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Motivation

▶ (Organized) retail crime has surged to the forefront of public discourse in the United
States

▶ The U.S. Chamber of Commerce (2022) declared organized retail crime a “national crisis”

▶ Numerous policy initiatives to fight organized retail crime

▶ Retail crime imposes costs on businesses, individuals, and society

▶ Understanding these costs is central for determining optimal level of public crime
prevention
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Motivation

▶ Retail crime can also affect market outcomes, in particular market prices

▶ 46% of retailers have increased the use of third-party security personnel in their stores, and
34% said they increased payroll to support their risk efforts (National Retail Federation, 2022)

▶ 64% of small business owners reported increasing prices in response to retail crime (Forbes,

2022)

▶ Crime-induced price changes—the cost pass-through of retail crime—have
distributional implications and can introduce an excess burden by distorting firms’ and
consumers’ decisions

▶ Evidence of a causal link between retail crime and market prices is nonexistent
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What we do

▶ Investigate the impact of organized retail crime on prices using the retail cannabis
industry as a natural laboratory

▶ Match detailed scanner data with store-level records of armed robberies and burglaries
between 2018 and 2021 in Washington state

▶ Exploit quasi-random timing of store-level retail crime incidents

▶ Use stacked DiD framework to estimate the effect of crime on prices at victimized stores
and nearby rival stores

▶ Characterize the welfare effects of retail crime pass-through using a sufficient statistics
approach
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Main findings

1. Retail crime incidents cause a 1.8% increase in prices at victimized stores

▶ No effect on quantity sold or wholesale cost

2. Rival stores increase prices by 1.6% with a two month lag

▶ Cannot be explained by demand substitution or strategic complementarity in prices

▶ Consistent with an own-cost shock (e.g. from precautionary security expenditures or higher
business crime insurance premia)

3. Retail crime resembles a 1% unit tax on retailers

▶ Annual welfare reduction of $30.5 million

▶ 2/3 of tax incidence borne by consumers
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Related literature

1. Economic effects of crime: (Gibbons, 2004; Linden and Rockoff, 2008), consumption of
conspicuous and entertainment goods (Mejia and Restrepo, 2016; Fe and Sanfelice, 2022) and crop
yields (Dyer, 2023)

▶ Crime and market outcomes: violent crime and drug-trafficking in Columbia and Mexico
(Rozo, 2018; Stolkin, 2023) or on larceny thefts of cars and computers (Jackson and Tran, 2020)

2. Pass-through of cost shocks: Nakamura and Zerom (2010); Ganapati et al. (2020); Conlon and Rao (2020);

Hollenbeck and Uetake (2021); Muehlegger and Sweeney (2022)
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Retail cannabis industry

▶ Approx. 50% of U.S. states have legal recreational cannabis markets, $25 billion in annual
sales

▶ Washington state market established in 2014, now one of the largest agricultural products
in the state

▶ 30-40% of adults in WA regularly consume cannabis (Washington State Department of Health, 2024)

▶ Market is regulated by the Liquor and Cannabis Board (LCB)

▶ 508 cannabis retailers and 692 producers in WA

▶ Brick-and-mortar stores (no online sales) ⇒ retailers compete in local markets

Usage Categories Descriptive stats
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Organized Retail Crime in Cannabis

Figure 1: State vs cannabis crime rates

▶ 210 reported armed robberies and
burglaries at cannabis retailers in WA
state from 2017-2023

▶ Typically extracting cash and/or
merchandise, often violent in nature

▶ Prompted policy response from state
lawmakers

▶ Many retailers invest heavily in strategies
to prevent retail crime, including security
guards, surveillance and training
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Price data

▶ Source: Top Shelf Data, March 2018 - December 2021

▶ At the transaction level, the scanner data contains:

▶ The price and quantity of each product sold by a producer to a retailer

▶ The subsequent price and quantity of that very same product sold at the retail level

▶ Main dependent variable: establishment-level Young price index that aggregates price
changes across product subcategories (see Renkin et al., 2022; Leung, 2021)

πj,t = ln Ij,t, with Ij,t =
∏
c

I
ωc,j,y(t)

c,j,t (1)

▶ Additional dependent variables: quantity index, wholesale cost index, margins index

Price indexes
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Crime data

▶ Store-level retail crime tracker maintained by Uncle Ike’s on behalf of the industry at large

▶ For each crime incident: date, retail establishment, link to police report, newspaper
articles, etc.

