
Regulating Firearm Markets: Evidence from California

Adam M. Rosenberg

1 / 23



Guns in the US

• Preferences: Consumers value gun purchase

• 1/3 households owns, >$1b sales each year

• Durability: Purchase today → Own in future

• 1/2 gun owners have not purchased in last 5 years (Azrael et al. 2017)

• Externalities: “Firearm injuries are a serious public health problem” (CDC)

• >100k gun injuries each year, 1/3 fatal

• Market regulation: Little evidence

• CA 2024 gun sales tax. Doubles 1918 federal rate

• Others: Local tax (San Jose), Store ban (Chicago), Min age (21, 30), Buyback (popular)
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Market regulation affects gun purchases on the margin → Ambiguity plot

• Preferences/Durability: How many gun purchases are on the margin? Owners?

3/4 owners could never see 
themselves not owning a gun.

Millions of first-time buyers 
during covid. Up 67 percent.

Consumer are price inelastic. 
[But] first-time firearms 
purchasers are more price 
sensitive. (Moshary et al. 2024)

Small margin Large margin Maybe margin

• Externalities: Do marginal gun purchases harm public health?

Criminals … obtain their firearms 
through illegal channels.
Laws only affect law-abiding people.

Cohabitants of handgun [buyers] 
were more … likely to die by 
homicide [than] neighbors ... in 
gun-free homes. 

Existing research studies … do not credibly 
demonstrate a causal relationship between 
... firearms and ... violence.
There are virtually no … data series on 
firearms markets.

No harm Large harm Maybe harm
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This paper

How do preferences, durability, and externalities determine the impacts of gun policy?

• Admin data on CA handgun purchases, firearm retailers, and fatality outcomes

• Document facts of gun purchases marginal to entry/exit of gun retailers

Entry →Gun sales up 30%︸ ︷︷ ︸
Marginal purchases

& Gun owners up 12%︸ ︷︷ ︸
Marginal owners

→ Homicides up 13%︸ ︷︷ ︸
Negative externalities

Heterogeneity →Higher Utility ⇔ Costlier Externality︸ ︷︷ ︸
Adverse selection

• Build model of gun demand in which durable gun ownership affects fatalities
Entry →Gun sales up 20%︸ ︷︷ ︸

Marginal purchases

& Gun Ownership up 2%︸ ︷︷ ︸
textMarginalowners

→ Fatalities︸ ︷︷ ︸
Negative externalities

Heterogeneity →Higher willingness to pay ⇔ Costlier externality → Adverse selection

• Analyze counterfactual taxes and regulations for CA handgun market

Policy CA 2024 tax Optimal tax Local tax Store ban Min age Buyback

Effect Max revenue Very high Targeting gain Mis-target Efficient Under-priced
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Literature & Contributions

• Firearm markets: Koper and Roth (2002), Bice and Hemley (2002), Knight (2013), Brauer (2013),

Depetris-Chauvin (2015), Studdert et al (2017), Balakrishna and Wilbur (2021), McDougal et al (2023),

Moshary et al (forthcoming), Armona and Rosenberg (2024), Bollman et al (2025)

• Estimate demand via revealed preference, joint with public health

• Firearms, public health, and policy: Krug (1968), Zimring (1968), Lott and Mustard (1997),

Duggan (2001), Lang (2013, 2016), Levine and Mcknight (2017), Studdert et al (2020, 2022), Miller et al

(2022) Koenig and Schindler (2023), RAND (2018), Smart et al (2021, 2023)

• Retailer entry as instrument for ownership

• Externalities in product markets: Pigou (1920), Buchanan (1969), Diamond (1979), Allcott et

al (2019), Jacobsen et al (2020), O’Connell and Smith (forthcoming), Jia-Barwick et al (2024), Kang (2024)

• Selection markets tools → Correlation of preferences with externalities (Einav et al 2021)
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Roadmap

1. Setting and data

2. Facts of marginal purchases

3. Model (jump)

4. Counterfactual policy
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80%

Regulation

• Poor data
• 3x price
• 40% of transactions fail

Fringe

• 9k shootings/year
• Mean time to crime = 3 years
• 1/2 crime guns <10mi from buyer
• 1/2 gun homicides by legal owner

Public Health & Crime

Acquire handgun
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Data raw consumer zip-quarter retailer

• Consumer handgun purchase and gun retailer operations

• Transaction-level: Consumer and Retailer ID + Location + Characteristics

• 1996–2004: ID but no location → Gun ownershipi,t=0

• 2005–2015: ID and location → Estimation and counterfactuals

• No transaction prices → Use distance as metric (Moshary et al. 2023)

• Additional sources

• Fatalities: Morgue records from CA department of public health

• Crime (FBI UCR), Demographics (2010 Census), Voting (CA Redistricting),

Wage (CA EDD), Income (IRS)
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Roadmap
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Many gun purchases on margin: Method

• Estimate event study around “clean” first entries of firearm retailers (0 → 1)

GunPurchaseszt
Popz

=
5∑

t′=−6

βt′EventPeriodzt,t′︸ ︷︷ ︸
Average ∆Purchases
t′ periods from entry

+ FEz + FEt + ξzt

• Zip code z , half-year t, event time t ′

• Compare zip-period post entry to others not-yet or never entered (Borusyak et al. 2024)
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Many gun purchases on margin tighter ctrls no pure ctrls twfe distance incumbents travel exit

#Event = 71
E[Purchases] = 169

0

30

60

−3 −2 −1 0 1 2
Years since retailer entry

P
ur

ch
as

es

All retailers Entrant only

• Outcome: Purchases by consumers in entered zip at any retailer → Mkt Expansion

1︷︸︸︷
E

• Assume: Retailers do not time or position their operations on demand shock ξzt prediction
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Proportional change in composition of handgun purchases tighter controls

#Event = 71
E[First−time Purchases] = 60

E[Repeat Purchases] = 109

−20

0

20

40
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−3 −2 −1 0 1 2
Years since retailer entry

P
ur

ch
as

es

First−time Repeat

• ↑Purchases 30% for repeat and first-time buyers → Change in ownership

120︷ ︸︸ ︷
Entrant Only
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Handgun ownership grows post-entry tighter controls

