterogeneity in firearm-related homicides. Moreover, I find param-

eters on the control function χ significantly different from zero, indicating the presence of

omitted variables that jointly affect homicide fatalities as well as the level and composition of

handgun ownership. Unlike homicides, the effect of handgun ownership on suicide fatalities

does not appear to be heterogeneous across the population. In addition, the suicide control

function parameters χ are also small in magnitude, suggesting that there is no unobservable

variable jointly driving both suicide fatalities and handgun ownership.

The analysis of heterogeneity in this section relies on several assumptions. I follow the

public health literature and model heterogeneity in the causal effect of a consumer’s first

handgun acquisition git ∈ {0, 1}, abstracting from the effect of their subsequent handgun

average causal effect µ that is numerically identical to the two-stage least-squares estimator for Equation (2)
(Wooldridge 2015).

29A maintained assumption of this design is that consumers do not select into handgun ownership in
period t on the basis of other fatality shocks in other periods ωz,t+t′ . Appendix OA.3 provides a thorough
discussion of this assumption.
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purchases and the ownership of other consumers gi′t (Studdert et al. 2022). I also assume

that the causal effect of handgun ownership is constant within a consumer throughout the

period during which they reside in a zip code. This requires that demographic heterogeneity

in the effects of handgun ownership Wx is constant within a consumer, while the geographic

heterogeneityWz would vary if consumers were re-allocated across zip codes. I also implicitly

assume that any unobservable heterogeneity in the causal effects of handgun ownership across

consumers is purely random distributed.

An additional technical assumption in this section is the linear model of the fatality

shock ωzt = χRzt + ω̃zt. This linearity is required by the control function approach to

estimating Equation (3), but would not be required by a two-stage least-squares estima-

tor (Wooldridge 2015).30 However, the two-stage least-squares estimator would have poor

finite-sample performance in this setting, due to the large number of interactions between

potentially endogenous regressors, each one requiring a separate instrument. Imposing lin-

earity on the fatality shock allows me to address endogeneity using a smaller number of

variables, providing a useful increase in finite-sample efficiency when studying less-frequent

fatality outcomes. In the following section, I develop a richer model that allows me to relax

and further interpret many of these assumptions.

4 Model

This section microfounds the effects of retailer entry in Section 3 by developing a model of

consumer handgun purchasing from firearm retailers, in which handgun ownership affects

fatalities. I fit the model using data from licit handgun purchases in California and discuss

identification. Section 5 presents estimates. Section 6 uses the estimated model to measure

changes in social welfare from counterfactual regulations on California’s licit handgun market.

4.1 Preferences, purchases, and ownership

All adults in California, consumers i = 1, . . . ,M , make a sequence of repeated static choices

over quarters t = 1, . . . , T , deciding whether to purchase a handgun qit ∈ {0, 1} and from

which firearm retailer to purchase jit|qit=1 ∈ Jzt. Consumers face heterogeneous choice sets

Jzt, containing all firearm retailers in operation during period t within 200 miles of their

residential zip code z(i), accommodating spatial heterogeneity and retailer entry and exit.31

30Appendix OA.3 presents a statistical model of the fatality process, allowing me to state sufficient con-
ditions under which the decomposition will hold.

31The 200 mile limit on Jzt eases computation, with fewer than 2 percent of purchases occurring beyond
this distance.
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I assume that all handguns have undifferentiated characteristics and a uniform tax-inclusive

price pt, reflecting the structure of my data.32 A consumer’s handgun purchase qit in period

t affects their handgun ownership git ∈ {0, 1} in subsequent periods t + t′, accounting for

the durable nature of handguns. The model accounts for sources of unobservable hetero-

geneity across consumers, and observables including demographics x(i), pre-period handgun

ownership gi0, and residential zip code z(i).33

Indirect utility of consumer i from choosing to purchase a handgun at firearm retailer j

during period t is

uijt =

extensive margin︷ ︸︸ ︷
νi − αpxzpt + ξxzt+

retailer choice︷ ︸︸ ︷
δj − αdxzdij + εijt (4)

ui0t = εi0t,

with ui0t indirect utility from the no-purchase outside option. Utility from the inside options

uijt depends on an extensive margin component, common within a consumer-quarter, and a

retailer choice component that varies by consumer-retailer-quarter.

The extensive margin component shifts the indirect utility that i receives from the pur-

chase of a handgun qit = 1, relative to not purchasing qit = 0. It depends on an individual-

specific, time-invariant present value from handgun purchase νi, given by

νi = ψxz + γxgi0 + σxν̃i.

The first term ψxz is a fixed effect, representing determinants of the present value of handgun

purchase common across consumers in the same demographic-zip code (e.g., the baseline

crime rate, community tradition). This is shifted for pre-period handgun owners gi0 = 1

by γx, which allows consumers in demographic x who purchased prior to 2005 to behave

differently from those who did not, as in Table 1. The residual ν̃i ∼ N(0, 1), scaled by the

demographic-specific standard deviation σx, captures remaining unobservable determinants

of present value for handgun purchase (e.g., i’s differential risk of criminal victimization or

32Moshary et al. (forthcoming) document uniform pricing across firearm retailers. Past analyses of con-
sumer behavior in firearm markets highlight the role of differentiation across firearm classes (i.e., handguns
and long guns), but also abstract from within-class product differentiation (e.g., Bice and Hemley 2002,
Azrael et al. 2017, Moshary et al. forthcoming).

33Demographics x(i) include gender, race, and age quintile. If a consumer would cross age quintiles over
time, I assign them to their sample mode. I allow consumers to exogenously move across zip codes over
time, with their residential zip code tracked by z(it). I assume that moves occur in such a way that Mz

does not vary over time. To keep notation manageable, I drop the time subscripts from consumer locations.
I measure pre-period handgun ownership gi0 as a binary indicator for an observed handgun purchase in
California between 1996–2004.
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differential familial tradition, relative to others in their demographic zip-code community).34

Consumers trade off their time-invariant present value νi against time-varying determi-

nants of extensive margin utility. One source of over-time variation is the tax-inclusive price

of a handgun pt, converted into utils by the price coefficient αpxz with heterogeneity by con-

sumer observables. The final term ξxzt is a demand shock that varies by demographic-zip

code-quarter (e.g., a local crime wave). I assume that the time-varying components of utility

are centered such that E[ξxzt − αpxz(pt − p)|xz] = 0, where p =
∑

t pt/T (i.e., the composite

of demand shocks and price variation is mean-zero across quarters t within demographic-zip

code xz). This specification rules out individual-specific drift in extensive margin preferences

for handgun purchase over time.35

The remaining retailer-choice portion of indirect utility affects both consumer i’s extensive

margin choice qit and their choice of firearm retailer jit. Retailers j are vertically differenti-

ated by quality δj (e.g., staff training, non-handgun inventory) and spatially differentiated by

zip code z(j).36 Spatial differentiation leads to a travel distance dij from consumer i to retailer

j, which consumers dislike based on the distance coefficient αdxz = exp(αx + αz).
37 The final

term εijt is an idiosyncratic shock to preferences for handgun purchase by consumer-retailer-

quarter. As all these sources of preference heterogeneity are either common, observable,

or idiosyncratic across consumers, my specification rules out the existence of unobservable,

consumer-retailer taste shocks that may correlate with travel distance dij.

For tractability, I assume that the idiosyncratic components of indirect utility (εi0t, εijt)

follow a generalized extreme value distribution meeting the distributional requirements of a

34I do not attempt to separate the role of place-specific factors in ψxz from the average of consumer-
specific factors (i.e., the individual average familial tradition). These could be separated with data on
consumer migration and the evolution of their handgun purchasing behaviors (e.g., Bronnenberg et al. 2012,
Finkelstein et al. 2016). My data on handgun purchases does not systematically track consumer migration,
which complicates this style of analysis.

35Without drift, my specification rules out single-agent dynamics (e.g., consumer i managing a stock of
durable handguns over time t) or peer effects (e.g., consumer i’s preferences depend on handgun purchasing
by i′). These assumptions are consistent with the patterns of post-entry handgun purchase from Section 3.1,
where I document that purchases increase on-entry and remain high, with similarly elastic responses among
both first-time and repeat handgun purchasers.

36For identification of quality δj in the presence of the composite ψxz − αp
xz + ξxzt, I set the location

normalization that δj = 0 for the firearm retailer with the largest number of handgun sales in my data. A
richer specification could control for cross-retailer unobservable heterogeneity in prices and firearm inventory,
by allowing quality δj to vary with demographics x, geography z, and period t (i.e., allowing δjxzt). The
more-restrictive specification of quality δj in Equation (4) affords an increase in power during estimation by
imposing that all consumers derive identical utility from unobservable cross-retailer heterogeneity in prices
and product inventory.

37In particular, αz is a vector of fixed effects for a zip code’s county and for quintiles of a zip code’s
median family income, square-mile area, and population density. I exclude the third quintiles from αz for
identification, but include the full set of county fixed effects. αx is a vector of fixed effects for a consumer’s
gender, race, and age quintile. I exclude indicators for male, White, and third-age quintile from αx for
identification.
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nested logit, with all retailers j > 0 in one nest and the outside option j = 0 in a separate

nest. I denote the nesting parameter by ρ ∈ [0, 1], with ρ = 0 representing perfectly inelastic

substitution between the nests. At ρ = 1, the nesting structure vanishes, and it is as if all

|Jzt| + 1 shocks were standard type-1 extreme value. I also assume that (εi0t, εijt) are iid

within each consumer over time and iid within each demographic-zip code-quarter.38

By utility maximization, the realization of indirect utility uijt each period generates each

consumer’s choice of handgun retailer jit:

jit = arg max
j∈Jz(i)t∪{0}

uijt,

with binary handgun purchase determined by

qit = 1(jit > 0) = 1
( ≡uit︷ ︸︸ ︷

max
j∈Jz(i)t

u.ijt − ui0t > 0
)
,

where uit is i’s utility from purchasing a handgun at the best firearm retailer in their choice

set Jz(i)t, less the opportunity cost of the no-purchase outside option εi0t.

Due to the durable nature of firearms, consumer i owns a handgun in all periods after

their first purchase. Thus, binary handgun ownership is determined by the law of motion:

git = gi,t−1 + (1− gi,t−1)qit,

with initial condition gi0 observable.39

4.2 Externalities and fatalities

I model externalities from handgun ownership by extending the model of heterogeneous

causal effects of handgun ownership from Section 3.4 to account for unobservable hetero-

geneity across consumers and the structure of the preference specification in Equation (4).

Consumer i’s licit handgun ownership git ∈ {0, 1} generates an externality ei ∈ R, mea-

sured as an expected shift in the count of fatalities yzt ∈ Z≥0 within consumer i’s residential

zip code during quarter t. Alongside other contributors, externalities ei affect fatalities

38The location normalizations and distributional assumptions above imply that the expected value of
indirect utility uijt is a known shift of only the extensive margin utility component, if the highest-volume
firearm retailer in California jbig were located in consumer i’s zip code E[uijbigt] = νi−αp

xzpt+ξxzt+E[εijt],
where E[εijt] is the Euler-Mascheroni constant.

39Since the market sizeMz is fixed, this law of motions implies that the first handgun purchase by consumer
i changes the distribution of preferences among both handgun owners and non-owners in the demographic-zip
code x(i)z(i).
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per-capita yzt/Mz according to

yzt
Mz

=

externalities︷ ︸︸ ︷
1

Mz

∑
i:z(i)=z

eigit+

base rate︷ ︸︸ ︷
κz + ηt + χ

1

Mz

∑
i:z(i)=z

ξx(i)zt + ω̃zt . (5)

The first component captures the externalities from handgun-owning residents of a zip code-

quarter. The second component represents a baseline fatality rate that would obtain in

the absence of licit handgun ownership git = 0, all i: z(i) = z (e.g., due to a zip code’s

long-run crime rate or a local crime wave). I allow separate processes to govern homicide

and suicide fatalities, both with and without firearm involvement, allowing the terms in

Equation (5) to differ across cause of death, and imposing no restrictions across these different

specifications.40

Parameterizing further, externalities ei are a time-invariant linear function of a con-

sumer’s observable demographic and geographic characteristics Wxz and the determinants

of their present value of handgun purchase Vi = (ψxz, gi0, and ν̃i): Collecting these terms in

the vector (Wxz, Vi), externalities created by consumer i are given by the linear regression

ei = µ+ ζWWx(i)z(i) + ζV Vi + ẽi, (6)

with common intercept µ, vector of slopes ζ = (ζW , ζV ), and idiosyncratic error ẽi distributed

iid and mean zero conditional on the other regression components.41 As in Section 3.4, pa-

rameter ζW captures observable dimensions of heterogeneity in externalities from handgun

ownership (e.g., living in a high-crime area, having aged out of crime), which may be cor-

related with present value of handgun purchase νi, but imperfectly so. More closely related

to handgun purchase, the parameter ζψ allows heterogeneity based on the average present

value of handgun purchase ψxz among consumers in i’s demographic-zip code (e.g., whether

high-crime areas in which consumers like handgun purchase more have different externalities

from those in which consumers like it less). At the individual level, ζg0 allows consumers

who owned a handgun prior to 2005 to generate different externalities from consumers who

40Appendix OA.3 provides a statistical model of fatality counts yzt, compatible with the specification in
Equation (5), accounting for the zero lower bound on fatalities yzt.

41This specification restricts the patterns of externalities that can be generated by the model. Time
invariance implies that externalities are invariant to the number of firearms purchased by i, the duration
since i’s most recent purchase, and the handgun purchasing of other consumers i′, all of which are topics
of ongoing research (e.g., Braga and Cook 2018, Studdert et al. 2020, Studdert et al. 2022, Miller et al.
2022). Moreover, iid errors ẽi imply that consumers with identical extensive margin preferences for handgun
purchase generate identical externalities in expectation (e.g., consumers who live in a zip code z with many
firing ranges generate the same average externalities as consumers who live in a zip code z′ with a high need
for self defense, so long as ψxz = ψxz′), up to conditioning on observables (wxz, gi0).
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acquired their first handgun during the study period. The final term ζν generates correlation

between the unobservable component of consumer i’s present value of handgun purchase ν̃i

and their externalities from handgun ownership ei. Without systematic heterogeneity in

externalities ζ = 0, the common intercept µ corresponds to the parameter in Equation (2).

The specification of externalities in Equations (5) and (6) embodies selection into hand-

gun ownership in the spirit of Heckman (1979). Selection arises because a consumer only

generates externalities when they own a handgun eigit, and the partially unobservable present

value of handgun purchase νi affects both ei and git. Thus, the average externality under

consumers’ chosen allocation of handgun ownership may differ from the average under an

alternative allocation. Similar to Heckman (1979), Equation (6) imposes linear relation-

ships between externalities ei and the determinant of choice, allowing separate slopes for its

different components: ψxz, gi0, and ν̃i.
42

Beyond externalities, the base fatality in Equation (5) has a fixed effects structure, sim-

ilar to Equation (3). Unlike in the descriptive analysis, I use the structure of preferences

in Equation (4) to construct a uni-dimensional control function using shocks to the indirect

utility from handgun purchase ξxzt (e.g., the extent to which a local crime wave that drives

fatalities also drives handgun purchase), with an independent and mean-zero residual ω̃zt.
43

In particular, the preference specification implies that an omitted variable correlated with

fatalities yzt could only directly affect contemporaneous variation in the level and/or com-

position of handgun ownership within a zip code through the omitted variable’s correlation

with the systematic preference shock ξxzt. The control function in Section 3.4 is an estimable,

high-dimension approximation to this lower-dimension structural relationship.

4.3 Estimation

The model has four sets of parameters Θ to recover: those governing extensive margin

preferences Θν = (ψxz, γx, σx, α
p
xz, ξxzt), those governing retailer choice Θδ = (δj, αx, αz),

the nesting parameter ρ, and the parameters of the fatality process Θe = (µ, ζ, κz, ηt, χ).

My estimator of Θ, uses both likelihood- and moment-based information from the data, as

detailed in Appendix OA.3, and briefly summarized below.

In Appendix OA.3, I derive the log-likelihood L(Θ) of the binary (logit) sequences of

42I assume that E[ei|εijt] = E[ei] = 0, which rules out selection on unobservable and idiosyncratic shocks
to indirect utility from purchasing from specific firearm retailers (e.g., Dubin and McFadden 1984, Abdulka-
diroğlu et al. 2020, Barahona et al. 2023, Einav et al. 2022). Appendix OA.3 discusses this assumption in
greater detail.

43This assumption rules out non-linearity between fatalities per capita yzt/Mz and demand shocks ξxzt,
which could be modeled with additional parameters. I follow the literature by imposing linearity to reduce
the burden of additional parameters during estimation (Agarwal 2015). Appendix OA.3 further discusses
the role of linearity and presents results that relax this assumption.
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handgun purchases (qi1, . . . , qiT ), observed among all adults in California between 2005–

2015, and the multinomial (logit) choice of firearm retailer jit|qit = 1, made by consumers

each quarter in which they choose to purchase a handgun. As the unobservable component

of present value from handgun purchase ν̃i enters consumer i’s extensive margin choice qit

in all periods t = 1, . . . , T , I use quadrature to numerically integrate the likelihood of the

sequence (qi1, . . . , qiT ) over the distribution of ν̃i ∼ N(0, 1). Since the unobservable ν̃i is

constant across retailers, it does not enter the probability of retailer choice jit|qit = 1.

My estimator Θ̂ simultaneously satisfies seven sets of roots through an exactly-identified

minimum distance procedure, combining information from the log-likelihood L(Θ) with other

moments of the data. I assume the technical conditions such that these roots have a unique

asymptotic solution under the model (Newey and McFadden 1994). Appendix OA.3 provides

the formulas for these roots, details on computation, and a discussion of uniqueness.

A number of my estimator’s roots are first-order conditions of the log-likelihood L(Θ)

with respect to many of the parameters governing extensive margin preferences Θν and the

full set of parameters governing retailer choice Θδ. My estimator does not use the first-order

conditions of the log-likelihood with respect to the nesting parameter ρ or externalities Θe.