▶ 62 armed robberies, 14 burglaries during sample period (March 2018-December 2021)

(a) Retail stores (b) Stores with a reported crime

Descriptive statistics
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Treatment groups
1. Victimized stores: stores that directly experience a robbery or burglary (n = 57)

2. Rival stores: stores located within a 5-mile radius of a victimized store (n = 264)

▶ Mechanisms: Demand substitution, strategic complementarity in prices, own-cost shock
(precautionary security expenditures or insurance premium hike)

Table 1: Estimation sample descriptive statistics

(1) (2) (3)

Victimized Rivals Never-treated

Unit price
(in dollars)

26.24 25.47 26.00

(4.33) (4.49) (4.50)

Units sold
per month

13,260 12,304 10,908

(12,409) (11,931) (11,617)

Monthly revenue
(in dollars)

248,516 215,201 210,416

(234,911) (217,957) (235,890)

Notes: The table summarizes store-level variables prior to being treated. Statistics for the never-treated
group are based on the entire sample period. Standard deviations are in parentheses.
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Control group

▶ Control group: stores in unaffected local markets, i.e. stores located 30-50 miles from a
victimized store (n = 329)

▶ 30-mile buffer limits potential bias from treatment effect spillovers, e.g., due to strategic
price competition

▶ 30-mile radius is based on estimating stores’ price response to competitors’ wholesale costs
Strategic pricing

▶ 50-mile boundary ensures that the control group remains comparable to the treated stores
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Empirical strategy

▶ Stacked DiD estimator (Cengiz et al., 2019; Deshpande and Li, 2019; Baker et al., 2022)

▶ Identifies clean controls for event-specific sub-experiments, stacks sub-experiments d ∈ D
on top of each other, estimates model on stacked data (SEs clustered at the store level)

▶ Distributed lag model in first-differences (Renkin et al., 2022; Leung, 2021):

πj,t,d =

5∑
l=−4

βl∆Tj,d,t−l + γt,d + ϵj,d,t (2)

▶ γt,d: sub-experiment x time FE

▶ Report cumulative effects relative to normalized baseline period (numerically equivalent to
event study coefficients) (see e.g. Schmidheiny and Siegloch, 2023; Renkin et al., 2022; Leung, 2021)

▶ Treatment effect on price level: EL =
∑L

l=0 βl. Pre-treatment effects: P−L = −
∑−L+1

l=−1 βl
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Main results

(a) Effect on price level (b) Effect on quantity sold

Notes: Both panels show cumulative price level effects EL , relative to the normalized baseline period t − 1, with SE of the sums clustered at the store level. Data: Top Shelf
Data (August 2018-July 2021) and Washington ESD, 2018-2021.

Victimized table Rivals table Heterogeneity Other outcomes
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Robustness checks and alternative specifications

▶ Using a canonical TWFE estimator, and the estimators by Borusyak et al. (2024) and
Callaway and Sant’Anna (2021) produce very similar results Alternative estimators

▶ Results are robust to extending the event window Extended window

▶ Placebo tests, shifting treatment by 12 months, show no significant effects Placebo

▶ Results are robust to adjusting definition of rivals (up to 10-mile radius) and control group
definition Inner ring Outer ring

▶ Robust to adding controls (local house price index, avg county wages and county
population), accounting for outliers, using price per gram as dependent variable and
restricting to a balanced panel/weighting as in (Wing et al., 2024) Victimizied stores Rival stores
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Mechanisms

▶ Victimized stores’ price effect consistent with a security cost shock

▶ Aligns with state legislative activity, the WA State Retail Crime Task Force, industry reports,
and news media

▶ Rivals’ price effect not due to demand substitution or strategic complementarity in prices

▶ Consistent with own-cost shock (precautionary security expenditures or higher insurance
premium)

▶ Delay could reflect victimized stores’ reluctance to share information about robberies and
burglaries