#Event = 71
E[Owners] = 890

0

50

100

−3 −2 −1 0 1 2
Years since retailer entry

O
w

ne
rs

• Level change in flow of first-time purchases → Kink in growth of ownership stock

120︷︸︸︷
E
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Retailer entry causes homicide fatalities tighter controls distance

#Event = 71
E[Homicides] = 0.78

−0.25

0.00

0.25

0.50

0.75

1.00

−3 −2 −1 0 1 2
Years since retailer entry

H
om

ic
id

es

• Kink in growth of ownership stock → Kink in flow of homicide fatalities

120︷︸︸︷
E
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Marginal owner causes fatalities: Method mkt expansion lag y lag purchase stage 1 plot

• Regress fatalities on gun ownership, instrumenting with retailer net entry

Fatalitieszt
Popz

= µ
GunOwnerszt

Popz︸ ︷︷ ︸
IV: #GunRetailerszt

+ FEz + FEt + ωzt

• Sample: All zip-quarters zt to increase power

• Research design: Retailer entry/exit timing uncorrelated with fatality shock ωzt

• Instrument exclusion and relevance

• Same market expansion as event study

• Entry and exit timing ⊥ Lagged homicides and handgun purchases

• First-stage F=52
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Marginal owner causes fatalities non-fatal placebos robustness heterogeneity (method) het (result)

Homicide Suicide

Firearm All-cause Firearm All-cause

100 handgun owners
0.040 0.047 0.011 0.016

(0.014) (0.015) (0.011) (0.018)

E [Fatalitieszt ] 0.28 0.39 0.27 0.42

Zip + Quarter FE Y Y Y Y

Zip code clusters 1,304 1,304 1,304 1,304

Average entry adds 5 owners per quarter. E [GunOwnerszt ] = 890.

• Increase in homicide fatalities driven by firearm-involved homicides

• Robust to event-time designs

• Heterogeneity: Entries across zips → Different marginal owners and fatality changes

• Observables: Young, white, male,︸ ︷︷ ︸
demographic

low-income, high-crime, and/or rural︸ ︷︷ ︸
geographic

→ More homicides
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Preferences, static purchases, and handgun ownership

• Consumer i in demo x(i) during t: Purchases from retailer jt ∈ Jz(i)t , or not jt = 0

uijt =

extensive margin︷ ︸︸ ︷
νi − αp

xzpt + ξxzt +

retailer choice︷ ︸︸ ︷
δj − αd

xzdij + εijt

ui0t = εi0t

• Extensive margin

• Present value of purchase: νi =

FE︷︸︸︷
ψxz +

Own pre-2005︷ ︸︸ ︷
γxgi0 +

N(0, σx )︷︸︸︷
ν̃i

• Time varying: tax-inclusive price αp
xzpt and demand shock ξxzt

• Retailer choice
• Trade off quality δj and distance dij at α

d
xz

• Nested logit shocks for retailers εijt and no-purchase εi0t

• Gun ownership git ∈ {0, 1} is durable + Repeated static choice → Law of motion

git = gi ,t−1 +
(
1− gi ,t−1

)
× 1

(
max

j∈Jz(i)t

uijt > ui0t
)
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Externalities and fatalities

• Fatalities from externalities ei ∈ R of gun owners git ∈ {0, 1}, and other sources ωzt

Fatalitieszt
Popz

=

avg externality of owners︷ ︸︸ ︷
Ezt

[
ei | git = 1

] GunOwnerszt
Popz

+ ωzt

• Externalities follow linear regression: ei = µ+ ζWWi + ζVVi + ẽi

• Intercept µ and observables Wi = (agei , genderi , incomez(i), . . . )

• Present value νi components Vi = (ψxz , gi0, ν̃i )

• Heterogeneity slopes ζW , ζV → Selection into ownership on externalities (Heckman 1979)

• Fatalities absent gun ownership: ωzt = κz + ηt + χx ξxzt + ω̃zt

• κz + ηt : Fixed effect by zip and quarter

• χx ξxzt : Endogeneity between fatalities and demand

• ω̃zt : Residual, mean zero, independent
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Estimation via exactly-identified minimum distance moments preferences externalities

• FOCs from likelihood of handgun purchase and retailer choice

• Identify non-linear parameters (γx , σx , δj , α
d
xz) likelihood

• Calibrate price coefficient αp
xz = αd

xz / $cost 1 milez (Dolfen et al. 2023) go

• Match moments

• Event study market expansion → Nesting parameter = 0.64 (se 0.06) moment

• Purchase quantity by demo-zip-quarter → Common preference ψxz − αp
xzpt + ξxzt

• Fatality errors orthogonal, conditional on demand shocks ξxzt

• Control function → Identify externalities µ and ζ from entry/exit
technical conditions regression diagnostics power stage 1 net entry intuition
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Valuing consumer surplus, public health, and government revenue

• CS: Expected value of purchasing from the best retailer, or not (Small and Rosen 1981)

• CSit = E
[
maxj∈{Jz(i)t∪0} uijt

]
/αp

xz

• Public health: Fiscal cost as conservative benchmark

• Homicide = $170k. Suicide = $30k (San Jose 2022)

• Includes: law enforcement, paramedics, etc.

• Excludes: lost future wages, non-fatal incidents, well-being

• Government expenditure

• $1 tax revenue = $1 social welfare (lump sum transfer)

• Handgun price $600. Status quo sales tax 8.75%
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Preferences and externalities in California’s average quarter
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• Preferences and externalities

• Adverse selection → Allocative inefficiency: WTP ≤ −E [∆Welfare |WTP]
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• Adverse selection → Allocative inefficiency: WTP ≤ −E [∆Welfare |WTP]
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Preferences and externalities in California’s average quarter

Decrease Welfare

Increase Welfare

−1000

−500

0

500

−600 −400 −200 0 200
Private surplus from purchase ($, expected)

E
xt

er
na

lit
ie

s 
fr

om
 o

w
ne

rs
hi

p 
($

/q
ua

rt
er

, e
xp

ec
te

d)

• Preferences, externalities, tax revenue → Welfare

• Adverse selection → Allocative inefficiency: WTP ≤ −E [∆Welfare |WTP]
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Preferences and externalities in California’s average quarter
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• Gun purchase → Allocative (in)efficiency