Also absent from these first-order conditions are the composite sources of extensive mar-

gin preferences ψxz − αppt + ξxzt. Instead, I estimate these composites by matching mo-

ment conditions: that observed handgun purchases qit align with the model’s prediction

Pit(q = 1;Θ) on average across consumers within each demographic-zip code-quarter. Im-

posing these moments allows me to solve for the composite terms through the contraction

mapping of Berry et al. (1995), drastically reducing the dimension of the non-linear search

during optimization and providing a computationally feasible alternative to maximization of

the full likelihood (Goolsbee and Petrin 2004, Grieco et al. 2023, Li 2023).44

I separate the terms within these composites ψxz − αpxzpt + ξxzt by imposing further

conditions on their location and scale. As a location normalization, I center the time-

varying determinants of extensive margin preferences around the fixed effects ψxz. For the

price coefficient αpxz, I impose a scaling between the average disutility from one mile of travel

distance αdxz and one dollar of price paid αpxz:

αpxz =
αdx(i)z(i)

$Cost 1 milez
,

calibrating the monetary cost of one mile of travel distance in California’s licit handgun

44In simulations from a model with similar structure, my estimator attains a slightly higher finite-sample
likelihood than the estimator of Goolsbee and Petrin (2004), though both estimators come close to full
likelihood maximization.
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market:

$Cost 1 milez =

2︸︷︷︸
Trips

× 2︸︷︷︸
There/back

×

10.9 minutes

5.3 miles︸ ︷︷ ︸
Drive time

×County wagez︸ ︷︷ ︸
$/hour

+
7.9 driven miles

5.3 miles︸ ︷︷ ︸
Drive distance

× 0.529 dollars

1 driven mile︸ ︷︷ ︸
CA travel reimbursement

 ,

analogous to Dolfen et al. (2023). The terms outside of parentheses provide the total number

of one-way trips required for a handgun transaction in California: a first round-trip to

purchase the handgun, and a second round-trip after the 10-day waiting period to pick up

the handgun from the retailer. Inside of parentheses is the dollar-cost of 1 mile of straight-

line travel dij = 1, accounting for the time-cost of lost wages and vehicle depreciation, both

using prices specific to California in 2010 (Einav et al. 2016).

For another root of my estimator, I impose that market expansion predicted by the model

5–8 quarters post-entry exactly matches the data.45 I recover this quantity in data using my

event-study estimates β̂t′ from Equation (1). These estimates are local to the set of entries in

which there is neither contaminating variation from other entries or exits within the same zip

code, nor censoring from entries too near to the ends of the sample, as described in Section

OA.1. I construct an analogous measure of market expansion for these entries under the

model—at candidate Θ, computing the expected decrease in handgun purchases per capita

in zip code z(n) that would occur if the entrant j(n) were counterfactually unavailable to

consumers—which I then average across the same set of entries n used in the event study.

The counterfactual experiment of removing an entrant j(n) from a consumer’s choice set

Jzt is closely related to the nesting parameter ρ, a point I develop further when discussing

identification.

My estimator’s final set of roots characterizes the OLS estimate of the linear regression

45I match only on quarters 5–8 to avoid short-run dynamics in the first year of entry, seen in Figure
OA.7. I match the average across quarters 5–8, rather than matching quarter-by-quarter, which simplifies
identification at the cost of some efficiency. I target the value in Figure OA.7—rather than Figure 1 in the
main text—due to path dependence in my estimation procedure, but intend to shift to this alternate value
in future drafts)
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model for fatalities per capita yzt/Mz, as implied by Equations (5) and (6):

yzt
Mz

=

Expected externality︷ ︸︸ ︷
gpzt
Mz

(
µ+ ζEzt

[(
Wx(i)z(i), Vi(Θ

ν)
) ∣∣ git = 1

])
+

Expected base rate︷ ︸︸ ︷
κz + ηt + χ

∑
i:z(i)=z

ξx(i)zt − αpx(i)zpt

Mz

+ ω̃zt +
∑

i:z(i)=z

gitẽi
Mz︸ ︷︷ ︸

Residual

, (7)

separately by cause of death. The residual in this regression comprises the final two terms,

accounting for both the unobservable fatality shocks ω̃zt and for the unobservable consumer-

specific deviations from the expected externality ẽi among handgun owners.46 Appendix

OA.3 shows that—because these roots can be satisfied at any value of the demand parame-

ters (Θν ,Θδ, ρ)—the point estimates from my joint minimum distance estimator behave as

if demand (Θν ,Θδ, ρ) were estimated in a first-step, with externalities Θe estimated in a

subsequent step conditional on (Θ̂ν , Θ̂δ, ρ̂).

With estimates of the population parameters Θ̂ in hand, I estimate consumer-specific

distributions of the present value of handgun purchase νi and externalities from handgun

ownership ei, using information from the consumer-level data (Revelt and Train 2000, Fowlie

2010, Von Gaudecker et al. 2011, Marone and Sabety 2022). In particular, I treat the

population distribution of νi at Θ̂ as a prior, and form a posterior for consumer i based

on their observed characteristics (x(i), z(i), gi0) and the likelihood of their full sequence of

extensive margin choices (qi1, . . . , qiT ), implied by the model at Θ̂. The posterior distribution

of present value νi induces a posterior distribution of the externality ei under Equation (6).

As the consumer panel grows long T → ∞, these posteriors concentrate, providing more

precise information about each consumer’s value of (νi, ei).

4.4 Identification

Certain features of the data play a key role in each component of my estimator, which I

discuss heuristically as identifying different parameters of the model.

Beginning with extensive margin preferences Θν , the aggregate components ψxz−αppt+

46In implementing this regression, the composition of observable characteristics among handgun owners—
Ezt[wzt | git = 1] and Ezt[gi0 | git = 1]—can be directly read off the data. I utilize first-step estimates of
Θ̂ν to incorporate the composition of mean unobservable preferences Ezt[ψxz | git = 1], individual-specific
preferences Ezt[ν̃i | git = 1], and the time-varying demand component ξxzt−αp

xzpt. Although prices αp
xzpt do

not appear directly in Equation (5), the inclusion of two-way fixed effects κz+ηt ensures that price variation
generates only additive, random measurement error on the structural demand shocks ξxzt, which is formally
a component of the model residual ω̃zt.
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ξxzt are identified from panel data on handgun purchasing per capita qxzt/Mxz by demographic-

zip code-quarter. The level of handgun purchasing per capita pins down the composite, with

several of its components separately identified by normalizations of the model—that the

shocks are mean zero—and the calibrated scaling between disutility from travel distance αdxz

and price αpxz. Since I do not observe prices in my data, I do not attempt to decompose the

composite into the separate effects of price variation −αpxzpt and demand shocks ξxzt.

The remaining parameters in Θν—σx and γx—interact with consumer-specific charac-

teristics, and they are identified by panel data on each consumer’s sequence of handgun

purchases (qi1, . . . , qiT ), conditional on the aggregate components of Θν . The pre-ownership

shifter γx is identified by the conditional difference in purchase frequency
∑

t qit/T between

pre-existing handgun owners gi0 = 1 and other consumers gi0 = 0, within a demographic

x. The standard deviation of the unobservable preference σx is identified by the condi-

tional variance in purchase frequency across consumers with the same demographics x and

prior ownership gi0. Greater variance implies more differentiation across observably iden-

tical consumers, corresponding to a larger scaling σx on the unobservable component of

present value ν̃i. These features of the data interact with σx and γx through the likeli-

hood, which my estimator leverages by satisfying the log-likelihood’s first-order conditions

0 = ∂L(Θ)/∂γx = ∂L(Θ)/∂σx, all x.

Turning to retailer-choice Θδ, these parameters are identified by demographic-zip code-

quarter data on travel distances to retailers and their market shares, leveraging variation

across demographic-zip code-quarters. In particular, a retailer has higher quality δj if it con-

sistently captures a larger market share than its similarly-distant competitors. Conversely,

consumers have higher distaste for travel αdxz if closer-by retailers consistently capture a

larger market share than their more-distant competitors of similar quality. These compar-

isons leverage three sources of choice set variation: each quarter, consumers who live in

different zip codes face different travel distances to a common set of retailers, consumers

in different demographics within the same zip code face different distance disutilities from

a common set of travel distances, and consumers within a demographic-zip code face dif-

ferent sets of retailers due to entry and exit. My estimator synthesizes these sources of

choice set variation using the first-order conditions of the log-likelihood 0 = ∂L(Θ)/∂Θδ
l , all

l = 1, . . . , |Θδ|.
Linking handgun purchase and retailer choice, the nesting parameter ρ is identified by the

average expansion of handgun purchasing per-capita in the 5–8 quarters following the average

entry of a firearm retailer. Heuristically, the nesting parameter ρ governs the elasticity of

substitution on the extensive margin of handgun purchase qit, and it is identified by data

on consumer substitution across the extensive margin in response to the recent entry of a
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firearm retailer within their zip code. For consistency with utility-maximization ρ̂ ∈ [0, 1],

which I do not impose during estimation, providing a testable restriction of the model (Train

2009).

The last set of parameters Θe governs the fatality process, according to the regression

in Equation (7). My estimator of these parameters uses panel data variation in fatalities

per capita yzt/Mz: leveraging its conditional correlation with variation in the level of hand-

gun ownership gzt/Mz and the composition of handgun owners Ezt[(Wx(i)z(i), Vi)|git = 1],

as created by the entry and exit of firearm retailers. In particular, conditioning on the

time-varying components of consumer preferences ξxzt−αpxzpt operates as a control function.

Alongside the fixed effects for zip code κz and quarter ηt, these terms absorb all variation

in fatalities yzt that would otherwise correlate with indirect utility uit, affecting contem-

poraneous handgun purchase qit and creating endogeneity with ownership git. Under the

preference specification in Equation (4), the only remaining source of systematic variation

by zip code-quarter is in travel distance dij, which varies within a zip code over time due to

retailer entry and exit from the choice set Jzt. Thus, the externality intercept µ is identified

by variation in the level of handgun ownership gzt/Mz, induced by contemporaneous retailer

entry and exit, holding fixed the composition of handgun owners Ezt[(Wx(i),z(i), Vi) | git = 1].

Conversely, the slopes ζ are identified by entry- and exit-induced variation in the contempo-

raneous composition of handgun owners, conditioning out variation in the level of handgun

ownership. Beyond contemporaneous entry and exit, I leverage further identifying variation

created by the persistence over time of past changes in the level and composition of handgun

ownership, conditionally uncorrelated with the contemporaneous fatality shock ω̃. Appendix

OA.3 provides sufficient conditions for this identification argument.

5 Model estimates

This section presents estimates of the model parameters Θ from Section 4. It also uses the

fitted model to study allocative efficiency in the licit handgun market, constructing the joint

distribution of preferences for handgun purchase and externalities from handgun ownership

across California’s adult population.

5.1 Parameters

Table 4 presents estimates of the parameters (Θν ,Θδ, ρ) that govern indirect utility uijt.

Panel A documents variation in the extensive margin preference for handgun purchase Θ̂ν .

There is considerable time-invariant preference heterogeneity across consumers. For instance,
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a consumer with an unobservable preference for handgun purchase ν̃i that is 1 standard

deviation above average would be willing to pay E[σx]/[α
p
xz]≈120 dollars more to purchase a

handgun each quarter, relative to the average consumer. Since the typical handgun price is

around 600 dollars (Moshary et al. forthcoming), this higher-preference consumer purchases

handguns similar to an average consumer facing a 120/600 × 100 = 20 percent discount on

the handgun price. I find similarly-sized differences for the role of handgun ownership prior

to 2005 γx and the preference fixed effects ψxz. By contrast, the time varying preference

components ξxzt play a more-muted role, as a 1 standard deviation shock would lead the

average consumer to purchase as if there were a 0.54/0.02≈30 dollar discount on the handgun

price. Figure OA.11 shows how time-varying preferences ξxzt changed around the 2015

terrorist attack in San Bernardino, California.

Panel B presents the retailer choice parameters Θ̂δ. I find meaningful heterogeneity

in retailer quality δj—with a mean of -1.1 only somewhat larger in magnitude than the

standard deviation of 0.9—consistent with the heterogeneity across retailers documented

in Table 2. The average distance coefficient in the population is
∑

i α
d
x(i)z(i)/M ≈ 0.11.

These values imply that the average consumer would be willing to forgo a 50 dollar discount

on their handgun purchase in order to purchase at full-price from a retailer that is either 1

standard deviation higher in the quality δj distribution or located 9 fewer miles outside of the

consumer’s zip code (a 50 percent decrease in average travel distance from Table 1). Table

OA.5 presents the 79 parameters (αx, αz) that govern distance disutility αdxz, reporting that

older and younger consumers, Whites, and women find travel more costly, as do consumers

in zip codes with lower income, larger square-mile area, and higher population density.

Panel C reports a nesting parameter of ρ̂ = 0.64. This point estimate suggests that the

idiosyncratic determinants of preferences for firearm retailers εijt are sufficiently uncorrelated

to allow substitution across the extensive margin of handgun purchase qit in response to

variation in the other, systematic components of utility uit. In particular, Figure OA.12

shows that a stylized counterfactual—moving all firearm retailers 10 miles further from all

consumers—would decrease handgun purchasing by 50 percent and ownership by 20 percent,

relative to the 2015 status quo reported in Panel A of Table 1. The standard error of

0.06 on ρ̂ produces confidence intervals well within [0, 1], demonstrating that the estimated

preference parameters (Θ̂ν , Θ̂δ) and the estimates of post-entry market expansion from the

event study in Equation (4) are both jointly consistent with the assumption that consumer

choice maximizes indirect utility in Equation (1).

Beyond preferences, Table 5 presents my estimates of the parameters Θe governing ex-

ternalities from handgun ownership, with estimates for homicide fatalities in Columns 1–3.

My preferred control function estimates in Column 1 imply that the licit handgun owners
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generating more costly homicide externalities are White, male, and/or under age 30, as well

as those who live in lower-income, less-dense, and/or higher-crime areas. These patterns of

observable heterogeneity match my estimates from Table OA.2, which construct a control

function from the net entry of firearm retailers. In addition, I find more costly homicide

externalities among consumers who did not own a handgun gi0 = 0 prior to 2005, but have

a high demand (unobservable preference ν̃i) for handgun purchase between 2005–2015.

Focusing on the unobservable determinant of demand for handgun purchase ν̃i, Column

1 of Table 5 reports an estimate of ζν = 0.00144. This value implies that each standard

deviation increase in a handgun owner’s value of ν̃i would increase the expected count of

homicides within their zip code by 0.00144 each quarter. The effect of a 1 standard deviation

difference in ν̃i is slightly larger than the gender gap ζmale in homicide fatalities from licit

handgun ownership, and about twice as large as begin over 30 and having “aged out of crime”

ζ>30. The positive correlation ζν > 0 between unobservable preferences ν̃i and homicide

fatalities ei is robust to the exclusion of other sources of heterogeneity (Column 2) and

to estimation under an alternative two-stage least-squares estimator (Column 3, described

in Appendix OA.3). This positive correlation demonstrates that, all else equal, consumers

with a higher preference for handgun purchase ν̃i generate more costly homicide externalities

through their handgun ownership ei.

Columns 4–6 show minimal heterogeneity in the effect of licit handgun ownership on

suicide fatalities, matching the patterns from Section 3. For instance, the effect of a 1

standard deviation increase in the unobservable preference ζν is 20 times smaller for suicide

than homicide fatalities. Without clear evidence of heterogeneity, my preferred estimates for

suicide externalities assume a homogeneous effect of handgun ownership ζ = 0 and use the

inclusive value instrument Ixzt(Θ̂) from Column 2 of Table OA.1.

Across all specifications, I find small-in-magnitude coefficients on the control function

χ.47 This includes 5, as well as the specifications in Tables OA.7 and OA.8: estimated

separately for firearm and non-gun homicides, and allowing a richer control function with

demographic-specific heterogeneity χxξ̂xzt.

47Column 1 implies that a 1 standard deviation increase in all the demand shocks in a zip code quarter ξxzt
would coincide with 0.000001× 0.54× 21, 635 = .012 additional homicide fatalities in the average zip code-
quarter. By contrast, increasing the unobservable preference ν̃i among all handgun owners in the average
zip code quarter would generate 0.00144×2.46×1, 100 = 3.9 additional homicide fatalities. Table 1 provides
counts of population and handgun owners. Table 4 provides standard deviations of demand shocks ξxzt and
unobservable preferences σx.
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5.2 Consumer heterogeneity and allocative inefficiency

Panel A of Figure 4 uses the estimated model Θ̂ to construct the joint distribution of private

surplus from handgun purchase and externalities from handgun ownership across consumers

in California’s average quarter.

The horizontal axis is dollars of private surplus from handgun purchase uit/α
p
xz. Con-

sumers to the right of the vertical axis derive positive surplus, and so choose to purchase a

handgun qit = 1 in expectation. I limit the figure to consumers with private surplus in the

interval (−600, 200), with the full distribution presented in Figure OA.13.

The vertical axis is the dollar cost of fatality externalities a consumer would be expected

to create from their licit handgun ownership. I convert counts of fatalities ei into a fiscal

cost by applying a social cost of a homicide fatality of 8.5 million dollars, a social cost of

a suicide fatality of 1.5m dollars, and discounting social to fiscal costs using a multiplier

of 8/442 from a study by San Jose, California (Heaton 2010, Shepard et al. 2016, Liccardo

2022).48 Consumers above the horizontal axis generate a beneficial fatality externality (i.e.,

decrease homicides) through their handgun ownership.

To populate Figure 4, I compute each consumer’s expected private surplus Ê[uit/α
p
xz]

and fatality externalities Ê[ei] implied by the model at parameter Θ̂, integrating over the

realizations of (αpxzpt+ ξxzt,Jz(i)t) and the theoretical distributions of (ν̃i, εijt, εi0t, ẽi). I also

include the conditional expectation function Ê[e | Ê[uit/αpxz]], which is downwards sloping,

due to adverse selection into handgun purchase.49 Despite this downward slope, there is con-

siderable heterogeneity in externalities across consumers, with both beneficial and harmful

effects of handgun ownership at each point along the distribution of willingness to pay for

handgun purchase.

Without pre-existing handgun ownership gi,t−1 = 0, Figure 4 also visualizes the allocative

efficiency of consumer choice in California’s licit handgun market. Allocative efficiency is

characterized by four regions, demarcated by the vertical axis and a negative 45-degree line.

This line separates efficient from inefficient handgun purchases by intercepting the vertical

axis at the marginal value of tax revenue generated by a consumer’s handgun purchase. I

48The value of 8/442 is the ratio of “direct” fiscal costs to firearm violence in San Jose, relative to the
total costs of firearm violence from (Liccardo 2022). The San Jose multiplier is meant to down-weight the
statistical value of a lost life to capture only the direct fiscal costs of a fatality (e.g., deploying law enforcement
and health care resources). I use the fiscal, rather than social, costs of a firearm fatality to more closely align
with the stated objectives of regulators. Accounting for non-fiscal costs related to homicide fatalities (e.g.,
the well-being of the deceased and their community and lost future wages) would increase the magnitude of
externalities ei and elongate the scale of the vertical axis.