▶ “Following a robbery, store owners “keep it a secret” (Ian Eisenberg, CEO at Uncle Ike’s)

▶ “[We] need to start talking and communicating with each other across the retail stores...once
robbed, nobody knows.” (Sara Eltinge, CEO at Herbery)
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Policy analysis - Crime as a hidden tax

▶ We model crime as marginal cost shock that can be understood as a hidden crime tax
levied on retailers

▶ Our policy analysis follows three steps:

1. Derive general welfare implications and sufficient statistics from the symmetric oligopoly
model by Weyl and Fabinger (2013)

2. Estimate own and competitors marginal cost pass-through rates to examine strategic
complementarity in pricing and quantify the hidden tax rate

3. Combine estimates and theoretical insights to quantify the welfare effect in our context

Model MC pass-through
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Policy analysis - Crime as a hidden tax

▶ Crime increases prices by 1.6% in affected local markets (DiD estimates)

▶ Equivalent to a $0.45 increase in unit price (at avg. unit price of $28)

▶ Marginal cost pass-through rate: 1.65 (from pass-through regression)

▶ Hidden crime tax: $0.45/1.65 = $0.27, equivalent to a 1% unit tax

▶ ∆CS = $0.45 × 45,520,552 units sold = $20.5 million

▶ ∆PS = $10 million

▶ Based on conduct parameter θ̂ = 0.89 from Hollenbeck and Uetake (2021) who study the
same industry

▶ Total annual welfare effect = $30.5 million
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Conclusion

▶ Retail crime incidents cause a 1.8% increase in prices at victimized stores

▶ Rivals’ prices increase by 1.6% with a two-month lag

▶ Implies that retail crime pass-through extends beyond victimized stores and affects
local market prices more generally

▶ The costs of retail crime are equivalent to a 1% hidden unit tax levied on cannabis retailers

▶ Annual welfare reduction of $30.5 million for market participants

▶ When evaluating the costs of retail crime, it is important to consider its effects on
market outcomes
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Conclusion and discussion

▶ Welfare implications of retail crime extend beyond our context:

▶ Retail crime is a common concern across various industries, as evidenced by numerous
reports and articles (National Retail Federation, 2022; Jackson and Tran, 2020)

▶ Increasing security expenditures reported across many retail sectors, hinting at that these
costs are passed-through onto consumers

▶ 46% of retailers have increased the use of third-party security personnel in their stores, and
34% said they increased payroll to support their risk efforts (National Retail Federation, 2022)

▶ 64% of small business owners reported increasing prices in response to retail crime (Forbes, 2022)

▶ The cannabis industry similar to traditional retail sectors in terms of variable cost
structure and (to a certain extent) demand elasticities (Hollenbeck and Uetake, 2021)
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Appendix



Usage

Figure 4: Share of regular cannabis users by age group

Notes: Data from the 2021 Behavioral Risk Factor Surveillance System. Source: Washington State Department of Health, Center for Health Statistics.

Back
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Table 2: Market share by product category

Product category
Monthly sales

(in millions of $) Market share

Usable marijuana $58.77 0.52

Concentrate for inhalation $34.70 0.31

Solid edible $8.45 0.08

Infused mix $5.40 0.05

Liquid edible $2.96 0.03

Other $2.16 0.02

Notes: Column 1 reports the average monthly retail sales across Washington state for the major product
categories; Column 2 shows the corresponding market shares. Sales are tax-inclusive. Data source: Top
Shelf Data (March 2018 through December 2021).

Back
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Table 3: Descriptive statistics

Monthly average
per store

Sample
total

Establishments 508

Units sold 15,157 263 million
(5,829)

Distinct products 470 210,842
(305)

Sales $282,857 $5.07 billion
($273,082)

Notes: Column 1 reports monthly averages at the store level. Standard deviations are in parentheses.
Column 2 reports totals across all stores and months in the sample period. Sales are tax-inclusive. Data
source: Top Shelf Data (March 2018 through December 2021).
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Table 4: Estimation sample descriptive statistics

(a) Pre-treatment characteristics

(1) (2) (3)

Victimized Rivals Never-treated

Unit price
(in dollars)