• Adverse selection → Allocative inefficiency: WTP ≤ −E [∆Welfare |WTP]
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• Fitted model → Consumer distribution
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• Fitted model → Consumer distribution
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Roadmap

1. Setting and data

2. Facts of marginal purchases

3. Model (jump)

4. Counterfactual policy
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Effect of handgun sales tax in CA
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• Use tax to trace out frontier of CS, revenue, and homicides
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• Use tax to trace out frontier of CS, revenue, and homicides

• Raise tax $66 → –$7m CS, +$1m Revenue, –400 Homicides → Sound policy (CA 2024)
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Effect of handgun sales tax in CA
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• Counterfactual tax partitions consumers at WTP = $66

21 / 23



Effect of handgun sales tax in CA
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• Counterfactual tax partitions consumers at WTP = $66
• Measure ∆CS, ∆Tax revenue, ∆Homicides in average quarter
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• Use tax to trace out frontier of CS, revenue, and homicides

• Solve at many counterfactual taxes
21 / 23



Effect of handgun sales tax in CA
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Tax Revenue Consumer Surplus

• CA 2024 rate approximately maximizes tax revenue
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Effect of handgun sales tax in CA buyback
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• Directly value fiscal cost of homicides → Shut down market

• Suppose CA 2024 were optimal
invert−→ Cost homicide = $15k
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Better policy through local taxation map politics retail ban local age
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• Set rates optimally by county, relative to CA 2024 tax:
• Same gains → 40% smaller drop in CS

• Same drop in CS → 50% larger gain in public health and tax revenue
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Conclusion

How do preferences, durability, and externalities determine the impacts of gun policy?

• Assemble admin data on CA handgun market

• Marginal gun purchases have welfare consequences

• Entry → More purchases & More owners → More fatalities

• Model of gun purchase and fatalities → Adverse selection

• Evaluate counterfactual policy design

Policy CA 2024 tax Optimal tax Local tax Store ban Min age Buyback

Effect Max revenue Very high Targeting gain Mis-target Efficient Under-priced

• 8 other states considering firearm taxes (The Trace 2024)

• U.S. firearms tax when manufacturers have market power (Armona and Rosenberg 2024)
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Thank you!

adam.rosenberg@stanford.edu
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Ambiguous effects of marginal firearm purchase back
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• Adverse selection → Allocative inefficiency: WTP ≤ −E [∆Welfare |WTP]



DROS form



DROS form back



Consumer summary statistics back

Consumers by end of 2015

1(Purchase) Purchases 1(Own) Distance
Consumers

per 100 | purchase per 100 | purchase

(1) (2) (3) (4) (5)

All
4.43 1.86 6.31 17.34

28, 683, 439
(1.97) (30.43)

Own pre-2005 28.11 2.81 100 18.12 749, 331

Not pre-own 3.79 1.67 3.79 17.01 27, 934, 108

Men 7.71 1.94 10.98 17.42 14, 151, 156

Women 1.23 1.32 1.75 16.52 14, 532, 283

White 6.74 1.90 9.48 17.52 12, 917, 359

Minority 2.53 1.76 3.71 16.95 15, 766, 080

Mean, (SD)



Zip code-quarter summary statistics back

Zip code-quarters

1(Purchase) 1(Own) Distance Homicide Suicide
Units Population

per 100 per 100 | purchase per 100k per 100k

(1) (2) (3) (4) (5) (6) (7)

All
0.39 5.12 19.83 1.68 3.93

57, 376 21, 635
(0.33) (3.51) (14.95) (5.50) (8.88)

Has retailer 0.45 5.62 16.62 1.53 4.07 16, 604 27, 662

No retailer 0.36 4.91 21.14 1.75 3.88 40, 772 19, 181

High income 0.32 4.02 16.41 1.78 3.26 28, 688 33, 705

Low income 0.45 6.22 23.27 1.59 4.61 28, 688 9, 566

Dense 0.27 3.40 14.87 1.86 3.05 28, 688 28, 947

Sparse 0.50 6.84 24.81 1.51 4.81 28, 688 14, 324

High crime 0.35 4.62 18.49 2.24 3.46 28, 556 23, 284

Low crime 0.43 5.61 21.15 1.13 4.40 28, 820 20, 002

2005 0.22 3.47 19.91 1.93 3.51 5, 216 21, 635

2015 0.58 7.44 19.18 1.58 4.36 5, 216 21, 635

Mean, (SD)



Retailer summary statistics back

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



Entry effect decays with distance back
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First entrants steal less business than subsequent entrants back
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Travel distance decreases from first-entrant in zip code back

Within Zip 0–5 miles
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Exits contract market back

#Event = 66
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Predict retailer count from observables. Fixed effects absorb all variation back

Count of firearm retailers

(1) (2) (3) (4) (5) (6)

Constant 0.152∗∗∗ 0.282∗∗∗ 0.198∗∗ 4.217∗∗∗

(0.031) (0.070) (0.086) (0.785)

Population [1000s] 0.014∗∗∗ 0.008∗∗∗ 0.015∗∗∗ 0.010

(0.002) (0.003) (0.006) (0.009)

log(Income) [SD] 0.317∗∗∗ 0.104∗∗ 0.183∗∗∗

(0.048) (0.050) (0.062)

Population × log(Income) 0.005 0.008

(0.004) (0.005)

log(Violent crime rate) [SD] −0.103∗∗∗ −0.090∗∗∗ 0.008

(0.024) (0.024) (0.038)

Population × log(Violent crime rate) −0.004∗∗

(0.002)

log(Population / mi2) [SD] −0.275∗∗∗ −0.015 0.108∗∗

(0.032) (0.039) (0.043)

Population × log(Population / mi2) [SD] −0.015∗∗∗ −0.015∗∗∗

(0.002) (0.003)

log(Populationt) −0.202∗∗∗ 0.026

(0.074) (0.060)

log(Incomet) −0.310∗∗∗ −0.090∗

(0.039) (0.048)

log(Congressional turnoutt) 0.022 0.007

(0.023) (0.016)

Congressional Share Republicant 0.031 0.039

(0.092) (0.043)

log(Presidential turnoutt) 0.109∗∗∗ 0.019

(0.030) (0.014)