49This conditional expectation function can be interpreted as the profile of marginal treatment effects from
assigning licit handgun ownership to consumers, who have heterogeneous willingness to pay for their own
handgun acquisition (Heckman and Vytlacil 2005). The figure also includes the 10th, 25th, 75th, and 90th
percentiles of the externality ei, as a function of private surplus Ê[uit/α

p
xz].
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assume that the regulator has access to lump-sum transfers, so that 1 dollar of tax revenue

generates 1 dollar of social welfare. I also assume a status quo tax revenue per handgun

purchase of 600 × 0.08725 dollars, using the median handgun price from Moshary et al.

(forthcoming) and the average of the mid-point sales taxes in California from 2006 and 2015.

Figure 4 displays two regions of allocative inefficiency. In the lower-right are consumers

who choose to purchase a handgun, but create a costly enough externality that their purchase

is allocatively inefficient. Conversely, the upper-left region contains consumers who choose

not to purchase a handgun, but generate externalities beneficial enough that their purchase

would increase social welfare. I note that the distribution of consumers in the upper-left

region relies heavily on extrapolating the functional form of the model, as few consumers

with such low willingness to pay for handgun purchase are ever observed as handgun owners.

My estimates imply that, at essentially any value of private surplus uit/α
p
xz, it would be

inefficient to allocate the typical consumer to the purchase of a first handgun. Visually, in

Figure 4, the conditional expectation function E[ei|E[uit/αpxz]] lies only in regions of alloca-

tive inefficiency. This extent of allocative inefficiency is possible due to adverse selection.

Consumers with an indirect utility high enough to choose to purchase a handgun uit > 0

generate a public health externality ei sufficiently harmful to outweigh the private surplus

and tax revenue generated by handgun purchase, on average. Conversely, consumers with

lower utility uit < 0 do not generate a sufficiently beneficial externality to offset their distaste

for handgun purchase, on average, making their decision to not purchase socially efficient.

Figure 4 addresses the following hypothetical: If no consumers owned a handgun, would

consumers’ privately optimal handgun purchases be allocatively efficient in the average quar-

ter? On average, the answer is no. However, this analysis falls short of a full welfare calcula-

tion, as it does not account for the durability of handguns, leading ownership to persist from

one period to the next. In the following section I use information from Figure 4 to study the

design of alternate regulations on the handgun market when accounting for the persistence

of handgun ownership.

6 Counterfactual regulations for consumer firearms

This section analyzes welfare under counterfactual regulations on California’s licit handgun

market between 2005–2015.
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6.1 Implementation

My approach simulates the effects of counterfactual regulations by adjusting the choice sets

facing consumers each quarter, altering either the tax-inclusive price of a handgun pt or

the set of firearm retailers in operation Jzt. Under each alternate configuration of the mar-

ket, I compute each consumer’s sequences of expected handgun purchase (E[qi1], . . . , E[qiT ])

and ownership (E[gi1], . . . , E[giT ]), integrating over both the idiosyncratic shocks (εi0t, εijt)

and the present value of handgun purchase νi. Similarly, I compute the sequence of ex-

pected private surplus as E[max{uit, 0}], integrating over these same terms. I transform

expected purchases into expected changes in tax revenue using the counterfactual change in

the tax-inclusive price. To transform expected ownership into expected changes in fatalities,

I integrate Equation (6) over the present value νi. When aggregating over multiple periods,

I take sums of each variable over time (e.g., the expected count of consumer i’s handgun

purchases is
∑T

t=1E[qit]). As my focus is on the impact of stricter regulations, I condition

on the set of consumers observed to purchase a handgun under the status quo, and study

the implications from varying the size and composition of this group under counterfactual

regulations.

My analysis utilizes several methods for measuring the impacts of counterfactual regula-

tions on California’s handgun market. Most directly, I compare changes in social welfare at

counterfactual handgun tax increase τ :

W (τ) =
∑
i

∑
t

λu
consumer surplus︷ ︸︸ ︷

E[uit(τ)/α
p
x(i)z(i)] +λ

e

externality︷ ︸︸ ︷
E[ei]E[git(τ)] +λ

r

government revenue︷ ︸︸ ︷
(τ + 600× 0.11)E[qit(τ)],

by taking a weighted sum of private surplus and external impacts, both on fatalities and tax

revenue. My calibration from Section 5.2 set weights of λu = 1, λe = 8.5m × 8/442, and

λr = 1.

Beyond measuring social welfare, I contemplate other objective functions that could be

used to evaluate counterfactual firearm regulations. At one extreme, I consider only the total

amount of tax revenue generated from California’s handgun market (i.e., λu = 0, λe = 0,

and λr > 0). At the other extreme, I consider an objective that trades off consumer surplus

and the social value of tax revenue against the total quantity of handguns purchased by

consumers. This objective provides a stylized representation of a gun buyback program, in

which each handgun sold produces a social cost equal to regulators’ observed willingness to

pay to repurchase a handgun from a consumer, approximately 100 dollars in California (i.e.,

λu = 1, λe = 0, and λr = 1− 100/(τ + 600× 0.11)).50

50See https://www.longbeach.gov/police/press-releases/lbpd-to-host-gun-buy-back-event-
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Panel B of Figure 4 illustrates how these counterfactual regulations are implemented

under the model, using a hypothetical tax of 66 dollars on handgun purchase. Such a

tax creates a mass of marginal consumers—who purchase under the status quo but not

under the tax increase—and a mass of inframarginals who purchase under both regulatory

environments. These consumer segments are separated by the vertical black line, shifted

right from the vertical axis by 66 dollars. The line of allocative inefficiency also shifts down

by 66 dollars, as the tax increase means that each purchase generates 66 dollars of additional

tax revenue.

Integrating over the distribution of marginal consumers, with willingness to pay between

0–66 dollars, the tax increase generates three welfare-relevant effects. Since these consumers

switch out of handgun purchase, they no longer generate tax revenue, leading to a drop in

welfare equal to the value of tax revenue from a handgun purchase under the status quo.

Lost tax revenue is uniform across purchases, by assumption, so this effect is represented by

the top shaded rectangle on the figure.

As the tax distorts consumers’ choices over handgun purchase, it also leads to a drop in

consumer surplus in excess of forgone tax revenue. The cost of this distortion is proportional

to a consumer’s willingness to pay for handgun purchase, which is represented as the middle

shaded triangle on the figure.51

A tax that distorts handgun purchasing also affects handgun ownership and the exter-

nalities it generates. Although these externalities vary across consumers, the average welfare

change among consumers at a specific willingness to pay is given by the difference between

their average externality (the conditional expectation function E[e | Ê[uit/αpxz] = u]) and the

gross welfare cost of forgone tax revenue and consumer surplus. This is represented as the

bottom shaded region on the figure.

Turning to inframarginals, the tax generates no net welfare cost among these consumers.

Their choices remain the same, so the tax only transfers surplus from consumers to the

government, represented as the right shaded trapezoid.

My evaluation of counterfactual regulations numerically constructs these regions and

integrates over the distribution of consumer willingness to pay, accounting for the realizations

of preferences uit and handgun ownership git each quarter. I then aggregate these sequences

of welfare changes across quarters, generating the average yearly effects of a regulation on

different components of welfare and overall.

on-june-10/, https://www.smcgov.org/ceo/news/sheriffs-office-and-partners-host-anonymous-

gun-buyback-event-may-4., and http://shq.lasdnews.net/pages/newsrelease.aspx?id=1001.
51There is no loss of consumer surplus in the limiting case of a marginal tax change (Chetty 2009).
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6.2 State-wide taxes

Figure 5 presents the outcomes—consumer surplus, homicide fatalities, and tax revenues—

that could be achieved through increasing the statewide tax on handgun purchase in Cal-

ifornia between 2005–2015. Consumer surplus decreases monotonically in the tax rate, as

higher taxes degrade the private value of handgun purchase to consumers. Homicide fatalities

also decrease monotonically in the tax, as would be suggested by the negative relationship

between private surplus and externalities in Figure 4. Tax revenue is non-monotone, and

instead follows a U-shaped Laffer curve.

The tax rate that would have maximized tax revenue from California’s licit handgun

market is 63 dollars per handgun. This is similar to the rate implemented by California in

2024 of approximately 66 dollars per handgun. It is surprising that California’s 2024 rate

optimizes a well-defined policy objective, as it was set by doubling a federal excise tax from

a 1918 omnibus bill

In the average year between 2005–2015, implementing California’s revenue-maximizing

tax would generate approximately 1.5m dollars of revenue, destroy approximately 7m dollars

of consumer surplus, and avert approximately 400 homicide fatalities. Applying the fiscal cost

of a homicide fatality, and not counting suicide fatalities, these taxes would have improved

social welfare by approximately 1.5− 7 + 400× 8.5× 8/442 = 56 million dollars each year.

As such, California’s 2024 tax appears to be sound policy.

Directly valuing fatalities created by handgun ownership at their fiscal cost leads to

higher optimal taxes on handgun purchase and larger gains in social welfare. In fact, the

welfare-optimizing tax on handgun purchase is high enough to shut down California’s licit

handgun market. The fiscal benefits of averted homicide fatalities outweigh the total value

of consumer surplus and tax revenues generated by the opportunity to licitly purchase a

handgun. This is driven by the extent of adverse selection into handgun purchase on public

health externalities, documented in Figure 4. Any increase in the tax leaves behind a residual

pool of handgun purchasers with above-average externality costs, driving up the optimal rate,

and leading the regulator to optimally shut down the market. The extent of adverse selection

also rules out the optimally of a uniform handgun subsidy, despite the considerable mass of

consumers with positive externalities, as the average marginal purchaser always generates a

welfare decrease through their handgun ownership.

To further interpret the difference between the optimal tax and California’s 2024 chosen

rate, I use a policy inversion. In particular, I assume that California’s 2024 tax on handgun

purchase were set optimally based on an assumed homogeneous handgun price of 600 dollars

(Moshary et al. forthcoming), the social costs of fatalities measured by Heaton (2010) and

Shepard et al. (2016), and in accordance with my model at parameter Θ̂. Under these
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assumptions, I search for the weight on the social cost of fatalities λ̃e that rationalizes the

chosen tax of 600×0.11 dollars as optimal.52 This exercise implies a discount of approximately

λ̃e = 17/10, 000, suggesting that, California’s 2024 tax could be rationalized as optimal

if regulators were willing to trade off one homicide fatality with 8.5m×17/10,000≈15,000

dollars of consumer surplus or tax revenue.53

Instead of maximizing social welfare, the policy objective based on the quantity of hand-

guns sold, valued at their gun buyback price, leads to a lower optimal tax rate of 98 dollars

per handgun. Although higher than the rate that maximizes tax revenue, this rate falls short

directly valuing the fiscal costs of fatalities. Thus, the regulator’s willingness to pay to buy

back handguns is compatible with neither the objectives implied by California’s 2024 firearm

tax nor the public health costs of private firearm ownership.

6.3 Gains from geographic regulation

The heterogeneity across California implies that geographically targeted policies, as pursued

by the city of San Jose, could improve on policies set uniformly at the state level. Such a

system of geographically heterogeneous tax rates would the design of aggregate sales taxes

across California’s cities and the regulation of other externality producing goods, including

alcohol, tobacco, and gambling.

Panel A of Figure 6 shows that optimally setting taxes on handgun purchase across

California’s 58 counties shifts out the frontier of gains in public health and tax revenue that

can be achieved for any decrease in consumer surplus, relative to the outcomes feasible under

uniform statewide taxation. In particular, it would be possible to achieve the same gains in

public health and tax revenue as California’s 2024 statewide tax, with a 40 percent smaller

drop in consumer surplus. Conversely, while maintaining the same drop in consumer surplus,

it would be feasible to achieve a 50 percent larger gain from public health and tax revenue.

Panel B of Figure 6 maps the county-specific tax rates that maximize gains from pub-

lic health and tax revenue, while leaving consumer surplus equivalent to California’s 2024

statewide tax. Setting rates optimally by county leads to a highly differentiated system of

taxes across space. In particular, most of California’s counties remain at the regulatory

status quo, while the state’s coastal population centers around the San Francisco Bay and

52I search over the welfare weight λ̃e rather than the social costs directly, since both homicides and suicides
are counted in the social cost of externalities ei. It would not be possible to identify separate costs for each
fatality type from observing a single choice of a one-dimensional tax rate τ . I achieve identification by
imposing a proportional scaling on both types of fatalities. With one-dimensional fatality costs (e.g., only
homicide fatalities affect social welfare), it is isomorphic to search over the welfare weight λ̃e or the fatality
cost.

53California’s chosen tax could also be rationalized as arising from political constraints, different informa-
tion about the effects of firearm taxation, or to balance objectives outside my model.
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LA County have high optimal rates. The high rates in population centers reflect their high

population density and baseline fatality rate, allowing changes in handgun ownership to

create large shifts in the level of fatality outcomes. However, the high rates in these areas

also reflect the composition of their consumer populations, who derive less value from hand-

gun purchase than consumers elsewhere in the state, allowing gains in public health to be

achieved with relatively smaller drops in consumer surplus. The combined implications of

preferences and externalities among consumers along California’s coast exacerbate adverse

selection into handgun ownership (i.e., consumers value handgun purchase less and produce

a greater level of harm), which can be addressed via high tax rates.

The geographic heterogeneity of optimal taxes in Panel B carries lessons for the design and

implementation of firearm policy. Figure OA.14 shows that the regions of California where

high tax rates on handgun purchase are economically efficient are also the regions where the

Democratic party—and by extension firearm regulation—is more politically popular (Parker

et al. 2017, Gentzkow et al. 2019, Luca et al. 2020). Moreover, the welfare gains from high

taxes in these regions are nearly large-enough to match the gains from California’s 2024

statewide tax, without adjusting regulation in areas with less political support for firearm

regulation. At least in California, it appears most economically efficient to prioritize the

design of policy for the licit firearm market in areas already amenable to tighter regulation.

Conversely, geographic heterogeneity reduces the efficiency of city-wide bans on the op-

eration of firearm retailers, as implemented by the city of Chicago from 2010–2014, and

predicted for California’s 20 largest cities in Figure OA.15. The effects of bans are variable

because of the heterogeneity in consumer populations and market structures across Cali-

fornia. Closing retailers in Bakersfield, a sprawling city with many firearm retailers in an

otherwise unpopulated area, has large effects on handgun purchasing. Whereas a retailer ban

in San Francisco, a dense city with few pre-existing firearm retailers, would have a minimal

impact. Perversely, Figure OA.16 shows that the cities where retailer bans have the largest

effects are also those cities where optimal taxes are lowest. Thus, my results suggest that ge-

ographic bans on where firearms can be bought and sold have negative targeting properties,

and are less efficient than uniform statewide regulation.

6.4 Gains from consumer targeting: Minimum age requirements

Rather than targeting taxes by geography, I consider alternate regulations that target con-

sumers with observably different characteristics. In particular, I simulate minimum age

requirements for handgun purchase, similar to other industries with consumption externali-

ties (e.g., alcoholic beverages and rental cars). Minimum age requirements may be especially
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beneficial in consumer firearm markets, as most criminal actors offend before age 30 and then

“age out of crime” (Farrington 1986, RAND 2018a).54

Figure 6 also traces out the effect of increasing the minimum required age for handgun

purchase, from the status quo of 21 to a complete ban at a minimum required age of 100.

There are considerable targeting gains from screening younger consumers out of handgun

purchase. In fact, it would be more efficient—in the sense of delivering larger welfare gains

at lower consumer surplus cost—to screen out handgun purchasers under age 30, than to

implement the equivalently costly system of optimal handgun taxes across zip codes.

The targeting gains from raising the minimum age for handgun purchase quickly de-

teriorate after age 30, becoming less efficient than county-specific taxation around age 35.

This pattern highlights that there are other meaningful determinants of externalities from

handgun ownership that vary across space, even conditional on the purchaser’s age. If reg-

ulators were willing to implement a policy that induced the same drop in consumer surplus

as California’s 2024 firearm tax, it would be less efficient to raise the minimum age than to

set county-specific optimal taxes.

These results help clarify the strengths and limitations of many firearm policies that

attempt to target on consumer observables.55 Targeting offers an efficiency gain, increasing

welfare by leveraging additional observable information about the externalities of potential

firearm owners. However, my results also suggest that too little information on externalities

may be available for these targeted regulations, preventing them from addressing the full

scope of external harms created by handgun ownership (Degli Esposti et al. 2023). As such,

it may be beneficial to pair highly efficient targeted regulations with a broad market-based

policy—like higher taxes on handgun purchase—that can have a larger impact on handgun

ownership and externalities.

7 Conclusion

The paper studies demand, public health, and regulatory design in licit firearm markets. To

do so, I utilize 20 years of administrative data from California, recording all licit handgun

purchases in the state, the consumer and retailer in each transaction, and the universe of

54My estimates of externalities Θ̂e imply that there could be gains from targeting subsidies to certain
observable consumer segments, such as non-White women over 30 years of age. I am aware of no regulator
proposing such demographically-intensive targeted policy, and I do not systematically pursue its implications
in this paper. It is also doubtful that such a policy would be Constitutional.

55Smart et al. (2023) discuss several such policies. For instance universal background checks aim to screen
out individuals whose past criminal history may make them an especially costly firearm owner in the future.
Similarly, extreme risk protection orders seek to temporarily remove access to firearms for individuals at a
particularly risky life stage.
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fatality incidents by cause-of-death and geographic location.

Using these data, and variation created by the entry and exit of firearm retailers, I

document that the flow of handgun purchase has welfare implications. Following the entry

of a firearm retailer, handgun purchasing, handgun ownership, and homicide fatalities all

increase.

To extrapolate beyond handgun purchases on the margin of retailer entry, I develop

and estimate a model of consumer handgun purchase in which ownership affects fatality

outcomes. The estimated model demonstrates adverse selection into handgun purchase on

the basis of externality-relevant characteristics. Adverse selection is so severe in California’s

legal handgun market that, no matter a consumer’s willingness to pay to purchase a handgun,

their handgun acquisition would decrease net welfare.

I use the estimated model to evaluate several alternate regulations on California’s licit

handgun market. The firearm sales tax implemented by California in 2024 approximately

maximizes tax revenues, and improves social welfare, but is set too low when accounting

for its effects on consumer surplus and public health. Regulators’ observed willingness to

pay to repurchase firearms from consumers also appears to undervalue the public health

consequences of private handgun ownership. Due to adverse selection, directly maximizing

social welfare would lead regulators to set taxes high enough to shut down the state’s licit

handgun market.