26.24 25.47 26.00

(4.33) (4.49) (4.50)

Units sold
per month

13,260 12,304 10,908

(12,409) (11,931) (11,617)

Monthly revenue
(in dollars)

248,516 215,201 210,416

(234,911) (217,957) (235,890)

Unique products
per month

505 425 393

(388) (346) (324)

(b) Treatment group sizes

Stores 57 264 137

Control stores 329 321

Total store-months 15,949 17,055

Notes: Panel (a) summarizes store-level variables prior to being treated. Panel (b) shows the number
of stores in each treatment group. Data: Top Shelf Data and Uncle Ike’s robbery tracker (March 2018
through December 2021).

Back
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Table 5: Crime descriptive statistics

(a) Stores affected

Stores with
crime

Stores with
no crime

Total stores

57 450 508
Stores with single crime 46
Stores with > 1 crime 12

(b) Type of crime

Armed robbery Burglary Total

62 14 76

Notes: Data: Uncle Ike’s robbery tracker (March 2018 through December 2021).
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Construction of price indexes

1. Calculate average monthly price of product i at establishment j:

Pi,j,t =
TRi,j,t

TQi,j,t
(3)

2. Construct a geometric index of month-to-month price changes for each product
subcategory at establishment j:

Ic,j,t =
∏
i

(
Pi,j,t

Pi,j,t−1

)ωi,c,y(t)

(4)

ωi,j,y(t): product i’s share of total revenue from category c at establishment j in month t

3. Aggregate across categories to get establishment-level index:

It =
Pt

Pt−1
=

∏
c

I
ωc,y(t)

c,t (5)
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Strategic pricing

▶ Leverage scanner data on universe of vertical transactions between producers and retailers

▶ Measure sensitivity of retail prices to rivals’ marginal unit costs

▶ Sort competitors into bins r ∈ R based on geographic distance from retailer j (baseline
bin size: 5 miles)

▶ Estimate product-level linear panel regression in logs (similar to Hollenbeck and Uetake
(2021))

∆pi,j,t = α∆wi,j,t +

R∑
r=1

βr∆wi,r,t + γt +∆εi,j,t. (6)

Back
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Strategic pricing

(a) Dollars, first-differenced (b) First difference of logs (c) Dollars

Back
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Table 6: Effect of crime on prices at victimized stores

(1) (2) (3) (4) (5) (6) (7) (8)

Baseline Controls
Price per
gram Wins.

Alt.
weights

Mult.
treat-
ments

Balanced
(un-

weighted)

Balanced
(weighted)

E0 0.008 0.008 0.009 0.008 0.007 0.016* 0.009 0.009
(0.006) (0.006) (0.007) (0.006) (0.005) (0.009) (0.009) (0.009)

E2 0.016** 0.016** 0.024*** 0.016** 0.013* 0.022** 0.019* 0.019*
(0.007) (0.007) (0.009) (0.007) (0.008) (0.009) (0.010) (0.010)

E4 0.018* 0.017* 0.026** 0.018* 0.015 0.015** 0.019* 0.019*
(0.009) (0.009) (0.011) (0.009) (0.010) (0.007) (0.011) (0.011)∑

Pre-event -0.001 -0.000 -0.004 -0.002 0.001 0.009 -0.002 -0.002
(0.005) (0.005) (0.008) (0.005) (0.004) (0.010) (0.007) (0.007)

N 15,294 15,294 15,258 15,294 15,294 17,294 11,182 11,182

Notes: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Data from Top Shelf Data.
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Table 7: Effect of crime on prices at rival stores

(1) (2) (3) (4) (5) (6) (7) (8)

Baseline Controls
Price per
gram Wins.