Presidential Share Republicant 0.717∗∗∗ 0.086

(0.147) (0.172)

Zip code FE Y Y

Quarter FE Y Y

R2 0.0632 0.149 0.1785 0.2215 0.8863 0.8862

F 81.4883 49.7086 38.3022 21.5784 1.3811

Zip code clusters 1,243 1,243 1,243 1,243 1,243 1,243

Zip code-quarters 54,692 54,692 54,692 54,692 54,692 54,692

Estimate, (SE)



Similar results removing zips with other nearby entries back
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Similar results removing zips with other nearby entries back

Preferred sample Remove zips with entry (0-5) mi away
#Event = 71
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Similar results removing zips with other nearby entries back

Preferred sample Remove zips with entry (0-5) mi away
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Similar results removing zips with other nearby entries back

Preferred sample Remove zips with entry (0-5) mi away
#Event = 71
E[Homicides] = 0.78
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Similar results for two-way fixed effects back

With pure controls No pure controls
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Similar results without never-entered zip codes (no pure controls) back
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Entry effect decays with distance back

Within Zip 0–5 miles
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Regression specification back

First-stage:
GunOwnerszt

Popz
= β#GunRetailerszt + FE1

z + FE1
t + ω1

zt

2SLS:
Fatalitieszt

Popz
= µ

̂GunOwnerszt
Popz

+ FEz + FEt + ωzt

• Use entry/exit as instrument for ownership in all of CA

• Exclusion: Timing of net entry within market ⊥ Timing of health outcomes



First stage: Entry as an instrument for gun ownership in CA back

Market expansion First stage

(gun purchases, flow) (gun owners, stock)

Event study Full CA Full CA

59.6 60.6 277.2

(8.9) (6.3) (38.6)

F=51.7

Gunszt
Popz

= β#GunRetailerszt + FEz + FEt + ξzt

• Market expansion: Same for both estimators → Same timing variation

• First stage: Strong instrument in full CA → Power for infrequent gun fatalities



IV and OLS estimates back

Firearm Non-gun Total

IV OLS IV OLS IV OLS

(1) (2) (3) (4) (5) (6)

Panel A: Assault

Handgun owners per capita
0.00040 0.00025 0.00007 0.00002 0.00047 0.00027

(0.00014) (0.00003) (0.00006) (0.00001) (0.00015) (0.00003)

Panel B: Suicide

Handgun owners per capita
0.00011 0.00011 0.00006 0.00006 0.00016 0.00017

(0.00011) (0.00002) (0.00013) (0.00003) (0.00018) (0.00004)

Zip code FE Y Y Y Y Y Y

Period FE Y Y Y Y Y Y

First-stage F 51.67 51.67 51.67

Clusters 1304 1304 1304 1304 1304 1304

Observations 57,376 57,376 57,376 57,376 57,376 57,376

• Assault: Marginal owner more harmful than average

• Suicide: Marginal owner similarly harmful to average



Instrument for gun ownership with retailer net entry back

Coefficient: 0.0032

Standard error: 0.0004

First−stage F: 51.7
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Timing of net entry within market

⊥ Timing of health outcomes

GunOwnerszt
Popz

= β#GunRetailerszt + FE1
z + FE1

t + ω1
zt



Lagged homicide fatalities do not predict current entry/exit back

Exit probability: 0.006, 

R2 (w/ FE): 0.046
F (w/o FE): 0.87

Exit probability: 0.006, 

R2 (w/ FE): 0.046
F (w/o FE): 0.87
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F (w/o FE): 0.94

Entry probability: 0.007
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Lagged handgun purchases do not predict current entry/exit back

Exit probability: 0.006, 

R2 (w/ FE): 0.046
F (w/o FE): 2.12

Exit probability: 0.006, 

R2 (w/ FE): 0.046
F (w/o FE): 2.12

Entry probability: 0.007

R2 (w/ FE): 0.058
F (w/o FE): 2.18

Entry probability: 0.007

R2 (w/ FE): 0.058
F (w/o FE): 2.18
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Gun ownership harms public health back

%Change: 13

CI: (0.04, 0.24)

%Change: 6
CI: (−0.02, 0.07)

%Change: 3

CI: (−0.04, 0.12)
%Change: 1

CI: (−0.07, 0.11)

0.00

0.05

0.10

0.15

Assault
Firearm

Assault
Non−gun

Suicide
Firearm

Suicide
Non−gun

Fa
ta

lit
ie

s 
fr

om
 8

9 
ne

w
 g

un
 o

w
ne

rs
 (

10
%

 in
cr

ea
se

 in
 m

ea
n 

zi
p 

co
de

) • Add 1k owners for 1 year →
Add 2 assault, 0.5 self-harm

fatalities

• Add 1 store for 10 years →
Add 1 assault, 0.25

self-harm fatalities

Fatalitieszt
Popz

= µ
̂GunOwnerszt
Popz

+ FEz + FEt + ωzt



Effects on county-level crime back

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

• Aggregate zip code first-stage to county
∑

z∈cty
Popz
Popcty

̂GunOwnerszt



Heterogeneous effects of marginal owner by observable characteristics back

• Regress on gun ownership level and composition

Fatalitieszt
Popz

=

level︷ ︸︸ ︷
GunOwnerszt

Popz

(
µ+ ζ

composition︷ ︸︸ ︷
E [observablesxz | own=1]

)

+ χr⃗ + FEz + FEt + ωzt

• Control function χr⃗ : Stage 1 residuals of net-entry IV

on level and composition of gun ownership

• ID: Variation in entries → Variation in marginal owner

• Larger homicide effects: young white men, living in

low-income, high-crime rural areas. (Less so for suicide)

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

(0.0434) (0.0395) (0.0167) (0.0505) (0.0341) (0.0355)

ζ inc −0.0048 −0.0036 −0.0012 0.0034 0.0021 0.0013

(0.0019) (0.0017) (0.0009) (0.0029) (0.0019) (0.0024)

ζden −0.0040 −0.0044 0.0004 −0.0052 −0.0023 −0.0029

(0.0025) (0.0022) (0.0011) (0.0031) (0.0020) (0.0023)