Rather than setting uniform regulation statewide, I find that there is scope to design

more efficient policy by targeting stricter regulations to consumer segments in which adverse

selection is most severe. The most efficient single policy I consider is a minimum age re-

striction on handgun purchase, which effectively targets a group known to be at higher-risk

of criminal activity. Further gains are achievable by targeting taxes on handgun purchase

across California’s different regions. This geographic targeting produces the highest opti-

mal rates in the state’s coastal population centers—around the San Francisco Bay and LA

County—where firearm regulation has broad political support. Optimal rates are low in the

rest of the state, where firearm regulation is less politically popular.

The results of these counterfactual policy evaluations have a number of caveats related

to the model and data. This paper only models licit handgun demand and its public health

implications, abstracting away from the effect of regulation on the actions of firearm retailers

(Moshary et al. forthcoming), the behavior of the long gun market (Azrael et al. 2017,

Armona and Rosenberg 2024), and the market for illicit firearms (Cook 2018, Lee and Persson

2022, Schnell 2024). Accounting for these additional margins of adjustment could potentially

affect my analysis of policy counterfactuals, especially in response to policies further from

the current equilibrium. It would be valuable for future work to provide greater evidence on
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these effects.

Moreover, the model assumes a specific structure of preferences and externalities that

eases computation, but which may not hold exactly in the data. Following the public health

literate, I assume that fatalities depend on the level and composition of binary handgun own-

ership across consumers, and not on a consumer’s count of handgun purchases (e.g., Duggan

2001, Cook and Ludwig 2006, RAND 2018b, RAND 2018c, Studdert et al. 2020, Studdert

et al. 2022, Miller et al. 2022). Instead, if externalities were monotone in each individual’s

count of handgun purchases, my model would understate the efficacy of a uniform statewide

handgun tax.56 Moreover, many of the model’s parameters are identified by variation from

the entry and exit of firearm retailers, requiring the model to extrapolate these local effects

when studying broader policy counterfactuals. Even more extrapolation would be required

to predict the effects of firearm regulations outside of California’s legal handgun market

between 2005–2015, as the features of my sample may differ from other geographic areas or

time periods.

Nevertheless, my results show that it is possible to achieve welfare gains through tighter

regulations on the licit handgun market, and even greater gains by further tightening regu-

lation in common-sense ways and where politically popular.
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Table 1: Summary Statistics on Consumers and Zip Code-Quarters

1(Purchase) Purchases 1(Own) Distance Homicide Suicide
Consumers Zip-quarters

per 100 | purchase per 100 | purchase per 100k per 100k

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: Consumers by 2015

All
4.43 1.86 6.31 17.34

28, 683, 439 1, 304
(4.43) (1.97) (6.31) (30.43)

Own pre-2005 4.43 2.81 6.31 18.12 749, 331 1, 304

Not pre-own 4.43 1.67 6.31 17.01 27, 934, 108 1, 304

Men 4.43 1.94 6.31 17.42 14, 151, 156 1, 304

Women 4.43 1.32 6.31 16.52 14, 532, 283 1, 304

White 4.43 1.90 6.31 17.52 12, 917, 359 1, 304

Minority 4.43 1.76 6.31 16.95 15, 766, 080 1, 304

Panel B: Zip code-quarters

All
0.39 5.12 19.83 1.68 3.93

21, 635 57, 376
(0.33) (3.51) (14.95) (5.50) (8.88)

Has retailer 0.45 5.62 16.62 1.53 4.07 27, 662 16, 604

No retailer 0.36 4.91 21.14 1.75 3.88 19, 181 40, 772

High income 0.32 4.02 16.41 1.78 3.26 33, 705 28, 688

Low income 0.45 6.22 23.27 1.59 4.61 9, 566 28, 688

Dense 0.27 3.40 14.87 1.86 3.05 28, 947 28, 688

Sparse 0.50 6.84 24.81 1.51 4.81 14, 324 28, 688

High crime 0.35 4.62 18.49 2.24 3.46 23, 284 28, 556

Low crime 0.43 5.61 21.15 1.13 4.40 20, 002 28, 820

2005 0.22 3.47 19.91 1.93 3.51 21, 635 5, 216

2015 0.58 7.44 19.18 1.58 4.36 21, 635 5, 216

Mean, (SD)

Panel A provides summary statistics on California’s adult population in the last quarter of 2015.
Columns represent (1) the percent of consumers purchasing one or more handguns between 2005–
2015, (2) the number of handguns purchased conditional on at least one purchase occurring, (3) the
percent of consumers who purchased one or more handguns 1996–2015, (4) the distance between
a purchasing consumer’s and implementing retailer’s zip code centroids, (7) adult population, and
(8) the count of zip codes in the sample. Minority is all non-White consumers

Panel B provides summary statistics on zip code-quarters in California between 2005–2015.
Columns represent (1) the percent of residents purchasing one or more handguns, (3) the per-
cent of residents who have purchased at least one handgun from 1996–the current quarter, (4)
the distance between a purchasing resident’s and implementing retailer’s zip code centroids, (5)
the count of homicide fatalities per 100,000 adults, (6) the count of suicides per 100,000 adults,
(7) average population of adult residents among zip code-quarters, and (8) the count of zip code
quarters. Zip codes quarters are (i) high-income if they are above the median of median family
income in my sample, (ii) dense if they are above the median population density within my sample,
and (iii) high-crime if their county has above median violent crime rate from 2000–2004.
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Table 2: Summary Statistics on Firearm Retailers

Mean SD P10 P25 P50 P75 P90 Retailers

(1) (2) (3) (4) (5) (6) (7) (8)

Panel A: All retailers

Sales 3829 6737 340 608 1407 3897 8615 992

Quarters 26 14 7 13 24 44 44 992

Sales/Quarter 153.4 194.8 12.49 31.56 79.67 181.12 408.97 992

Sale distance 19.02 13.86 11.45 13.89 17.12 21.09 26.67 992

Share private 0.59 0.17 0.37 0.48 0.61 0.71 0.8 992

1(Corporate) 0.03 0.16 0 0 0 0 0 992

Panel B: Entrants

Sales 3163 4340 494 751 1551 3842 7690 476

Quarters 18 9 7 11 16 24 32 476

Sales/Quarter 180.37 189.95 32.14 57.47 108.53 232.46 418.51 476

Sale distance 18.44 8.74 11.59 13.98 17.1 20.81 26.09 476

Share private 0.6 0.17 0.38 0.49 0.61 0.71 0.8 476

1(Corporate) 0.02 0.15 0 0 0 0 0 476

Panel C: Exitors

Sales 1829 2293 206 442 973 2320 4798 347

Quarters 19 11 6 10 17 28 37 347

Sales/Quarter 113.39 122.08 12.06 29.97 71.54 151.66 278.84 347

Sale distance 19.3 12.88 11.26 13.64 17.1 20.61 28.24 347

Share private 0.59 0.16 0.37 0.49 0.6 0.7 0.79 347

1(Corporate) 0.01 0.08 0 0 0 0 0 347

Table presents summary statistics of firearm retailers used in my analysis. Panel A is all retailers.
Panel B is the subset of retailers who enter during the sample. Panel C is the subset of retailers
who exit during the sample. Retailers that enter and subsequently exit appear in all panels. Within
a panel, rows 1–3 are total sales, total quarters of operation, and average sales per quarter. Rows
4 and 5 are the average distance consumers travel for a purchase and the share of sales that are
between private parties. Rows 6 is an indicator for whether a retailer is registered as a corporate
retailer with California’s Department of Justice.
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Table 3: Effect of 100 Licit Handgun Owners on Yearly Fatalities

IV OLS
Sample

Mean

(1) (2) (3)

Panel A: Homicides

Firearm
0.159 0.101

1.120
(0.056) (0.012)

All
0.188 0.107

1.551
(0.059) (0.013)

Panel B: Suicides

Firearm
0.042 0.044

1.090
(0.045) (0.009)

All
0.065 0.069

2.782
(0.072) (0.015)

Panel C: Handguns (Average year with +1 retailer)

Owners (first-stage)
277.2

890
(38.6)

Purchases
60.6

283.8
(6.3)

Zip code FE Y Y

Quarter FE Y Y

First-stage F 51.67

Zip code clusters 1, 304 1, 304

Zip code-quarters 57, 376 57, 376 57, 376

Estimate, (SE)

Panels A and B present the effect of 100 handgun owners on yearly fatalities in their residential
zip code, computed as 4× 100× µ using the specification of Equation (2). Values in Panels A and
B are estimated by regressing fatalities per capita on handgun owners per capita, using a panel of
zip code-quarter observations. Column 1 presents estimates using an instrument based on firearm
retailer net entry from Section 3.3. Column 2 presents estimates from OLS. Column 3 is the zip
code-year sample mean. Panel C presents the effect of firearm retailers’ net entry on handgun
ownership and handgun purchasing. Values are estimated by regressing handgun owners per capita
or handgun purchases per capita on the count of firearm retailers in a zip code-quarter, using a
panel of zip code-quarter observations. Panel C scales these regression estimates by 4 times the
average zip code population E[Mz], to report estimates for the average zip code in the average
year following a net entry. Row 1 of Panel C is the first-stage regression used for the IV column of
Panels A and B, and all panels present comparable scalings of the regression coefficients. Standard
errors are clustered by zip code. Estimates in Columns 1–2 weighted by zip code population Mz.
Sample mean in Column 3 unweighted.
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Table 4: Estimated preference parameters (Θν ,Θδ, ρ)

Mean SD P10 P90 #Values

(1) (2) (3) (4) (5)

Panel A: Handgun purchase Θν

σx
2.46 0.71 1.71 3.26

50
(0.06) (0.01) (0.22)

γx
1.82 2.02 -1.61 4.00

50
(0.17) (0.06) (0.04)

ψxz − αpp -8.48 2.07 -10.89 -5.89 51, 813

ξxzt − αp(pt − p) 0.54 -0.64 0.71 692, 467

αpxz 0.02 0.004 0.01 0.02 32, 711

Consumer observations 28, 683, 439

Panel B: Retailer choice Θδ

δj -1.14 0.91 -2.34 -0.03 992

αdxz 0.11 0.02 0.08 0.14 32, 711

Purchase observations 2, 765, 428

Panel C: Nesting parameter ρ

ρ
0.64

1
(0.06)

Entry observations 183

Value, (SE)

Table presents estimates of preference parameters from Section 4. Panel A: Preferences for handgun
purchase Θν , excluding demographic-zip code-quarters with zero purchase. Panel B: Preferences
for retailer choice Θδ, with determinants of distance disutility αdxz in Table OA.5. Panel C: Nesting
parameter is signed so ρ = 0 implies no substitution between handgun retailers and outside option.
Delta method standard errors in parentheses. Panel A standard errors reported for the point
estimate closest to the mean, 10th, or 90th percentile.
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Table 5: Estimated externality parameters 100×Θe

Homicide Suicide

Control function 2SLS Control function 2SLS

(1) (2) (3) (4) (5) (6)

µ −0.3415 −0.1347 −0.3677 −0.0386 0.0301 −0.2195

(0.0542) (0.0251) (0.1564) (0.0611) (0.0329) (0.1212)

ζinc −0.0024 0.0027

(0.0021) (0.0033)

ζden −0.0040 −0.0039

(0.0025) (0.0033)

ζcrime 0.0016 0.0005

(0.0012) (0.0018)

ζmale 0.1417 0.0516

(0.0391) (0.0493)

ζ<30 0.0662 0.0416

(0.0216) (0.0310)

ζwhite 0.0673 0.0116

(0.0123) (0.0121)

ζg0 −0.1186 0.2870

(0.0612) (0.0895)

ζψ −0.00003 0.0005

(0.0020) (0.0034)

ζν 0.1436 0.1314 0.3198 −0.0074 −0.0104 0.1928

(0.0232) (0.0218) (0.1281) (0.0276) (0.0260) (0.0986)

χ 0.0001 0.0001 0.00001 0.00003

(0.0001) (0.0001) (0.0001) (0.0001)

Zip code FE Y Y Y Y Y Y

Quarter FE Y Y Y Y Y Y

Instrument d⃗it d⃗it (1, ψz)⊤Izt d⃗it d⃗it (1, ψz)⊤Izt

Zip code clusters 1,304 1,304 1,304 1,304 1,304 1,304

Zip code-quarters 57,079 57,079 57,079 57,079 57,079 57,079

Estimated externality parameters from Equations (5) and (6). Columns 1–3 use all homicides
as cause of death. Columns 4–6 use all suicides as cause of death. Columns 1, 2, 4, and 5 use
the control function estimator developed in Section 4, in which travel distances from consumers
to retailers d⃗z(i)t = (di1t, . . . , diJt) operates as an excluded instrument. Columns 3 and 6 use
an alternative two-stage least-squares estimator with instruments Izt =

∑
i:z(i)=z Ix(i)z/Mz and

Izt ×
∑

i:z(i)=z ψx(i)z/Mz, as discussed in Appendix OA.3. Standard errors clustered by zip code.
All estimates weighted by zip code population. Estimates disaggregated by firearm and non-gun
fatalities in Tables OA.7 and OA.8. Observations differ from Table 3 as some zip code-quarters do
not have certain control variables available.
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Figure 1: Effects of firearm retailer first entries on handgun purchases

Figure presents the effect of a firearm retailer’s entry on handgun transactions in the entered zip
code. Panel A presents effects on market expansion (darker circle, handgun purchases from any
retailer in California) and only at the entering firearm retailer (lighter square). Panel B presents
effects on market expansion for first-time purchasers (darker circle) and repeat purchasers (lighter
square). Horizontal axis is periods from the retailer entry, with pre- and post-entry separated by
the thick vertical line. Vertical axis is the effect on handgun purchases per capita βt′ , scaled by the
average zip code’s population in California. Data for model fitting is restricted to zip code-periods
that are either within three years of the entry of their first firearm retailer or that never have an
operational firearm retailer during my sample. To remove composition bias, effects are calculated
for first entry events with three years of data fully observed before and after the period of entry.
Points are point estimates and intervals are 95-percent pointwise confidence intervals computed
from a Bayesian bootstrap of zip codes. 58
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Figure 2: Effects of firearm retailer first entries on handgun ownership and homicide fatalities

Figure presents the effect of a firearm retailer’s entry on handgun ownership (Panel A) and homicide
fatalities (Panel B) in the entered zip code. Horizontal axis is periods from the retailer entry, with
pre- and post-entry separated by the thick vertical line. Vertical axis is the effect on handgun
ownership or homicide fatalities, both per capita βt′ , scaled by the average zip code’s population
in California. Data for model fitting is restricted to zip code-periods that are either within three
years of the entry of their first firearm retailer or that never have an operational firearm retailer
during my sample. To remove composition bias, effects are calculated for first entry events with
three years of data fully observed before and after the period of entry. Points are point estimates
and intervals are 95-percent pointwise confidence intervals computed from a Bayesian bootstrap of
zip codes.
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Figure 3: Observable heterogeneity in the effect of 100 handgun owners on yearly fatalities

Figure presents observable heterogeneity in the effect of handgun ownership on fatalities, as es-
timated in Section 3.4. Horizontal axis is dimensions of observable heterogeneity: the log of a
consumer’s county’s violent crime rate 2000–2004, the log of a consumer’s zip code’s population
density, the log of a consumer’s median household income, an indicator for consumer age under 30
years, consumer’s race White, and consumer’s gender male. Horizontal dotted line is the effect of
adding 100 handgun owners with the average in-sample handgun owner’s observable characteris-
tics. Bars show homicide fatalities when changing, all else equal, each observable characteristic of
the 100 added owners by 1 standard deviation of the full sample composition of handgun owners
(e.g., the 100 owners are 1 standard deviation more male than average). Full sample composition
standard deviations are, respectively 0.67 (income), 0.78 (density), 0.98 (crime), 0.07 (age < 30),
0.03 (male), and 0.21 (White). Each pair of bars averages to the dotted line. Bands are 95 percent
confidence intervals from changing a single characteristic of the 100 added owners, uses a Bayesian
bootstrap and treating the average owner’s homicide fatalities as known.
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Panel B: The effect of a 66 dollar tax on handgun purchase

Figure 4: Joint distribution of preferences and externalities in Califoria’s handgun market

Figure presents allocative efficiency from consumer choice in handgun markets when gi,t−1 = 0. Horizontal
axis is private surplus from purchase. Vertical axis is expected quarterly external costs of handgun ownership.
Downward sloping line has slope of -1 and intersects the vertical axis at the value of tax revenue generated
by handgun purchase. Points are consumers in California’s average quarter. Solid series is the conditional
expectation function in this space, estimated via kernel regression with a bandwidth of 5 and a Logistic
kernel. Light lines are quantiles 25 and 75, while dotted lines are quantiles 10 and 90, all computed under
the same kernel and bandwidth. Marginal value of public funds is 1, marginal value of a homicide fatality is
8, 500, 000× (8/442), marginal value of a suicide fatality is 1, 500, 000× (8/442), and the tax is 600× 0.0875,
described in Section 4. Panel A shows California’s status quo regulation. Panel B shows the effect of a
counterfactual 66 dollar tax on handgun purchase, described in detail in Section 5.2.
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Figure 5: Feasible outcomes from statewide taxes on California’s handgun market

Figure presents the effect of increases in handgun purchase taxes on changes in consumer
surplus, homicide fatalities, and tax revenue. Horizontal axis is changes in dollars. Left axis
is change in homicide fatalities. Right axis is the tax increase that implements the change
in homicides (a non-linear transformation). Center point is the regulatory status quo. Right
series is tax revenue. Left series is consumer surplus. Horizontal lines show additional taxes
that optimize various objectives: tax revenue, consumer surplus and the social value of tax
revenue less buyback cost, welfare (weighting fatalities by San Jose’s estimated fiscal cost),
and welfare (using the weighting on fatalities revealed by California’s 2024 tax on handgun
purchase). See Sections 5.2 and 6.1 for details.
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Figure 6: Feasible outcomes from targeted regulations on California’s handgun market

Figure presents feasible outcomes from alternate taxes on California’s handgun market. Panel A is the
frontier of welfare-maximizing outcomes achievable under targeted regulations. Solid lines are from taxes
with varying geographic resolution. Filled points represent the effect of raising the minimum age for handgun
purchase to quintiles of the age distribution among California’s handgun purchasers, relative to the status
quo minimum age in California of 21, and are connected via a cubic spline. Horizontal axis is the change
in consumer surplus, relative to lost consumer surplus under California’s 2024 tax. Vertical axis is the joint
value of changes in fatalities and tax revenue, relative to joint value under California’s 2024 tax. Inner
series is statewide taxes, as in Figure 5. Middle series is county-specific taxes, set optimally. Outer series
is zip code-specific taxes. Point is observed-tax status quo. Straight, light lines shows the changes implied
by California’s 2024 tax on handgun purchase. See Sections 5.2 and 6.1 for details. Panel B presents the
welfare-maximizing county-specific taxes that generate the same drop in consumer surplus as California’s
2024 tax on handgun purchase.
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OA.1 Details on firearm retailer event study

This section provides additional details for the results in Section 3.1.