Alt.
weights

Mult.
treatments

Balanced
(un-

weighted)

Balanced
(weighted)

E0 0.002 0.002 0.003 0.001 0.003 0.000 0.001 -0.0003
(0.002) (0.002) (0.004) (0.002) (0.002) (0.001) (0.003) (0.003)

E2 0.005 0.005 0.008 0.005 0.004 0.002 0.002 0.002
(0.003) (0.004) (0.005) (0.003) (0.003) (0.002) (0.004) (0.004)

E4 0.017*** 0.016*** 0.020*** 0.014*** 0.014** 0.005* 0.012* 0.011*
(0.006) (0.006) (0.007) (0.005) (0.006) (0.002) (0.006) (0.006)∑

Pre-event -0.002 -0.001 -0.005 -0.001 0.001 -0.003* -0.007 -0.008
(0.005) (0.005) (0.006) (0.005) (0.004) (0.002) (0.006) (0.006)

N 16,142 16,142 16,084 16,142 16,142 21,898 12,406 10,579

Notes: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Data from Top Shelf Data.
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Table 8: Price effects by market concentration and chain size

Victimized Rivals

(1) (2) (3) (4) (5) (6) (7) (8)
Independent
stores

Chain
stores

Low con-
centration

High con-
centration

Independent
stores

Chain
stores

Low con-
centration

High con-
centration

E0 0.010 0.0014 0.012 0.0019 0.0025 0.0033 0.0019 0.0038
(0.0078) (0.0027) (0.0097) (0.0027) (0.0022) (0.0029) (0.0026) (0.0023)

E2 0.021** 0.0063 0.024** 0.0075 0.010*** 0.00062 0.0077 0.0062*
(0.0096) (0.0050) (0.011) (0.0060) (0.0037) (0.0048) (0.0049) (0.0033)

E4 0.024** 0.0035 0.031** 0.0011 0.024*** 0.0042 0.022*** 0.011*
(0.012) (0.0056) (0.013) (0.0088) (0.0060) (0.0076) (0.0073) (0.0063)∑

Pre-event -0.0016 -0.0013 0.0015 -0.0059 -0.0030 -0.00014 0.00049 -0.0053
(0.0063) (0.0055) (0.0063) (0.0067) (0.0050) (0.0075) (0.0073) (0.0058)

N 15,355 14,929 15,197 15,087 13,863 11,657 13,231 12,289

Notes: Dependent variable: the establishment-level monthly inflation rate. Listed coefficients are sums
of the distributed lag coefficients EL, L months after a crime, relative to the normalized baseline period
in t− 1. SE of the sums are clustered at the establishment level and are shown in parentheses. Sample
period: March 2018 through December 2021. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Data from Top
Shelf Data.
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Table 9: Effect of robberies on prices at robbed stores

Stacked Staggered

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

Baseline Controls Trimmed

Expanded
control
group

Baseline
Multiple
treat-
ments

E0 0.007 0.007 0.009 0.007 0.007 0.006
(0.005) (0.005) (0.005) (0.005) (0.005) (0.004)

E2 0.016** 0.015** 0.018** 0.015** 0.014** 0.011***
(0.007) (0.007) (0.006) (0.006) (0.006) (0.004)

E4 0.018** 0.016** 0.020** 0.014* 0.014* 0.009*
(0.008) (0.008) (0.008) (0.007) (0.007) (0.005)∑

Pre-event -0.002 -0.001 -0.002 -0.001 -0.001 0.003
(0.005) (0.005) (0.004) (0.004) (0.004) (0.005)

N 15,949 15,949 15,788 84,137 17,610 17,763

Notes: Dependent variable: the establishment-level monthly inflation rate. Listed coefficients are sums
of the distributed lag coefficients EL, L months after a robbery, relative to the normalized baseline
period in t − 1. SE of the sums are clustered at the establishment level and are shown in parentheses.
Sample period: March 2018 through December 2021. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Data
from Top Shelf Data.

Back

16 / 29



Other store-level outcomes

(a) Effect on wholesale cost (b) Effect on retail margins

Back
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Alternative specifications

Table 10: Effect of retail crime on prices at victimized stores

(1) (2) (3) (4) (5) (6) (7) (8)

Baseline Controls
Price per
gram Wins.