ζcrime 0.0017 0.0012 0.0004 0.0003 0.0005 −0.0002

(0.0012) (0.0010) (0.0006) (0.0019) (0.0012) (0.0013)

ζmale 0.3022 0.2844 0.0178 0.0459 0.0533 −0.0074

(0.0468) (0.0440) (0.0158) (0.0521) (0.0348) (0.0365)

ζ<30 0.1047 0.1083 −0.0036 0.0630 0.0100 0.0530

(0.0365) (0.0321) (0.0147) (0.0438) (0.0300) (0.0332)

ζwhite 0.0624 0.0562 0.0063 0.0096 0.0051 0.0045

(0.0129) (0.0114) (0.0046) (0.0115) (0.0079) (0.0099)

χ −0.0421 −0.0338 −0.0083 0.0045 0.0036 0.0009

(0.0165) (0.0156) (0.0067) (0.0184) (0.0125) (0.0137)

χmale −0.0246 −0.0220 −0.0027 0.0054 0.0017 0.0037

(0.0047) (0.0045) (0.0015) (0.0041) (0.0025) (0.0031)

χ<30 −0.0052 −0.0055 0.0003 −0.0030 0.0002 −0.0032

(0.0024) (0.0023) (0.0008) (0.0019) (0.0012) (0.0015)

χwhite −0.0059 −0.0058 −0.0002 −0.0018 0.0003 −0.0021

(0.0021) (0.0018) (0.0008) (0.0018) (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



Similar first-stage and IV estimates with event-time instruments back

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)



Handgun ownership does not cause most types of fatal injuries back

IV (net entry) OLS
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Effect of 100 handgun owners (%change from mean)
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Heterogeneous effects of handgun ownership estimator back

• Augment regression with het. effects by zip-quarter µzt , microfounded by individuals i

Fatalitieszt
Popz

=

average externality of owners≡µzt︷ ︸︸ ︷
Ezt

[
externalityi | 1(GunOwnerit) = 1

]
×GunOwnerszt

Popz
+ FEz + FEt + ωzt

• Individual externalities follow linear regression: externalityi = µ+ ζWWi + ˜externalityi

• Time constant covariates Wi (age, gender, zip code income) → Composition of owners

• Reduce dimension of effects µzt

• Control function: Address corr of fatality shock ωzt with effect µzt and GunOwnerszt

ωzt = χRzt + ω̃zt

• Rzt : Vector of resids from first-stage regressions of ownership level and composition

• Isolate variation in ownership level and composition from retailer net entry
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Heterogeneous effects of handgun ownership estimator back
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Heterogeneous externalities across marginal owners back
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• Geography: lower income, more rural, higher crime → More homicides

• Demographics: age < 30, male, white → More homicides



Heterogeneous effects of handgun ownership: Estimator back

• Regression: Combine model of effects µzt and control function for fatality shock ωzt

Fatalitieszt
Popz

=
GunOwnerszt

Popz

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

i :z(i)=z

1(GunOwnerit)

GunOwnerszt
Wx(i)z

+FEz +FEt +

control function︷ ︸︸ ︷
χR̂zt + ω̃zt

• χ = 0⃗: Neither ownership level nor composition correlates with fatality shock ωzt → OLS

• ζW = 0⃗: Average effect µ̂ numerically equivalent to 2SLS

• Control function: Variation not explained by retailer entry

GunOwnerszt
Popz

= β̂#GunRetailerszt + F̂E
owners

z + F̂E
owners

t + R̂owners
zt

• First step: Construct R̂zt for each dimension of observable Wi → Bootstrap SEs
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Inside nest: Retailer choice estimate δj distribution αi determinants αi

• Indirect utility of consumer i choosing retailer j in quarter t

uijt = δj − αidijt + εijt

• Consumer trades off retailer quality δj and distance dijt at rate αi

• Distance disutility αi log-linear in county FE, individual demo x(i), and zip chars

• MN logit choice probabilities across retailers

Pijt = exp(δj − αidijt)/

≡exp(Iit)︷ ︸︸ ︷∑
j ′

exp(δj ′ − αidij ′t)

• Inclusive value Iit summarizes quality of retailer choice set

• Basis for MLE of δj and parameters of αi

• Choice set variation: Market geography, retailer entry/exit
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Outside nest: Extensive margin choice parameters

• Indirect utility of not purchasing a gun

ui0t = −
( Persistent νi︷ ︸︸ ︷
γxgi ,t=0 + ν̃i + ψxz +

Shocksxzt︷ ︸︸ ︷
ϕxt + ξit

)
+ εi0t

• Individuali heterogeneity by pre-2005 ownership γx and unobservable ν̃i ∼ N(0, σx)

• Aggregatexzt fixed effects and shocks

• Binary logit choice probability accounting for quality of retailer choice set

logPit (j > 0)− logPit (j = 0) = Individuali +

ηxzt︷ ︸︸ ︷
Aggregatexzt + ρIit

• Estimation by demo using MLE with contraction for ηxzt
• ηxzt : Align data Purchasesxzt with posterior predicted

∑
i∈x,z

Eν̃

[
P̂it(j > 0)

∣∣ buyTi,t=0

]
• (γ, σ)x : Individual heterogeneity from panel data

• Repeated choice: Consumer i purchases in many periods ⇔ νi↑
• Shocks move along demand curve: i purchases at low ηxzt ⇔ νi↑
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Nesting parameter and demand shocks back

• Estimate nesting parameter ρ via CMD

• Event study: observe market expansion after 1 year, w/in zip and 0–5 miles away go

• Model: choose ρ to match event-study effects, given inside/outside nest MLE

• ρ = 0.43, s.e. = 0.04

• Decompose contraction constants: Separate persistent preferences from shocks

• FE regression, weight by population

η̂xzt − ρ̂Iit = ψxz︸︷︷︸
Persistent

+ ϕxt + ξit︸ ︷︷ ︸
Shocks
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Intuition for identification from entry/exit back

1. Entry/exit of firearm retailer

2. ∆Preferences for handgun purchase uijt

3. ∆Handgun purchase decision maxj{uijt − ui0t} ≥ 0

4. ∆Handgun ownership: Level gzt and Composition E [(W ,V )i |git = 1]

5. Identify externality intercept µ and slope ζ



Technical conditions for control function approach back

• Local shocks: Time-varying utility in zip-quarter zt ⊥ Fatality shocks in z ′t ′