OA.1.1 Defining clean entries and exits

I study a set of clean entries N . Each clean entry n ∈ N is associated with exactly one

entered zip code z(n) and period of entry t(n). I also study an analogously defined set of

clean exits x ∈ X
I define an entry n as clean if its period of entry t(n) is not too close to either end of my

sample t ∈ {1, T}, and if there are neither entries nor exits in the entered zip code z(n) too

close to the period of entry t(n). Let N be the full set of entries in the sample and X be the

full set of exits, such that N ⊆ N and X ⊆ X .

Suppose the target parameters in Equation (1) are βt′ , . . . , β0, . . . , βt′ (e.g., in Section 3.1,

t′ = −8 and t
′
= 8). Then, an entry n ∈ N is also a clean entry n ∈ N if the following two

conditions hold:

1. Full observation: The target parameters βt′ have effects only during the sample period

for each entry n. That t(n) + t′ ≥ 1 and t(n) + t
′ ≤ T .

2. Asynchronous timing: The target parameters βt′ have effects that do not overlap with

the parameterized effects of any other retailer entry or exit in the same zip code z(n).

That {t(n) + t′, . . . , t(n) + t
′} ∩ {t(v) + t′, . . . , t(v) + t

′} = ∅, for all v ∈ (N ∪X ) \ {n}
in which z(v) = z(n).

Analogous conditions define clean exits x ∈ X .

OA.1.2 Estimation sample, target parameter, and estimator

I estimate the target parameters βt′ representing the effect of entry in Equation 1 using the

estimator proposed by Borusyak et al. (2024). Their estimator proceeds in two steps. First

I estimate the fixed effects for each zip code ψz and period ϕt. Then, I estimate a weighted

average of differences between observed handgun purchases qzt and those predicted from the

first-step fixed effects.

I construct a first-step estimation sample using zip code-periods that are either “pure

controls” or have not yet experienced an entry event. Pure controls C are zip codes that

experience the net entry of firearm retailers in no quarter of the data (i.e., in which there is

the same number of operational firearm retailers every quarter). Not-yet entered zip code-

periods are those entries n ∈ N s1 that satisfy 2. Asynchronous timing. This includes
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(i) all clean entries N , (ii) the subset of all entries N that satisfy asynchronous timing

but do not satisfy 1. Full observation. Among these entries n ∈ N s1, let n(zt) denote

the (unique) identity of the retailer entering into zip code z during quarter t. Then, the

first-step estimation sample uses all pre-entry observations within t′ periods of these entries

C ∪ {z, t : n(zt) ∈ N s1 and t(n) + t′ ≤ t < t(n)}. Utilizing data from pure controls and

entries that satisfy asynchronous timing but not full observations allows me to increase

estimation power from a larger sample in which no confounding retailer entry nor exit events

are observed.

I construct first step estimates of ψz and ϕt by estimating Equation (1) using zip code

quarters that are pure controls C or before entry events n ∈ N s1, imposing βt′ , . . . , β−1 = 0.

The weighted averages I target with the second-step estimator recover the effect of the

average clean entry in California during my sample on handgun purchases exactly t′ periods

from the entry event. I target this parameter as a weighted sum—of differences between

observed handgun purchases qzt and those predicted from the estimates of fixed effects ψz

and ϕt—across all zip code-periods t′ periods from an entry in the first-step estimation sample

n ∈ N s1.

Weights are equal to 1/|N | for clean entries n ∈ N , and equal to 0 for entries in the first-

step estimation sample that are not clean n ∈ (N s1 \ N ). This weighting scheme removes

compositional bias in the estimates of the effect of retailer entry on handgun purchasing βt′ .

In particular, it allows zip code-periods before all entries that satisfy asynchronous timing

to contribute to first-step estimates of the fixed effects ψ̂n + ϕ̂t, while the effect of entry

on handgun purchasing βt′ is estimated only for the set of clean entries in which handgun

purchasing qzt can be observed in all periods t(n)+ t′, . . . , t(n)+ t
′
necessary for construction

of the estimator. I do not weight this average by adult populationMz(n), such that my target

estimate is the effect of the average retailer entry event.

I use an analogous estimator for the effect of clean retailer exits X .

I also consider an alternate estimator of βt′ by fitting Equation (1) via OLS using the

zip code-periods around all entries used to construct the first-step estimation sample {z, t :
n(zt) ∈ N s1 and t(n) + t′ ≤ t ≤ t(n) + t

′}.
The results in the main text consider the effect of first entrants into a zip code (i.e., going

from zero retailers to one retailer). These first entries are a subset of the sample of entries

in N and N s1. For comparability, these estimates also restrict to the subset of clean zip

code-quarter controls in C that never have an operational firearm retailer during the sample.

When considering the effects of subsequent entrants, I use data forming the complement of

the data for effect of first-entrants.
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OA.1.3 Inference

I conduct inference on the estimates of βt′ from the procedure of Borusyak et al. (2024) via

a Bayesian bootstrap of zip codes z around the entry events n ∈ N s1 or clean controls C
with 500 replicate. I use these replicates to estimate the standard error of the estimator,

and construct asymptotically valid 95 percent pointwise confidence intervals via a Normal

approximation at each period from entry t′.

I conduct inference on the estimates of βt′ from the OLS procedure via a Normal ap-

proximation accounting for clustering by entry event n. I construct asymptotically valid 95

percent pointwise confidence at each period t′.

OA.1.4 Pre-trends

The pre-trends I report in Figure 1 are estimates of β̂t′ for t
′ < 0. This corresponds to the

proposal of Callaway and Sant’Anna (2021).

The pre-trend test proposed by Borusyak et al. (2024) involves testing the slope of this

series (Roth 2024). This corresponds to testing whether for some researcher-chosen t∗, with

t′ ≤ t∗ < −1, it is the case that βt′ = E[βt′′ |t′ ≤ t′′ ≤ t∗] for all t′ such that t∗ < t′ < 0.

The software provided by Borusyak et al. (2024) uses a default choice of t∗ = t′ (i.e., testing

whether any pre-period after the earliest differs from the earliest). For power, Braghieri et al.

(2022) propose a choice of t∗ that equates the number of pre-entry periods before and after

t∗, corresponding to t∗ = −1.5 years in my setting. As visually demonstrated by Figure 1,

there is if anything a downward slope in βt′ prior to entry, demonstrating a potential decline

in handgun purchasing in entered zip codes relative to never-entered zip codes.

I also consider re-estimating Equation (1) via OLS under transformations of the depen-

dent variable from purchases per capita qzt/Mz to either (i) the level of purchases qzt or (ii)

the log of purchases log(qzt). My estimates of βt′ for pre-entry periods t′ < 0 cannot be sta-

tistically distinguished from one another under the test of Roth and Sant’Anna (2023). Their

results thus imply that the population of zip code-quarters around uncontaminated retailer

entries can be partitioned into a subgroup for which entry timing is effectively randomly

assigned and another subgroup in which the distribution of potential handgun purchasing

outcomes (i.e., with and without retailer entry) are stable over time. This results provides

further support for the assumption of quasi-random local entry timing used for the research

design in Section 3.1.

67



OA.2 Details on instrument for handgun ownership

This section provides additional details for the results in Section 3.3. All analyses in this

section and in Section 3.3 are weighted by population.

OA.2.1 Instrument construction

I use the count of firearm retailers in a zip code quarter Nzt as an instrument for handgun

ownership. The first-stage used to estimate Equation (2) is

gzt
Mz

= β̃Nzt + ψ̃z + ϕ̃t + ξ̃zt, (8)

where ψ̃z and ϕ̃t are fixed effects by zip code and quarter, and ξ̃zt is residual handgun

ownership by zip code-quarter. The instrument Nzt is relevant if β̃ ̸= 0, shown to be rejected

in Table 3 with F=51.7. The instrument Nzt is excludable if ξ̃zt ⊥ ωzt, as discussed in

Section 3.3.

Table OA.3 uses alternate specifications of the first-stage regression in Equation (8).

Panel A continues to use the count of firearm retailers in a zip code-quarter Nzt as an

instrument, but adds additional covariates that vary by zip code-quarter to the regressions

in Equations (2) and (8). Row 2 replaces the quarter fixed effects ψt with richer fixed effects

ψc(z)t that vary by county-quarter. Row 3 allows both county-quarter fixed effects ψc(z)t and

time-varying observables that capture over-time changes in a zip code’s economic well-being

and political characteristics. I control for economic well-being by including covariates for

the log of the population and the log of the average household income each zip code-year.

I control for political characteristics by including covariates for the republican vote share

the log of voter turnout in the last congressional and presidential elections. Row 4 returns

to the fixed effects specification of Equations (2) and (8), and includes as its only covariate

zip-code specific linear time trends.

Panel B of Table OA.3 uses an alternate transformation of retailer net entry to construct

an instrument in the first-stage regression:

gzt
Mz

= β̃
t∑

t′=1

(Nzt′ −Nz1) + ψ̃z + ϕ̃t + ξ̃zt,

where the summation represents the change in the number of firearm retailers within a zip

code accumulated over quarters t′, from the first t′ = 1 to the present t′ = t. This instrument

captures the idea from Figure 2 that a change in the number of firearm retailers creates a
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change in the flow of firearm owners, which accumulates over time. The different rows of

Panel B use identical covariate specifications to Panel A.

OA.2.2 Non-fatal crime

I also use the timing of net entry by firearm retailers to study the effects of licit handgun

ownership on non-fatal crime. Studying non-fatal crime poses a challenge with the resolution

of the data, as entry and exit creates variation traceable over zip codes z and quarters t,

but crime is systematically tracked by county c(z) and year a(t). As such, this analysis

uses data on non-fatal crimes by county-year, data on licit handgun ownership aggregated

to the county-year level, and a method to transform variation in firearm retailers at the zip

code-quarter level to the county year.

In particular, I estimate the following regressions via two-stage least-squares using data

by county c and year a:

yca
Mc

= µ
gca
Mc

+ κc + ηa + ωca

gca
Mc

= β̃
∑

z:c(z)=c

Mz

Mc

∑
t:a(t)=a

Ñzt

4︸ ︷︷ ︸
instrument

+ψ̃c + ϕ̃a + ξ̃ca,

where the underlying variation in the instrument is created by averaging over-time changes

in the number of firearm retailers in a zip code after conditioning on zip code and quarter

fixed effects:

Nzt = υz + υt + Ñzt.

In particular, the instrument is constructed as a weighted average of averages. The inner

average is across the four quarters within a zip code-year and captures changes in the residual

number of firearm retailers Ñzt. The outer average is across zip code-years within a county

and weights these changes in residual firearm retailers Ñzt by the zip code’s share of the

county population. Intuitively, if the effect of an additional firearm retailer is proportional

to zip code population, as maintained in Section 3, then entries into zip codes that account

for a larger share of the county population will also be entries that drive larger changes in

county-level handgun ownership. This produces a moderately powerful instrument, with a

first-stage F -static of 23.

I also estimate the two-stage least-squares specification above replace the residual count

of firearm retailers Ñzt with the residualized version of the inclusive value of the average
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consumer’s conditional choice of firearm retailer Ezt[Ixzt(Θ̂)], as in Section 4.4 and Column

2 of Table 3. As with the analysis of zip-code quarter data, using the additional information

from the inclusive value Ixzt(Θ̂) produces a stronger instrument, with a first-stage F -statistic

of 36.

Table OA.2 present estimates of the effect of handgun ownership on non-fatal crime.

Columns 1 and 2 consider the count of property crimes—burglary, larceny-theft, and motor

vehicle theft—per capita. The point estimates indicate that handgun owners on the margin

of retailer net entry may have a deterrent effect on property crime (e.g., Acquisti and Tucker

2022). However, these estimates are not significant at conventional levels. Using the fact

that there are approximately 21,000 handgun owners in the average county-year, a 10-percent

increase in handgun ownership would decrease the county of property crimes by 12.48/100×
21, 000/10 = 262 incidents per year. This would correspond to a 262/18741 × 100 = 1.4

percent decrease in property crime.

Columns 3 and 4 present estimates of the effect of handgun ownership on the count

of non-fatal violent crimes—rape, robbery, and aggregated assault—per capita. The point

estimates suggest that licit handgun ownership exacerbates violent non-fatal crime, but

are not statistically significant at conventional levels. My estimates imply that increasing

licit handgun ownership by 10 percent in the average county-year would increase non-fatal

violent crime by 3.07/100× 21, 000/10 = 65 incidents per year. This would correspond to a

65/3023× 100 = 2.2 percent increase in non-fatal violent crime.

The results in this section suggest that non-fatal criminal incidents are less elastic to

variation in licit handgun ownership than firearm-related homicides. This could represent

real criminological features of the environment, but could also arise from attenuation of my

retailer entry instrument in the lower-resolution data on non-fatal crime.

OA.2.3 Observable heterogeneity in handgun owners

I collect a consumer’s time-invariant observable characteristics into the vector Wx(i)z(i) =

(Wx(i),Wz(i)). The vectorWx(i) specifies a consumer’s observable demographics in the average

quarter:

Wx(i) = (1(male)i, 1(age < 30)i, 1(white)i) .

Similarly, the vector Wz(i) specifies the observable geographic characteristics of a con-

sumer’s residential zip code in the average quarter:

Wz(i) =
(
log(MedianHHIncome)z(i), log(Mz(i)/mi2z(i)), log(ViolentCrimesc(z(i)),t=0/Mc(z(i))

)
.
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These terms are respectively, the log of zip code median household income, the log of zip code

population density, and the log of the zip code’s county’s violent crime rate from 2000–2004.

I separately standardize all three of the dimensions of Wz, such that they have mean zero

and standard deviation one across the population of California’s zip codes in my analysis

(unweighted by zip code population).

OA.3 Details on model estimation

This section discusses estimation of the model parameters Θ from Section 4.

OA.3.1 Choice probabilities and parameterization

Much of my estimation procedure is based on the log-likelihood L(Θ) of observed handgun

purchases qit and retailer choices jit across all consumer-quarters. Under the parametric

model of Section 4, this log-likelihood is

L(Θ) =
M∑
i=1

log

∫
v

T∏
t=1

Pit (qit; ν̃i = v,Θ)Pit
(
jit|q = 1;Θδ

)qit
φ(v)dv,

with φ(·) the standard normal density, and choice probabilities Pit(·) derived below.

Building up the likelihood requires the probability that each consumer i chooses retailer

or no-purchase option j ∈ Jz(i)t ∪{0} during period t, implied by the model at parameter Θ

and unobservable preference ν̃i:

Pit(j; Θ) =
exp (δj − exp(αx + αz)dijt)

1/ρ

exp(Ixzt(Θδ, ρ))︸ ︷︷ ︸
Pit(j|q=1;Θδ,ρ)

× exp(ψxz + γxgi0 + σxν̃i − αpxzpt + ξxzt + ρIxzt(Θ
δ, ρ))

1 + exp(ψxz + γxgi0 + σxν̃i − αpxzpt + ξxzt + ρIxzt(Θδ, ρ))︸ ︷︷ ︸
Pit(q=1;Θν ,Θδ,ρ)

,

(9)

where Ixzt(Θ
δ, ρ) is the inclusive value from consumer i’s marginal firearm retailer choice

problem j|qit = 1:

Ixzt(Θ
δ, ρ) = log

∑
j>0

exp (δj − exp(αx + αz)dijt)
1/ρ .

The first term in the choice probability represents the probability of choosing retailer j con-

ditional on handgun purchase Pit(j|j > 0). While the second provides the unconditional

probability of purchasing a handgun Pit(j > 0). Under the natural parameterization, both
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choice probabilities depend on the nesting parameter ρ, and the handgun purchase proba-

bility depends on the retailer choice parameters Θδ through the inclusive value Ixzt(Θ
δ, ρ).

To make the above choice probabilities easier to work with, I reparameterize the following

elements of Θδ and Θν :

δ̃j ≡ δj/ρ

α̃g(z) ≡ αg(z)

α̃c(z) ≡ αc(z) − log(ρ)

ξ̃xzt ≡ ψxz − αpxzpt + ξxzt + ρIxzt(Θ
δ, ρ),

where αg(z) are the components of distance disutility that depend on geographic character-

istics (income, area, density), αc(z) are county fixed effects, and α̃z = (αg(z), αc(z)). I denote

Θ̃δ = (δ̃j, α̃x, α̃z) and Θ̃ν = (σx, γx, ξ̃xzt).

Under this reparameterization, the choice probabilities become

Pit(j; Θ) =
exp(δ̃j − exp(αx + α̃z)dijt)∑

j′>0 exp(δ̃j′ − exp(αx + α̃z)dij′t)︸ ︷︷ ︸
Pit(j|q=1; Θ̃δ)

× exp(γxgi0 + σxν̃i + ξ̃xzt)

1 + exp(γxgi0 + σxν̃i + ξ̃xzt)︸ ︷︷ ︸
Pit(q=1; Θ̃ν)

. (10)

Unlike the natural parameterization, the choice probabilities under the reparameterized

model are governed by disjoint sets of parameters, with an implicit dependence on the

nesting parameter ρ. I exploit this separation in the reparameterized parameter space to

separately estimate the parameters governing retailer choice Θ̃δ and handgun purchase Θ̃ν

under the reparameterization. I recover the nesting parameter ρ in a subsequent step, which

allows me to transform these reparameterized estimates back to the natural parameterization

using the Continuous Mapping Theorem.

72



OA.3.2 Estimator roots

My estimator Θ̂ uses an exactly-identified minimum distance procedure, simultaneously sat-

isfying the roots

(R1) 0 =
∂L(Θ)

∂γx
=
∂L(Θ)

∂σx
, all x

(R2) 0 =
∂L(Θ)

∂Θδ
l

for l = 1, . . . , |Θδ|

(R3) 0 =
∑

i:x(i)=x, z(i)=z

qit − Pit (q = 1;Θ) , all x, z, t

(R4) 0 =
∑
t

ξxzt − αpxz(pt − p), all x, z

(R5) αpxz =
αdx(i)z(i)

$Cost 1 milez

(R6)
8∑

t′=5

β̂t′ =
1

|N |
∑
n∈N

∑
t:5≤t−t(n)≤8

1

Mz(n)

(
qz(n)t −

∑
i:z(i)=z(n)

Pit
(
q = 1|Jz(i)t \ {j(n)}; Θ

))

(R7) 0 =
∂
∑

z

∑
t

(
ω̃zt +

∑
i:z(i)=z gitẽi/Mz

)2

∂Θe
l

for l = 1, . . . , |Θe|.