Alt.
weights

Mult.
treat-
ments

Balanced
(un-

weighted)

Balanced
(weighted)

E0 0.008 0.008 0.009 0.008 0.007 0.016* 0.009 0.009
(0.006) (0.006) (0.007) (0.006) (0.005) (0.009) (0.009) (0.009)

E2 0.016** 0.016** 0.024*** 0.016** 0.013* 0.022** 0.019* 0.019*
(0.007) (0.007) (0.009) (0.007) (0.008) (0.009) (0.010) (0.010)

E4 0.018* 0.017* 0.026** 0.018* 0.015 0.015** 0.019* 0.019*
(0.009) (0.009) (0.011) (0.009) (0.010) (0.007) (0.011) (0.011)∑

Pre-event -0.001 -0.000 -0.004 -0.002 0.001 0.009 -0.002 -0.002
(0.005) (0.005) (0.008) (0.005) (0.004) (0.010) (0.007) (0.007)

N 15,294 15,294 15,258 15,294 15,294 17,294 11,182 11,182

Notes: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Data from Top Shelf Data.
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Alternative specifications

Table 11: Effect of retail crime on prices at rival stores

(1) (2) (3) (4) (5) (6) (7) (8)

Baseline Controls
Price per
gram Wins.

Alt.
weights

Mult.
treatments

Balanced
(un-

weighted)

Balanced
(weighted)

E0 0.002 0.002 0.003 0.001 0.003 0.000 0.001 -0.0003
(0.002) (0.002) (0.004) (0.002) (0.002) (0.001) (0.003) (0.003)

E2 0.005 0.005 0.008 0.005 0.004 0.002 0.002 0.002
(0.003) (0.004) (0.005) (0.003) (0.003) (0.002) (0.004) (0.004)

E4 0.017*** 0.016*** 0.020*** 0.014*** 0.014** 0.005* 0.012* 0.011*
(0.006) (0.006) (0.007) (0.005) (0.006) (0.002) (0.006) (0.006)∑

Pre-event -0.002 -0.001 -0.005 -0.001 0.001 -0.003* -0.007 -0.008
(0.005) (0.005) (0.006) (0.005) (0.004) (0.002) (0.006) (0.006)

N 16,142 16,142 16,084 16,142 16,142 21,898 12,406 10,579

Notes: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Data from Top Shelf Data.
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(a) Effect on price level (b) Effect on quantity sold
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Alternative estimators

Table 12: Alternative estimators

Victimized Rivals

(1) (2) (3) (4) (5) (6)
TWFE BJS CS TWFE BJS CS

E0 -0.001 -0.001 0.009 0.001 0.002 0.002
(0.004) (0.005) (0.006) (0.002) (0.002) (0.003)

E2 0.010** 0.016*** 0.025** 0.003 0.004 0.007
(0.004) (0.006) (0.011) (0.003) (0.003) (0.007)

E4 0.014* 0.016** 0.035** 0.010** 0.010* 0.015
(0.008) (0.007) (0.017) (0.004) (0.005) (0.012)∑

Pre-event -0.001 -0.001 0.012 -0.001 -0.002 0.001
(0.005) (0.006) (0.012) (0.004) (0.005) (0.010)

N 17,606 17,110 17,517 17,606 13,489 16,698

Notes: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 13: Placebo treatment and Staggered TWFE

Placebo Staggered

(1) (2) (3) (4) (5) (6) (7) (8)

Vict. -12
mo

Vict. +12
mo

Riv. -12
mo

Riv. +12
mo

Vict.

Vict.
(30-50
mi)

Riv.
Riv.

(30-50mi)

E0 -0.000 -0.011 -0.002 -0.004* 0.007 0.007 0.001 0.001
(0.004) (0.009) (0.004) (0.003) (0.005) (0.005) (0.002) (0.002)

E2 -0.001 -0.019 -0.004 -0.004 0.014** 0.014** 0.002 0.003
(0.008) (0.013) (0.006) (0.005) (0.006) (0.006) (0.003) (0.003)

E4 0.004 -0.020 -0.002 -0.006 0.013* 0.014* 0.007* 0.009**
(0.010) (0.015) (0.006) (0.007) (0.007) (0.007) (0.004) (0.004)∑

Pre-event -0.007 -0.001 -0.003 -0.005 -0.001 -0.002 0.001 0.000
(0.020) (0.009) (0.006) (0.005) (0.004) (0.005) (0.004) (0.004)