E [ω̃zt | ξxzt − αp
xzpt , ξxz ′t′ − αp

xz ′pt′ ] = E [ω̃zt | ξxzt − αp
xzpt ]

• Ignorable retailers: Unobservable preference εijt for retailer j ⊥ Consumers with

higher externalities ẽi or purchasing in high-fatality zip-quarters ωzt

E [ωz(i)t | εijt ] = E [ωzt ] = E [ẽi | εijt ] = E [ẽi ] = 0, all i , j , t

• Linear control function: Expected fatalities yzt linear in demand shock ξxzt

E

χx

∑
i :z(i)=z,x(i)=x

ξxzt − αp
xzpt

Popz
+ ωzt +

∑
i :z(i)=z

git ẽi
GunOwnerszt

 = χx

∑
i :z(i)=z,x(i)=x

ξxzt − αp
xzpt

Popz



Regression specification back

Fatalitieszt
Popz

=

Expected externality︷ ︸︸ ︷
GunOwnerszt

Popz

(
µ+ (ζW , ζV )⊤Êzt

[
(W ,V )i | git = 1

])
+

Expected base rate︷ ︸︸ ︷
κz + ηt + χx

Ezt [ξx(i)zt − αp
x(i)zpt ]

Popz

+ ωzt +
∑

i :z(i)=z

git ẽi
Popz︸ ︷︷ ︸

Residual

,

• Estimate via OLS, with inputs from demand model

• Construct composition Êzt [(W ,V )i | git = 1]

• Condition on demand shock ξ̂xzt − αp
xzpt

• If ξxzt in residual → Correlates with GunOwnerszt and Composition Êzt [(W ,V )i | git = 1]



Effect of entry/exit and demand shock on handgun ownership back

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)

• Entry/exit Ixzt drives handgun ownership and heterogeneity in owner characteristics

• So does demand shock ξxzt



Estimator satisfies roots back

(R1) 0 =
∂L(Θ)

∂γx
=

∂L(Θ)

∂σx
, all x

(R2) 0 =
∂L(Θ)

∂Θδl
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 − αp(pt − p), all x , z

(R5) αp =
αd
x(i)z(i)

$cost 1 milecty

(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

(
ωzt +

∑
i :z(i)=z git ẽi/Mz

)2

∂Θe
l

for l = 1, . . . , |Θe |



Preferences for handgun purchase params retail quality travel pref SBD shooting extra dist back
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• Geographic variation: Higher preferences in Bakersfield than in Palo Alto
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• Time series variation: Demand spikes from San Bernardino Shooting



Preferences for handgun purchase params retail quality travel pref SBD shooting extra dist back
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• Demographic variation: Preference heterogeneity within zip-quarter-demo ν̃i



Homicide externalities from handgun ownership params back

1 10 50 90 99 99.9 99.99CA Buyers Percentile, 0.1                                    

−
2

−
1

0
1

2

H
om

ic
id

e 
fa

ta
lit

ie
s 

(p
er

 1
00

 o
w

ne
r−

ye
ar

s)

Gun purchase preference (utils)

CA

IV estimate

CA
IQR

• Adverse selection: Higher preference → More costly externality



Homicide externalities from handgun ownership params back
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Isolating variation from entry exit back

• Conditional on ξxzt , entry/exit from retailer choice set Jzt is only source of

variation in expected handgun purchase within zip over time

log
Pit(q = 1; νi )

1− Pit(q = 1; νi )
= νi − αppt + ξxzt + ρ

≡Ixzt︷ ︸︸ ︷
log

∑
j∈Jzt

exp
(
δj − αd

xzdij

)1/ρ

• Inclusive value of marginal retailer choice Ixz

• Quality-weighted “mean” disutility from travel to purchase a firearm

• Same IV estimate of handgun ownership gzt on fatalities yzt as #GunRetailerszt
• Predicts handgun ownership gzt better than #GunRetailerszt (F -stat 300 v. 50)



Isolating variation from entry exit back

#GunRetailers

Coefficient: 0.0032
Standard error: 0.0004

First−stage F: 51.7

Inclusive Value

Coefficient: 0.0173

Standard error: 0.001
First−stage F: 331.9

−0.0050

−0.0025
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Inclusive value captures same effect of marginal owners as net entry back

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)



Calibrate price coefficient back

αp
xz =

αd
x(i)z(i)

$cost 1 milecty
,

Where $cost 1 mile = $6.5 =

2︸︷︷︸
Trips

× 2︸︷︷︸
There/back

×

11 minutes

5 miles︸ ︷︷ ︸
Drive time

× 24 dollars

60 minutes︸ ︷︷ ︸
CA wage

+
8 driven miles

5 miles︸ ︷︷ ︸
Drive distance

× 0.53 dollars

1 driven mile︸ ︷︷ ︸
CA travel

reimbursement





Likelihood and choice probabilities back

• Log-likelihood. Integrate over standard normal density φ(·) by quadrature

logL =
∑
i

log

∫
v

T∏
t=1

extensive margin︷ ︸︸ ︷
Pit (qit ; ν̃i/σx = v)

retailer choice︷ ︸︸ ︷
Pit

(
jit |q = 1, j ∈ Jz(i)t

)qit φ(v)dv

• Retailer j choice probability

Pit

(
j |q = 1, j ∈ Jz(i)t

)
=

exp (δj − exp(αx + αz)dijt)
1/ρ∑

j ′∈Jz(i)t

exp
(
δj ′ − exp(αx + αz)dij ′t

)1/ρ
︸ ︷︷ ︸

≡exp(Ixzt)

• Handgun purchase q choice probability

Pit

(
q|ν̃i , Jz(i)t

)
=

(
1 + 1/ exp

(
ψxz + γxgi0 + ν̃i − αppt + ξxzt + ρIxzt

))−1
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Moment that identifies nesting parameter back

8∑
t′=5

β̂t′ =
1

|N |
∑
n∈N

∑
t:5≤t−t(n)≤8

1

Popz(n)

Drop in gun purchases w/o entrant n in choice set︷ ︸︸ ︷(
qz(n)t −

∑
i :z(i)=z(n)