As discussed intuitively in Section 4:

(R1) is the set of first-order conditions of the log-likelihood L(Θ) with respect to the pre-

ownership preference shifter γx and the dispersion of the unobservable preference

for handgun purchase σx. It has dimension |γx|+ |σx| = 2× |x|.

(R2) is the set of first-order conditions of the log-likelihood L(Θ) with respect to the

retailer choice parameter Θδ. It has dimension |Θδ|.

(R3) is the moment condition governing composite sources of extensive margin prefer-

ences ψxz − αppt + ξxzt. It imposes that observed handgun purchases qxzt match

the model’s prediction
∑

i:x(i)=x, z(i)=z Pit (q = 1;Θ) within each demographic-zip

code-quarter. It has dimension |x| × |z| × |t|.

(R4) imposes the location of the composite source of extensive margin preferences ψxz−
αppt+ξxzt. It centers this value around the preference fixed effect ψxz over quarters

t. It has dimension |x| × |z|.
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(R5) imposes the calibrated scaling between the disutility of travel distance and the

disutility of price. It has dimension |αdxz| = |x| × |z|.

(R6) imposes that post-entry market expansion observed in data (left-hand side) ex-

actly matches the model’s prediction (right-hand side), for quarters 5–8 post-entry,

among the set of clean entries N . Clean entries N are those in which there is nei-

ther contaminating variation from other entries or exits within the same zip code,

nor censoring from entries too near to the ends of the sample, as described in

Section OA.1. It has dimension |ρ| = 1.

(R7) characterizes the OLS solution to the model-implied fatality regression in Equation

(7). It has dimension |Θe| = |µ|+|ζ|+|χ|+|κz|+|ηt| = 1+
(
|Wxz|+|Vi|

)
+1+|z|+|t|.

I check that these roots have a unique solution by initializing my search from multiple

starting values, conducting a grid search, and estimating on data simulated from the model.

All of these approaches suggest a unique solution. Below, I show that in finite samples, a

unique solution to (R1)–(R7) requires only that (R1) has a unique solution separately by

demographic x and conditional on (R2)–(R7).

OA.3.3 Likelihood maximization

I estimate the retailer choice parameters Θ̃δ by maximizing the log likelihood of cross-retailer

choices observed among handgun buyers jit|qit = 1. Since preferences over retailers do not

vary systematically at the individual level, the log-likelihood aggregates to a function of only

retailer market shares by demographic-zip code-quarter, either observed in data sxzt(·) or

implied by the model Pxzt(·):

logL(Θ̃δ) =
∑
z

∑
x

∑
t

J∑
j=1

Mxzsxzt(j | q > 0) logPxzt(j | q > 0; Θ̃δ),

withMxz the number of consumers in a demographic-zip code cell. Note that
∑

j>0 sxzt(j | q >
0) =

∑
j>0 Pxzt(j | q > 0; Θ̃δ) = 1.

Similarly, I estimate parameters governing handgun purchase preferences Θ̃ν by max-

imizing the likelihood of consumers’ observed sequences of handgun purchase decisions

q⃗i = (qi1, . . . , qiT ). A challenge to likelihood maximization is that a component of pref-

erences ν̃i is unobserved and affects handgun purchase qit each period t. This leads me to

write the likelihood of the choice sequence q⃗i integrating over this source of one-dimensional

unobserved heterogeneity. Since all the parameters Θ̃ν that govern the likelihood of these
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choice sequences q⃗i are indexed by consumer demographics x, this maximization is further

separable across demographic cells x, each with log-likelihood

logL(Θ̃ν
x) =

∑
i:x(i)=x

log

∫
v

∏
t

P (qit; γxgi0, σxv, ξ̃xz(i)t)φ(v)dv,

where φ is the standard normal density. As this integral has no closed form, I calculate

the likelihood by numerically integrating over the marginal distribution of ν̃i.
57 While

the parameters interacting with individual-specific heterogeneity—γx and σx—are only two-

dimensional, the remainder of the likelihood is controlled by a high-dimensional vector of

fixed effects dim(⃗̃ξx) = 1, 304× 44, making it computationally infeasible to directly optimize

the log-likelihood.

To make estimation of Θ̃ν
x feasible, I solve a constrained problem asymptotically equiva-

lent to maximizing L(Θ̃ν
x).

58 Following Goolsbee and Petrin (2004), I constrain the model-

predicted inside share to match the inside-share observed in data within each demographic-

zip code-quarter qxzt/Mxz = P̂xzt(q = 1; Θ̃ν
x). Unlike Goolsbee and Petrin (2004), I incor-

porate finite-sample information into my predictions, by conditioning on consumer-specific

choice sequences q⃗i, using the procedure of Revelt and Train (2000) to estimate a consumer-

specific distribution of the unobservable preferences f̂ν̃,i(·|q⃗i; Θ̃ν
x), and forming predicted

inside shares by integrating the choice probabilities over these consumer-specific distribu-

tions.59 These constraints implicitly define the fixed effects as a function of the other model

parameters ξ̃xzt(γx, σx), limiting the non-linear search to two dimensions, with ξ̃xzt pinned

57In practice, I use quadrature to integrate σxν̃i ∼ N(0, σx) over the grid {−20,−19.75, . . . , 20}. I verify
that my estimates σ̂x place little mass at the endpoints of this grid. Using a constant grid across candidate
values of σx helps simplify the likelihood and some of the subsequent numeric integrals required for estimation
and counterfactuals, in which I aggregate across the unobserved preferences ν̃i of consumers with different
demographics x.

58A simulation study of a similar model shows that my estimator attains slightly higher likelihood than
the procedure of Goolsbee and Petrin (2004), but is more time-intensive. Neither constrained procedure
attains the unconstrained maximum, but both perform quite well. I conjecture that my procedure attains
a higher likelihood than Goolsbee and Petrin (2004) by perturbing their constraints in the direction of the
data, which relaxes the problem in finite samples.

59This procedure ensures that predictions from my model are consistent—under Bayes rule—with the
observed data on handgun purchasing q⃗i at any value of Θ̃ν

x. The model predictions are:

P̂xzt(q = 1; Θ̃ν
x) =

1

Mxz

∑
i:x(i)=x,z(i)=z

∫
v

P (q = 1; v, gi0, Θ̃
ν
x)f̂ν̃,i(v | q⃗i; Θ̃ν

x)dv,

with f̂ν̃,i(v | q⃗i; Θ̃ν
x) produced from the procedure of Revelt and Train (2000). Notably, since the reparame-

terization is continuous and monotone, the probabilities Pit(qit) of observed handgun purchase must coincide
under the natural parameterization Θν

x and the reparameterization Θ̃ν
x (else the likelihood would not be maxi-

mized). This guarantees that the consumer-specific distributions of ν̃ coincide under either parameterization:

f̂ν̃,i(v | q⃗i; Θ̃ν
x) = f̂ν̃,i(v | q⃗i; Θ̃ν

x).
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down via a contraction mapping (Berry et al. 1995).60 Because of the contraction mapping,

my estimate of ξ̃xzt is undefined in demographic-zip code-quarters with no handgun purchase,

which I drop from my analysis.

Estimation of Θ̃δ and Θ̃ν fully characterizes the choice probabilities in Equation (10),

leading me to estimate the remaining model parameters (ρ,Θe) using other moments of the

data. I present succinct versions of these moment conditions in Section 4, and here focus on

the details of their construction.

OA.3.4 Nesting parameter, market expansion, and the price co-

efficient

To estimate the nesting parameter ρ, I align market expansion from the entries n ∈ N
studied in Section 3.1 as estimated in data β̂t′ and predicted from my model. In particular,

I find the value ρ̂ such that

8∑
t′=5

β̂t′ =
1

|N |
∑
n∈N

∑
t:5≤t−t(n)≤8

1

Mz(n)

∑
i:z(i)=z(n)

choice prob, observed mkt︷ ︸︸ ︷
P̂it

(
q = 1 |Jz(i)t; ̂̃Θν

x

)
−

choice prob, without retailer j(n)︷ ︸︸ ︷
P̂it

(
q = 1 |Jz(i)t \ {j(n)}; ̂̃Θν , ̂̃Θδ, ρ̂

)
,

where the final term is the probability that consumer i purchases a handgun in period t

with entrant j(n) counterfactually removed from the choice set. Since this counterfactual

choice probability is strictly increasing in ρ̂ for each consumer-period, there is a unique value

ρ̂(̂̃Θν , ̂̃Θδ) satisfying this moment condition, conditional on the values of ̂̃Θδ and ̂̃Θν that

maximize the log-likelihood of consumers’ observed choices.

Conditional on the estimated nesting parameter ρ̂, I use the Continuous Mapping Theo-

rem to invert the transformations that define the reparameterized values ̂̃Θδ and ̂̃Θν , recov-

ering estimates of the natural parameters Θ̂δ and Θ̂ν , respectively. I also use the Continuous

Mapping Theorem to estimate the inclusive value of the marginal retailer choice problem

Îxzt = Ixzt(Θ̂δ, ρ̂). As described in the main text, separating ξ̃xzt− ρ̂Îxzt into its components

(ψ̂xz, ̂−αpxzpt + ξxzt) requires the location normalization E[−αpxz(pt−
∑

t pt/T )+ξzt |xz] = 0.

Since prices pt are not observable in my data, I recover the price coefficient α̂pxz by

60For a correctly specified model, my constrained estimator of Θ̃ν
x is asymptotically equivalent to the

maximum likelihood estimator. As the sample size grows, the Bernstein-von Mises Theorem ensures that the
distribution of any growing mixture of draws from the conditional distribution ν̃i ∼ fν̃,i(· | q⃗i; Θ̃ν

x) converges

to the unconditional distribution fν̃(·; Θ̃ν
x), as described by Revelt and Train (2000). The procedure of

Goolsbee and Petrin (2004) imposes constraints identical to mine, but forms predictions by integrating over
the unconditional distribution fν̃(·; Θ̃ν

x). Thus, my constraints are asymptotically equivalent to those used
by Goolsbee and Petrin (2004), which are also asymptotically satisfied at the unconstrained MLE (Train
2009).
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imposing (R5), as described in Section 4. Without observable prices pt, it is not possible to

further decompose ̂(−αpxzpt + ξxzt), even with estimates of the price coefficient α̂pxz.

OA.3.5 Fatality process and control function

I estimate the parameters of the fatality process Θe conditional on my estimates of the other

model parameters (Θ̂δ, Θ̂ν , ρ̂) by using OLS to fit the regression in Equation (7), separately

by cause of death. For ease of reference, I write Hi ≡ (Wx(i)z(i), Vi(Θ
ν)) in reproducing this

regression below:

yzt
Mz

=

Expected externality︷ ︸︸ ︷
gpzt
Mz

(
µ+ ζEzt

[
Hi(Θ

ν) | git = 1
])

+

Expected base rate︷ ︸︸ ︷
κz + ηt + χ

∑
i:z(i)=z

ξx(i)zt − αpx(i)zpt

Mz

+

Residual︷ ︸︸ ︷
ω̃zt +

∑
i:z(i)=z

gitẽ
p
i

gzt

As the coefficients in this regression are exactly identified, the first-order conditions in (R7)

can always be satisfied exactly, conditional on any value of the other model parameters

(Θδ,Θν , ρ). This implies that the estimation of Θ̂e provides no information about the val-

ues of other model parameters. I leverage this fact to estimate Θ̂e in a subsequent step,

conditional on my estimates of (Θ̂ν , Θ̂δ, ρ̂).

To construct the composition of handgun ownership Ezt[Hi(Θ
ν) | git = 1] in the above

regression, I use my estimates of the the demographic-zip code preference fixed effect ψ̂xz

and the distribution of the unobservable preference f̂ν̃,i(·; Θ̂ν), numerically mixing the latter

across consumers to compute the average of ν̃i among handgun owners.

I form the control function for Equation (7) by conditioning on the average value of the

estimated time-varying preference ̂ξxzt − αpxzpt among all consumers in a zip code-quarter. I

omit from the average all demographic-zip code-quarters with zero handgun purchases qxzt =

0, for which this estimate is undefined. This regressor controls for all potential endogeneity

between the level of handgun ownership gzt/Mz and its composition Ezt[Hi(Θ
ν)|git = 1], after

assuming independence from other sources of heterogeneity through the following technical

conditions:

1. Local shocks: Conditional on the time-varying preference ξxzt − αpxzpt in zip code

z during quarter t, the fatality residual ω̃zt does not correlate with the time-varying

preference in other zip codes z′ or quarters t′:

E[ω̃zt | ξxzt − αpxzpt, ξxz′t′ − αpxz′pt′ ] = E[ω̃zt | ξxzt − αpxzpt].

This condition implies that other time-varying determinants of demand do not correlate

77



with the fatality shock in other zip code-quarters. It ensures, for example, that changes

in the level and composition of handgun ownership due to past demand shocks do not

affect present fatality shocks, and analogously for neighboring zip codes. It would be

violated if consumers were accurately forward looking, such that the correct perception

of anomalously high crime in zip code z during period t′ > t drove demand in zip code

z during period t. It would be possible to relax this assumption by including other

time-varying preferences ξxz′t′ − αpxz′pt′ in Equation (5). The lack of pre-entry trends

in handgun ownership and homicide fatalities in Figure 2 supports this assumption.

2. Ignorable retailers: Preference shocks over firearm retailers (εijt, εi0t) are independent

of fatality shocks ω̃zt and externality regression errors ẽi:

E[ωzt | εijt] = E[ω̃zt] = 0, all t = 1, . . . , T ; i = 1, . . . ,M ; j = 0, . . . , |Jz(i)t|

E[ẽi | εijt] = E[ẽi] = 0, all t = 1, . . . , T ; i = 1, . . . ,M ; j = 0, . . . , |Jz(i)t|.

This condition implies that consumers generating larger externalities or purchasing in

zip code-quarters with anomalously high fatalities do not have systematically higher

unobservable preferences to purchase from one retailer j over another j′ in any zip code-

quarter. It ensures, for example, that changes in the level and composition of handgun

ownership due to handgun purchases from certain firearm retailers do not generate

more fatalities than purchases from another. It would be violated if consumers with

higher unobservable externalities ẽi (e.g., convicted felons determined to re-offend)

had a particular preference for purchasing from a specific retailer j (e.g., a retailer

willing to violate the law and sell them a handgun). It would be possible to relax this

assumption by including estimates of retailer shocks εijt in Equation (5) (e.g., Dubin

and McFadden 1984, Abdulkadiroğlu et al. 2020, Barahona et al. 2023, Einav et al.

2022).

3. Linear control function: The fatality residual from Equation (7) must be centered

around a linear function over the average time-varying preference component ξxzt −
αpxzpt at all values:

E

χ ∑
i:z(i)=z

ξx(i)zt − αpx(i)zpt

Mz

+ ω̃zt +
∑

i:z(i)=z

gitẽi
gzt

 = χ
∑

i:z(i)=z

ξx(i)zt − αpx(i)zpt

Mz

, almost everywhere.

A sufficient condition for linearity is tri-variate Normality of (ξxzt − αpxzpt, ω̃zt, ẽi)

(e.g., Heckman 1979, Petrin and Train 2010, Agarwal 2015). In the Normal case, the
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variance-covariance matrix provides an interpretation for the coefficient on the control

function:

χ =
SD(B)

SD(A)
Corr


A︷ ︸︸ ︷∑

i:z(i)=z

(ξx(i)zt − αpx(i)zpt)/Mz,

B︷ ︸︸ ︷
A+ ω̃zt +

∑
i:z(i)=z

gitẽi/gzt

 .

The assumption of linearity ensures that the fatality specification in Equation (5) is

correct. It would be possible to relax this assumption by conditioning on non-linear

functions of the time-varying preference ξxzt − αpxzpt. For instance, Tables OA.7 and

OA.8 include specifications in which this term enters with a different coefficient χx

for every demographic group x. It would also be possible to include other non-linear

functions, for instance a quadratic.

The assumption of a linear control function implies a distribution of the dependent vari-

able yzt/Mz with full support over the real line.61 Without bounds on the time-varying

components of demand ξxzt − αpxzpt, this assumption cannot hold for all potential realiza-

tions of the data. Since yzt is a count variable, it is bounded below at 0. To investigate

the implications of this assumption under the observed data, I place further distributional

assumptions on the fatality process from Equation (5).

Before specifying this more-restrictive model, I discuss an alternative two-stage least-

squares estimator that relaxes the assumption of full support. In particular, I construct

instruments for the level and composition of handgun ownership using the average inclusive

value
∑

i:z(i)=z Ix(i)zt(Θ̂) and its interaction with the preference fixed effect
∑

i:z(i)=z Ix(i)zt(Θ̂)×
ψ̂x(i)z. As I only specify two instruments, I seek only to estimate the externality intercept

µ̂ and the slope of externalities with respect to the unobservable preference ζν . Intuitively,

the inclusive value instrument shifts the level of handgun ownership (i.e., entry drives up

handgun ownership). The interaction changes the composition of handgun owners (i.e., en-

tries into areas where consumers generally like handgun purchase ψxz pulls in consumers

lower down the distribution of unobservable preferences ν̃i). These two dimensions of vari-

ation allow me to estimate the two target parameters µ̂ and ζ̂ν , under only the standard

conditions of instrument relevance and excludability, without imposing the additional three

assumptions discussed above (Wooldridge 2015). Table 5 shows that the two-stage least-

squares estimates match the signs of the control function estimates, though imply a steeper

relationship between unobservable preferences ν̃i and externalities ei.

Building intuition for the variation that identifies the externality parameters—µ and ζ—

61Conditional on the other regression coefficients allowing one ξxzt → ∞ implies yzt → ∞. The reverse is
true for ξxzt → −∞.
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retailer entry and exit alters the probability of consumer i’s handgun purchase according

to

log
Pit(q = 1; νi,Θ)

1− Pit(q = 1; νi,Θ)
= νi − αppt + ξxzt + ρ

≡Ixz(Θ)︷ ︸︸ ︷
log

∑
j∈Jzt

exp
(
δj − αdxzdij

)1/ρ
.