N 11,015 7,827 10,897 8,393 17,610 12,916 17,610 15,017

Notes: Dependent variable: the establishment-level monthly inflation rate. Listed coefficients are sums
of the distributed lag coefficients EL, L months after a crime, relative to the normalized baseline period
in t− 1. SE of the sums are clustered at the establishment level and are shown in parentheses. Sample
period: March 2018 through December 2021. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Data from Top
Shelf Data.
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Alternative inner rings

Figure 8: Price effects with alternative inner rings

Notes:The figures show estimated rival price level effects for different inner ring specifications.
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Alternative outer rings

Figure 9: Price effects with alternative outer rings

(a) Victimized stores, outer ring (b) Rival stores, outer ring

Notes: The figures show estimated rival price level effects for different outer ring specifications.
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Policy analysis - Oligopoly model

▶ We build on the symmetric oligopoly model by Weyl and Fabinger (2013), nesting
common imperfect competition models (e.g. Cournot and differentiated products Nash-in
prices), as well as the monopoly and perfect competition cases:

▶ N firms produce one single good with marginal cost equal to mcj = c′(qj) + τ , where τ is
the hidden crime tax

▶ Demand system is assumed fully symmetric and smooth

▶ Firm j maximizes profits by setting a unidimensional strategic variable, rj , that can be price,
pj , or quantity, qj

▶ We further assume that the hidden crime tax applies equally to all N firms in the affected
local market (i.e. stores within a 5-mile radius of the crime)
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Policy analysis - Oligopoly model

Weyl and Fabinger (2013) show that the pass-through rate (in dollars) for a small unit tax is:

ρ =
dp

dτ
=

1

1 +
ϵD − θ

ϵS
+

θ

ϵms
+

θ

ϵθ

▶ ϵS and ϵD are the supply and (market) demand elasticities

▶ 0 ≥ θ ≥ 1 is a conduct parameter summarizing the degree of market competition

▶ ϵθ is the elasticity of θ with respect to quantity

▶ ϵms is the elasticity of the inverse marginal surplus function, which describes the curvature
of the demand function.
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Policy analysis - Oligopoly model

The incidence of the hidden crime tax equals the ratio of the marginal effect on consumer to
producer surplus:

I =

dCS

dτ
dPS

dτ

=
−ρq

− [1− ρ(1− θ)] q
=

ρ

1− ρ(1− θ)
(7)

▶ Crime-induced price hikes lead to a deadweight loss (DWL) under imperfect competition.
DWL increases with firms’ market power

▶ The crime pass-through rate serves as a sufficient statistic (in combination with θ and q)
for deriving the welfare effects of a unit tax, its incidence, and the DWL.

Back

27 / 29



Policy analysis - The unit cost pass-through rate

▶ Next, we estimate ρ by how changes in wholesale unit cost are passed through to unit
prices. Two reasons:

▶ Important for implications of our results, welfare analysis, our definition of a valid control
group and serves as a test for strategic complementarity in pricing

▶ Enables us to calculate the hidden unit tax and fictional tax revenue

▶ We estimate the following model at the store-product level, including own changes in
wholesale costs (∆wi,j,t) and changes in wholesale costs of your competitors (∆wi,r(j),t):

∆pi,j,t = ρ∆wi,j,t +

R∑
r=1

βr∆wi,r(j),t + γt +∆εi,j,t,
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Policy analysis - The unit cost pass-through rate

Table 14: Unit cost pass-through rates

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

∆p ∆ ln p p
Store-
level
index

Own wholesale cost 1.654*** 0.712*** 1.294*** 1.023***
(0.035) (0.008) (0.375) (0.159)

Competitors’ wholesale 0.017** 0.003 0.105*** 0.029
cost (0-5 miles) (0.007) (0.002) (0.026) (0.045)

N 3,580,835 3,580,835 5,695,425 11,840

Notes: The table reports the pass-through rates of wholesale unit cost to retail unit price, at the store-
product-month level. Dependent variables are: the first-difference of price (column 1); the first-difference
of the log price (column 2); price in dollars (column 3); log store-level monthly price index (columns 4).
SE are clustered at the store level and are shown in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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