P̂it

(
q = 1|Jz(i)t \ {j(n)}

))

• Set of “clean” entries N
• RHS: Remove entrant n → Average drop in purchases 5–8 quarters post entry,

local to zip codes with “clean” entry



Estimating retailer quality δj back
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Extensive margin parameter estimates and standard errors back

Gender Race Age Random effect variance σ
x

Prior ownership γ
x

Female Asian 18-30 2.911 0.641

(0.184) (0.279)

Female Asian 30-38 3.157 3.464

(0.357) (0.153)

Female Asian 38-48 3.578 4.090

(0.723) (0.183)

Female Asian 48-57 3.967 4.338

(1.133) (0.201)

Female Asian 58-99 4.647 3.477

(5.273) (0.273)

Female Black 18-30 2.354 0.621

(0.196) (0.278)

Female Black 30-38 1.998 1.685

(0.124) (0.095)

Female Black 38-48 2.138 1.959

(0.154) (0.095)

Female Black 48-57 2.264 2.002

(0.215) (0.105)

Female Black 58-99 2.493 1.821

(0.359) (0.172)

Female Hispanic 18-30 2.614 1.908

(0.133) (0.201)

Female Hispanic 30-38 2.578 3.555

(0.153) (0.090)

Female Hispanic 38-48 2.891 4.076

(0.261) (0.106)

Female Hispanic 48-57 2.989 3.735

(0.386) (0.137)

Female Hispanic 58-99 4.040 5.447

(1.779) (0.257)

Female Other 18-30 1.693 -3.064

(0.154) (0.279)

Female Other 30-38 1.827 -1.938

(0.212) (0.154)

Female Other 38-48 2.332 -1.543

(0.292) (0.163)

Female Other 48-57 2.839 -1.639

(0.806) (0.222)

Female Other 58-99 3.824 -2.039

(1.668) (0.324)

Female White 18-30 1.959 1.343

(0.042) (0.095)

Female White 30-38 2.053 1.815

(0.049) (0.040)

Female White 38-48 2.171 1.935

(0.048) (0.035)

Female White 48-57 2.211 2.089

(0.048) (0.032)

Female White 58-99 2.573 2.853

(0.080) (0.040)

Male Asian 18-30 2.498 2.507

(0.067) (0.081)

Male Asian 30-38 2.487 2.907

(0.060) (0.032)

Male Asian 38-48 2.830 3.606

(0.087) (0.035)

Male Asian 48-57 3.003 3.874

(0.159) (0.043)

Male Asian 58-99 3.258 4.694

(0.223) (0.056)

Male Black 18-30 1.938 1.402

(0.053) (0.080)

Male Black 30-38 1.884 1.478

(0.047) (0.032)

Male Black 38-48 2.027 2.023

(0.067) (0.035)

Male Black 48-57 2.206 2.399

(0.091) (0.042)

Male Black 58-99 2.397 2.298

(0.145) (0.052)

Male Hispanic 18-30 2.330 3.290

(0.031) (0.058)

Male Hispanic 30-38 2.314 3.117

(0.033) (0.022)

Male Hispanic 38-48 2.545 3.472

(0.070) (0.027)

Male Hispanic 48-57 2.621 3.632

(0.086) (0.032)

Male Hispanic 58-99 2.822 4.000

(0.100) (0.037)

Male Other 18-30 0.969 -1.174

(0.023) (0.047)

Male Other 30-38 1.237 -0.827

(0.038) (0.031)

Male Other 38-48 1.526 -1.089

(0.052) (0.037)

Male Other 48-57 1.797 -1.059

(0.070) (0.047)

Male Other 58-99 2.355 -1.612

(0.156) (0.064)

Male White 18-30 1.714 1.941

(0.012) (0.024)

Male White 30-38 1.731 1.399

(0.013) (0.009)

Male White 38-48 1.999 1.867

(0.020) (0.010)

Male White 48-57 2.049 2.044

(0.017) (0.009)

Male White 58-99 2.289 2.363

(0.018) (0.009)

• Separate estimates by 50 demo bins

• Top row: Youngest, Asian, Women

• σx = 2.9, s.e.=0.2

• Bottom row: Oldest, White, Men

• σx = 2.3, s.e.=0.02



Variance decomposition back

+ Local Dyanmics

+ Individual

x Demographics

+ Quarter

Zip code
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Share of purchase probability

• Local shocks and market structure explain 30% of gun purchasing



Preference parameters back

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

αp
xz 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

αd
xz 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)



The role of travel distance back
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• All store in CA 10mi miles further → Gun sales fall 50% → Ownership falls 20%



Demand shocks ξxzt around San Bernardino Shooting back
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• Capture timing and geographic heterogeneity

• Observe higher purchasing → Estimate higher preferences



Retailer quality δj by entry/exit decisions back
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• Entrant ≻ Entrant/Exitor ≻ Exitor

• Pure incumbents are most diffuse →
Good and bad retailers stay in



Distribution of distance disutility αi back
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Determinants of distance disutility αp
xz

back

Zip code characteristics αz Demographics αx
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Externality parameters back

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)

ζ inc −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



Nonparametric identification under demand model back

• High-level assumption: linear conditional expectation function E [e|ν] = τ⃗ · h⃗(ν)

Data︷ ︸︸ ︷
E [Fatalitieszt ] + Errorzt =

∑
i∈z

GunOwnerit × ei + Errorzt (Model)

=
∑
i∈z

GunOwnerit × E [e|νi ] + Errorzt (LOIE)

= τ⃗ ·
∑
i∈z

GunOwnerit × h⃗ (νi )︸ ︷︷ ︸
Data

+Errorzt (Linearity)

• More flexible h⃗(·) → Non-parametric approximation

• Parametric implementation

• First-order approximation: h(νi ) ≡ (1, νi )

• Fixed effects: Errorzt = FEz + FEt + ωzt
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Implied geometry of public health curve E [e|ν] back
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• Expectation function: Collapse fe|ν to E [e|ν]

• First-order approximation to E [e|ν] = µ+ λν

{
λ = 0 Constant µ = LATE

λ ̸= 0 exact if (u, e) ∼ N(µ,Σ)
• Approximation local to gun buyers ν > 0



Implied geometry of public health curve E [e|ν] back

−1.0

−0.5

0.0

0.5

1.0

−1.0 −0.5 0.0 0.5 1.0
Preferences (v)