Where Ixz(Θ) is the inclusive value of consumer i’s conditional choice j|qit = 1 of firearm re-

tailer, summarizing the full vector of travel distances (di1t, . . . , di|Jz(i)t|), adjusted for retailer

quality δj. The information in Ixz(Θ) creates variation that helps to identify the externality

parameters Θe, relative to the more parsimoniously constructed net-entry instrument from

Section 3. In particular, Figure OA.9 shows that panel data variation in Ixz(Θ̂) is more pre-

dictive of variation in handgun ownership gzt/Mz than the net-entry instrument for Equation

(2) (Verboven and Yontcheva forthcoming). Comparing columns 1 and 2 of Table 3 shows

that both instruments—the inclusive value Ixz(Θ̂) and retailer net entry—imply similar ef-

fects of handgun ownership on fatalities, but estimates utilizing Ixz(Θ̂) are 50 percent more

precise. Table OA.6 shows similarly strong relationships between variation in the inclusive

value Ixz(Θ̂) and variation in the composition of handgun ownership Ezt[Hi|git = 1]. Of

course, these linear relationships only approximate the identifying variation produced by the

inclusive value Ixz(Θ̂), due to its non-linear effect on the probability of handgun purchase.

OA.3.6 A statistical model of fatalities

I specify an additively separable Poisson model of fatality counts yzt, separately for each cause

of death. The count of fatalities in a zip code-quarter absent licit handgun ownership is a

Poisson random variable with parameter Mz(κz + ηt + χ
∑

i:z(i)=z(ξx(i)zt − αpxzpt)/Mz + ω̃zt).

Separately, fatalities created and prevented by licit handgun owner i are Poisson random

variables—independent of each other and across consumers—with means gite
+
i and gite

−
i ,

respectively. When sufficiently many fatalities are expected to be prevented, through gite
−
i ,

total fatalities are censored below at 0, leading to the conditional distribution of fatality

counts

yzt
∣∣(g1t, . . . , gMzt) ∼ Pois

max

Mz(κz + ηt + χ
∑

i:z(i)=z

ξx(i)zt − αpx(i)zpt

Mz

+ ω̃zt) +
∑

i:z(i)=z

git

≡ei︷ ︸︸ ︷
(e+i − e−i ), 0


 .

This Poisson model shares the same conditional expectation function as the model in

Equation (5) in all zip code-quarters without censoring. Thus, sufficient conditions for the

validity of a linear control function on the support of my observed data are that (i) The above
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Poisson model is correctly specified and (ii) the process generating the observed data under

the above Poisson model is never censored. Recognizing that the no-owner Poisson mean

can never be negative, a sufficient condition to prevent censoring for the data generating

process is that the expected beneficial externalities from handgun ownership e−it are always

weakly lower than harmful externalities e+it in aggregate among all handgun owners each zip

code-quarter.

OA.3.7 Inference

I perform inference on estimates of model parameters separately for each step of the esti-

mation routine using asymptotic approximations. I currently do not adjust my estimates

of (ρ̂, Θ̂e) for first-step estimation error in (̂̃Θδ, ̂̃Θν), making my variance estimates of these

parameters anti-conservative. I expect that adjusting for first-step estimation variance will

be negligible in practice given that the number of observations in my data far exceeds the

number of model parameters. I do adjust my variance estimates of ρ̂ and Θ̂e for clustering

by zip code, analogous to the descriptive analysis of Section 3.

Currently, I am working on implementing a Bayesian Bootstrap procedure to permit

jointly valid inference on all parameters Θ.

81



Table OA.1: Effect of 100 Licit Handgun Owners on Yearly Fatalities

IV IV
OLS

Sample

Net entry Model-based Mean

(1) (2) (3) (4)

Panel A: Homicides

Firearm
0.159 0.137 0.101

1.120
(0.056) (0.031) (0.012)

Non-gun
0.029 0.026 0.007

0.431
(0.025) (0.012) (0.004)

All
0.188 0.164 0.107

1.551
(0.059) (0.036) (0.013)

Panel B: Suicides

Firearm
0.042 0.050 0.044

1.090
(0.045) (0.016) (0.009)

Non-gun
0.023 0.041 0.025

1.692
(0.054) (0.024) (0.010)

All
0.065 0.091 0.069

2.782
(0.072) (0.029) (0.015)

Panel C: Handguns (Average year with +1 retailer)

Owners (first-stage)
277.2

890
(38.6)

Purchases
60.6

283.8
(6.3)

Zip code FE Y Y Y

Quarter FE Y Y Y

First-stage F 51.67 331.85

Zip code clusters 1, 304 1, 304 1, 304

Zip code-quarters 57, 376 57, 376 57, 376 57, 376

Estimate, (SE)

Panels A and B present the effect of 100 handgun owners on yearly fatalities, computed as 4×100×µ
using the specification of Equation (2). Values in Panels A and B are estimated by regressing
fatalities per capita on handgun owners per capita, using a panel of zip code-quarter observations.
Columns 1–2 are estimators of this effect using instruments based on (1) retailer net entry from
Section 3.3 and (2) the Inclusive Value

∑
i:z(i)=z Ix(i)zt/Mz discussed in Section 4.4. Column 3 is

OLS. Column 4 is the sample mean. Panel C presents the effect of firearm retailers’ net entry on
handgun ownership and handgun purchasing. Values are estimated by regressing handgun owners
per capita or handgun purchases per capita on the count of firearm retailers in a zip code-quarter,
using a panel of zip code-quarter observations. Panel C scales these regression estimates by 4
times the average zip code population E[Mz], to report estimates for the average zip code in the
average year following a net entry. Row 1 of Panel C is the first-stage regression used for the IV
in Column (1) of Panels A and B, and all panels present comparable scalings of the regression
coefficients. Standard errors are clustered by zip code. Estimates in Columns 1–3 weighted by zip
code population Mz. Sample mean in Column 4 unweighted.
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Table OA.2: Effect of Handgun Ownership on Non-Fatal Criminal Incidents

Criminal Incidents

Property Violent, non-fatal

(1) (2) (3) (4)

100 Handgun owners −12.48 −19.89 5.62 3.07
(14.48) (16.01) (3.17) (3.31)

Depvar Mean 18741 18741 3023 3023
Gun owners Mean 20724 20724 20724 20724
Instrument #GunRetailers Inclusive Value #GunRetailers Inclusive Value
First-stage F 23 36 23 36
County FE Y Y Y Y
Year FE Y Y Y Y
Clusters 56 56 56 56
Observations 616 616 616 616

Table shows effect of handgun ownership on non-fatal criminal incidents. Regression specification is analogous to Equation (2).
Instrument is predicted change in handgun ownership by county-year predicted from retailer net entry within the county, as
described in Section OA.2. Standard errors clustered by county. All estimates weighted by county population.
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Table OA.3: Effect of 1 Licit Handgun Owner on Quarterly Fatalities, Alternate Specifica-
tions

Owners Homicide Suicide

Panel A: IV = #GunRetailersz,t

IV
0.003 0.0005 0.0002

(0.0004) (0.0001) (0.0002)

IV + county-quarter FE
0.001 0.0005 0.00003

(0.0003) (0.0003) (0.0004)

IV + county-quarter FE + zip-year controls
0.001 0.0005 -0.00003

(0.0003) (0.0003) (0.0004)

IV + zip-trend
0.0003 0.004 -0.002

(0.0002) (0.003) (0.003)

Panel B: IV =
∑t
t′=1 #GunRetailersz,t′ −#GunRetailersz,1

IV
0.0002 0.0004 0.0002

(0.00004) (0.0002) (0.0002)

IV + county-quarter FE
0.0001 0.0005 0.0003

(0.00003) (0.0004) (0.0004)

IV + county-quarter FE + zip-year controls
0.0001 0.0005 0.0002

(0.00003) (0.0004) (0.0004)

IV + zip-trend
0.0002 0.0001 -0.001

(0.00002) (0.0004) (0.0005)

Zip code FE Y Y Y

Quarter FE Y Y Y

Zip code clusters 1, 304 1, 304 1, 304

Zip code-quarters 57, 376 57, 376 57, 376

Estimate, (SE)

Table shows effect of handgun ownership on quarterly fatalities from alternate specifications. Column 1 is the first stage effect
of the IV on handgun owners per capita. Column 2 is the IV estimate on homicide fatalities. Column 3 is the IV estimate on
suicide fatalities. Panel A uses the IV developed in Section 3. Panel B uses an alternate instrument developed in Appendix
OA.2, defined as the rolling sum of the change in the number of handgun retailers in operation during a zip code-quarter,
relative to the zip code’ first quarter of data.
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Table OA.4: Heterogeneity in the Effect of 100 Handgun Owners on Quarterly Fatalities

Homicide Suicide

All Firearm Non-gun All Firearm Non-gun

(1) (2) (3) (4) (5) (6)

µ −0.2713 −0.2618 −0.0095 −0.0517 −0.0421 −0.0096

(0.0443) (0.0400) (0.0170) (0.0504) (0.0358) (0.0345)

ζinc −0.0048 −0.0036 −0.0012 0.0034 0.0021 0.0013

(0.0020) (0.0016) (0.0010) (0.0030) (0.0020) (0.0023)

ζden −0.0040 −0.0044 0.0004 −0.0052 −0.0023 −0.0029

(0.0025) (0.0021) (0.0011) (0.0032) (0.0021) (0.0025)

ζcrime 0.0017 0.0012 0.0004 0.0003 0.0005 −0.0002

(0.0012) (0.0010) (0.0006) (0.0017) (0.0013) (0.0013)

ζmale 0.3022 0.2844 0.0178 0.0459 0.0533 −0.0074

(0.0487) (0.0451) (0.0162) (0.0511) (0.0364) (0.0366)

ζ<30 0.1047 0.1083 −0.0036 0.0630 0.0100 0.0530

(0.0351) (0.0325) (0.0142) (0.0444) (0.0297) (0.0346)

ζwhite 0.0624 0.0562 0.0063 0.0096 0.0051 0.0045

(0.0132) (0.0112) (0.0052) (0.0107) (0.0080) (0.0094)

χ −0.0421 −0.0338 −0.0083 0.0045 0.0036 0.0009

(0.0163) (0.0157) (0.0066) (0.0188) (0.0119) (0.0139)

χmale −0.0246 −0.0220 −0.0027 0.0054 0.0017 0.0037

(0.0047) (0.0046) (0.0016) (0.0042) (0.0025) (0.0030)

χ<30 −0.0052 −0.0055 0.0003 −0.0030 0.0002 −0.0032

(0.0024) (0.0023) (0.0007) (0.0018) (0.0011) (0.0016)

χwhite −0.0059 −0.0058 −0.0002 −0.0018 0.0003 −0.0021

(0.0019) (0.0019) (0.0008) (0.0017) (0.0010) (0.0015)

Zip code FE Y Y Y Y Y Y

Quarter FE Y Y Y Y Y Y

Zip code clusters 1,304 1,304 1,304 1,304 1,304 1,304

Zip code-quarters 57,079 57,079 57,079 57,079 57,079 57,079

Table shows effect of handgun ownership on fatalities per capita by cause of death accounting for
observable heterogeneity across consumers, as described in Section 3.4. Standard errors from a
Bayesian Bootstrap of zip codes. All estimates weighted by zip code population. Observations
differ from Table 3 as some zip code-quarters do not have certain control variables available.
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Table OA.5: Parameters governing disutility from travel distance

Mean SD P10 P90 #Values

(1) (2) (3) (4) (5)

α age
1 0.01 1

α age
2 0.005 1

α age
4 0.02 1

α age
5 0.07 1

α race
asian -0.11 1

α race
black -0.07 1

α race
hispanic 0.01 1

α race
other -0.05 1

α gender
female 0.03 1

α inc
1 0.08 1

α inc
2 0.01 1

α inc
4 0.02 1

α inc
5 -0.004 1

α sq.mi
1 -0.04 1

α sq.mi
2 -0.05 1

α sq.mi
4 0.14 1

α sq.mi
5 0.12 1

α den
1 -0.16 1

α den
2 -0.12 1

α den
4 0.06 1

α den
5 0.12 1

αcty -2.96 0.28 -3.40 -2.66 58

Purchase observations 2, 765, 428

Value, (SE)

Table shows parameters that govern consumer disutility from travel distance αdxz in Equation (4).
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Table OA.6: Isolating variation in the level and composition of handgun ownership using variation in firearm retail

Owners/Pop ×Inc ×Den ×Crime ×Male ×Young ×White ×gi0 ×ψxz ×E[ν̃i|git = 1]

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Ezt[Ixzt] 0.0185 0.0104 −0.0119 −0.0176 0.0146 0.0055 0.0162 0.0382 −0.1557 0.0236

(0.0009) (0.0013) (0.0015) (0.0027) (0.0007) (0.0003) (0.0009) (0.0018) (0.0076) (0.0011)

Ezt[ξxzt] 0.0055 0.0079 −0.0015 −0.0036 0.0045 0.0015 0.0049 0.0118 −0.0522 0.0072

(0.0004) (0.0005) (0.0006) (0.0007) (0.0003) (0.0001) (0.0004) (0.0008) (0.0035) (0.0005)

Zip code FE Y Y Y Y Y Y Y Y Y Y

Quarter FE Y Y Y Y Y Y Y Y Y Y

Zip code clusters 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304

Zip code-quarters 57,079 57,079 57,079 57,079 57,079 57,079 57,079 57,079 57,079 57,079

Estimate (SE)

Table shows regression of the right-hand side variables in root (R7) on the average estimated inclusive value of consumer’s

marginal retailer choice Ixzt from Section 4.4 and on the average estimated demand shock ξxzt. All regressions include fixed

effects by zip code and quarter. Standard errors adjusted for clustering by zip code.
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Table OA.7: Estimated homicide externality parameters 100×Θe

Firearm Non-gun

Control function 2SLS Control function 2SLS

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

µ −0.3166 −0.2962 −0.2666 −0.1191 −0.3033 −0.0249 −0.0245 −0.0169 −0.0156 −0.0643

(0.0487) (0.0485) (0.0555) (0.0229) (0.1357) (0.0191) (0.0194) (0.0240) (0.0097) (0.0482)

ζinc −0.0017 −0.0009 0.0005 −0.0007 −0.0007 −0.0011

(0.0018) (0.0018) (0.0020) (0.0010) (0.0010) (0.0013)

ζden −0.0049 −0.0053 0.0016 0.0009 0.0008 0.0023

(0.0022) (0.0022) (0.0023) (0.0011) (0.0011) (0.0012)

ζcrime 0.0012 0.0011 0.0117 0.0004 0.0005 0.0012

(0.0010) (0.0010) (0.0040) (0.0006) (0.0006) (0.0019)

ζmale 0.1466 0.1219 0.1497 −0.0048 −0.0041 −0.0181

(0.0357) (0.0348) (0.0432) (0.0150) (0.0153) (0.0192)

ζ<30 0.0562 0.0675 −0.0149 0.0100 0.0097 0.0022

(0.0192) (0.0194) (0.0199) (0.0100) (0.0103) (0.0119)

ζwhite 0.0589 0.0607 0.0724 0.0084 0.0090 0.0144

(0.0106) (0.0115) (0.0152) (0.0045) (0.0050) (0.0064)

ζg0 −0.1749 −0.1702 −0.1338 0.0562 0.0512 0.0470

(0.0553) (0.0545) (0.0513) (0.0281) (0.0282) (0.0291)

ζψ −0.0004 −0.0003 0.0032 0.0003 0.0005 0.0004

(0.0017) (0.0017) (0.0025) (0.0010) (0.0010) (0.0016)

ζν 0.1250 0.1210 0.1064 0.1171 0.2641 0.0186 0.0184 0.0198 0.0143 0.0556

(0.0211) (0.0208) (0.0204) (0.0200) (0.1113) (0.0087) (0.0089) (0.0096) (0.0081) (0.0395)

χ 0.0002 0.0002 −0.00002 −0.00003

(0.0001) (0.0001) (0.00003) (0.00003)

Zip code FE Y Y Y Y Y Y Y Y Y Y

Quarter FE Y Y Y Y Y Y Y Y Y Y

County-Quarter FE Y Y

Zip-Quarter Controls Y Y

χx Y Y Y Y

Instrument d⃗it d⃗it d⃗it d⃗it (1, ψz)
⊤Izt d⃗it d⃗it d⃗it d⃗it (1, ψz)

⊤Izt

Zip code clusters 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304

Zip code-quarters 57,079 57,079 56,420 57,079 57,079 57,079 57,079 56,420 57,079 57,079

Estimated externality parameters from Equations (5) and (6). Columns 1–5 use firearm homicide as cause of death. Columns
6–10 use non-gun homicide as cause of death. Columns 1, 4, 6, and 9 use the control function estimator developed in Section 4,
in which travel distances from consumers to retailers d⃗z(i)t = (di1t, . . . , diJt) operates as an excluded instrument. Columns 2,
3, 6, and 7 use the same control function, adding controls for demographic-zip code-quarter shocks ϕxt + ξzt + φxzt. Columns
3 and 7 add further controls for fixed effects by county-quarter and controls for time-varying observable characteristics of a
zip code (which are missing in 659 zip code-quarters). Columns 5 and 10 use an alternative two-stage least-squares estimator
with instruments Izt =

∑
i:z(i)=z Ix(i)z/Mz and Izt ×

∑
i:z(i)=z ψx(i)z/Mz , as discussed in Appendix OA.3. Standard errors

clustered by zip code. All estimates weighted by zip code population.
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Table OA.8: Estimated suicide externality parameters 100×Θe

Firearm Non-gun

Control function 2SLS Control function 2SLS

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

µ −0.0028 −0.0024 −0.0049 0.0342 0.0111 −0.0357 −0.0208 −0.0187 −0.0039 −0.2300

(0.0455) (0.0466) (0.0518) (0.0224) (0.0723) (0.0428) (0.0435) (0.0520) (0.0233) (0.0951)

ζinc 0.0025 0.0032 0.0036 0.0003 0.0010 −0.0002

(0.0021) (0.0022) (0.0023) (0.0024) (0.0025) (0.0025)

ζden −0.0013 −0.0013 −0.0012 −0.0026 −0.0030 −0.0021

(0.0023) (0.0023) (0.0027) (0.0024) (0.0024) (0.0027)

ζcrime 0.0003 0.0004 0.0006 0.0001 0.0001 0.0016

(0.0012) (0.0012) (0.0035) (0.0013) (0.0013) (0.0042)

ζmale 0.0609 0.0574 0.0902 −0.0093 −0.0201 −0.0531

(0.0338) (0.0349) (0.0422) (0.0351) (0.0362) (0.0433)

ζ<30 0.0124 0.0163 0.0081 0.0291 0.0319 0.0229

(0.0209) (0.0217) (0.0248) (0.0235) (0.0246) (0.0269)

ζwhite 0.0038 0.0050 0.0016 0.0078 0.0045 0.0150

(0.0085) (0.0090) (0.0107) (0.0096) (0.0103) (0.0125)

ζg0 0.1124 0.1125 0.1064 0.1742 0.1710 0.1759

(0.0596) (0.0597) (0.0606) (0.0660) (0.0662) (0.0661)