E
xt

er
na

l c
os

t/b
en

ef
it 

(e
)

Expectation Function Linear Approximation Constant Approximation

• Expectation function: Collapse fe|ν to E [e|ν]
• First-order approximation to E [e|ν] = µ+ λν

{
λ = 0 Constant µ = LATE

λ ̸= 0 exact if (u, e) ∼ N(µ,Σ)
• Approximation local to gun buyers ν > 0



Powering up the net entry instrument back

#GunRetailers

Coefficient: 0.0032
Standard error: 0.0004

First−stage F: 51.7

Inclusive Value

Coefficient: 0.0173

Standard error: 0.001
First−stage F: 331.9
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• Use Ezt [Iit ] as instrument for gun ownership

• Allows heterogeneity in effect of net entry by local characteristics



Effects of instruments on level and composition of gun owners back
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Effect of net entry varies by average preference in zip code back

Gun owners Mean Owner Preference
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Intuition for identification of E [e|ν] = µ+ λν back

• Summarize each entry n by 3 pre-post comparisons

Reduced form Ownership first-stage Composition first-stage

∆Fatalities ∆GunOwners ∆E [νi |Own]

• Intercept µ: Average increase in fatalities per increase in gun owners, across entries

First-derivative: En

(
∆Fatalities

∆GunOwners

)
• Slope λ: Its cross-entry correlation with change in composition

Cross-partial: Corrn

(
∆Fatalities

∆GunOwners
,∆E [νi |Own]

)
• “How much does a change in composition systematically raise/lower the change in

fatalities per gun owner”
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Effects of instruments on level and composition of gun owners back

Endogenous variable

Gun owners Owners preferences

(1) (2)

Inclusive Value 0.50707 −0.45310

(0.04471) (0.04068)

×Average Preference −0.12976 0.15716

(0.03142) (0.02830)

Zip code FE Y Y

Period FE Y Y

Clusters 1304 1304

Observations 57376 57376

F 64.86 62.18

R2 0.94836 0.95789



Marginal fatalities from gun tax in Palo Alto CA back
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• ↑Tax rate → Move left along curve → Marginal owner has higher preference

• Lower slope: Many one-time buyers with small externalities

• Higher curvature: Ardent buyers have larger externalities → Adverse selection
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Control function estimates E [e|ν] back

Endogenous variable

Gun owners Gun owners Owners preferences

(1) (2) (3)

Inclusive Value Izq 454.96 436.40 −2,020.75

(44.66) (212.82)

×Average preferences Izq × Ez [νi ] −178.89 1,217.35

(39.75) (209.64)

Zip code FE Y Y Y

Period FE Y Y Y

Clusters 1304 1304 1304

Observations 57376 57376 57376

F 119.64 64.86 62.18

R2 0.95 0.95 0.96



Public health estimates for assault fatalities E [e|ν] back
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• Heterogeneity: Higher zip income, owners/pop at t=0 → Flatter profile



Parameter estimates E [e|ν] = µz + λzν back

Assault fatalities

(1) (2) (3) (4)

µ: Gun owners gzt 0.00050 0.00038 0.00308 0.00522
(0.00014) (0.00016) (0.00060) (0.00121)

+ High income, only −0.00218
(0.00119)

+ High initial guns, only −0.00260
(0.00108)

+ High both −0.00396
(0.00117)

λ: Owner preferences gzt × Ezt [νi |git = 1] 0.00055 0.00096
(0.00014) (0.00026)

+ High income, only −0.00040
(0.00025)

+ High initial guns, only −0.00053
(0.00023)

+ High both −0.00078
(0.00024)

Control function, 1 IV −0.00046
(0.00013)

Control function, Gun owners 0.00011 −0.00259 −0.00140
(0.00027) (0.00075) (0.00073)

Control function, Owner preferences 0.00009 −0.00046 −0.00023
(0.00006) (0.00017) (0.00017)

Zip code FE Y Y Y Y
Period FE Y Y Y Y
Clusters 1304 1304 1304 1304
Observations 57,376 57,376 57,376 57,376



Distribution of fatality effect among buyers back
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Public health heterogeneity in California back
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Sales quantities at optimal gun taxes in California back
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Alternative policies in CA back
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Effect of sales tax in LA back alternative instruments
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Effect of sales tax in LA back alternative instruments

Status Quo
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• Max revenue → +$150k Revenue, -$300k CS, -14 Fatalities → Sound fiscal policy



Effect of sales tax in LA back alternative instruments

Status Quo

Tax Revenue
Rate = $37
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41530271569933440

183

122

79

49

23

0

−120

−100

−80

−60

−40

−20

0

−0.8 −0.6 −0.4 −0.2 0.0
Change in $1m per year

A
dd

iti
on

al
 T

ax
C

hange in H
om

icides per year

Tax Revenue Consumer Surplus

• Value gun sales at buyback WTP → Higher optimal rates, lower sales



Effect of sales tax in LA back alternative instruments
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• Directly value fiscal cost of fatalities → Shut down market



Effect of sales tax in LA back alternative instruments
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• Value fatalities using CA policymakers’ revealed preference → Milder taxation



Optimal sales taxes and quantities in Palo Alto back
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• Optimal policy varies by objective and geography

• Retailer ban is coarsest → Shrink market 1–70% targeting



Optimal sales taxes and quantities in Palo Alto and 20 largest CA cities back
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Effect of handgun sales tax in CA back
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• Value gun sales at buyback WTP → Lower rates → Buybacks under-priced



Gun regulation is a local issue back
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• Status quo for rest of CA

(High wtp, sparse population)

• Optimal rates align with political

preferences for firearm regulation



Gun regulation is local issue back
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• Optimal rates align with political
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by returning jurisdiction to local level



City-wide bans on firearm retailers are mis-targeted back
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• Bans have larger effects in cities with lower optimal taxes

• Better “targeting” via single state-wide rate



Geographic firearm taxes may be politically feasible back
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Gains from making handgun purchasers “age out of crime” back conclusion
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• Gains from other targeted bans on firearm purchase (e.g., background checks)

• Market regulation scales better than targeted bans
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