ζψ 0.0012 0.0012 0.0037 −0.0006 −0.0004 −0.0033

(0.0022) (0.0023) (0.0030) (0.0022) (0.0022) (0.0031)

ζν −0.0273 −0.0258 −0.0252 −0.0188 0.0017 0.0198 0.0184 0.0093 0.0084 0.1906

(0.0191) (0.0195) (0.0201) (0.0176) (0.0583) (0.0203) (0.0206) (0.0214) (0.0189) (0.0779)

χ −0.00001 0.00001 0.00002 0.00002

(0.0001) (0.00005) (0.0001) (0.0001)

Zip code FE Y Y Y Y Y Y Y Y Y Y

Quarter FE Y Y Y Y Y Y Y Y Y Y

County-Quarter FE Y Y

Zip-Quarter Controls Y Y

χx Y Y Y Y

Instrument d⃗it d⃗it d⃗it d⃗it (1, ψz)
⊤Izt d⃗it d⃗it d⃗it d⃗it (1, ψz)

⊤Izt

Zip code clusters 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304 1,304

Zip code-quarters 57,079 57,079 56,420 57,079 57,079 57,079 57,079 56,420 57,079 57,079

Estimated externality parameters from Equations (5) and (6). Columns 1–4 use firearm suicide as cause of death. Columns
5–8 use non-gun suicide as cause of death. Columns 1, 4, 6, and 9 use the control function estimator developed in Section 4,
in which travel distances from consumers to retailers d⃗z(i)t = (di1t, . . . , diJt) operates as an excluded instrument. Columns 2,
3, 6, and 7 use the same control function, adding controls for demographic-zip code-quarter shocks ϕxt + ξzt + φxzt. Columns
3 and 7 add further controls for fixed effects by county-quarter and controls for time-varying observable characteristics of a
zip code (which are missing in 659 zip code-quarters). Columns 5 and 10 use an alternative two-stage least-squares estimator
with instruments Izt =

∑
i:z(i)=z Ix(i)z/Mz and Izt ×

∑
i:z(i)=z ψx(i)z/Mz , as discussed in Appendix OA.3. Standard errors

clustered by zip code. All estimates weighted by zip code population.
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STATE OF CALIFORNIA                                                                                                                                                                                                                                                       DEPARTMENT OF JUSTICE
 BOF 929 (Rev. 01/2014) Page 1 of 1

CALIFORNIA DEPARTMENT OF JUSTICE 
BUREAU OF FIREARMS 

Dealer's Record of Sale (DROS) Worksheet
CFD No.: DROS No.:

Transaction Information
Transmission Date: Transmission Time: Delivery Date: Delivery Time: Gun Show Transaction

Yes No

Firearm Type:

Handgun

Long Gun

Transaction Type:  (All but "Dealer Sale" cert-list exempt)

Dealer Sale

Loan

Private Party Transfer 

Pawn/Consignment Return

Curio/Relic/Olympic/Other Exempt 

Peace Officer 

 
COLLECTOR STATUS (curio/relic only) 
Enter COE Number:

 
 
SPECIAL WEAPONS PERMIT 
Enter Type and Permit Number. 
(does not include CCW permit) 

 
CA FIREARMS DEALER 
Enter CFD Number:

 
PEACE OFFICER STATUS 
(must have agency letter)

Transaction exempt from 1 
handgun per  
30 day limit.

Waiting Period Exemptions
Purchaser claims the following waiting period exemption pursuant to Penal Code sections 26950 through 26970 and 27650 through 27670.

Permit Type

Permit Number

Firearm Information
Make: (Colt, Remington, etc.) Model: (Commander, 870, etc.) Caliber(s): Barrel Length: Serial Number: Other Number: (if different)

Firearm Type:

Long Gun

Handgun

If Long Gun:

Rifle

Shotgun

If Handgun:

Revolver

Single Shot

Semi-Auto

Derringer:

Other:

Frame Only:

No

Yes

New Firearm:

No

Yes

Firearm Origin: (USA, Italy, etc.) Firearm Color: (Black, Green, Silver, etc.) Comments:

Purchaser Information
First Name: Middle Name: Last Name: Suffix:

Alias First Name: Alias Middle Name: Alias Last Name: Alias Suffix:

Street Address: City: Zip Code:

One of the following forms of identification is required to legally purchase firearms in California: California driver license (CDL), California ID (CID) card issued by the DMV, or Military ID (MID) for active duty 
military accompanied by permanent duty station orders indicating that the purchaser is stationed in California.
ID Type: (check one)

CIDCDL MIL
ID Number: US Citizen:                        If NO, enter Alien Registration or I-94 Number and Country of Citizenship

Yes No
Alien Registration or I-94 Number Country of Citizenship

Telephone Number: 
(                  ) 

Date of Birth: (mm/dd/yyyy) Place of Birth: Race:

Sex: Height: Weight: Hair Color: Eye Color: HSC Number or Exemption Code: (handguns only)

Yes No Has purchaser ever been convicted of a felony or of any offense specified in Penal Code sections 23515 and 29905, or convicted of assault, battery, or other misdemeanor offense specified 
in Penal Code section 29805 in the last 10 years?

Yes No Is purchaser a danger/threat to self or others pursuant to Welfare and Institutions Code section 8100, or a person who has been admitted to a mental health facility as a danger to self or 
others pursuant to Welfare and Institutions Code sections 5150 through 5152 within the past 5 years?

Yes No Has purchaser ever been adjudicated by a court to be a danger to others, found not guilty by reason of insanity, found incompetent to stand trial, or placed under a conservatorship, 
pursuant to Welfare and Institutions Code section 8103?

Yes No Is purchaser currently the subject of any restraining order pursuant to Family Code section 6380?

I declare under penalty of perjury under the laws of 
the State of California that the foregoing is true and correct. 

Signature of Purchaser Date

Private Party Transfer (Seller Information)
First Name: Middle Name: Last Name: Suffix:

Street Address: City: Zip Code:

ID Type: (check one)
CIDCDL MIL

ID Number: US Citizen:              If NO, enter Alien Registration or I-94 Number and Country of Citizenship:
Yes No

Alien Registration or I-94 Number Country of Citizenship
Date of Birth: (mm/dd/yyyy) Place of Birth: Race: Sex: Height: Weight: Hair Color: Eye Color:

I declare under penalty of perjury under the laws of 
the State of California that the foregoing is true and correct. 

Signature of Seller Date
Dealer Information
Firearm Safety Device Description and/or Comments:

(                  ) 
Telephone Number: 

Sales Person Printed Name and COE Number if Issued:

Signature of Salesperson Date

I declare under penalty of perjury under the laws of 
the State of California that the foregoing is true and correct. 

Falsification of information on this form is a crime, punishable by up to 18 months in state prison. (Pen. Code, § 28250.) 

Figure OA.1: Handgun Transfer Form Completed by Firearm Retailers
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Figure OA.2: Dates of Firearm Retailer Entry, Administratively and in Data

Figure shows entry dates across firearm retailers in my sample. Administrative creation
dates are based on permits from the CA DOJ. Data-based entry dates are the date of a
firearm retailer’s first recorded transaction in the DROS data, and the dates used in my
analysis.
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Figure OA.3: Market expansion from firearm retailer first entries. Estimation via two-way
fixed effects

Figure presents the effect of a firearm retailer’s entry on handgun transactions in the entered zip
code. Darker circles use my preferred estimator (Borusyak et al. 2024) of Equation (1). Lighter
squares estimate the same model via two-way fixed effects. Horizontal axis is periods from the
retailer entry, with pre- and post-entry separated by the thick vertical line. Vertical axis is the
effect on handgun purchases per capita βt′ scaled by the average zip code’s population in California.
Data for model fitting is restricted to zip code-periods that are either within three years of the entry
of their first firearm retailer or that never have an operational firearm retailer during my sample.
To remove composition bias, effects are calculated for first entry events with three years of data
fully observed before and after the quarter of entry. Points are point estimates and intervals are
95-percent pointwise confidence intervals computed from a Bayesian bootstrap of zip codes.
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Figure OA.4: Effects of firearm retailer entries on handgun purchases. Heterogeneity by
pre-entry market structure

Figure presents the effect of a firearm retailer’s entry on handgun purchases in the entered zip code. Panel
A reproduces the effect of a first-entrant from Panel A of Figure 1. Panel B presents effects for subsequent
entrants, using zip code-periods with at one least firearm retailer in operation. Both panels present estimates
of market expansion (darker circle, handgun purchases from any retailer in California) and only at the
entering firearm retailer (lighter square). Horizontal axis is periods from the retailer entry, with pre- and
post-entry separated by the thick vertical line. Vertical axis is the effect on handgun purchases per capita βt′ ,
scaled by the average zip code’s population in California. To remove composition bias, effects are calculated
for entry events with data fully observed before and after the period of entry. Points are point estimates and
intervals are 95-percent pointwise confidence intervals computed from a Bayesian bootstrap of zip codes.
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Figure OA.5: Effect of first retailer entry on handgun purchases at different distances from
the entered zip code

Figure presents the effect of a first firearm retailer’s entry on handgun purchases in zip
codes different distances away. Panel A reproduces the within zip code effects from Panel
A of Figure OA.7, excluding never-entered zip code t′ = −∞ from the sample. Panels
B–D show effects using the same design for zip codes whose centroid is (0,5], (5,10], (10,15]
miles from the zip code centroid of the entering firearm retailer, respectively. All panels
present estimates of market expansion (darker circle, handgun purchases from any retailer
in California) and only at the entering firearm retailer (lighter square). Horizontal axis is
periods from the retailer entry, with pre- and post-entry separated by the thick vertical line.
Vertical axis is the effect on handgun purchases per capita βt′ , scaled by the average zip code’s
population in California. To remove composition bias, effects are calculated for entry events
with data fully observed before and after the period of entry. Points are point estimates and
intervals are 95-percent pointwise confidence intervals computed from a Bayesian bootstrap
of zip codes.
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Figure OA.6: Effects of firearm retailer exits on handgun purchases

Figure presents the effect of a firearm retailer’s exit on handgun transactions in the exited zip code. Panel A
uses the specification from Figure 1, where pure controls are zip codes with at least one firearm retailer and
no net entry during the sample. Panel B uses the specification from Figure OA.7, in which only zip code that
experience an exit are used in estimation. Panel B uses a shorter 2-year bandwidth around exits to increase
the sample of zip code-quarters available for estimation. Both panels present estimates of market contraction
(darker circle, handgun purchases from any retailer in California) and only at the exiting firearm retailer
(lighter square). Horizontal axis is periods from the retailer entry, with pre- and post-entry separated by the
thick vertical line. Vertical axis is the effect on handgun purchases per capita βt′ , scaled by the average zip
code’s population in California. To remove composition bias, effects are calculated for exit events with data
fully observed before and after the period of exit. Points are point estimates and intervals are 95-percent
pointwise confidence intervals computed from a Bayesian bootstrap of zip codes.
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Figure OA.7: Effects of firearm retailer entries on handgun purchases. Removing never-
entered zip codes

Figure presents the effect of a firearm retailer’s entry on handgun purchases in the entered zip code. Estima-
tion samples further restrict those of Section 3.1 by including only zip code-quarters with at least one retailer
entry (i.e., excluding never-entered zip codes). Panels A and B present effects using different specifications of
an event (first entrants v. first or subsequent entrants), period length (one v. two quarters), and the number
of years before and after entry (three years v. two years). Both panels present estimates of market expansion
(darker circle, handgun purchases from any retailer in California) and only at the entering firearm retailer
(lighter square). Horizontal axis is periods from the retailer entry, with pre- and post-entry separated by the
thick vertical line. Vertical axis is the effect on handgun purchases per capita βt′ , scaled by the average zip
code’s population in California. To remove composition bias, effects are calculated for entry events with data
fully observed before and after the period of entry. Points are point estimates and intervals are 95-percent
pointwise confidence intervals computed from a Bayesian bootstrap of zip codes.
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Panel A: Lagged homicide fatalities
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Panel B: Lagged handgun purchases

Figure OA.8: Lagged variables do not predict firearm retailer entry or exit

Figure shows coefficients from regressions of indicators for retailer entry or exit in a zip
code-quarter on lagged variables over the previous 16 quarters and fixed effects for zip code
and quarter. Panel A uses lags of a binary indicator for the occurrence of a homicide fatality.
Panel B uses lags for the count of handgun purchases per capita. Series are point estimates.
Bands are 95-percent confidence intervals, adjusted for clustering by zip code. R2 from
the regression includes fixed effects. F -statistic excludes fixed effects and is adjusted for
clustering. Horizontal lines are probabilities of retailer entry and exit in the average zip code
quarter.
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Figure OA.9: Instrumenting for Handgun ownership with the Entry and Exit of Firearm
Retailers

Figure shows residualized binned scatterplots between handgun ownership per capita within
a zip code-quarter and changes in firearm retail. Red measures changes in firearm retail
using the the count of firearm retailers within a zip code, as in Section 3. Blue measures
changes in firearm retail using the inclusive value from consumer i’s marginal retailer choice
problem Ixt(d⃗z(i)t; Θ), averaged over all consumers in a zip code, as in Section 4. All statistics
are calculated on the full set of zip codes, condition on two-way fixed effects by zip code and
quarter, weight by zip code adult population, and adjust for clustering at the zip code level.
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Figure OA.10: Effects of handgun ownership on fatality outcomes

Figure shows the effect of handgun ownership on several fatality outcomes. Panels are es-
timators for the effect of handgun ownership on fatalities. Left panel (IV) corresponds to
the estimator for Column 1 of Table 3. Right panel (OLS) corresponds to the estimator for
Column 3 of Table 3. Horizontal axis is the estimated effect of adding 100 handgun own-
ers on fatality counts, relative to the number of fatalities in the average zip code-quarter.
Vertical axis is cause fatality. Firearm fatalities (red, circle) and non-gun fatalities (blue,
upward triangle) are defined in Section 2. Placebo outcomes (gray, downward triangle)
are defined by ICD10 codes: Perinatal (P00–P96), Skin cancer (C43–C44), Fertility-related
(O00-O94, O9A), Traffic accidents (V00–V89), Congenital malformations (Q00–Q99), In-
fectious or parasitic diseases (A00–B99), Fire or natural cataclysm (X00–X08, X30–X39),
Drowning (W16, W65–W74), Ischemic heat disease (I20–I25), Diabetes (E08–E13), Pneu-
monia (J12–J18), Non-hodgkin lymphoma (C85), Colon cancer (C18), Lung cancer (C34),
Influenza (J08–J11).
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Figure OA.11: Handgun demand around the Sen Bernardino mass shooting event

Figure shows the distribution of the estimated demand shock ξxzt around the San Bernardino
mass shooting event. Areas near the shooting are in the Inland Empire counties of San
Bernardino and Riverside. Quarter of shooting is 2015Q4. Quarter before shooting is
2015Q3.
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Figure OA.12: Effect of travel distance on handgun purchasing and ownership

Figure shows percent changes in handgun purchasing and ownership from increasing travel
distance dijt between all consumers and retailers, as implied by my estimated preference

parameters (Θ̂ν , Θ̂δ, λ̂). Purchase probability at alternative travel distances is calculated
according to the choice probabilities in Appendix OA.3 and averaged across the estimated
distribution of indirect utility uit within each zip code-quarter.
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Figure OA.13: Full distribution of preferences and externalities in California’s legal handgun
market

Figure presents allocative efficiency from consumer choice in handgun markets when gi,t−1 =
0. Horizontal axis is private surplus from purchase. Vertical axis is expected quarterly
external costs of handgun ownership. Downward sloping line has slope of -1 and intersects
the vertical axis at the value of tax revenue generated by handugn purchase. Points are
consumers in California’s average quarter. Solid line is the conditional expectation function
in this space, estimated via kernel regression with a bandwidth of 5 and a Logistic. Light lines
are quantiles 25 and 75, while dotted lines are quantiles 10 and 90, all computed under the
same kernel and bandwidth. Marginal value of public funds is 1, marginal value of a homicide
fatality is 8, 500, 000 × (8/442), marginal value of a suicide fatality is 1, 500, 000 × (8/442),
and the tax is 600× 0.0875, described in Section 4.

102



Alameda

Contra CostaLake

Los Angeles

Marin

Mono

MontereyNapaOrange

Riverside

San Diego

San Francisco

San MateoSanta Barbara
Santa Clara

Santa Cruz

Sonoma

Yolo

0

1000

2000

3000

4000

5000

0.3 0.4 0.5 0.6 0.7 0.8
Deomcratic vote share in 2008 election

O
pt

im
al

 c
ou

nt
y 

ta
x

Population (m) a a a2 4 6

Panel A: Democratic vote share and county optimal taxes
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Panel B: Democratic vote share and the effect of city-wide bans

Figure OA.14: Correlation of handgun regulations and Democratic vote share

Figure shows the relationship between a zip code’s Democratic vote share in 2008 and hetero-
geneous regulations on the handgun market. Panel A shows the county-specific optimal rate
on handgun purchase that maintains the same drop in consumer surplus from California’s
2024 tax, as in Panel A of Figure 6. Panel B shows the price implied by a city-wide ban
from Figure OA.15, using the vote share from all zip codes that cross the city’s borders.
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Figure OA.15: Retailer bans and optimal taxes on handgun purchase across California’s
cities

Figure presents the taxes on handgun purchase that optimize various policy objectives in
California’s 20 largest cities and Palo Alto. Points are cities. Horizontal axis is purchase
quantity from 2005–2015, as a percent of the regulatory status quo. Vertical axis is the dollar
increase in the handgun purchase price. Panels are different policies, with all policies in Panel
A. Triangle (upward) maximizes welfare (weighting fatalities by San Jose’s estimated fiscal
cost), Square maximizes consumer surplus and the social value of tax revenue, less buyback
cost. Diamond maximizes tax revenue. Triangle (downward) maximizes welfare (using the
weighting on fatalities revealed by California’s 2024 tax on handgun purchase). Circle is the
tax-purchase quantity pair that implements the same changes in purchases as a city-wide
ban on the operation of firearm retailers. See Sections 5.2 and 6.1 for details.
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Figure OA.16: The effects of firearm retailer bans and optimal tax rates by city

Figure shows the relationship between the effect of a city-wide firearm retailer ban and the
optimal optimal citywide tax on firearm purchase. Horizontal axis is the effect of a retailer
ban, measured as the price increase required to induce the same drop in handgun purchases
as a retailer ban, following Figure OA.15. Vertical axis is the population-weighted average
tax rate on handgun purchase that arises from maximizing statewide welfare subject to not
harming statewide consumer surplus more than California’s 2024 tax, as in Figure 6.
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